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METHODS FOR ANALYSIS OF SPECTRAL DATA
AND THEIR APPLICATIONS:
ATHEROSCLEROSIS/CORONARY HEART
DISEASE

RELATED APPLICATIONS

[0001] This application is related to (and where permitted
by law, claims priority to):

[0002] (a) United Kingdom patent application GB
0109930.8 filed Apr. 23, 2001;

[0003] (b) United Kingdom patent application GB
0117428 .3 filed Jul. 17, 2001;

[0004] (c) United States Provisional patent application
USSN 601307,015 filed Jul. 20, 2001; the contents of
each of which are incorporated herein by reference in
their entirety.

[0005] This application is one of five applications filed on
even date naming the same applicant:

[0006] (1) attorney reference number WIW/LP5995600
(PCT/GB02/);

[0007] (2) attorney reference number WIW/LP5995618
(PCT/GB02/);

[0008] (3) attorney reference number WIW/LP5995626
(PCT/GB02/);

[0009] (4) attorney reference number WIW/LP5995634
(PCT/GBO02/);

[0010] (5) attorney reference number WIW/LP5995642
(PCT/GB02/); the contents of each of which are
incorporated herein by reference in their entirety.

TECHNICAL FIELD

[0011] This invention pertains generally to the field of
metabonomics, and, more particularly, to chemometric
methods for the analysis of chemical, biochemical, and
biological data, for example, spectral data, for example,
nuclear magnetic resonance (NMR) spectra, and their appli-
cations, including, e.g., classification, diagnosis, prognosis,
etc., especially in the context of atherosclerosis/coronary
heart disease.

BACKGROUND

[0012] Throughout this specification, including the claims
which follow, unless the context requires otherwise, the
word “comprise,” and variations such as “comprises” and
“comprising,” will be understood to imply the inclusion of
a stated integer or step or group of integers or steps but not
the exclusion of any other integer or step or group of integers
or steps.

[0013] It must be noted that, as used in the specification
and the appended claims, the singular forms “a,”an,” and
“the” include plural referents unless the context clearly
dictates otherwise.

[0014] Ranges are often expressed herein as from “about”
one particular value, and/or to “about” another particular
value. When such a range is expressed, another embodiment
includes from the one particular value and/or to the other
particular value. Similarly, when values are expressed as

Jul. 22, 2004

approximations, by the use of the antecedent “about,” it will
be understood that the particular value forms another
embodiment.

[0015]

[0016] Biosystems can conveniently be viewed at several
levels of bio-molecular organisation based on biochemistry,
ie., genetic and gene expression (genomic and transcrip-
tomic), protein and signalling (proteomic) and metabolic
control and regulation (metabonomic). There are also impor-
tant cellular ionic regulation variations that relate to genetic,
proteomic and metabolic activities, and systematic studies
on these even at the cellular and sub-cellular level should
also be investigated to complete the full description of the
bio-molecular organisation of a bio-system.

[0017] Significant progress has been made in developing
methods to determine and quantify the biochemical pro-
cesses occurring in living systems. Such methods are valu-
able in the diagnosis, prognosis and treatment of disease, the
development of drugs, for improving therapeutic regimes for
current drugs, and the like.

[0018] Many diseases of the human or animal body (such
as cancers, degenerative diseases, autoimmune diseases and
the like) have an underlying basis in alterations in the
expression of certain genes. The expressed gene products,
proteins, mediate effects such as abnormal cell growth, cell
death or inflammation. Some of these effects are caused
directly by protein-protein interactions; other are caused by
proteins acting on small molecules (e.g. “second messen-
gers”) which trigger effects including further gene expres-
sion.

[0019] Likewise, discase states caused by external agents
such as viruses and bacteria provoke a multitude of complex
responses in infected host.

[0020] In a similar manner, the treatment of disease
through the administration of drugs can result in a wide
range of desired effects and unwanted side effects in a
patient.

[0021] In recent years, it has been appreciated that the
reaction of human and animal subjects to disease and
treatments for them can vary according to the genomic
makeup of an individual. This has led to the development of
the field of “pharmacogenomics.” A fuller understanding of
how an individual’s own genome reacts to a particular
discase and/or drug treatment will allow the development of
new therapies, as well as the refinement of existing ones.

[0022] At the genetic level, methods for examining gene
expression in response to these types of events are often
referred to as “genomic methods,” and are concerned with
the detection and quantification of the expression of an
organism’s genes, collectively referred to as its “genome,”
usually by detecting and/or quantifying genetic molecules,
such as DNA and RNA. Genomic studies often exploit
proprietary “gene chips,” which are small disposable
devices encoded with an array of genes that respond to
extracted mRNAs produced by cells (see, for example,
Klenk et al., 1997). Many genes can be placed on a chip
array and patterns of gene expression, or changes therein,
can be monitored rapidly, although at some considerable
cost.

Biosystems
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[0023] However, the biological consequences of gene
expression, or altered gene expression following perturba-
tion, are extremely complex. This has led to the development
of “proteomic methods” which are concerned with the
semi-quantitative measurement of the production of cellular
proteins of an organism, collectively referred to as its
“proteome” (sce, for example, Geisow, 1998). Proteomic
measurements utilise a variety of technologies, but all
involve a protein separation method, e.g., 2D gel-electro-
phoresis, allied to a chemical characterisation method, usu-
ally, some form of mass spectrometry.

[0024] At present, genomic methods have a high associ-
ated operational cost and-proteomic methods require invest-
ment in expensive capital cost equipment and are labour
intensive, but both have the potential to be powerful tools for
studying biological response. The choice of method is still
uncertain since careful studies have sometimes shown a low
correlation between the pattern of gene expression and the
pattern of protein expression, probably due to sampling for
the two technologies at inappropriate time points. See, €.g.,
Gygi et al,, 1999. Even in combination, genomic and pro-
teomic methods still do not provide the range of information
needed for understanding integrated cellular function in a
living system, since they do not take account of the dynamic
metabolic status of the whole organism.

[0025] For example, genomic and proteomic studies may
implicate a particular gene or protein in a disease or a
xenobiotic response because the level of expression is
altered, but the change in gene or protein level may be
transitory or may be counteracted downstream and as a
result there may be no effect at the cellular and/or biochemi-
cal level. Conversely, sampling tissue for genomic and
proteomic studies at inappropriate time points may result in
a relevant gene or protein being overlooked.

[0026] Gene-based prognosis has yet to become a clinical
reality for any major prevalent disease, almost all of which
have multigene modes of inheritance and significant envi-
ronmental impact making it difficult to identify the gene
panels responsible for susceptibility.

[0027] While genomic and proteomic methods may be
useful aids, for example, in drug development, they do suffer
from substantial limitations. For example, while genomic
and proteomic methods may ultimately give profound
insights into toxicological mechanisms and provide new
surrogate biomarkers of disease, at present it is very difficult
to relate genomic and proteomic findings to classical cellular
or biochemical indices or endpoints. One simple reason for
this is that with current technology and approach, the
correlation of the time-response to drug exposure is difficult.
Further difficulties arise with in vitro cell-based studies.
These difficulties are particularly important for the many
known cases where the metabolism of the compound is a
prerequisite for a toxic effect and especially true where the
target organ is not the site of primary metabolism. This is
particularly true for pro-drugs, where some aspect of in situ
chemical (e.g., enzymatic) modification is required for activ-

1ty.
[0028]
[0029] A new “metabonomic” approach has been devel-

oped which is aimed at augmenting and complementing the
information provided by genomics and proteomics. “Meta-

Metabonomics
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bonomics” is conventionally defined as “the quantitative
measurement of the multiparametric metabolic response of
living systems to pathophysiological stimuli or genetic
modification” (see, for example, Nicholson et al., 1999).
This concept has arisen primarily from the application of *H
NMR spectroscopy to study the metabolic composition of
biofluids, cells, and tissues and from studies utilising pattern
recognition (PR), expert systems and other chemoinformatic
tools to interpret and classify complex NMR-generated
metabolic data sets. Metabonomic methods have the poten-
tial, ultimately, to determine the entire dynamic metabolic
make-up of an organism.

[0030] As outlined above, each level of bio-molecular
organisation requires a series of analytical bio-technologies
appropriate to the recovery of the individual types of bio-
molecular data. Genomic, proteomic and metabonomic tech-
nologies by definition generate massive data sets which
require appropriate multi-variate statistical tools (chemo-
metrics, bio-informatics) for data mining and to extract
useful biological information. These data exploration tools
also allow the inter-relationships between multivariate data
sets from the different technologies to be investigated, they
facilitate dimension reduction and extraction of latent prop-
erties and allow multidimensional visualization.

[0031] This leads to the concept of “bionomics”, the
quantitative measurement and understanding of the inte-
grated function (and dysfunction) of biological systems at all
major levels of bio-molecular organisation. In the study of
altered gene expression, (known as transcriptomics), the
variables are mRNA responses measured using gene chips,
in proteomics, protein synthesis and asociated post-transla-
tional modifications are typically measured using (mainly)
gel-electrophoresis coupled to mass spectrometry. In both
cases, thousands of variables can be measured and related to
biological end-points using statistical methods. In metabolic
(metabonomic) studies, only NMR (especially 'H) and mass
spectrometry has been used to provide this level of data
density on bio-materials although these data can be supple-
mented by conventional biochemical assays.

[0032] For in vivo mammalian studies, the ability to
perform metabonomic studies on biofluids such as plasma,
CSF and urine is very important because it gives integrated
systems-based information on the whole organism. Further-
more, in clinical settings, for the full utilization of functional
genomic knowledge in patient screening, diagnostics and
prognostics, it is much more practical and ethically-accept-
able to analyze biofluid samples than to perform human
tissue biopsies and measure gene responses.

[0033] A pathological condition or a xenobiotic may act at
the pharmacological level only and hence may not affect
gene regulation or expression directly. Alternatively signifi-
cant disease or toxicological effects may be completely
unrelated to gene switching. For example, exposure to
ethanol in vivo may cause many changes in gene expression
but none of these events explains drunkenness. In cases such
as these, genomic and proteomic methods are likely to be
ineffective. However, all disease or drug-induced patho-
physiological perturbations result in disturbances in the
ratios and concentrations, binding or fluxes of endogenous
biochemicals, either by direct chemical reaction or by bind-
ing to key enzymes or nucleic acids that control metabolism.
If these disturbances are of sufficient magnitude, effects will
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result which will affect the efficient functioning of the whole
organism. In body fluids, metabolites are in dynamic equi-
librium with those inside cells and tissues and, consequently,
abnormal cellular processes in tissues of the whole organism
following a toxic insult or as a consequence of disease will
be reflected in altered biofluid compositions.

[0034] Fluids secreted, excreted, or otherwise derived
from an organism (“biofluids™) provide a unique window
into its biochemical status since the composition of a given
biofluid is a consequence of the function of the cells that are
intimately concerned with the fluid’s manufacture and secre-
tion. For example, the composition of a particular fluid (e.g.,
urine, blood plasma, milk, etc.) can carry biochemical
information on details of organ function (or dysfunction), for
example, as a result of xenobiotics, disease, and/or genetic
modification. Similarly, the composition and condition of an
organism’s tissues are also indicators of the organism’s
biochemical status.

[0035] In general, a xenobiotic is a substance (e.g., com-
pound, composition) which is administered to an organism,
or to which the organism is exposed. In general, xenobiotics
are chemical, biochemical or biological species (e.g., com-
pounds) which are not normally present in that organism, or
are normally present in that organism, but not at the level
obtained following administration/exposure. Examples of
xenobiotics include drugs, formulated medicines and their
components (e.g., vaccines, immunological stimulants, inert
carrier vehicles), infectious agents, pesticides, herbicides,
substances present in foods (e.g. plant compounds admin-
istered to animals), and substances present in the environ-
ment.

[0036] In general, a disease state pertains to a deviation
from the normal healthy state of the organism. Examples of
discase states include, but are not limited to, bacterial, viral,
and parasitic infections; cancer in all its forms; degenerative
diseases (e.g., arthritis, multiple sclerosis); trauma (e.g., as
a result of injury); organ failure (including diabetes); car-
diovascular disease (e.g., atherosclerosis, thrombosis); and,
inherited diseases caused by genetic composition (e.g.,
sickle-cell anaemia).

[0037] In general, a genetic modification pertains to alter-
ation of the genetic composition of an organism. Examples
of genetic modifications include, but are not limited to: the
incorporation of a gene or genes into an organism from
another species; increasing the number of copies of an
existing gene or genes in an organism; removal of a gene or
genes from an organism; and, rendering a gene or genes in
an organism non-functional.

[0038] Biofluids often exhibit very subtle changes in
metabolite profile in response to external stimuli. This is
because the body’s cellular systems attempt to maintain
homeostasis (constancy of internal environment), for
example, in the face of cytotoxic challenge. One means of
achieving this is to modulate the composition of biofluids.
Hence, even when cellular homeostasis is maintained, subtle
responses to disease or toxicity are expressed in altered
biofluid composition. However, dietary, diurnal and hor-
monal variations may also influence biofluid compositions,
and it is clearly important to differentiate these effects if
correct biochemical inferences are to be drawn from their
analysis.

[0039] Metabonomics offers a number of distinct advan-
tages (over genomics and proteomics) in a clinical setting:
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firstly, it can often be performed on standard preparations
(e.g., of serum, plasma, urine, etc.), circumventing the need
for specialist preparations of cellular RNA and protein
required for genomics and proteomics, respectively. Sec-
ondly, many of the risk factors already identified (e.g., levels
of various lipids in blood) are small molecule metabolites
which will contribute to the metabonomic dataset.

[0040]

[0041] One of the most successful approaches to biofluid
analysis has been the use of NMR spectroscopy (see, for
example, Nicholson et al., 1989); similarly, intact tissues
have been successfully analysed using magic-angle-spin-
ning ‘H NMR spectroscopy (see, for example, Moka et al.,
1998; Tomlins et al., 1998).

[0042] The NMR spectrum of a biofluid provides a meta-
bolic fingerprint or profile of the organism from which the
biofluid was obtained, and this metabolic fingerprint or
profile is characteristically changed by a discase, toxic
process, or genetic modification. For example, NMR spectra
may be collected for various states of an organism (e.g.,
pre-dose and various times post-dose, for one or more
xenobiotics, separately or in combination; healthy (control)
and diseased animal; unmodified (control) and genetically
modified animal).

[0043] For example, in the evaluation of undesired toxic
side-effects of drugs, each compound or class of compound
produces characteristic changes in the concentrations and
patterns of endogenous metabolites in biofluids that provide
information on the sites and basic mechanisms of the toxic
process. "H NMR analysis of biofluids has successfully
uncovered novel metabolic markers of organ-specific toxic-
ity in the laboratory rat, and it is in this “exploratory” role
that NMR as an analytical biochemistry technique excels.
However, the biomarker information in NMR spectra of
biofluids is very subtle, as hundreds of compounds repre-
senting many pathways can often be measured simulta-
neously, and it is this overall metabonomic response to toxic
insult that so well characterises the lesion.

[0044] Another important advantage of NMR-based meta-
bonomics over genomics or proteomics is the intrinsic
analytical accuracy of NMR spectroscopy. Reanalysis of the
same sample by TH NMR spectroscopy results in a typical
coefficient of variation for the measurement of peak inten-
sities in a spectrum of less than 5% across the whole range
of peaks. Thus if the appropriate experiments are under-
taken, on average the value of each peak intensity will lie in
the range 0.95 to 1.05 of the true value. In addition, it is
possible using NMR spectroscopy to measure absolute
amounts or concentrations of a number of analytes whereas
using gene chip technology only fold changes can be deter-
mined. The best available accuracy achieved using gene
chips is a two fold change, 1.¢., the value for each parameter
lies in the range 0.50 to 2.00 fold of the “true” value) and
proteomic technology is even less intrinsically accurate. A
similar limitation also applies to proteomic studies.

[0045] Although, undoubtedly, technology is improving at
arapid rate the gap between the intrinsic accuracies of NMR
spectroscopy and gene chip technology is so wide that it will
require a revolutionary rather than evolutionary improve-
ment in gene expression quantification methodology before
it can rival the accuracy of NMR spectroscopy.

Application of NMR to Metabonomics
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[0046] The intrinsic accuracy of NMR provides a distinct
advantage when applying pattern recognition techniques.
The multivariate nature of the NMR data means that clas-
sification of samples is possible using a combination of
descriptors even when one descriptor is not sufficient,
because of the inherently low analytical variation in the data.

[0047] All biological fluids and tissues have their own
characteristic physico-chemical properties, and these affect
the types of NMR experiment that may be usefully
employed. One major advantage of using NMR spectros-
copy to study complex biomixtures is that measurements can
often be made with minimal sample preparation (usually
with only the addition of 5-10% D,O) and a detailed
analytical profile can be obtained on the whole biological
sample. Sample volumes are small, typically 0.3 to 0.5 mL
for standard probes, and as low as 3 uL. for microprobes.
Acquisition of simple NMR spectra is rapid and efficient
using flow-injection technology. It is usually necessary to
suppress the water NMR resonance.

[0048] Many biofluids are not chemically stable and for
this reason care should be taken in their collection and
storage. For example, cell lysis in erythrocytes can easily
occur. If a substantial amount of D,0 has been added, then
it is possible that certain "H NMR resonances will be lost by
H/D exchange. Freeze-drying of biofluid samples also
causes the loss of volatile components such as acetone.
Biofluids are also very prone to microbiological contami-
nation, especially fluids, such as urine, which are difficult to
collect under sterile conditions. Many biofluids contain
significant amounts of active enzymes, either normally or
due to a disease state or organ damage, and these enzymes
may alter the composition of the biofluid following sam-
pling. Samples should be stored deep frozen to minimise the
effects of such contamination. Sodium azide is usually added
to urine at the collection point to act as an antimicrobial
agent. Metal ions and or chelating agents (e.g., EDTA) may
be added to bind to endogenous metal ions (e.g., Ca**, Mg
and Zn**) and chelating agents (e.g., free amino acids,
especially glutamate, cysteine, histidine and aspartate; cit-
rate) to intentionally alter and/or enhance the NMR spec-
trum.

[0049] In all cases the analytical problem usually involves
the detection of “trace” amounts of analytes in a very
complex matrix of potential interferences. It is, therefore,
critical to choose a suitable analytical technique for the
particular class of analyte of interest in the particular bioma-
trix which could be, for example, a biofluid or a tissue. High
resolution NMR spectroscopy (in particular 'H NMR)
appears to be particularly appropriate. The main advantages
of using 'H NMR spectroscopy in this area are the speed of
the method (with spectra being obtained in 5 to 10 minutes),
the requirement for minimal sample preparation, and the fact
that it provides a non-selective detector for all metabolites in
the biofluid regardless of their structural type, provided only
that they are present above the detection limit of the NMR
experiment and that they contain non-exchangeable hydro-
gen atoms. The speed advantage is of crucial importance in
this area of work as the clinical condition of a patient may
require rapid diagnosis, and can change very rapidly and so
correspondingly rapid changes must be made to the therapy
provided.

[0050] NMR studies of body fluids should ideally be
performed at the highest magnetic field available to obtain
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maximal dispersion and sensitivity and most ‘H NMR
studies have been performed at 400 MHz or greater. With
every new increase in available spectrometer frequency the
number of resonances that can be resolved in a biofluid
increases and although this has the effect of solving some
assignment problems, it also poses new ones. Furthermore,
there are still important problems of spectral interpretation
that arise due to compartmentation and binding of small
molecules in the organised macromolecular domains that
exist in some biofluids such as blood plasma and bile. All
this complexity need not reduce the diagnostic capabilities
and potential of the technique, but demonstrates the prob-
lems of biological variation and the influence of variation on
diagnostic certainty.

[0051] The information content of biofluid spectra is very
high and the complete assignment of the *H NMR spectrum
of most biofluids is usually not possible (even using 900
MHz NMR spectroscopy). However, the assignment prob-
lems vary considerably between biofluid types. Some fluids
have near constant composition and concentrations and in
these the majority of the NMR signals have been assigned.
In contrast, urine composition can be very variable and there
is enormous variation in the concentration range of NMR-
detectable metabolites; consequently, complete analysis is
much more difficult. Those metabolites present close to the
limits of detection for 1-dimensional (1 D) NMR spectros-
copy (typically ca. 100 nM at 800 MHz) pose severe NMR
spectral assignment problems. (In absolute terms, the detec-
tion limit may be ca. 4 nmol, e.g., 1 ug of a 250 g/mol
compound in a 0.5 mL sample volume.) Even at the present
level of technology in NMR, it is not yet possible to detect
many important biochemical substances (e.g. hormones,
some proteins, nucleic acids) in body fluids because of
problems with sensitivity, line widths, dispersion and
dynamic range and this area of research will continue to be
technology-limited. In addition, the collection of NMR
spectra of biofluids may be complicated by the relative water
intensity, sample viscosity, protein content, lipid content,
and low molecular weight peak overlap.

[0052] Usually in order to assign *H NMR spectra, com-
parison is made with spectra of authentic materials and/or by
standard addition of an authentic reference standard to the
sample. Additional confirmation of assignments is usually
sought from the application of other NMR methods, includ-
ing, for example, 2-dimensional (2D.) NMR methods, par-
ticularly COSY (correlation spectroscopy), TOCSY (total
correlation spectroscopy), inverse-detected heteronuclear
correlation methods such as HMBC (heteronuclear multiple
bond correlation), HSQC (heteronuclear single quantum
coherence), and HMQC (heteronuclear multiple quantum
coherence), 2D. Jresolved (JRES) methods, spin-echo
methads, relaxation editing, diffusion editing (e.g., both 1 D
NMR and 2D NMR such as diffusion-edited TOCSY), and
multiple quantum filtering. Detailed 'H NMR spectroscopic
data for a wide range of metabolites and biomolecules found
in biofluids have been published (see, for example, Lindon
et al., 1999) and supplementary information is available in
several literature compilations of data (see, for example,
Fan, 1996; Sze et al., 1994).

[0053] For example, the successful application of 'H
NMR spectroscopy of biofluids to study a variety of meta-
bolic diseases and toxic processes has now been well
established and many novel metabolic markers of organ-
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specific toxicity have been discovered (see, for example,
Nicholson et al., 1989; Lindon et al., 1999). For example,
NMR spectra of urine is identifiably altered in situations
where damage has occurred to the kidney or liver. It has been
shown that specific and identifiable changes can be observed
which distinguish the organ that is the site of a toxic lesion.
Also it is possible to focus in on particular parts of an organ
such as the cortex of the kidney and even in favourable cases
to very localised parts of the cortex.

[0054] It is also possible to deduce the biochemical
mechanism of the xenobiotic toxicity, based on a biochemi-
cal interpretation of the changes in the urine. A wide range
of toxins has now been investigated including mostly kidney
toxins and liver toxins, but also testicular toxins, mitochon-
drial toxins and muscle toxins.

[0055]

[0056] However, a limiting factor in understanding the
biochemical information from both 1 D and 2D-NMR
spectra of tissues and biofluids is their complexity. The most
efficient way to investigate these complex multiparametric
data is employ the 1 D and 2D NMR metabonomic approach
in combination with computer-based “pattern recognition”
(PR) methods and expert systems. These statistical tools are
similar to those currently being explored by workers in the
fields of genomics and proteomics.

[0057] Pattern recognition (PR) methods can be used to
reduce the complexity of data sets, to generate scientific
hypotheses and to test hypotheses. In general, the use of
pattern recognition algorithms allows the identification, and,
with some methods, the interpretation of some non-random
behaviour in a complex system which can be obscured by
noise or random variations in the parameters defining the
system. Also, the number of parameters used can be very
large such that visualisation of the regularities, which for the
human brain is best in no more than three dimensions, can
be difficult. Usually the number of measured descriptors is
much greater than three and so simple scatter plots cannot be
used to visualise any similarity between samples. Pattern
recognition methods have been used widely to characterise
many different types of problem ranging for example over
linguistics, fingerprinting, chemistry and psychology: In the
context of the methods described herein, pattern recognition
is the use of multivariate statistics, both parametric and
non-parametric, to analyse spectroscopic data, and hence to
classify samples and to predict the value of some dependent
variable based on a range of observed measurements. There
are two main approaches. One set of methods is termed
“unsupervised” and these simply reduce data complexity in
a rational way and also produce display plots which can be
interpreted by the human eye. The other approach is termed
“supervised” whereby a training set of samples with known
class or outcome is used to produce a mathematical model
and this is then evaluated with independent validation data
sets.

Pattern Recognition

[0058] Unsupervised PR methods are used to analyse data
without reference to any other independent knowledge, for
example, without regard to the identity or nature of a
xenobiotic or its mode of action. Examples of unsupervised
pattern recognition methods include principal component
analysis (PCA), hierarchical cluster analysis (HCA), and
non-linear mapping (NLM).

[0059] One of the most useful and easily applied unsu-
pervised PR techniques is principal components analysis
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(PCA) (see, for example, Kowalski et al, 1986). Principal
components (PCs) are new variables created from linear
combinations of the starting variables with appropriate
weighting coefficients. The properties of these PCs are such
that: (i) each PC is orthogonal to (uncorrelated with) all
other PCs, and (ii) the first PC contains the largest part of the
variance of the data set (information content) with subse-
quent PCs containing correspondingly smaller amounts of
variance.

[0060] PCA, a dimension reduction technique, takes m
objects or samples, each described by values in K dimen-
sions (descriptor vectors), and extracts a set of eigenvectors,
which are linear combinations of the descriptor vectors. The
eigenvectors and eigenvalues are obtained by diagonalisa-
tion of the covariance matrix of the data. The eigenvectors
can be thought of as a new set of orthogonal plotting axes,
called principal components (PCs). The extraction of the
systematic variations in the data is accomplished by projec-
tion and modelling of variance and covariance structure of
the data matrix. The primary axis is a single eigenvector
describing the largest variation in the data, and is termed
principal component one (PC1). Subsequent PCs, ranked by
decreasing eigenvalue, describe successively less variability.
The variation in the data that has not been described by the
PCs is called residual variance and signifies how well the
model fits the data. The projections of the descriptor vectors
onto the PCs are defined as scores, which reveal the rela-
tionships between the samples or objects. In a graphical
representation (a “scores plot” or eigenvector projection),
objects or samples having similar descriptor vectors will
group together in clusters. Another graphical representation
is called a loadings plot, and this connects the PCs to the
individual descriptor vectors, and displays both the impor-
tance of each descriptor vector to the interpretation of a PC
and the relationship among descriptor vectors in that PC. In
fact, a loading value is simply the cosine of the angle which
the original descriptor vector makes with the PC. Descriptor
vectors which fall close to the origin in this plot carry little
information in the PC, while descriptor vectors distant from
the origin (high loading) are important in interpretation.

[0061] Thus a plot of the first two or three PC scores gives
the “best” representation, in terms of information content, of
the data set in two or three dimensions, respectively. A plot
of the first two principal component scores, PC1 and PC2
provides the maximum information content of the data in
two dimensions. Such PC maps can be used to visualise
inherent clustering behaviour, for example, for drugs and
toxins based on similarity of their metabonomic responses
and hence mechanism of action. Of course, the clustering
information might be in lower PCs and these have also to be
examined.

[0062] Hierarchical Cluster Analysis, another unsuper-
vised pattern recognition method, permits the grouping of
data points which are similar by virtue of being “near” to one
another in some multidimensional space. Individual data
points may be, for example, the signal intensities for par-
ticular assigned peaks in an NMR spectrum. A “similarity
malrix,” S, is constructed with elements s;=1-r;/r;;"*%,
where r;; is the interpoint distance between points i and j
(¢.g., Euclidean interpoint distance), and rig is the largest
interpoint distance for all points. The most distant pair of

points will have s;; equal to 0, since r;; then equals r;™*.



US 2004/0142496 Al

Conversely, the closest pair of points will have the largest sq.
For two identical points, s;; is 1.

> i

[0063] The similarity matrix is scanned for the closest pair
of points. The pair of points are reported with their separa-
tion distance, and then the two points are deleted and
replaced with a single combined point. The process is then
repeated iteratively until only one point remains. A number
of different methods may be used to determine how two
clusters will be joined, including the nearest neighbour
method (also known as the single link method), the furthest
neighbour method, and the centroid method (including cen-
troid link, incremental link, median link, group average link,
and flexible link variations).

[0064] The reported connectivities are then plotted as a
dendrogram (a treelike chart which allows visualisation of
clustering), showing sample-sample connectivities versus
increasing separation distance (or equivalently, versus
decreasing similarity). The dendrogram has the property in
which the branch lengths are proportional to the distances
between the various clusters and hence the length of the
branches linking one sample to the next is a measure of their
similarity. In this way, similar data points may be identified
algorithmically.

[0065] Non-linear mapping (NLM) is a simple concept
which involves calculation of the distances between all of
the points in the original K dimensions. This is followed by
construction of a map of points in 2 or 3 dimensions where
the sample points are placed in random positions or at values
determined by a prior principal components analysis. The
least squares criterion is used to move the sample points in
the lower dimension map to fit the inter-point distances in
the lower dimension space to those in the K dimensional
space. Non-linear mapping is therefore an approximation to
the true inter-point distances, but points close in K-dimen-
sional space should also be close in 2 or 3 dimensional space
(see, for example, Brown et al., 1996; Farrant et al., 1992).

[0066] In this simple meatabonomic approach, a sample
from an animal treated with a compound of unknown
toxicity is compared with a database of NMR-generated
metabolic data from control and toxin-treated animals. By
observing its position on the PR map relative to samples of
known effect, the unknown toxin can often be classified. The
same approach can be used for human samples for classi-
fication according to disease. However, such data are often
more complex, with time-related biochemical changes
detected by NMR. Also, it is more rigorous to compare
effects of xenobiotics in the original K-dimensional NMR
metabonomic space.

[0067] Alternatively, and in order to develop automatic
classification methods, it has proved efficient to use a
“supervised” approach to NMR data analysis. Here, a “train-
ing set” of NMR metabonomic data is used to construct a
statistical model that predicts correctly the “class” of each
sample. This training set is then tested with independent data
(referred to as a test or validation set) to determine the
robustness of the computer-based model. These models are
sometimes termed “expert systems,” but may be based on a
range of different mathematical procedures. Supervised
methods can use a data set with reduced dimensionality (for
example, the first few principal components), but typically
use unreduced data, with all dimensionality. In all cases the
methods allow the quantitative description of the multivari-
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ate boundaries that characterise and separate each class, for
example, each class of xenobiotic in terms of its metabolic
effects. It is also possible to obtain confidence limits on any
predictions, for example, a level of probability to be placed
on the goodness of fit (see, for example, Kowalski et al.,
1986). The robustness of the predictive models can also be
checked using cross-validation, by leaving out selected
samples from the analysis.

[0068] Expert systems may operate to generate a variety of
useful outputs, for example, (i) classification of the sample
as “normal” or “abnormal” (this is a useful tool in the control
of spectrometer automation, e.g., using sequential flow
injection NMR spectroscopy); (ii) classification of the-target
organ for toxicity and site of action within the tissue where
in certain cases, mechanism of toxic action may also be
classified; and, (iii) identification of the biomarkers of a
pathological disease condition or toxic effect for the par-
ticular compound under study. For example, a sample can be
classified as belonging to a single class of toxicity, to
multiple classes of toxicity (more than one target organ), or
to no class. The latter case would indicate deviation from
normality (control) based on the training set model but
having a dissimilar metabolic effect to any toxicity class
modelled in the training set (unknown toxicity type). Under
(ii), a system could also be generated to support decisions in
clinical medicine (e.g., for efficacy of drugs) rather than
toxicity.

[0069] Examples of supervised pattern recognition meth-
ods include the following:

[0070] soft independent modelling of class analysis
(SIMCA) (see, for example, Wold, 1976);

[0071] partial least squares analysis (PLS) (see, for
example, Wold, 1966; Joreskog, 1982; Frank, 1984;
Bro, R., 1997);

[0072] lincar descriminant analysis (LDA) (see, for
example, Nillson, 1965);

[0073] K-nearest neighbour analysis (KNN) (see, for
example, Brown et al., 1996);

[0074] artificial neural networks (ANN) (see, for
example, Wasserman, 1989; Anker et al., 1992; Hare,
1994);

[0075] probabilistic neural networks (PNNS) (see,
for example, Parzen, 1962; Bishop, 1995; Speckt,
1990; Broomhead et al., 1988; Patterson, 1996);

[0076] rule induction (RI) (see, for example, Quinlan,
1986); and,

[0077] Bayesian methods (see, for
Bretthorst, 1990a, 1990b, 1988).

example,

[0078] As the size of metabonomic databases increases
together with improvements in rapid throughput of NMR
samples (>300 samples per day per spectrometer is now
possible with the first generation of flow injection systems),
more subtle expert systems may be necessary, for example,
using techniques such as “fuzzy logic” which permit greater
flexibility in decision boundaries.

[0079]

[0080] Pattern recognition methods have been applied to
the analysis of metabonomic data. See, for example, Lindon

Application to Metabonomics
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et al., 2001. Anumber of spectroscopic techniques have been
used to generate the data, including NMR spectroscopy and
mass spectrometry. Pattern recognition analysis of such data
sets has been succesful in some cases. The successful studies
include, for example, complex NMR data from biofluids,
(see, for example, Anthony et al., 1994; Anthony et al., 1995;
Beckwith-Hall et al., 1998; Gartland et al., 1990a; Gartland
et al., 1990b; Gartland et al., 1991; Holmes et al., 1998a;
Holmes et al., 1998b; Holmes et al., 1992; Holmes et al.,
1994; Spraul et al., 1994; Tranter et al., 1999) conventional
NMR spectra from tissue samples (Somorjai et al., 1995),
magic-angle-spinning (MAS) NMR spectra of tissues (Gar-
rod et al., 2001), in vivo NMR spectra (Morvan et al., 1990;
Howells et al., 1993; Stoyanova et al., 1995; Kuesel et al.,
1996; Confort-Gouny et al., 1992; Weber et al., 1998), wines
(Martin et al., 1998, 1999) and plant tissues (Kopka et al.,
2000).

[0081] Although the utility of the metabonomic approach
is well established, its full potential has not yet been
exploited. The metabolic variation is often subtle, and pow-
erful analysis methods are required for detection of particu-
lar analytes, especially when the data (e.g., NMR spectra)
are so complex. For example, all that has been previously
proposed is still not generally sufficient to achieve clinically
useful diagnosis of disease. New methods to extract useful
metabolic information from biofluids are needed.

[0082] The inventors have developed novel methods
(which employ multivariate statistical analysis and pattern
recognition (PR) techniques, and optionally data filtering
techniques) of analysing data (e.g., NMR spectra) from a test
population which yield accurate mathematical models which
may subsequently be used to classify a test sample or
subject, and/or in diagnosis.

[0083] Unlike methods previously described, the methods
described herein have the power to provide clinically useful
and accurate diagnostic and prognostic information in a
medical setting.

[0084] The methods described herein represent a signifi-
cant advance over chemometric methodologies described
previously. Although chemometrics has been able to provide
some classification of types previously, the studies have
required that the classification be done under a series of
restrictions which limit the ability to apply the method to
analysis of complex datasets as would be required to apply
the method for the practical diagnosis/prognosis of discases
that could be useful clinically.

[0085] For example, several studies have reported on the
classification of animals on the basis of an NMR spectrum
of urine or plasma. Although these studies clearly demon-
strate the potential of the technique, they are limited because
the animals which compose each class are genetically
homogenous (in-bred populations). As a result, these meth-
ods have been demonstrated to be able to detect patterns but
only against “low noise” backgrounds. Application of meta-
bonomics to “real” populations (e.g., in human clinical
practice) requires the ability to detect patterns against the
substantial noise due to the genetic variation of out-bred
populations and also due to dietary and hormonal differ-
ences.

[0086] Similarly, many of the studies described to date
have examined relatively major differences between groups,
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for example, the ability to differentiate renally acting toxins
from liver acting toxins. The two groups under study dif-
fered in a broad spectrum of metabolites making the pattern
relatively easy to detect. In conjugation with the restriction
of using in-bred populations of animals, most studies pub-
lished to date have only demonstrated metabonomics to be
practicable under conditions of high “signal to noise” ratio,
conditions which are very different from the human clinical
environment.

[0087] Some studies have begun to attempt classifications
of out-bred human populations where the data variation is
high. However, to date, all these studies have simplified the
system substantially to focus in on specific molecules: for
example, some studies have looked specifically at the reso-
nances associated with lipoproteins. Since lipoproteins are
major constituents of plasma, the variance they contribute
readily exceeds the background variance due to genetic and
environmental differences between individuals. Unfortu-
nately, such an approach is insufficiently powerful to iden-
tify weak patterns against the background biochemical
noise, and could not be used, for example, to determine the
extent of coronary heart disease or to distinguish identical
from non-identical twins. Identification of such low “signal
to noise” ratio patterns requires the application of the
methods of this invention, which represent a significant
advance over what has been previously reported.

SUMMARY OF THE INVENTION

[0088] One aspect of the present invention pertains to a
method of classifying a sample, as described herein.

[0089] One aspect of the present invention pertains to a
method of classifying a subject as described herein.

[0090] One aspect of the present invention pertains to a
method of diagnosing a subject as described herein.

[0091] One aspect of the present invention pertains to a
method of identifying a diagnostic species, or a combination
of a plurality of diagnostic species, for a predetermined
condition, as described herein.

[0092] One aspect of the present invention pertains to a
diagnostic species identified by a method as described
herein.

[0093] One aspect of the present invention pertains to a
diagnostic species identified by a method as described
herein, for use in a method of classification.

[0094] One aspect of the present invention pertains to a
method of classification which employs or relies upon one or
more diagnostic species identified by a method as described
herein

[0095] One aspect of the present invention pertains to use
of one or more diagnostic species identified by a method of
classification as described herein.

[0096] One aspect of the present invention pertains to an
assay for use in a method of classification, which assay relies
upon one or more diagnostic species identified by a method
as described herein.

[0097] One aspect of the present invention pertains to use
of an assay in a method of classification, which assay relies
upon one or more diagnostic species identified by a method
as described herein.
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[0098] One aspect of the present invention pertains to a
method of therapeutic monitoring of a subject undergoing
therapy which employs a method of classification as
described herein.

[0099] One aspect of the present invention pertains to a
method of evaluating drug therapy and/or drug efficacy
which employs a method of classification, as described
herein.

[0100] One aspect of the present invention pertains to a
computer system or device, such as a computer or linked
computers, operatively configured to implement a method as
described herein; and related computer code computer pro-
grams, data carriers carrying such code and programs, and
the like.

[0101] These and other aspects of the present invention are
described herein.

[0102] As will be appreciated by one of skill in the art,
features and preferred embodiments of one aspect of the
present invention will also pertain to other aspects of the
present invention.

BRIEF DESCRIPTION OF THE DRAWINGS

[0103] FIG. 1-CHD is a 600 MHz 1-D 'H NMR spectrum
for serum obtained from (A) a patient with normal coronary
arteries (NCA); and (B) a patient with triple vessel disease
patient (T'VD). The spectra were recorded at a temperature
of 300 K, corrected for phase and baseline distortions, and
chemical shifts were referenced to that of lactate (CH,; 8
1.33).

[0104] FIG. 2A-CHD is a scores scatter plot for PC3 and
PC2 (13 vs. t2) for the principal components analysis (PCA)
model derived from 1-D *H NMR spectra from serum
samples from NCA (circles, @) and TVD (squares, U)
patients.

[0105] FIG. 2B-CHD is the corresponding loadings scat-
ter plot (p3 vs. p2) for the PCA shown in FIG. 2A-CHD.

[0106] FIG. 2C-CHD is a scores scatter plot for PC2 and
PC1 (12 vs. t1) for the PCA model derived from 1-D 'H
NMR spectra from serum samples from NCA (circles, @)
and TVD (squares, W) patients. Prior to PCA, the data were
filtered (in this case, using orthogonal signal correction,
0S0).

[0107] FIG. 2D-CHD is the corresponding loadings scat-
ter plot (p2 vs. pl) for the PCA shown in FIG. 2C-CHD.

[0108] FIG. 2E-CHD is a scores scatter plot for PC2 and
PCd (12 vs. t1) for the PLS-DA model derived from 1-D *H
NMR spectra from serum samples from NCA (circles, @)
and TVD (squares, a) patients. Prior to PCA, the data were
filtered (in this case, using orthogonal signal correction,
0S0).

[0109] FIG. 2F-CHD is the corresponding loadings scatter
plot (w*c2 vs. w*cl) for the PLS-DA shown in FIG.
2E-CHD.

[0110] FIG. 3A-CHD shows a section of the variable
importance plot (VIP) for the OSC-PLS-DA model, showing
the calculated importance of the 13 most important vari-
ables.
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[0111] FIG. 3B-CHD is a plot of the regression coeffi-
cients of the 1-D 'H NMR variables for the TVD serum
samples, derived from the OSC-PLS-DA. Each bar repre-
sents a spectral region covering 30.04.

[0112] FIG. 4-CHD is a y-predicted scatter plot, showing
NCA (circles, @) and TVD (squarcs, M) samples and
validation samples (triangle, A, NCA or TVA as marked),
for an OSC-PLS-DA model.

[0113] FIG.5A-CHD is the scores scatter plot for PC2 and
PCd (t2 vs. t1) for the PCA model calculated from 1-D 'H
NMR data for all three classes of serum sample: type “1”
vessel disease (triangles, A), type “2” vessel disease (circles,
@), and type “3” vessel disease (squares, H).

[0114] FIG. 5B-CHD is the corresponding loadings scat-
ter plot (p2 vs. p1) for the PCA shown in FIG. 5A-CHD.

[0115] FIG. 5C-CHD shows three pairs of plots (a scores
scatter plot for PC2 and PC1 (12 vs. t1) for a PLS-DA model
calculated from 1-D *H NMR data for pairs of classes of
serum samples, and the corresponding w*c loadings plot
(wc2 vs. wel)). In the scores plots, type “1” samples are
denoted by triangles (A); type “2” samples are denoted by
circles (@); and type “3” samples are denoted by squares

m).

[0116]
plot.

[0117] FIG. 5C-(2)-CHD: type “1” and “2” loadings w*c
scatter plot.

[0118] FIG. 5C-(3)-CHD: type “2” and “3” scores scatter
plot.

[0119] FIG. 5C-(4)-CHD: type “2” and “3” loadings w*c
scatter plot.

[0120] FIG. 5C-5)-CHD: type “1” and “3” scores scatter
plot.

[0121] FIG. 5C-(6)-CHD: type “1” and “3” loadings w*c
scatter plot.

[0122] FIG. 6A-CHD is a scores scatter plot for PC2 and
PC1 (12 vs. t1) calculated for a PCA model calculated using
filtered 1-D 'H NMR data (in this case, filtered using
orthogonal signal correction, OSC), for all three classes of
serum sample: type “1” vessel disease (triangles, A); type
“2” vessel disease (circles, @); and type “3” vessel disease
(squares, W).

[0123] FIG. 6B-CHD is the corresponding loadings scat-
ter plot (p2 vs. p1) for PCA shown in FIG. SA-CHD.

[0124] FIG. 6C-CHD shows three pairs of plots (a scores
scatter plot for PC2 and PCd (2 vs. t1) for a PLS-DA model
calculated from 1-D 'H NMR data for pairs of classes of
serum samples, following OSC, and the corresponding W*c
loadings plot (wc2 vs. wcl)). In the scores plots, type “1”
samples are denoted by triangles (A); type “2” samples are
denoted by circles (@); and type “3” samples are denoted by
squares (H).

[0125] FIG. 6C-(1)-CHD: type “1” and “2” scores scatter
plot.

[0126] FIG. 6C-(2)-CHD: type “1” and “2” loadings w*c
scatter plot.

FIG. 5C-(1)-CHD: type “1” and “2” scores scatter
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[0127] FIG. 6C-(3)-CHD: type “2” and “3” scores scatter
plot.

[0128] FIG. 6C-(4)-CHD: type “2” and “3” loadings w*c
scatter plot.

[0129] FIG. 6C-(5)-CHD: type “1” and “3” scores scatter
plot.

[0130] FIG. 6C-(6)-CHD: type “1” and “3” loadings w*c
scatter plot.

[0131] FIG. 7-CHD shows, for each of the three models

described in FIG. 6C, both a section of the variable impor-
tance plot (VIP) and a plot of the regression coefficients for
the respective OSC-PLS-DA model. Each bar represents a
spectral region covering & 0.04.

[0132] FIG. 7-(1)-CHD: VIP for “1” and “2” vessel dis-
ease samples.
[0133] FIG. 7-(2)-CHD: Regression coefficients, “1” with

respect to “2” vessel disease.

[0134] FIG. 7-(3)-CHD: VIP for “2” and “3” vessel dis-
case samples.
[0135] FIG. 7-(4)-CHD: Regression coefficients, “2” with

respect to “3” vessel disease.

[0136] FIG. 7-(5)-CHD: VIP for “1” and “3” vessel dis-
ease samples.
[0137] FIG. 7-(6)-CHD: Regression coefficients, “1” with

respect to “3” vessel disease.

[0138] FIG. 8-CHD shows three y-predicted scatter plots,
showing type “1” (triangles, A), type “2” (circles, @), type
“3” (squares, M) and validation samples (diamonds), for
PLS-DA models calculated for the same data, following
OSC.

[0139] FIG. 8A-CHD: type “1” and “2”.
[0140] FIG. 8B-CHD: type “2” and “3”.
[0141] FIG. 8C-CHD: type “1” and “3”.
[0142] FIG. 9A-CHD is a scores scatter plot for PC2 and

PC1 (12 vs. t1) for a PCA model calculated from established
clinical parameters for subjects with type “1” (triangles, A),
type “27 (circles, @), type “3” (squares, H) vessel disease.

[0143] FIG. 9B-CHD is the corresponding loadings scat-
ter plot (p2 vs. p1) for the PCA shown in FIG. 9A-CHD.

[0144] FIG. 9C-CHD shows three pairs of plots (a scores
scatter plot for PC2 and PC1 (12 vs. t1) for a PLS-DA model
calculated using established clinical parameters, and the
corresponding loadings w*c plot (w*c2vs.w*cl)). In the
scores plots, type “1” samples are denoted by triangles (A);
type “2” samples are denoted by circles (A); and type “3”
samples are denoted by squares (U).

[0145] FIG. 9C-(1)-CHD: type “I” and “2” scores scatter
plot.

[0146] FIG. 9C-(2)-CHD: type “1” and “2” loadings w¥c
scatter plot.

[0147] FIG. 9C-(3)-CHD: type “2” and “3” scores scatter
plot.

[0148] FIG. 9C-(4)-CHD: type “2” and “3” loadings w*c

scatter plot.
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[0149] FIG. 9C-(5)-CHD: type “1” and “3” scores scatter
plot.

[0150] FIG. 9C-(6)-CHD: type “I” and “3” loadings W*c
scatter plot.

[0151] FIG. 10-CHD shows, for each of the three models
described in FIG. 9C, both a section of the variable impor-
tance plot (VIP) and a plot of the regression coefficients for
the respective OSCPLS-DA models. Each bar represents a
spectral region covering & 0.04.

[0152] FIG. 10-(1)-CHD: VIP for “1” and “2” vessel
discase samples.

[0153] FIG. 10-(2)-CHD: Regres. coefs., “1” with respect
to “2” vessel discase.

[0154] FIG. 10-(3)-CHD: VIP for “2” and “3” vessel
disease samples.

[0155] FIG. 10-(4)CHD: Regres. coefs., “2” with respect
to “3” vessel disease.

[0156] FIG. 10-(5)-CHD: VIP for “1” and “3” vessel
discase samples.

[0157] FIG.10-(6)-CHD: Regres. coefs., “17” with respect
to “3” vessel discase.

DETAILED DESCRIPTION OF THE
INVENTION

[0158]

[0159] The inventors have developed novel methods
(which employ multivariate statistical analysis and pattern
recognition (PR) techniques, and optionally data filtering
techniques) of analysing data (e.g., NMR spectra) from a test
population which yield accurate mathematical models which
may subsequently be used to classify a test sample or
subject, and/or in diagnosis.

[0160] An NMR spectrum provides a fingerprint or profile
for the sample to which it pertains. Such spectra represent a
measure of all NMR detectable species present in the sample
(rather than a select few) and also, to some extent, interac-
tions between these species. As such, these spectra are
characterised by a high data density which, heretofore, has
not been fully exploited.

[0161] The methods described herein facilitate the analy-
sis of such spectra, and the subsequent use of the results of
that analysis to classify test spectra (and therefore the
associated samples and subjects, if applicable) according to
one or more distinguishing criteria, at a discrimination level
never before achieved.

[0162] These methods find particular application in the
field of medicine. For example, analysis of NMR spectra for
samples taken from a population characterised by a certain
condition yields a mathematical model which can be used to
classify an NMR spectrum for a sample from a test subject
as positive (also having the condition) or negative (not
having the condition) with a high degree of confidence.

[0163] In effect, these methods facilitate the identification
of the particular combination of amounts of (e.g., endog-
enous) species which are invariably associated with the
presence of the condition. These combinations (patterns),
which typically comprise many (often small) uncorrelated

Introduction



US 2004/0142496 Al

variances which together are diagnostic, are encoded within
the high data density of the NMR spectra. The methods
described herein permit their identification and subsequent
use for classification.

[0164] However, it must be stressed that metabonomic
analysis based on NMR spectra is much more powerful than
simply using a high technology analytical tool (the NMR
spectrometer) to measure the levels of known metabolites.
That is, the methods described herein are distinet from
methods which simply carry out multiple Independent mea-
sures of discrete chemical entitities (e.g., LDL cholesterol
concentration).

[0165] For example, considering the variance in NMR
spectral intensity (total peak Intensity) in any particular
defined chemical shift region (known as a bucket or bin), a
part of that variance may be associated with a given mol-
ecule (a biomarker), the level of which varies consistently as
a result of the condition under study. The remainder of the
variance may be due to differences in the levels of other
molecules which give peaks in that integral region but which
are unrelated to the condition under study (e.g., individual to
individual differences such as dietary factors, age, gender,
etc.).

[0166] The methods described herein, which employ pat-
tern recognition techniques, permit identification of that
NMR peak intensity which is related to the condition under
study, even though only a small part of the variance in a
spectral region (bucket) may be related to the condition
under study. The Identification power is enhanced by the
application of data filtering techniques (e.g., orthogonal
signal correction, OSC) which can lower the influence of
buckets with variance unrelated to the condition of interest.
Actual identification of the molecular biomarkers contrib-
uting to significant buckets is carried out by reexamination
of the original NMR spectra by NMR experts, and could
involve additional NMR spectroscopic experiments such as
2-dimensional NMR spectroscopy; separation of putative
substances and their identification using HPLC-NMR-MS;
addition of authentic substance to the sample and re-mea-
suring the NMR spectrum, checking for coincidence of
NMR peaks; etc.

[0167] For example, in NMR spectra of blood plasma, in
the region around & 1.2-1.3, a number of peaks appear, all of
which will contribute to the intensity in those buckets
labelled 1.30 (e.g., the chemical shift region 6 1.32-1.28), &
1.26 (e.g., the region 51.28-1.24), and § 1.22 (e.g., the region
8 1.24-1.20). Given the bucket width of 0.04 ppm (ie., 24
Hz at 600 MHz), the wings of the lorentzian lines of the
NMR resonances will have contributions in most or all of
these buckets even though the peak maximum appears in a
single bucket. The two main broad NMR peak envelopes in
this region of the spectrum have been assigned to the long
chain methylene groups of the fatty acyl chains of lipopro-
teins, and in addition there are a number of small molecule
metabolites which have NMR resonances in this region,
some of which have been assigned. See, ¢.g., Nicholson et
al, 1995. These include the methyl resonances of lactate (a
doublet at 9 1.33), threonine (a doublet at & 1.32), fucose (a
doublet at & 1.31), in some cases 3-hydroxybutyrate (a
doublet at § 1.20) and part of the methylene resonance of
isoleucine (a multiplet at & 1.28). The two overlapping
lipoprotein peaks have been assigned as mainly VLDL at §
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1.29 and mainly LDL at § 1.25. However both of these
signals are asymmetric in appearance and are comprised of
a number of overlapping resonances. By examination of the
*H NMR spectra of individual lipoprotein fractions, it has
been possible to use mathematical deconvolution techniques
to show that this composite envelope in the 8 1.3-1.2 region
is comprised of two bands from VLDL, 3 bands from LDL
and 2 bands from HDL. See, ¢.g., M. Ala-Korpela, Progress
in NMR Spectroscopy, 27, 475554 (1995)). In fact, the
inventors have shown that the variance in the spectral
intensity in the bucket at 8 1.30 is only weakly correlated
with the LDL level measured independently for a panel of
100 patients. The correlation coefficient (r) between the level
of LDL as measured by a conventional method and the
bucket intensity at 6 1.30 in the NMR spectra of the same
samples, is only 0.45. Therefore, the changes in the con-
centration of LDL over the samples in this panel of 100
patients only accounts for about 20% of the variance in this
bucket intensity, since variance is proportional to r*. Thus
the variance in the intensity in the & 1.30 bucket, over the
sample population, contains much more information than
solely the variance in the LDL concentration. The methods
the present invention permit the determination and exploi-
tation of such of the additional, until now hidden, informa-
tion.

[0168] Furthermore, the methods can be applied to
achieve classification into multiple categories on the basis of
asingle dataset (e.g., an NMR spectrum for a single sample).
Due to the very high data density of the input dataset, the
analysis method can separately (i.e., in parallel) or sequen-
tially (i.e., in series) perform multiple classifications. For
example, a single blood sample could be used to determine
(e.g., diagnose) the presence or absence of several, or
indeed, many, (c.g., unrelated) conditions or diseases.

[0169] Thus, one aspect of the present invention pertains
to improved methods for the analysis of chemical, biochemi-
cal, and biological data, for example spectra, for example,
nuclear magnetic resonance (NMR) and other types of
spectra.

[0170]

[0171] These techniques have been applied to the analysis
of blood serum in the context of atherosclerosis/coronary
heart disease. For example, the metabonomic analysis can
distinguish between individuals with and without athero-
sclerosis/coronary heart disease. Novel diagnostic biomar-
kers for atherosclerosis/coronary heart disease have been
identified, and associated methods for diagnosis have been
described.

Atherosclerosis/Coronary Heart Discase

[0172]

[0173] One aspect of the present invention pertains to a
method of classifying a sample, as described herein.

Methods of Classifying Diagnosing

[0174] One aspect of the present invention pertains to a
method of classifying a subject by classifying a sample from
said subject, wherein said method of classifying a sample is
as described herein.

[0175] One aspect of the present invention pertains to a
method of diagnosing a subject by classifying a sample from
said subject, wherein said method of classifying a sample is
as described herein.
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[0176] Classifying a Sample: By NMR Spectral Intensity

[0177] One aspect of the present invention pertains to a
method of classifying a sample, said method comprising the
step of relating NMR spectral intensity at one or more
predetermined diagnostic spectral windows for said sample
with a predetermined condition.

[0178] One aspect of the present invention pertains to a
method of classifying a sample from a subject, said method
comprising the step of relating NMR spectral intensity at
one or more predetermined diagnostic spectral windows for
said sample with a predetermined condition of said subject.

[0179] One aspect of the present invention pertains to a
method of classifying a sample, said method comprising the
step of relating NMR spectral intensity at one or more
predetermined diagnostic spectral windows for said sample
with the presence or absence of a predetermined condition.

[0180] One aspect of the present invention pertains to a
method of classifying a sample from a subject, said method
comprising the step of relating NMR spectral intensity at
one or more predetermined diagnostic spectral windows for
said sample with the presence or absence of a predetermined
condition of said subject.

[0181] One aspect of the present invention pertains to a
method of classifying a sample, said method comprising the
step of relating a modulation of NMR spectral intensity,
relative to a control value, at one or more predetermined
diagnostic spectral windows for said sample with a prede-
termined condition.

[0182] One aspect of the present invention pertains to a
method of classifying a sample from a subject, said method
comprising the step of relating a modulation of NMR
spectral intensity, relative to a control value, at one or more
predetermined diagnostic spectral windows for said sample
with a predetermined condition of said subject.

[0183] One aspect of the present invention pertains to a
method of classifying a sample, said method comprising the
step of relating a modulation of NMR spectral intensity,
relative to a control value, at one or more predetermined
diagnostic spectral windows for said sample with the pres-
ence or absence of a predetermined condition.

[0184] One aspect of the present invention pertains to a
method of classifying a sample from a subject, said method
comprising the step of relating a modulation of NMR
spectral intensity, relative to a control value, at one or more
predetermined diagnostic spectral windows for said sample
with the presence or absence of a predetermined condition of
said subject.

[0185]

[0186] One aspect of the present invention pertains to a
method of classifying a subject, said method comprising the
step of relating NMR spectral intensity at one or more
predetermined diagnostic spectral windows for a sample
from said subject with a predetermined condition of said
subject.

[0187] One aspect of the present invention pertains to a
method of classifying a subject, said method comprising the
step of relating NMR spectral intensity at one or more
predetermined diagnostic spectral windows for a sample

Classifying a Subject: By NMR Spectral Intensity
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from said subject with the presence or absence of a prede-
termined condition of said subject.

[0188] One aspect of the present invention pertains to a
method of classifying a subject, said method comprising the
step of relating a modulation of NMR spectral intensity,
relative to a control value, at one or more predetermined
diagnostic spectral windows for a sample from said subject
with a predetermined condition of said subject.

[0189] One aspect of the present invention pertains to a
method of classifying a subject, said method comprising the
step of relating a modulation of NMR spectral intensity,
relative to a control value, at one or more predetermined
diagnostic spectral windows for a sample from said subject
with the presence or absence of a predetermined condition of
said subject.

[0190]

[0191] One aspect of the present invention pertains to a
method of diagnosing a predetermined condition of a sub-
ject, said method comprising the step of relating NMR
spectral intensity at one or more predetermined diagnostic
spectral windows for a sample from said subject with said
predetermined condition of said subject.

[0192] One aspect of the present invention pertains to a
method of diagnosing a predetermined condition of a sub-
ject, said method comprising the step of relating NMR
spectral intensity at one or more predetermined diagnostic
spectral windows for a sample from said subject with the
presence or absence of said predetermined condition of said
subject.

[0193] One aspect of the present invention pertains to a
method of diagnosing a predetermined 0.30 condition of a
subject, said method comprising the step of relating a
modulation of NMR spectral intensity, relative to a control
value, at one or more predetermined diagnostic spectral
windows for a sample from said subject with said predeter-
mined condition of said subject.

[0194] One aspect of the present invention pertains to a
method of diagnosing a predetermined condition of a sub-
ject, said method comprising the step of relating a modula-
tion of NMR spectral intensity, relative to a control value, at
one or more predetermined diagnostic spectral windows for
a sample from said subject with the presence or absence of
said predetermined condition of said subject.

[0195]
Species

[0196] One aspect of the present invention pertains to a
method of classifying a sample, said method comprising the
step of relating the amount of; or relative amount of one or
more diagnostic species present in said sample with a
predetermined condition.

[0197] One aspect of the present invention pertains to a
method of classifying a sample from a subject, said method
comprising the step of relating the amount of, or relative
amount of one or more diagnostic species present in said
sample with a predetermined condition of said subject.

[0198] One aspect of the present invention pertains to a
method of classifying a sample, said method comprising the
step of relating the amount of, or relative amount of one or

Diagnosing a Subject: By NMR Spectral Intensity
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more diagnostic species present in said sample with the
presence or absence of a predetermined condition.

[0199] One aspect of the present invention pertains to a
method of classifying a sample from a subject, said method
comprising the step of relating the amount of, or the relative
amount of, one or more diagnostic species present in said
sample with the presence or absence of a predetermined
condition of said subject.

[0200] One aspect of the present invention pertains to a
method of classifying a sample, said method comprising the
step of relating a modulation of the amount of, or relative
amount of one or more diagnostic species present in said
sample, as compared to a control sample, with a predeter-
mined condition.

[0201] One aspect of the present invention pertains to a
method of classifying a sample from a subject, said method
comprising the step of relating a modulation of the amount
of, or relative amount of one or more diagnostic species
present in said sample, as compared to a control sample,
with a predetermined condition of said subject.

[0202] One aspect of the present invention pertains to a
method of classifying a sample, said method comprising the
step of relating a modulation of the amount of, or relative
amount of one or more diagnostic species present in said
sample, as compared to a control sample, with the presence
or absence of a predetermined condition.

[0203] One aspect of the present invention pertains to a
method of classifying a sample from a subject, said method
comprising the step of relating a modulation of the amount
of, or relative amount of one or more diagnostic species
present in said sample, as compared to a control sample,
with the presence or absence of a predetermined condition of
said subject.

[0204]

Species

[0205] One aspect of the present invention pertains to a
method of classifying a subject, said method comprising the
step of relating the amount of, or relative amount of one or
more diagnostic species present in a sample from said
subject with a predetermined condition of said subject.

[0206] One aspect of the present invention pertains to a
method of classifying a subject, said method comprising the
step of relating the amount of, or relative amount of one or
more diagnostic species present in a sample from said
subject with the presence or absence of a predetermined
condition of said subject.

[0207] One aspect of the present invention pertains to a
method of classifying a subject, said method comprising the
step of relating a modulation of the amount of, or relative
amount of one or more diagnostic species present in a
sample from said subject, as compared to a control sample,
with a predetermined condition of said subject.

[0208] One aspect of the present invention pertains to a
method of classifying a subject, said method comprising the
step of relating a modulation of the amount of, or relative
amount of one or more diagnostic species present in a
sample from said subject, as compared to a control sample,
with the presence or absence of a predetermined condition of
said subject.

Classifying a Subject: By Amount of Diagnostic
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[0209] Diagnosing a Subject: By Amount of Diagnostic
Species

[0210] One aspect of the present invention pertains to a
method of diagnosing a predetermined condition of a sub-
ject, said method comprising the step of relating the amount
of, or relative amount of one or more diagnostic species
present in a sample from said subject with said predeter-
mined condition of said subject.

[0211] One aspect of the present invention pertains to a
method of diagnosing a predetermined condition of a sub-
ject, said method comprising the step of relating the amount
of, or relative amount of one or more diagnostic species
present in a sample from said subject with the presence or
absence of said predetermined condition of said subject.

[0212] One aspect of the present invention pertains to a
method of diagnosing a predetermined condition of a sub-
ject, said method comprising the step of relating a modula-
tion of the amount of, or relative amount of one or more
diagnostic species present in a sample from said subject, as
compared to a control sample, with said predetermined
condition of said subject.

[0213] One aspect of the present invention pertains to a
method of diagnosing a predetermined condition of a sub-
ject, said method comprising the step of relating a modula-
tion of the amount of, or relative amount of one or more
diagnostic species present in a sample from said subject, as
compared to a control sample, with the presence or absence
of said predetermined condition of said subject.

[0214] Classifying a Sample: By Mathematical Modelling

[0215] One aspect of the present invention pertains to a
method of classification, said method comprising the steps
of:

[0216] (a) forming a predictive mathematical model
by applying a modelling method to modelling data;

[0217] (b) using said model to classify a test sample.

[0218] One aspect of the present invention pertains to a
method of classifying a test sample, said method comprising
the steps of:

[0219] (a) forming a predictive mathematical model
by applying a modelling method to modelling data;

[0220] wherein said modelling data comprises a plu-
rality of data sets for modelling samples of known
class;

[0221] (b) using said model to classify said test
sample as being a member of one of said known
classes.

[0222] One aspect of the present invention pertains to a
method of classifying a test sample, said method comprising
the steps of:

[0223] (a) forming a predictive mathematical model
by applying a modelling method to modelling data;

[0224] wherein said modelling data comprises at
least one data set for each of a plurality of modelling
samples;

[0225] wherein said modelling samples define a class
group consisting of a plurality of classes;
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[0226] wherein each of said modelling samples is of
a known class selected from said class group; and,

[0227] (b) using said model with a data set for said
test sample to classify said test sample as being a
member of one class selected from said class group.

[0228] One aspect of the present invention pertains to a
method of classification, said method comprising the step of:

[0229] using a predictive mathematical model;

[0230] wherein said model is formed by applying a
modelling method to modelling data;

[0231] to classify a test sample.

[0232] One aspect of the present invention pertains to a
method of classifying a test sample, said method comprising
the step of:

[0233] using a predictive mathematical model;

[0234] wherein said model is formed by applying a
modelling method to modelling data,

[0235] wherein said modelling data comprises a plu-
rality of data sets for modelling samples of known
class;

[0236] to classify said test sample as being a member
of one of said known classes.

[0237] One aspect of the present invention pertains to a
method of classifying a test sample, said method comprising
the step of:

[0238] using a predictive mathematical model;

[0239] wherein said model is formed by applying a
modelling method to modelling data,

[0240] wherein said modelling data comprises at
least one data set for each of a plurality of modelling
samples;

[0241] wherein said modelling samples define a class
group consisting of a plurality of classes;

[0242] wherein each of said modelling samples is of
a known class selected from said class group;

[0243] with a data set for said test sample to classify
said test sample as being a member of one class
selected from said class group.

[0244] Classifying a Subject: By Mathematical Modelling

[0245] One aspect of the present invention pertains to a
method of classification, said method comprising the steps
of:

[0246] (2) forming a predictive mathematical model
by applying a modelling method to modelling data;

[0247] (b) using said model to classify a subject.

[0248] One aspect of the present invention pertains to a
method of classifying a subject, said method comprising the
steps of:

[0249] (a) forming a predictive mathematical model
by applying a modelling method to modelling data;
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[0250] wherein said modelling data comprises a plu-
rality of data sets for modelling samples of known
class;

[0251] (b) using said model to classify a test sample
from said subject as being a member of one of said
known classes, and thereby classify said subject.

[0252] One aspect of the present invention pertains to a
method of classifying a subject, said method comprising the
steps of:

[0253] (a) forming a predictive mathematical model
by applying a modelling method to modelling data;

[0254] wherein said modelling data comprises at
least one data set for each of a plurality of modelling
samples;

[0255] wherein said modelling samples define a class
group consisting of a plurality of classes;

[0256] wherein each of said modelling samples is of
a known class selected from said class group; and,

[0257] (b) using said model with a data set for a test
sample from said subject to classify said test sample
as being a member of one class selected from said
class group, and thereby classify said subject.

[0258] One aspect of the present invention pertains to a
method of classification, said method comprising the step of:

[0259] using a predictive mathematical model;

[0260] wherein said model is formed by applying a
modelling method to modelling data,

[0261] to classify a subject.

[0262] One aspect of the present invention pertains to a
method of classifying a subject, said method comprising the
step of:

[0263] using a predictive mathematical model

[0264] wherein said model is formed by applying a
modelling method to modelling data,

[0265] wherein said modelling data comprises a plu-
rality of data sets for modelling samples of known
class;

[0266] to classify a test sample from said subject as
being a member of one of said known classes, and
thereby classify said subject.

[0267] One aspect of the present invention pertains to a
method of classifying a subject, said method comprising the
step of:

[0268] using a predictive mathematical model,

[0269] wherein said model is formed by applying a
modelling method to modelling data;

[0270] wherein said modelling data comprises at
least one data set for each of a plurality of modelling
samples;

[0271] wherein said modelling samples define a class
group consisting of a plurality of classes;

[0272] wherein each of said modelling samples is of
a known class selected from said class group;
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[0273] with a data set for a test sample from said
subject to classify said test sample as being a mem-
ber of one class selected from said class group, and
thereby classify said subject.

[0274] Diagnosing a Subject: BY Mathematical Model-
ling
[0275] One aspect of the present invention pertains to a

method of diagnosis, said method comprising the steps of:

[0276] (a) forming a predictive mathematical model
by applying a modelling method to modelling data;

[0277]

[0278] One aspect of the present invention pertains to a
method of diagnosing a predetermined condition of a sub-
ject, said method comprising the steps of:

[0279] (a) forming a predictive mathematical model
by applying a modelling method to modelling data;

[0280] wherein said modelling data comprises a plu-
rality of data sets for modelling samples of known
class;

[0281] (b) using said model to classify a test sample
from said subject as being a member of one of said
known classes, and thereby diagnose said subject.

(b) using said model to diagnose a subject.

[0282] One aspect of the present invention pertains to a
method of diagnosing a predetermined condition of a sub-
ject, said method comprising the steps of:

[0283] (a) forming a predictive mathematical model
by applying a modelling method to modelling data;

[0284] wherein said modelling data comprises at
least one data set for each of a plurality of modelling
samples;

[0285] wherein said modelling samples define a class
group consisting of a plurality of classes;

[0286] wherein each of said modelling samples is of
a known class selected from said class group; and,

[0287] (b) using said model with a data sct for a test
sample from said subject to classify said test sample
as being a member of one class sclected from said
class group, and thereby diagnose said subject.

[0288] One aspect of the present invention pertains to a
method of diagnosis, said method comprising the step of:

[0289]

[0290] wherein said model is formed by applying a
modelling method to modelling data,

[0291]

[0292] One aspect of the present invention pertains to a
method of diagnosing a predetermined condition of a sub-
ject, said method comprising the step of:

[0293]

[0294] wherein said model is formed by applying a
modelling method to modelling data,

[0295] wherein said modelling data comprises a plu-
rality of data sets for modelling samples of known
class;

using a predictive mathematical model;

to diagnose a subject.

using a predictive mathematical model;
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[0296] to classify a test sample from said subject as
being a member of one of said known classes, and
thereby diagnose said subject.

[0297] One aspect of the present invention pertains to a
method of diagnosing a predetermined condition of a sub-
ject, said method comprising the step of:

[0298]

using a predictive mathematical model,

[0299] wherein said model is formed by applying a
modelling method to modelling data,

[0300] wherein said modelling data comprises at
least one data set for each of a plurality of modelling
samples;

[0301] wherein said modelling samples define a class
group consisting of a plurality of classes;

[0302] wherein each of said modelling samples is of
a known class selected from said class group;

[0303] with a data set for a test sample from said
subject to classify said test sample as being a mem-
ber of one class selected from said class group, and
thereby diagnose said subject.

Certain Preferred Embodiments

[0304]

[0305] In one embodiment, said sample is a sample from
a subject, and said predetermined condition is a predeter-
mined condition of said subject.

[0306] In one embodiment, said test sample is a test
sample from a subject, and said predetermined condition is
a predetermined condition of said subject.

[0307] In one embodiment, said one or more predeter-
mined diagnostic spectral windows are associated with one
or more diagnostic species.

[0308] In one embodiment, said relating step involves the
use of a predictive mathematical model; for example, as
described herein.

[0309] The nature of a predictive mathematical model is
determined primarily by the modelling method employed
when forming that model.

[0310] In one embodiment, said modelling method is a
multivariate statistical analysis modelling method.

[0311] In one embodiment, said modelling method is a
multivariate statistical analysis modelling method which
employs a pattern recognition method.

[0312] In one embodiment, said modelling method is, or
employs PCA.

[0313] In one embodiment, said modelling method is, or
employs PLS.

[0314] In one embodiment, said modelling method is, or
employs PLS-DA.

[0315] In one embodiment, said modelling method
includes a step of data filtering.

[0316] In one embodiment, said modelling method
includes a step of orthogonal data filtering.

[0317] In one embodiment, said modelling method
includes a step of OSC.
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[0318] In one embodiment, said model takes account of
one or more diagnostic species.

[0319] The precise details of the predictive mathematical
model are determined primarily by the modelling data (e.g.,
modelling data sets).

[0320] In one embodiment, said modelling data comprise
spectral data.
[0321] In one embodiment, said modelling data comprise

both spectral data and non-spectral data (and is referred to as
a “composite data”).

[0322] In one embodiment, said modelling data comprise
NMR spectral data.

[0323] In one embodiment, said modelling data comprise
both NMR spectral data and non-NMR spectral data.

[0324] In one embodiment, said NMR spectral data com-
prises "H NMR spectral data and/or >C NMR speciral data.

[0325] In one embodiment, said NMR spectral data com-
prises *H NMR spectral data.

[0326] In one embodiment, said modelling data comprise
spectra.

[0327] In one embodiment, said modelling data are spec-
fra.

[0328] Inoneembodiment, said modelling data comprises

a plurality of data sets for modelling samples of known
class.

[0329] Inoneembodiment, said modelling data comprises
at least one data set for each of a plurality of modelling
samples.

[0330] Inoneembodiment, said modelling data comprises
exactly one data set for each of a plurality of modelling
samples.

[0331] In one embodiment, said using step is: using said
model with a data set for said test sample to classify said test
sample as being a member of one class selected from said
class group.

[0332] In one embodiment, each of said data sets com-
prises spectral data.

[0333] In one embodiment, each of said data sets com-
prises both spectral data and non-spectral data (and is
referred to as a “composite data set”).

[0334] In one embodiment, each of said data sets com-
prises NMR spectral data.

[0335] In one embodiment, each of said data sets com-
prises both NMR spectral data and non-NMR spectral data.

[0336] In one embodiment, said NMR spectral data com-
prises 'H NMR spectral data and/or **C NMR speciral data.

[0337] In one embodiment, said NMR spectral data com-
prises *H NMR spectral data.

[0338] In one embodiment, each of said data sets com-
prises a spectrum.

[0339] In one embodiment, cach of said data sets com-
prises a 'H NMR spectrum and/or 1*C NMR spectrum.
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[0340] In one embodiment, each of said data sets com-
prises a 'H NMR spectrum.

[0341] In one embodiment, each of said data sets is a
spectrum.
[0342] In one embodiment, each of said data sets is a *H

NMR spectrum and/or **C NMR spectrum.

[0343] In one embodiment, each of said data sets is a 'H
NMR spectrum.
[0344] In one embodiment, said non-spectral data is non-

spectral clinical data.

[0345] Inoneembodiment, said non-NMR spectral data is
non-spectral clinical data.

[0346] In one embodiment, said class group comprises
classes associated with said predetermined condition (e.g.,
presence, absence, degree, etc.).

[0347] In one embodiment, said class group comprises
exactly two classes.

[0348] In one embodiment, said class group comprises
exactly two classes: presence of said predetermined condi-
tion; and absence of said predetermined condition.

[0349]

[0350] As discussed above, many aspects of the present
invention pertain to methods of classifying things, for
example, a sample, a subject, etc. In such methods, the thing
is classified, that is, it is associated with an outcome, or,
more specifically, it is assigned membership to a particular
class (i.c., it is assigned class membership), and is said “to
be of,”“to belong to,”“to be a member of,” a particular class.

[0351] Classification is made (ie., class membership is
assigned) on the basis of diagnostic criteria. The step of
considering such diagnostic criteria, and assigning class
membership, is described by the word “relating,” for
example, in the phrase “relating NMR spectral intensity at
one or more predetermined diagnostic spectral windows for
said sample (i.e., diagnostic criteria) with the presence or
absence of a predetermined condition (i.c., class member-
ship).”

[0352] For example, “presence of a predetermined condi-
tion” is one class, and “absence of a predetermined condi-
tion” is another class; in such cases, classification (i.e.,
assignment to one of these classes) is equivalent to diagno-
Sis.

[0353] Samples

[0354] As discussed above, many aspects of the present
invention pertain to methods which involve a sample, e.g,,
a particular sample under study (“study sample”).

[0355] 1In general, a sample may be in any suitable form.
For methods which involve spectra obtained or recorded for
a sample, the sample may be in any form which is compat-
ible with the particular type of spectroscopy, and therefore
may be, as appropriate, homogeneous or heterogeneous,
comprising one or a combination of, for example, a gas, a
liquid, a liquid crystal, a gel, and a solid.

[0356] Samples which originate from an organism (c.g.,
subject, patient) may be in vivo; that is, not removed from
or separated from the organism. Thus, in one embodiment,

Classification. Classifying, and Classes
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said sample is an in vivo sample. For example, the sample
may be circulating blood, which is “probed” in situ, in vivo,
for example, using NMR methods.

[0357] Samples which originate from an organism may be
ex vivo; that is, removed from or separated from the
organism (e.g., an ex vivo blood sample, an ex vivo urine
sample). Thus, in one embodiment, said sample is an ex vivo
sample.

[0358] In one embodiment, said sample is an ex vivo
blood or blood-derived sample.

[0359] In one embodiment, said sample is an ex vivo
blood sample.

[0360] In one embodiment, said sample is an ex vivo
plasma sample.

[0361] In one embodiment, said sample is an ex vivo
serum sample.

[0362] Inoneembodiment, said sample is an ex vivo urine
sample.

[0363] In one embodiment, said sample is removed from

or separated from an/said organism, and is not returned to
said organism (e.g., an ex vivo blood sample, an ex vivo
urine sample).

[0364] In one embodiment, said sample is removed from
or separated from an/said organism, and is returned to said
organism (i.e., “in transit”) (e.g., as with dialysis methods).
Thus, in one embodiment, said sample is an ex vivo in transit
sample.

[0365] Examples of samples include:
[0366] awhole organism (living or dead, e.g., a living
human);
[0367] a part or parts of an organism (e.g., a tissue

sample, an organ);

[0368] a pathological tissue such as a tumour;

[0369] a tissue homogenate (c.g. a liver microsome
fraction);

[0370] an extract prepared from a organism or a part

of an organism (e.g., a tissue sample extract, such as
perchloric acid extract);

[0371] an infusion prepared from a organism or a part
of an organism (e.g., tea, Chinese traditional herbal
medicines);

[0372] an in vitro tissue such as a spheroid;

[0373] a suspension of a particular cell type (e.g.
hepatocytes);

[0374] an excretion, secretion, or emission from an

organism (especially a fluid);

[0375] material which is administered and collected
(e.g., dialysis fluid);

[0376] material which develops as a function of
pathology (e.g., a cyst, blisters); and, supematant
from a cell culture.

[0377] Examples of fluid samples include, for example,
blood plasma, blood serum, whole blood, urine, (gall blad-
der) bile, cerebrospinal fluid, milk, saliva, mucus, sweat,
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gastric juice, pancreatic juice, seminal fluid, prostatic fluid,
seminal vesicle fluid, seminal plasma, amniotic fluid, foetal
fluid, follicular fluid, synovial fluid, aqueous humour, ascite
fluid, cystic fluid, blister fluid, and cell suspensions; and
extracts thereof.

[0378] Examples of tissue samples include liver, kidney,
prostate, brain, gut, blood, blood cells, skeletal muscle, heart
muscle, lymphoid, bone, cartilage, and reproductive tissues.

[0379] Still other examples of samples include air (c.g.,
exhaust), water (e.g., seawater, groundwater, wastewater,
¢.g., from factories), liquids from the food industry (c.g.
juices, wines, beers, other alcoholic drinks, tea, milk),
solid-like food samples (e.g. chocolate, pastes, fruit peel,
fruit and vegetable flesh such as banana, leaves, meats,
whether cooked or raw, etc.).

[0380] A few preferred samples are discussed below.
[0381] Blood, Plasma, Serum
[0382] Blood is the fluid that circulates in the blood

vessels of the body, that is, the fluid that is circulated through
the heart, arteries, veins, and capillaries. The function of the
blood and the circulation is to service the needs of other
tissues: to transport oxygen and nutrients to the tissues, to
transport carbon dioxide and various metabolic waste prod-
ucts away, to conduct hormones from one part of the body
to another, and in general to maintain an appropriate envi-
ronment in all tissue fluids for optimal survival and function
of the cells.

[0383] Blood consists of a liquid component, plasma, and
a solid component, cells and formed elements (e.g., eryth-
rocytes, leukocytes, and platelets), suspended within it.
Erythrocytes, or red blood cells account for about 99.9% of
the cells suspended in human blood. They contain hemo-
globin which is involved in the transport of oxygen and
carbon dioxide. Leukocytes, or white blood cells, account
for about 0.1% of the cells suspended in human blood. They
play a role in the body’s defense mechanism and repair
mechanism, and may be classified as agranular or granular.
Agranular leukocytes include monocytes and small, medium
and large lymphocytes, with small lymphocytes accounting
for about 20-25% of the leukocytes in human blood. T cells
and B cells are important examples of lymphocytes. Three
classes of granular leukocytes are known, neutrophils, eosi-
nophils, and basophils, with neutrophils accounting for
about 60% of the leukocytes in human blood. Platelets (i.c.,
thrombocytes) are not cells but small spindle-shaped or
rodlike bodies about 3 microns in length which occur in
large numbers in circulating blood. Platelets play a major
role in clot formation.

[0384] Plasma is the liquid component of blood. It serves
as the primary medium for the transport of materials among
cellular, tissue, and organ systems and their various external
environments, and it is essential for the maintenance of
normal hemostasis. One of the most important functions of
many of the major tissue and organ systems is to maintain
specific components of plasma within acceptable physi-
ological limits.

[0385] Plasma is the residual fluid of blood which remains
after removal of suspended cells and formed elements.
Whole blood is typically processed to removed suspended
cells and formed elements (e.g., by centrifugation) to yield
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blood plasma. Serum is the fluid which is obtained after
blood has been allowed to clot and the clot removed. Blood
serum may be obtained by forming a blood clot (e.g.,
optionally initiated by the addition of thrombin and calcium
ion) and subsequently removing the clot (e.g., by centrifu-
gation). Serum and plasma differ primarily in their content
of fibrinogen and several components which are removed in
the clotting process. Plasma may be effectively prevented
from clotting by the addition of an anti-coagulant (c.g.,
sodium citrate, heparin, lithium heparin) to permit handling
or storage. Plasma is composed primarily of water (approxi-
mately 90%), with approximately 7% proteins, 0.9% inor-
ganic salts, and smaller amounts of carbohydrates, lipids,
and organic salts.

[0386] The term “blood sample,” as used herein, pertains
to a sample of whole blood.

[0387] The term “blood-derived sample,” as used herein,
pertains to an ex vivo sample derived from the blood of the
subject under study.

[0388] Examples of blood and blood-derived samples
include, but are not limited to, whole blood (WB), blood
plasma (including, ¢.g., fresh frozen plasma (FFP)), blood
serum, blood fractions, plasma fractions, serum fractions,
blood fractions comprising red blood cells (RBC), platelets
(PLT), leukocytes, etc., and cell lysates including fractions
thereof (for example, cells, such as red blood cells, white
blood cells, etc., may be harvested and lysed to obtain a cell
lysate).

[0389] Methods for obtaining, preparing, handling, and
storing blood and blood-derived samples (e.g., plasma,
serum) are well known in the art. Typically, blood is
collected from subjects using conventional techniques (e.g.,
from the ante-cubital fossa), typically pre-prandially.

[0390] For use in the methods described herein, the
method used to prepare the blood fraction (e.g., serum)
should be reproduced as carefully as possible from one
subject to the next.

[0391] Itisimportant that the same or similar procedure be
used for all subjects. It may be preferable to prepare serum
(as opposed to plasma or other blood fractions) for two
reasons: (a) the preparation of serum is more reproducible
from individual to individual than the preparation of plasma,
and (b) the preparation of plasma requires the addition of
anticoagulants (e.g., EDTA, citrate, or heparin) which will
be visible in the NMR metabonomic profile and may reduce
the data density available.

[0392] A typical method for the preparation of serum
suitable for analysis by the methods described herein is as
follows: 10 mL of blood is drawn from the antecubital fossa
of an individual who had fasted overnight, using an 18 gauge
butterfly needle. The blood is immediately dispensed into a
polypropylene tube and allowed to clot at room temperature
for 3 hours. The clotted blood is then subjected to centrifu-
gation (e.g., 4,500x g for 5 minutes) and the serum super-
natant removed to a clean tube. If necessary, the centrifu-
gation step can be repeated to ensure the serum is efficiently
separated from the clot. The serum supernatant may be
analysed “fresh” or it may be stored frozen for later analysis.

[0393] A typical method for the preparation of plasma
suitable for analysis by the methods described herein is as
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follows: High quality platelet-poor plasma is made by
drawing the blood using a 19 gauge butterfly needle without
the use of a tourniquet from the anetcubital fossa. The first
2 mL of blood drawn is discarded and the remainder is
rapidly mixed and aliquoted into Diatube H anticoagulant
tubes (Becton Dickinson). After gentle mixing by inversion
the anticoagulated blood is cooled on ice for 15 minutes then
subjected to centrifugation to pellet the cells and platelets
(approximately 1,200x g for 15 minutes). The platelet poor
plasma supemantant is carefully removed, drawing off the
middle third of the supernatant and discarding the upper
third (which may contain floating platelets) and the lower
third which is too close to the readily disturbed platelet layer
on the top of the cell pellet. The plasma may then be
aliquoted and stored frozen at =20° C. or colder, and then
thawed when required for assay.

[0394] Samples may be analysed immediately (“fresh”),
or may be frozen and stored (e.g., at-80° C.) (“fresh frozen™)
for future analysis. If frozen, samples are completely thawed
prior to NMR analysis.

[0395] 1In one embodiment, said sample is a blood sample
or a blood-derived sample.

[0396] Inoneembodiment, said sample is a blood sample.
[0397] In one embodiment, said sample is a blood plasma
sample.

[0398] In one embodiment, said sample is a blood serum
sample.

[0399] Urine

[0400] The composition of urine is complex and highly

variable both between species and within species according
to lifestyle. A wide range of organic acids and bases, simple
sugars and polysaccharides, heterocycles, polyols, low
molecular weight proteins and polypeptides are present
together with inorganic species such as Na*, K*, Ca®*,
Mg>*, HCO;™, SO, and phosphates.

[0401] The term “urine,” as used herein, pertains to whole
(or intact) urine, whether in vivo (e.g., foetal urine) or ex
vivo, e.g., by excretion or catheterisation.

[0402] The term “urine-derived sample,” as used herein,
pertains to an ex vivo sample derived from the urine of the
subject under study (e.g., obtained by dilution, concentra-
tion, addition of additives, solvent- or solid-phase extrac-
tion, etc.). Analysis may be performed using, for example,
fresh urine; urine which has been frozen and then thawed,;
urine which has been dried (e.g., freeze-dried) and then
reconstituted, e.g., with water or D, 0.

[0403] Methods for the collection, handling, storage, and
pre-analysis preparation of many classes of sample, espe-
cially biological samples (e.g., biofluids) are well known in
the art. See, for example, Lindon et al., 1999.

[0404] In one embodiment, said sample is a urine sample
or a urine-derived sample.

[0405] In one embodiment, said sample is a urine sample.
[0406] Organisms, Subjects, Patients
[0407] As discussed above, in many cases, samples are, or

originate from, or are drawn or derived from, an organism
(e.g., subject, patient). In such cases, the organism may be
as defined below.
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[0408] In one embodiment, the organism is a prokaryote
(e.g., bacteria) or a eukaryote (e.g., protoctista, fungi, plants,
animals).

[0409] In one embodiment, the organism is a prokaryote
(e.g., bacteria) or a eukaryote (e.g., protoctista, fungi, plants,
animals).

[0410] In one embodiment, the organism is a protoctista,
an alga, or a protozoan.

[0411] In one embodiment, the organism is a plant, an
angiosperm, a dicotyledon, a monocotyledon, a gymno-
sperm, a conifer, a ginkgo, a cycad, a fern, a horsetail, a
clubmoss, a liverwort, or a moss.

[0412]

In one embodiment, the organism is an animal.

[0413] Inone embodiment, the organism is a chordate, an
invertebrate, an echinoderm (e.g., starfish, sea urchins,
brittlestars), an arthropod, an annelid (segmented worms)
(e.g., carthworms, lugworms, leeches), a mollusk (cephalo-
pods (e.g., squids, octopi), pelecypods (e.g., oysters, mus-
sels, clams), gastropods (e.g., snails, slugs)), a nematode
(round worms), a platyhelminthes (flatworms) (¢.g., planar-
ians, flukes, tapeworms), a cnidaria (e.g., jelly fish, sea
anemones, corals), or a porifera (e.g., sponges).

[0414] In one embodiment, the organism is an arthropod,
an insect (e.g., beetles, butterflies, moths), a chilopoda
(centipedes), a diplopoda (millipedes), a crustacean (c.g.,
shrimps, crabs, lobsters), or an arachnid (e.g., spiders, scor-
pions, mites).

[0415] In one embodiment, the organism is a chordate, a
verlebrate, a mammal, a bird, a reptile (e.g., snakes, lizards,
crocodiles), an amphibian (e.g., frogs, toads), a bony fish
(e.g., salmon, plaice, eel, lungfish), a cartilaginous fish (¢.g.,
sharks, rays), or a jawless fish (e.g., lampreys, hagfish).

[0416] In one embodiment, the organism (e.g., subject,
patient) is a mammal. In one embodiment, the organism
(e.g., subject, patient) is a placental mammal, a marsupial
(e.g., kangaroo, wombat), a monotreme (e.g., duckbilled
platypus), a rodent (e.g., a guinea pig, a hamster, a rat, a
mouse), murine (e.g., a mouse), a lagomorph (e.g., a rabbit),
avian (e.g., a bird), canine (e.g., a dog), feline (e.g., a cat),
equine (e.g., a horse), porcine (e.g., a pig), ovine (e.g., a
sheep), bovine (e.g., a cow), a primate, simian (e.g., a
monkey or ape), a monkey (e.g., marmoset, baboon), an ape
(e.g., gorilla, chimpanzee, orangutang, gibbon), or a human.

[0417] Furthermore, the organism may be any of its forms
of development, for example, a spore, a seed, an egg, a larva,
a pupa, or a foetus.

[0418] In one embodiment, the organism (e.g., subject,
patient) is a human.

[0419] The subject (.g., a human) may be characterised
by one or more criteria, for example, sex, age (e.g., 40 years
or more, 50 years or more, 60 years or more, etc.), ethnicity,
medical history, lifestyle (e.g., smoker, non-smoker), hor-
monal status (e.g., pre-menopausal, post-menopausal), etc.

[0420] The term “population,” as used herein, refers to a
group of organisms (e.g., subjects, patients). If desired, a
population (e.g., of humans) may be selected according to
one or more of the criteria listed above.
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[0421] Conditions

[0422] As discussed above, many methods of the present
invention involve assigning class membership, for example,
to one of one or more classes, for example, to one of the two
classes: (1) presence of a predetermined condition, or (ii)
absence of a predetermined condition.

[0423] A condition is “predetermined” in the sense that it
is the condition in respect to which the invention is prac-
tised; a condition is predetermined by a step of selecting a
condition for considering, study, etc.

[0424] As used herein, the term “condition” relates to a
state which is, in at least one respect, distinct from the state
of normality, as determined by a suitable control population.

[0425] A condition may be pathological (e.g., a disease) or
physiological (e.g., phenotype, genotype, fasting, water
load, exercise, hormonal cycles, e.g., oestrus, etc.).

[0426] Included among conditions is the state of “at risk
of” a condition, “predisposition towards a” condition, and
the like, again as compared to the state of normality, as
determined by a suitable control population. In this way,
osteoporosis, at risk of osteoporosis, and predisposition
towards osteoporosis are all conditions (and are also condi-
tions associated with osteoporosis).

[0427] Where the condition is the state of “at risk of,”“pre-
disposition towards,” and the like, a method of diagnosis
may be considered to be a method of prognosis.

[0428] 1In this context, the phrases “at risk of,™predispo-
sition towards,” and the like, indicate a probability of being
classified/diagnosed (or being able to be classified/diag-
nosed) with the predetermined condition which is greater
(e.g., 1.5%, 2x, 5x, 10x, etc.) than for the corresponding
control. Often, a time period (e.g., within the next 5 years,
10 years, 20 years, etc.) is associated with the probability.
For example, a subject who is 2x more likely to be diag-
nosed with the predetermined condition within the next 5
years, as compared to a suitable control, is “at risk of” that
condition.

[0429] Included among conditions is the degree of a
condition, for example, the progress or phase of a disease, or
a recovery therefrom. For example, each of different states
in the progress of a disease, or in the recovery from a
discase, are themselves conditions. In this way, the degree of
a condition may refer to how temporally advanced the
condition is. Another example of a degree of a condition
relates to its maximum severity, e.g., a disease can be
classified as mild, moderate or severe). Yet another example
of a degree of a condition relates to the nature of the
condition (e.g., anatomical site, extent of tissue involve-
ment, etc.).

[0430]

[0431] In the present invention, said predetermined con-
dition is associated with atherosclerosis/coronary heart dis-
ease.

[0432] Coronary heart disease (CHD) is a major cause of
mortality and morbidity in developed countries, affecting as
many as 1 in 3 individuals before the age of 70 years (sce,
¢.g., Kannel et al., 1974).

Atherosclerosis/Coronary heart disease
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[0433] Atherosclerosis (commonly called “hardening of
the arteries”), is a vascular condition in which arteries
narrow. It is associated with deposits of oxidised lipid on the
walls of arteries, which accumulate and eventually harden
into plaques. The arteries become calcified and lose elastic-
ity, and as this process continues, blood flow slows. It can
affect any artery, including, e.g., the coronary arteries.

[0434] In order to perform the arduous task of pumping
blood, the heart muscle needs a plentiful supply of oxygen-
rich blood, which is provided through a network of coronary
arteries. Coronary artery disease is the end result of athero-
sclerosis, preventing sufficient oxygen-rich blood from
reaching the heart. Oxygen deprivation in vital cells (called
ischaemia) causes injury to the tissues of the heart. If the
artery becomes completely blocked, damage becomes so
extensive that cell death, a heart attack, occurs. A heart
attack usually occurs when a blood clot forms completely
sealing off the passage of blood in a coronary artery. This
typically happens when the plaque itself develops fissures or
tears; blood platelets adhere to the site to seal off the plaque
and a blood clot (thrombus) forms.

[0435] Angina is not a disease itself but is the primary
symptom of coronary artery disease. It is typically experi-
enced as chest pain, which can be mild, moderate, or severe,
but is often reported as a dull, heavy pressure that may
resemble a crushing object on the chest. Pain often radiates
to the neck, jaw, or left shoulder and arm. Less commonly,
patients report mild burning chest discomfort, sharp chest
pain, or pain that radiates to the right arm or back. Some-
times a patient experiences shortness of breath, fatigue, or
palpitations instead of pain. Classic angina is precipitated by
exertion, stress, or exposure to cold and is relieved by rest
or administration of nitroglycerin. Angina can also be pre-
cipitated by large meals, which place an immediate demand
upon the heart for more oxygen. The intensity of the pain
does not always relate to the severity of the medical prob-
lem. Some people may feel a crushing pain from mild
ischemia, while others might experience only mild discom-
fort from severe ischemia. Some people have also reported
a higher sensitivity to heat on the skin with the onset of
angina.

[0436] Although atherosclerosis is far and away the lead-
ing cause of angina, other conditions can impair the delivery
of oxygen to the heart muscle and cause pain. Such condi-
tions include: spasm in the coronary artery, abnormalities of
the heart muscle itself, hyperthyroidism, anaemia, vasculitis
(a group of disorders that cause inflammation of the blood
vessels), and, in rare cases, exposure to high altitudes. Many
conditions may cause chest pains unrelated to heart or blood
vessel abnormalities. High on the list are anxiety attacks,
gastrointestinal disorders (gallstone attacks, peptic ulcer
disease, hiatal hemia, heartburn), lung disorders (asthma,
blood clots, bronchitis, pneumonia, collapsed lung), and
problems affecting the ribs and chest muscles (injured
muscles, fractures, arthritis, spasms, infections).

[0437] Stable angina can be extremely painful, but its
occurrence is predictable; it is usually triggered by exertion
or stress and relieved by rest. Stable angina responds well to
medical treatment. Any event that increases oxygen demand
can cause angina, including exercise, cold weather, emo-
tional tension, and even large meals. Angina attacks can
occur at any time during the day, but a high proportion seems
to take place between the hours of 6:00 AM and noon.
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[0438] Unstable angina is a much more serious situation
and is often an intermediate stage between stable angina and
a heart attack. A patient is usually diagnosed with unstable
angina under the following conditions: pain awakens a
patient or occurs during rest, a patient who has never
experienced angina has severe or moderate pain during mild
exertion (walking two level blocks or climbing one flight of
stairs), or stable angina has progressed in severity and
frequency within a two-month period. Medications are less
effective in relieving pain of unstable angina.

[0439] Another type of angina, called variant or Prinzmet-
al’s angina, is caused by a spasm of a coronary artery. It
almost always occurs when the patient is at rest. Irregular
heartbeats are common, but the pain is generally relieved
immediately with treatment.

[0440] Some people with severe coronary artery disease
do not experience angina pain, a condition known as silent
ischaemia, which some experts attribute to abnormal pro-
cessing of heart pain by the brain. Coronary artery disease
(premature blockage of one or more of the coronary arteries)
is the leading killer in the USA of both men and women,
responsible for over 475,000 deaths in 1996. On the positive
side, mortality rates from coronary artery disease have
significantly declined in industrialised countries over the
past few decades, although they are on the rise in developing
nations. When the necessary lifestyle changes are enacted in
combination with appropriate medical or surgical treat-
ments, a person suffering angina and heart discase has a
good chance of living a normal life. Experts have believed,
for example, that unstable angina indicates a very high risk
for death after a heart attack, but a recent study indicated that
after the first year of treatment, such a patients risk for death
is only 1.2% above the risk in the normal population. Much
evidence exists, in fact, that onset of angina less than 48
hours before a heart attack is actually protective, possibly by
conditioning the heart to resist the damage resulting from the
attack. In one study, people without chest pain experienced
much higher complication and mortality rates than those
with pain.

[0441] Angiographic x-ray imaging (“angiography”) has
grown into its own classification of x-ray imaging over time.
The basic principal is the same as a conventional x-ray scan:
x-rays are generated by an x-ray tube and as they pass
through the body part being imaged, they are attenuated
(weakened) at different levels. These differences in x-ray
attenuation are then measured by an image intensifier and
the resulting image is picked up by a TV camera. In modern
angiography systems, each frame of the analogue TV signal
is then converted to a digital frame and stored by a computer
in memory and/or on hard magnetic disk. These x-ray
“movies” can be viewed in real time as the angiography is
being performed, or they can be reviewed later using recall
from digital memory.

[0442] During angiography, physicians inject streams of
contrast agents or dyes into the area of interest using
catheters to create detailed images of the blood vessels in
real time. During the angiographic procedure, physicians
can guide a catheter into the area of interest to remove
stenoses (blockages) of blood vessels. Patients with block-
ages of the major leg vessels, for instance, can have nearly
total recovery after such angioplasty is performed to remove
the constriction.
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[0443] X-ray angiography is performed to specifically
image and diagnose diseases of the blood vessels of the
body, including the brain and heart. Traditionally, angiog-
raphy was used to diagnose pathology of these vessels such
as blockage caused by plaque build-up. However in recent
decades, radiologists, cardiologists and vascular surgeons
have used the x-ray angiography procedure to guide mini-
mally invasive surgery of the blood vessels and arteries of
the heart. In the last several years, diagnostic vascular
images are often made using magnetic resonance imaging,
computed x-ray tomography or ultrasound and whilst x-ray
angiography is reserved for therapy. Conventional x-ray
angiography has a lead role in the detection, diagnosis and
treatment of heart disease, heart attack, acute stroke and
vascular disease which can lead to stroke.

[0444] Most conventional x-ray angiography procedures
are similar, Patient preparation involves removing clothing
and jewellery and wearing a patient gown. In all cases,
angiography requires that an intravenous contrast agent is
administered. For interventional or therapeutic angiography,
a small incision is made in the groin or arm so that a catheter
can be inserted during the study. The patient is positioned on
the examination table by the technologist so that the
anatomy of interest (e.g. coronary arteries) is in the proper
field of view between the x-ray tube and image intensifier.
The technologist and radiologist remain at table-side during
the procedure to operate the angiography system and work
with the catheters, contrast injectors and related devices.
Typically the patient simply needs to relax and stay calm
during angiography. Some angiography procedures can take
up to two hours while other procedures take less than an
hour. Once the procedure is finished, the patient will be
given a period of time to recover. During this period, the
patient’s case is reviewed on film or monitor. Depending on
the type of angiographic procedure and the patient’s medical
condition, an inpatient recovery may be required or the
patient may be released after a short time. In some cases,
more images may need to be taken.

[0445] Using angiography to see inside the body, doctors
can repair blood vessels without the use of a scalpel and
fully invasive surgical methods. Advances in the design and
use of catheters (small tubes that are guided into the blood
vessels through tiny incisions in the groin area or upper arm)
allow physicians to perform very complex therapeutic pro-
cedures from within the blood vessel. Pathology of the blood
vessels such as plaque build up in the arms and legs, neck
and brain, and heart can be treated using a variety of
interventional angiographic surgery (e.g. coronary angio-

plasty).

[0446] Although coronary angiography is the gold stan-
dard for CHD (including detection, diagnosis, and treat-
ment), this technique is not without its problems. Coronary
angiography is an extremely invasive technique and is
associated with a morbidity rate of 1% and a mortality rate
of 0.1%. In addition to the invasive nature of angiography,
the technique is also very expensive and time-consuming. In
the UK, the average cost for coronary angiography is
approximately £8,000-£10,000 per case. The disadvantages
associated with coronary angiography make the technique
unsuitable as a routine screening procedure.

[0447] Over the past three decades a range of environ-
mental and biochemical risk factors for the development of
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CHD have been identified in cross-sectional studies (see,
e.g., Kjelsberg et al., 1997). Examples are listed in Table
1-CHD. For example, tobacco smoking is associated with an
approximately 2-fold increased risk of CHD (see, e.g.,
Kuller et al., 1991). Similarly, high levels of cholesterol in
large, triglyceride-rich lipoprotein particles (mainly VLDL
and LDL) and lower levels of cholesterol in HDL particles
is well known to be associated with increased risk of CHD
(see, e.g., MRFIT Research Group, 1986; Despres et al.,
2000).

TABLE 1

CHD Risk Factors for Coronary Heart Disease

Potentially Changeable Risk Factors

Fixed Risk Factors Strong Association Weak Association

age hyperlipidaemia personality

male sex cigarette smoking obesity

positive family history ~ hypertension gout
diabetes mellitus soft water

lack of exercise
contraceptive pill
heavy alcohol intake

[0448] These epidemiological studies have been tremen-
dously useful in a number of ways. Firstly, they have
underpinned public health policy on a range of issues,
discouraging tobacco smoking and promoting low choles-
terol diets (see, e.g., Mcllvain et al., 1992; Dolecek et al.,
1986). Secondly, they have provided vital clues as to the
underlying molecular mechanisms which cause atheroscle-
rosis and CHD (see, e.g., Ross, 1999). For example, once the
association between elevated levels of LDL-cholesterol and
CHD had been identified, it was possible to demonstrate that
increased LDL-cholesterol actually causes atherosclerosis
by reverse genetic techniques in mice (see, e.g., Plump et al,,
1992; Yokode et al., 1990; Breslow, 1993). Extending these
studies, therapies were then designed on the basis of their
ability to lower LDL-cholesterol. These lipid lowering
therapies have now been shown to be broadly effective in
reducing the risk of myocardial infarction, even among
people with normal levels of LDL-cholesterol.

[0449] However, the risk factors identified to date from
cross-sectional epidemiological studies are insufficiently
powerful to provide a clinically useful diagnosis of CHD.
Although algorithms have been designed based on a range of
risk factors, such as age, sex, lipoprotein levels and blood
pressure, which can identify sub-populations at very signifi-
cant excess risk of CHD, even the best of these based on the
excellent PROCAM study in Miinster, Germany, cannot
diagnose the presence of CHD on an individual by indi-
vidual basis (see, e.g., Cullen et al., 1998). It is likely that
CHD is weakly associated with a very large number of
environmental, physiological and biochemical variables,
and as a result even the full range of risk factors discovered
to date comprise insufficient density of data to accurately
discriminate CHD patients from healthy controls on an
individual basis (see, e.g., Isles et al., 2000).

[0450] Recently, there have been technical advances
which have allowed datasets to be constructed from indi-
viduals which have extremely high data densities. Tech-
niques such as genomics (examining the cellular gene
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expression pattern of thousands of genes simultaneously,
see, e.g., Collins et al., 2001), proteomics (examining the
cellular contents of multiple proteins simultaneously, see,
e.g., Dutt et al., 2000) and metabonomics (examining the
changes in hundreds or thousands of low molecular weight
metabolites in an intact tissue or biofluid) offer the prospect
of efficiently distinguishing individuals with particular dis-
ease or toxic states (see, e.g., Nicholson et al., 1999).

[0451] Whereas currently, a firm diagnosis of CHD can
only be made through application of angiography, which is
both expensive and invasive, the introduction of metabo-
nomic screening, as described herein, would allow diagnosis
to be made simply and cheaply on the basis of a single blood
sample, e.g., a non-invasive diagnosis of CHD. Such
changes would revolutionize the provision of health care for
CHD, allowing both widespread population screening and
efficient targeting of drugs such as statins which, while being
broadly effective in reducing the risk of myocardial infarc-
tion, are difficult to target to those most in need of treatment.

[0452] Atherosclerotic Load and Atherosclerotic Condi-
tions
[0453] 1Inone embodiment, the predetermined condition is

related to atherosclerotic load, for example, a state of
abnormally high atherosclerotic load.

[0454] The terms “atherosclerotic load” and “atheroscle-
rotic burden,” as used herein, pertain to the total volume of
atherosclerotic plaque tissue found throughout the vascular
tree of a subject. Although most direct diagnostic proce-
dures, such as angiography, examine only a particular site
(e.g., the coronary arteries), most biochemical tests which
depend on analysis of the blood are associated with the total
atherosclerotic load throughout the vascular tree. In most
cases, however, the presence of atherosclerosis in one organ
system is indicative of its presence in others. Thus, subjects
with coronary artery atherosclerosis will, in general, have
higher total atherosclerotic load than subjects without coro-
nary artery atherosclerosis. The converse is also true: indi-
viduals with high total atherosclerotic loads are much more
likely to have coronary artery disease than individuals with
low atherosclerotic loads. Different conditions are associ-
ated with the presence of atherosclerosis in particular arter-
ies, for example, coronary heart disease is associated with
atherosclerosis, at least in part, in the coronary arteries;
stroke is associated with atherosclerosis, at least in part, in
the carotid arteries.

[0455] Inone embodiment, the predetermined condition is
related to an atherosclerotic If condition.

[0456] The term “atherosclerotic condition,” as used
herein, pertains to a condition associated with an abnormally
high atherosclerotic load, as compared to a suitable control
population.

[0457] Examples of atherosclerotic conditions include, but
are not limited to, the following, which are organised by the
artery system affected or most affected or most relevant:

[0458] Peripheral vascular discase (PVD). This can lead to
ischemia in the extremities, leading to pain, morbidity and in
severe cases to amputation.

[0459] Deep vein thrombosis (DVT). This is a common
cause of ischemia, often secondary to PVD, but may have
other causes (e.g., long periods of inactivity on long-haul
flights).
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[0460] Diabetes macrovascular atherosclerosis. This is
one of the most common complications of diabetes. It may
also include complications at specific vascular beds, most
commonly diabetic retinopathy and diabetic nephropathy,
where the vascular beds of the eye and kidney, respectively,
are particularly badly affected.

[0461] Coronary artery disease (CAD). This is the most
common cause of heart attacks, and is atherosclerosis of one
Or more major coronary artery.

[0462] Angina. This describes the specific symptoms of
CAD, and can be stable or unstable.

[0463] Ischemic stroke. The most common cause of stroke
is ischemia secondary to atherosclerosis of the major arteries
supplying the brain. This includes all forms of stroke except
haemorrhagic stroke.

[0464] Transient ischemic attack syndrome (TIA). This is
the brain equivalent of angina, in which the blood supply to
the brain is reduced —not sufficiently to cause infarction
(tissue death), but sufficiently to lead to symptoms resem-
bling epilepsy.

[0465] Renal hypertension. One of the most common
causes of hypertension is atherosclerosis of the renal artery,
which reduces kidney perfusion and upsets the blood vol-
ume regulatory mechanisms.

[0466] Marfan Syndrome. A relatively common inherited
monogenic disorder due to mutation in the fibrillin genes,
which results in vascular changes which can resemble
atherosclerosis.

[0467] MovaMoya disease. This condition is similar to
Marfan syndrome, but affects predominantly the brain vas-
culature.

[0468] Monkeburg Syndrome. A rare monogenic disorder
in which vascular calcification, similar to that seen in
atherosclerosis, affects the aorta. This condition resembles
Marfan syndrome and can lead to dissection of the vessel
and death.

[0469] NMR Spectroscopy

[0470] As discussed above, many aspects of the present
invention pertain to methods which employ NMR spectra, or
data obtained or derived from NMR spectra.

[0471] The principal nucleus studied in biomedical NMR
spectroscopy is the proton or 'H nucleus. This is the most
sensitive of all naturally occurring nuclei. The chemical shift
range is about 10 ppm for organic molecules. In addition *>C
NMR spectroscopy using either the naturally abundant 1.1%
3C nuclei or employing isotopic enrichment is useful for
identifying metabolites. The *C chemical shift range is
about 200 ppm. Other nuclei find special application. These
include *°N (in natural abundance or enriched), *F for
studies of drug metabolism, and **p for studies of endog-
enous phosphate biochemistry either in vitro or in vivo.

[0472] 1Inorder to obtain an NMR spectrum, it is necessary
to define a “pulse program”. At its simplest, this is applica-
tion of a radio-frequency (RF) pulse followed by acquisition
of a free induction decay (FID)—a time-dependent oscillat-
ing, decaying voltage which is digitised in an analog-digital
converter (ADC). At equilibrium, the nuclear spins are
present in a number of quantum states and the RF pulse
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disturbs this equilibrium. The FID is the result of the spins
returning towards the equilibrium state. It is necessary to
choose the length of the pulse (usually a few microseconds)
to give the optimum response.

[0473] This, and other experimental parameters are chosen
on the basis of knowledge and experience on the part of the
spectroscopist. See, for example, T. D. W. Claridge, High-
Resolution NMR Techniques in Organic Chemistry: A Prac-
tical Guide to Modern NMR for Chemists, Oxford Univer-
sity Press, 2000. These are based on the observation
frequency to be used, the known properties of the nucleus
under study (ie., the expected chemical shift range will
determine the spectral width, the desired peak resolution
determines the number of data points, the relaxation times
determine the recycle time between scans, etc.). The number
of scans to be added is determined by the concentration of
the analyte, the inherent sensitivity of the nucleus under
study and its abundance (either natural or enhanced by
isotopic enrichment).

[0474] After data acquisition, a number of possible
manipulations are possible. The FID can be multiplied by a
mathematical function to improve the signal-to-noise ratio
or reduce the peak line widths. The expert operator has
choice over such parameters. The FID is then often filled by
a number of zeros and then subjected to Fourier transfor-
mation. After this conversion from time-dependent data to
frequency dependent data, it is necessary to phase the
spectrum so that all peaks appear upright—this is done using
two parameters by visual inspection on screen (now auto-
maticroutines are available with reasonable success). At this
point the spectrum baseline can be curved. To remedy this,
one defines points in the spectrum where no peaks appear
and these are taken to be baseline. Usually, a polynomial
function is fitted to these points, but other methods are
available, and this function subtracted from the spectrum to
provide a flat baseline. This can also be done in an automatic
fashion. Other manipulations are also possible. It is possible
to extend the FID forwards or backwards by “linear predic-
tion” to improve resolution or to remove so-called truncation
artefacts which occur if data acquisition of a scan is stopped
before the FID has decayed into the noise. All of these
decisions are also applicable to 2- and 3-dimensional NMR
Spectroscopy.

[0475] An NMR spectrum consists of a series of digital
data points with a y value (relating to signal strength) as a
function of equally spaced x-values (frequency). These data
point values run over the whole of the spectrum. Individual
peaks in the spectrum are identified by the spectroscopist or
automatically by software and the area under each peak is
determined either by integration (summation of the y values
of all points over the peak) or by curve fitting. A peak can
be a single resonance or a multiplet of resonances corre-
sponding to a single type of nucleus in a particular chemical
environment (e.g., the two protons ortho to the carboxyl
group in benzoic acid). Integration is also possible of the
three dimensional peak volumes in 2-dimensional NMR
spectra. The intensity of a peak in an NMR spectrum is
proportional to the number of nuclei giving rise to that peak
(if the experiment is conducted under conditions where each
successive accumulated free induction decay (FID) is taken
starting at equilibrium). Also, the relative intensity of peaks
from different analytes in the same sample is proportional to
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the concentration of that analyte (again if equilibrium pre-
vails at the start of each scan).

[0476] Thus, the term “NMR spectral intensity,” as used
herein, pertains to some measure related to the NMR peak
area, and may be absolute or relative. NMR spectral inten-
sity may be, for example, a combination of a plurality of
NMR spectral intensities, e.g., a linear combination of a
plurality of NMR spectral intensities.

[0477] In the context of NMR spectral intensity, the term
“NMR?” refers to any type of NMR spectroscopy.

[0478] NMR spectroscopic techniques can be classified
according to the number of frequency axes and these include
1D-, 2D-, and 3D-NMR. 1D spectra include, for example,
single pulse; water-peak eliminated either by saturation or
non-excitation; spin-echo, such as CPMG (i.e., edited on the
basis of spin-spin relaxation); diffusion-edited, selective
excitation of specific spectra regions. 2D spectra include for
example J-resolved (JRES); 1H-1H correlation methods,
such as NOESY, COSY, TOCSY and variants thereof;
heteronuclear correlation including direct detection meth-
ods, such as HETCOR, and inverse-detected methods, such
as 1H-"C HMQC, HSQC, HMBC. 3D spectra, include
many variants, all of which are combinations of 2D meth-
ods, e.g. HMQC-TOCSY, NOESY-TOCSY, etc. All of these
NMR spectroscopic techniques can also be combined with
magic-angle-spinning (MAS) in order to study samples
other than isotropic liquids, such as tissues, which are
characterised by anisotropic composition.

[0479] Preferred nuclei include ‘H and °C. Preferred
techniques for use in the present invention include water-
peak eliminated, spin-echo such as CPMG, diffusion edited,
JRES, COSY, TOCSY, HMQC, HSQC, and HMBC.

[0480] NMR analysis (especially of biofluids) is carried
out at as high a field strength as is practical, according to
availability (very high field machines are not widespread),
cost (a 600 MHz instrument costs about £500,000 but a
shielded 800 MHz instrument can cost more than £3,500,
000, depending on the nature of accessory equipment pur-
chased), and ability to accommodate the physical size of the
instrument. Maintenance/operational costs do not vary
greatly and are small compared to the capital cost of the
machine and the personnel costs.

[0481] Typically, the 'H observation frequency is from
about 200 MHz to about 900 MHz, more typically from
about 400 MHz to about 900 MHz, yet more typically from
about 500 MHz to about 750 MHz. 'H observation frequen-
cies of 500 and 600 MHz may be particularly preferred.
Instruments with the following *H observation frequencies
are/were commercially available: 200, 250, 270 (discontin-
ued), 300, 360 (discontinued), 400, 500, 600, 700, 750, 800,
and 900 MHz.

[0482] Higher frequencies are used to obtain better signal-
to-noise ratio and for greater spectral dispersion of reso-
nances. This gives a better chance of identifying the mol-
ecules giving rise to the peaks. The benefit is not linear
because in addition to the better dispersion, the detailed
spectral peaks can move from being “second-order”—where
analysis by inspection is not possible, towards “first-order,”
where it is. Both peak positions and intensities within
multiplets change in a non-linear fashion as this progression

occurs. Lower observation frequencies would be used where
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cost is an issue, but this is likely to lead to reduced
effectiveness for classification and identification of biomar-
kers.

[0483]

[0484] NMR spectra can be measured in solid, liquid,
liquid crystal or gas states over a range of temperatures from
120 K to 420 K and outside this range with specialised
equipment. Typically, NMR analysis of biofluids is per-
formed in the liquid state with a sample temperature of from
about 274 K to about 328 K, but more typically from about
283 K to about 321 K. An example of a typical temperature
is about 300 K.

NMR Spectroscopy: Sample Preparation

[0485] Lower temperatures would be used to ensure that
the biofluid did not suffer from any decomposition or show
any effects of chemical or enzymatic reactions during the
data acquisition. Higher temperatures may be used to
improve detection of certain species. For example, for
plasma or serum, lipoproteins undergo a series of phase
changes as the temperature is increased; in particular, the
low density lipoprotein (LDL) peak intensities are rather
temperature dependent and the lines sharpen and broader
more-difficult-to-detect components become visible as the
lipoprotein becomes more “liquid.”

[0486] Typically, biofluid samples are diluted with solvent
prior to NMR analysis. This is done for a variety of reasons,
including: to lessen solution viscosity, to control the pH of
the solution, and to allow addition of reagents and reference
materials.

[0487] An example of a typical dilution solvent is a
solution of 0.9% by weight of sodium chloride in D,0. The
D,0 lessens the overall concentration of H,O and eases the
technical requirements in the suppression of the solvent
water NMR resonance, necessary for optimum detection of
metabolite NMR signals. The deuterium nuclei of the D,0O
also provides an NMR signal for locking the magnetic field
enabling the exact co-registration of successive scans.

[0488] Depending on the available amount of the biofluid,
typically, the dilution ratio is from about 1:50 to about 5:1
by volume, but more typically from about 1:20 to about 1:1
by volume. An example of a typical dilution ratio is 3:7 by
volume (e.g., 150 ul. sample, 350 uL solvent), typical for
conventional 5 mm NMR tubes and for flow-injection NMR
Spectroscopy.

[0489] Typical sample volumes for NMR analysis are
from about 50 uL (e.g., for microprobes) to about 2 mL. An
example of a typical sample volume is about 500 ul..

[0490] NMR peak positions (chemical shifts) are mea-
sured relative to that of a known standard compound usually
added directly to the sample. For biofluids such as urine this
is commonly a partially deuterated form of TSP, i.e., 3-tri-
methylsilyl-{2,2,3,3-"H, ]-propionate sodium salt. For biof-
luids containing high levels of proteins, this substance is not
suitable since it binds to proteins and shows a broadened
NMR line. Added formate anion (e.g., as a salt) can be used
in such cases as for blood plasma.

[0491]

tra

NMR Spectroscopy: Manipulation of NMR Spec-

[0492] NMR spectra are typically acquired, and subse-
quently, handled in digitised form. Conventional methods of
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spectral pre-processing of (digital) spectra are well known,
and include, where applicable, signal averaging, Fourier
transformation (and other transformation methods), phase
correction, baseline correction, smoothing, and the like (see,
for example, Lindon et al., 1980).

[0493] Modern spectroscopic methods often permit the
collection of high or very high resolution spectra. In digital
form, even a simple spectrum (e.g., signal versus spectro-
scopic parameter) may have many thousands, if not tens of
thousands of data points. It is often desirable to reduce or
compress the data to give fewer data points, for both
practical computing methods and also to effect some degree
of signal averaging to compensate for physical effects, such
as pH variation, compartmentalisation, and the like. The
resulting data may be referred to as “spectral data.”

[0494] For example, a typical 'H NMR spectrum is
recorded as signal intensity versus chemical shift (8) which
ranges from about & 0 to & 10. At a typical chemical shift
resolution of about § 107*-107> ppm, the spectrum in digital
form comprises about 10,000 to 100,000 data points. As
discussed above, it is often desirable to compress this data,
for example, by a factor of about 10 to 100, to about 1000
data points.

[0495] For example, in one approach, the chemical shift
axis, 9, is “segmented” into “buckets” or “bins” of a specific
length. For a 1-D *H NMR spectrum which spans the range
from & 0 to ¢ 10, using a bucket length, AS, of 0.04 yields
250 buckets, for example, 8 10.0-9.96, & 9.96-9.92, §
9.92-9.88, etc., usually reported by their midpoint, for
example, 8 9.98, & 9.94, & 9.90, etc. The signal intensity
within a given bucket may be averaged or integrated, and the
resulting value reported. In this way, a spectrum with, for
example, 100,000 original data points can be compressed to
an equivalent spectrum with, for example, 250 data points.

[0496] A similar approach can be applied to 2-D spectra,
3-D spectra, and the like. For 2-D spectra, the “bucket”
approach may be extended to a “patch.” For 3-D spectra, the
“bucket” approach may be extended to a “volume.” For
example, a 2-D 'H NMR spectrum which spans the range
from & 0 to & 10 on both axes, using a patch of A 0.1xAd
0.1 yields 10,000 patches. In this way, a spectrum with
perhaps 10° original data points can be compressed to an
equivalent spectrum of 10* data points.

[0497]
referred to as “a spectral data set,
spectral data,” etc.

[0498] Software for such processing of NMR spectra, for
example AMIX (Analysis of MIXture, V 2.5, Bruker Ana-
Iytik, Rheinstetten, Germany) is commercially available.

[0499] Often, certain spectral regions carry no real diag-
nostic information, or carry conflicting biochemical infor-
mation, and it is often useful to remove these “redundant”
regions before performing detailed analysis. In the simplest
approach, the data points are deleted. In another simple
approach, the data in the redundant regions are replaced with
zero values.

[0500] For example, due to the dynamic range problem
with water in comparison with other molecules, the water
resonance (around d 4.7) is suppressed. However, small
variations in water suppression remain, and these variations

In this context, the equivalent spectrum may be
7“a data set comprising
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can undesirably complicate analysis. Similarly, variations in
water suppression may also affect the urea signal (around 3
6.0), by cross saturation. Therefore, it is often useful to
delete certain spectral regions, for example, from about 8 4.5
to 6.0 (¢.g., 8 4.52 to 6.00).

[0501] In general, NMR data is handled as a data matrix.
Typically, each row in the matrix corresponds to an indi-
vidual sample (often referred to as a “data vector”), and the
entries in the columns are, for example, spectral intensity of
a particular data point, at a particular 8 or Ad (often referred
to as “descriptors”).

[0502] Tt is often useful to pre-process data, for example,
by addressing missing data, translation, scaling, weighting,
efc.

[0503] Multivariate projection methods, such as principal
component analysis (PCA) and partial least squares analysis
(PLS), are so-called scaling sensitive methods. By using
prior knowledge and experience about the type of data
studied, the quality of the data prior to multivariate model-
ling can be enhanced by scaling and/or weighting. Adequate
scaling and/or weighting can reveal the important and inter-
esting variation hidden within in the data, and therefore
make subsequent multivariate modelling more efficient.
Scaling and weighting may be used to place the data in the
correct metric, based on knowledge and experience of the
studied system, and therefore reveal patterns already inher-
ently present in the data.

[0504] 1If at all possible, missing data, for example, gaps in
column values, should be avoided. However, if necessary,
such missing data may replaced or “filled” with, for
example, the mean value of a column (“mean fill”); a
random value (“random fill”); or a value based on a principal
component analysis (“principal component fill”). Each of
these different approaches will have a different effect on
subsequent PR analysis.

[0505] “Translation” of the descriptor coordinate axes can
be useful. Examples of such translation include normalisa-
tion and mean centring.

[0506] “Normalisation” may be used to remove sample-
to-sample variation. Many normalisation approaches are
possible, and they can often be applied at any of several
points in the analysis. Usually, normalisation is applied after
redundant spectral regions have been removed. In one
approach, each spectrum is normalised (scaled) by a factor
of 1/A, where A is the sum of the absolute values of all of
the descriptors for that spectrum. In this way, each data
vector has the same length, specifically, 1. For example, if
the sum of the absolute values of intensities for each bucket
in a particular spectrum is 1067, then the intensity for each
bucket for this particular spectrum is scaled by 1/1067.

[0507] “Mean centring” may be used to simplify interpre-
tation. Usually, for each descriptor, the average value of that
descriptor for all samples is subtracted. In this way, the mean
of a descriptor coincides with the origin, and all descriptors
are “centred” at zero. For example, if the average intensity
at 8 10.0-9.96, for all spectra, is 1.2 units, then the intensity
at & 10.0-9.96, for all spectra, is reduced by 1.2 units.

[0508] In “unit variance scaling,” data can be scaled to
equal variance. Usually, the value of each descriptor is
scaled by 1/StDev, where StDev is the standard deviation for
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that descriptor for all samples. For example, if the standard
deviation at 8 10.0-9.96, for all spectra, is 2.5 units, then the
intensity at & 10.0-9.96, for all spectra, is scaled by 1/2.5 or
0.4. Unit variance scaling may be used to reduce the impact
of “noisy” data. For example, some metabolites in biofluids
show a strong degree of physiological variation (e.g., diurnal
variation, dietary-related variation) that is unrelated to any
pathophysiological process. Without unit variance scaling,
these noisy metabolites may dominate subsequent analysis.

[0509] “Pareto scaling” is, in some sense, intermediate
between mean centering and unit variance scaling. In effect,
smaller peaks in the spectra can influence the model to a
higher degree than for the mean centered case. Also, the
loadings are, in general, more interpretable than for unit
variance based models. In pareto scaling, the value of each
descriptor is scaled by 1/sqrt(StDev), where StDev is the
standard deviation for that descriptor for all samples. In this
way, each descriptor has a variance numerically equal to its
initial standard deviation. The pareto scaling may be per-
formed, for example, on raw data or mean centered data.

[0510] “Logarithmic scaling” may be used to assist inter-
pretation when data have a positive skew and/or when data
spans a large range, e.g., several orders of magnitude.
Usually, for each descriptor, the value is replaced by the
logarithm of that value. For example, the intensity at
10.0-9.96 is replaced the logarithm of the intensity at &
10.0-9.96, for all spectra.

[0511] In “equal range scaling,” each descriptor is divided
by the range of that descriptor for all samples. In this way,
all descriptors have the same range, that is, 1. For example,
if, at 8 10.0-9.96, for all spectra, the largest value is 87 units
and the smallest value is 1, then the range is 86 units, and the
intensity at & 10.09.96, for all spectra, is divided by 86 units.
However, this method is sensitive to presence of outlier
points.

[0512] In “autoscaling,” each data vector is mean centred
and unit variance scaled. This technique is a very useful
because each descriptor is then weighted equally and, in the
case of NMR descriptors, large and small peaks are treated
with equal emphasis. This can be important for metabolites
present at very low, but still detectable, levels.

[0513] Several supervised methods of scaling data are also
known. Some of these can provide a measure of the ability
of a parameter (e.g., a descriptor) to discriminate between
classes, and can be used to improve classification by stretch-
ing a separation.

[0514] Forexample, in “variance weighting,” the variance
weight of a single parameter (e.g., a descriptor) is calculated
as the ratio of the interclass variances to the sum of the
intra-class variances. A large value means that this variable
is discriminating between the classes. For example, if the
samples are known to fall into two classes (e.g., a training
set), it is possible to examine the mean and variance of each
descriptor. If a descriptor has very different mean values and
a small variance, then it will be good at separating the
classes.

[0515] “Feature weighting” is a more general description
of variance weighting, where not only the mean and standard
deviation of each descriptor is calculated, but other well
known weighting factors, such as the Fisher weight, are
used.
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[0516] Multivariate Statistical Analysis

[0517] As discussed above, multivariate statistics analysis
methods, including pattern recognition methods, are often
the most convenient and efficient way to analyse complex
data, such as NMR spectra.

[0518] For example, such analysis methods may be used
to identify, for example diagnostic spectral windows and/or
diagnostic species, for a particular condition under study.

[0519] Also, such analysis methods may be used to form
a predictive model, and then use that model to classify test
data. For example, one convenient and particularly effective
method of classification employs multivariate statistical
analysis modelling, first to form a model (a “predictive
mathematical model”) using data (“modelling data”) from
samples of known class (e.g., from subjects known to have,
or not have, a particular condition), and second to classify an
unknown sample (e.g., “test data”), as having, or not having,
that condition.

[0520] Examples of pattern recognition methods include,
but are not limited to, Principal Component Analysis (PCA)
and Partial Least Squares-Discriminant Analysis (PLS-DA).

[0521] PCA is a bilinear decomposition method used for
overviewing “clusters” within multivariate data. The data
are represented in K-dimensional space (where K is equal to
the number of variables) and reduced to a few principal
components (or latent variables) which describe the maxi-
mum variation within the data, independent of any knowl-
edge of class membership (i.e., “unsupervised”). The prin-
cipal components are displayed as a set of “scores” (t) which
highlight clustering, trends, or outliers, and a set of “load-
ings” (p) which highlight the influence of input variables on
t. See, for example, Kowalski et al., 1986).

[0522] The PCA decomposition can be described by the
following equation:

X=TP'+E

[0523] where T is the set of scores explaining the system-
atic variation between the observations in X and P is the set
of loadings explaining the between variable variation and
provides the explanation to clusters, trends, and outliers in
the score space. The non-systematic part of the variation not
explained by the model forms the residuals, E.

[0524] PLS-DAIs a supervised multivariate method yield-
ing latent variables describing maximum separation between
known classes of samples. PLS-DA is based on PLS which
is the regression extension of the PCA method explained
earlier. When PCA works to explain maximum variation
between the studied samples PLS-DA suffices to explain
maximum separation between known classes of samples in
the data (X). This is done by a PLS regression against a
“dummy vector or matrix” (Y) carrying the class separating
information. The calculated PLS components will thereby
be more focused on describing the variation separating the
classes in X if this information is present in the data. From
an interpretation point of view all the features of PLS can be
used, which means that the variation can be interpreted in
terms of scores (t,u), loadings (p,c), PLS weights (w) and
regression coefficients (b). The fact that a regression is
carried out against a known class separation means that the
PLS-DA is a supervised method and that the class member-
ship has to be known prior to the actual modelling. Once a
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model is calculated and validated it can be used for predic-
tion of class membership for “new” unknown samples.
Judgement of class membership is done on basis of pre-
dicted class membership (Ypred), predicted scores (tpred)
and predicted residuals (DmodXpred) using statistical sig-
nificance limits for the decision. See, for example, Sjostrom
et al., 1986; Stahle et al., 1987.

[0525] 1In PLS, the variation between the objects in X is
described by the X-scores, T, and the variation in the Y-block
regressed against is described in the Y-scores, U. In PLS-DA
the Y-block is a “dummy vector or matrix” describing the
class membership of each observation. Basically, what PLS
does is to maximize the covariance between T and U. For
each component, a PLS weight vector, w, is calculated,
containing the influence of each X-variable on the explana-
tion of the variation in Y. Together the weight vectors will
form a matrix, W, containing the variation in X that maxi-
mizes the covariance between the scores T and U for each
calculated component. For PLS-DA this means that the
weights, W, contain the variation in X that is correlated to
the class separation described in Y. The Y-block matrix of
weights is designated C. A matrix of X-loadings, P, is also
calculated. These loadings are apart from interpretation used
to perform the proper decomposition of X.

[0526] The PLS decomposition of X and Y can hence be
described as follows:

X=TP4E

Y=TC'+F

[0527]
by:

The PLS regression coefficients, B, are then given

B=W@E'W) ¢

[0528] The estimate of Y, Y,,,, can then be calculated
according to the following formula:

Yo =XW(P'W) ' C'=XB

[0529] Both of the pattern recognition algorithms exem-
plified herein (PCA, PLS-DA) rely on extraction of linear
associations between the input variables. When such linear
relationships are insufficient, neural network-based pattern
recognition techniques can in some cases improve the ability
to classify individuals on the basis of the many inter-related
input variables (see, e.g., Ala-Korpela et al., 1995; Hiltunen
et al., 1995). Nevertheless, the methods applied herein are
sufficiently powerful to allow classification of the individu-
als studied, and they provide an additional benefit over
neural network methods in that they allow some information
to be gained as to what aspects of the input dataset were
particularly important in allowing classification to be made.

[0530] Spurious or irregular data in spectra (“outliers”),
which are not representative, are preferably identified and
removed. Common reasons for irregular data (“outliers”™)
include spectral artefacts such as poor phase correction, poor
baseline correction, poor chemical shift referencing, poor
water suppression, and biological effects such as bacterial
contamination, shifts in the pH of the biofluid, toxin- or
discase-induced biochemical response, and other conditions,
e.g., pathological conditions, which have metabolic conse-
quences, e.g., diabetes.

[0531] Outliers are identified in different ways depending
on the method of analysis used. For example, when using
principal component analysis (PCA), small numbers of
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samples lying far from the rest of the replicate group can be
identified by eye as outliers. A more objective means of
identification for PCA is to use the Hotelling’s T Test which
is the multivariate version of the well known Student’s T test
used in univariate statistics. For any given sample, the T2
value can be calculated and this is compared with a standard
value within which a chosen fraction (e.g., 95%) of the
samples would normally lie. Samples with T2 values sub-
stantially outside this limit can then be flagged as outliers.

[0532] Also, when using more sophisticated supervised
methods, such as SIMCA or PNNs, a similar method is used.
A confidence level (e.g., 95%) is selected and the region of
multivariate space corresponding to confidence values
above this limit is determined. This region can be displayed
graphically in several different ways (for example by plot-
ting the critical T2 ellipse on a PCA scores plot). Any
samples falling outside the high confidence region are
flagged as potential outliers.

[0533] Confidence Limits for outlier detection are also
calculated in the residual direction expressed as the distance
to model in X (DModX).

[0534] Briefly, DModX is the perpendicular distance of an

object to the principal component (or to the plane or hyper

plane made up by two or more principal components). In the

SIMCA software, DModX is calculated as:
DModX=v*sqri(e’/K-A)

[0535]

[0536]

set;

wherein e is the residual for a single observation;

K is the number of original variables in the data

[0537] Ais the number of principal components in the
model;

[0538] v is a correction factor, based on the number of
observations (N) and the number of principal compo-
nents (A), and is slightly larger than one.

[0539] The outliers in this direction are not as severe as
those occurring in the score direction but should always be
carefully examined before making a decision whether to
include them in the modelling or not. In general, all outliers
are thoroughly investigated, for example, by examining the
contributing loadings and distance to model (DModX) as
well as visually inspecting the original NMR spectrum for
deviating features, before removing them from the model.
Outlier detection by automatic algorithm is a possibility
using the features of scores and residual distance to model
(DModX) described above.

[0540] When using PLS methods, the distance to the
model in Y (DmodY) can also be calculated in the same way.

[0541]

[0542] Although pattern recognition methods may be
applied to “unfiltered” data, it is often preferable to first filter
data to removed irrelevant variation.

[0543] In one method, latent variables which are of no
interest may be removed by “filtering.”

[0544] Examples of filtering methods include the regres-
sion of descriptor variables against an index based on
sample class to eliminate variables with low correlation to
the predefined classes. Related methods include target rota-

Data Filtering
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tion (see, ¢.g., Kvalheim et al., 1989) and PCT filtering (see,
e.g., Sun, 1997). In these methods, the removed variation is
not necessarily completely uncorrelated with sample class
(i.e., orthogonal).

[0545] In another method, latent variables which are
orthogonal to some variation or class index of interest are
removed by “orthogonal filtering.” Here, variation in the
data which is not correlated to (i.c., is orthogonal to) the
class separating variation of interest may be removed. Such
methods are, in general, more efficient than non-orthogonal
filtering methods.

[0546] Various orthogonal filtering methods have been
described (see, e.g., Wold et al., 1998a; Fearn, 2000; Ander-
son, 1999; Westerhuis et al., 2001; Wise et al., 2001).

[0547] One preferred orthogonal filtering method is con-
ventionally referred to as Orthogonal Signal Correction
(0SC), wherein latent variables orthogonal to the variation
of interest are removed. See, for example, Wold et al., 1998a.

[0548] The class identity is used as a response vector, Y,
to describe the variation between the sample classes. The
OSC method then locates the longest vector describing the
variation between the samples which is not correlated with
the Y-vector, and removes it from the data matrix. The
resultant dataset has been filtered to allow pattern recogni-
tion focused on the variation correlated to features of interest
within the sample population, rather than non-correlated,
orthogonal variation.

[0549] OSC is a method for spectral filtering that solves
the problem of unwanted systematic variation in the spectra
by removing components, latent variables, orthogonal to the
response calibrated against. In PLS, the weights, w, are
calculated to maximise the covariance between X and Y. In
OSC, in contrast, the weights, w, are calculated to minimize
the covariance between X and Y, which is the same as
calculating components as close to orthogonal to Y as
possible. These components, orthogonal to Y, containing
unwanted systematic variation are then subtracted from the
spectral data, X, to produce a filtered predictor matrix
describing the variation of interest. Briefly, OSC can be
described as a bilinear decomposition of the spectral matrix,
X, in a set of scores, T**, and a set of corresponding
loadings, P', containing varition orthogonal to the response,
Y. The unexplained part or the residuals, E, is equal to the
filtered X-matrix, X, containing less unwanted variation.
The decomposition is described by the following equation:

X=THpwsyp

Xose=E
[0550] The OSC procedure starts by calculation of the first
latent variable or principal component describing the varia-
tion in the data, X. The calculation is done according to the
NIPALS algorithm.

X=t p'+E

[0551] The first score vector, t, which is a summary of the
between sample variation in X, is then orthogonalized
against response (Y), giving the orthogonalized score vector
t*.

P (VYY) Ty

[0552] After orthogonalization, the PLS weights, w, are
calculated with the aim of making Xw=t*. By doing this, the
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weights, w, are set 10 minimize the covariance between X
and Y. The weights, w, are given by:

w=x—*

[0553] An estimate of the orthogonal score t** is calcu-
lated from:

t*E=Xw

[0554] The estimate or updated score vector t** is then
again orthogonalized to Y, and the iteration proceeds until
t** has converged. This will ensure that t¥* will converge
towards the longest vector orthogonal to response Y, still
giving a good description of the variation in X. The data, X,
can then be described as the score, t**, orthogonal to Y,
times the corresponding loading vector p**, plus the unex-
plained part, the residual, E.

X=r## prauf

[0555] The residual, E, equals the filtered X, X_,., after
subtraction of the first component orthogonal to the response
Y.

E=X_t* *P 2
Xosc=E

[0556] If more than one component needs to be removed,
the same procedure is repeated using the residual, E, as the
starting data matrix, X.

[0557] New external data not present in the model calcu-
lation must be treated according to filtering of the modelling
data. This is done by using the calculated weights, w, from
the filtering to calculate a score vector, t .., for the new data,
X

new?

new*

=XpewW

Tnew=Xnew

[0558] By subtracting t__ times the loading vector from
the calibration, p**, from the new external data, X, the
residual, E___, will be the resulting OSC filtered matrix for
the new external data.

= ok
ErewXnew lnewl”

[0559] If PCA suggests separation between the classes
under investigation, orthogonal signal correction (OSC) can
be used to optimize the separation, thus improving the
performance of subsequent multivariate pattern recognition
analysis and enhancing the predictive power of the model. In
the examples described herein, both PCA and PLS-DA
analyses were improved by prior application of OSC.

[0560] An example of a typical OSC process includes the
following steps:

[0561] (2) 'H NMR data are segmented using AMIX,
normalised, and optionally scaled and/or mean cen-
tered. The default for orthogonal filtering of spectral
data is to use only mean centered data, which means
that the mean for each variable (spectral bucket) is
subtracted from each single variable in the data
matrix.

[0562] (b) a response vector (y) describing the class
separating variation is created by assigning class
membership to each sample.

[0563] (c) one latent variable orthogonal to the
response vector (y) is removed according to the OSC
algorithm.
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[0564] (d) if desired, the removed orthogonal varia-
tion can be viewed and interpreted in terms of scores
(T) and loadings (P).

[0565] (c) the filtered data matrix, which contains
less variation not correlated to class separation, is
next used for further multivariate modelling after
optional scaling and/or mean centering.

[0566] Any particular model is only as good as the data
used to formulate it. Therefore, it is preferable that all
modelling data and test data are obtained under the same (or
similar) conditions and using the same (or similar) experi-
mental parameters. Such conditions and parameters include,
for example, sample type (e.g., plasma, serum), sample
collection and handling protocol, sample dilution, NMR
analysis (e.g., type, field strength/frequency, temperature),
and data-processing (e.g., referencing, bascline correction,
normalisation). If appropriate, it may be desirable to formu-
late models for a particular sub-group of cases, e.g., accord-
ing to any of the parameters mentioned above (e.g., field
strength/frequency), or others, such as sex, age, ethnicity,
medical history, lifestyle (e.g., smoker, nonsmoker), hor-
monal status (e.g., pre-menopausal, post-menopausal).

[0567] In general, the quality of the model improves as the
amount of modelling data increases. Nonetheless, as shown
in the examples below, even relatively small sets of mod-
elling data (c.g., about 50-100 subjects) is sufficient to
achieve a confident classification (e.g., diagnosis). A typical
unsupervised modelling process includes the following
steps:

[0568] (a) optionally scaling and/or mean centering
modelling data;

[0569] (b) classifying data (e.g., as control or posi-
tive, ¢.g., discased);

[0570] (c) fitting the model (e.g., using PCA, PLS-
DA);

[0571] (d) identifying and removing outliers, if any;
[0572] (c) refitting the model;

[0573] (f) optionally repeating (¢), (d), and (¢) as
necessary.

[0574] Optionally (and preferably), data filtering is per-
formed following step (d) and before step (e). Optionally
(and preferably), orthogonal filtering (e.g., OSC) is per-
formed following step (d) and before step (e).

[0575] An example of a typical PLS-DA modelling pro-
cess, using OSC filtered data, includes the following steps:

[0576] (a) OSC filtered data is optionally scaled
and/or mean centered.

[0577] (b) a response vector (y) describing the class
separating variation is created by assigning class
membership to all samples.

[0578] (c) a PLS regression model is calculated
between the OSC filtered data and the response
vector (y). The calculated latent variables or PLS
components will be focused on describing maximum
separation between the known classes.

[0579] (d) the model is interpreted by viewing scores
(T), loadings (P), PLS weights (W), PLS coefficients
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(B) and residuals (E). Together they will function as
a means for describing the separation between the
classes as well as provide an explanation to the
observed separation.

[0580] Once the model has been calculated, it may be
verified using data for samples of known class which were
not used to calculate the model. In this way, the ability of the
model to accurately predict classes may be tested. This may
be achieved, for example, in the method above, with the
following additional step:

[0581] (e) aset of external samples, with known class
belonging, which were not used in the (e.g., PLS)
model calculation is used for validation of the mod-
el’s predictive ability. The prediction results are
investigated, fore example, in terms of predicted
response (y,,.q), predicted scores (T,,.,), and pre-
dicted residuals described as predicted distance to
model (DmodX,,..4).

[0582] The model may then be used to classify test data,
of unknown class. Before classification, the test data are
numerically pre-processed in the same manner as the mod-
elling data.

[0583] Interpreting the output from the pattern recognition
(PR) analysis provides useful information on the biomarkers
responsible for the separation of the biological classes. Of
course, the PR output differs somewhat depending on the
data analysis method used. As mentioned above, methods
for PR and interpretation of the results are known in the art.
Interpretation methods for two PR techniques (PCA and
PLS-DA) are discussed briefly herein.

[0584]

[0585] The data matrix (X) is built up by N observations
(samples, rats, patients, etc.) and K variables (spectral
buckets carrying the biomarker information in terms of
"H-NMR resonances).

[0586] In PCA, the N*K matrix (X) is decomposed into a
few latent variables or principal components (PCs) describ-
ing the systematic variation in the data. Since PCA is a
bilinear decomposition method, each PC can be divided into
two veetors, scores (t) and loadings (p). The scores can be
described as the projection of each observation on to each
PC and the loadings as the contribution of each variable
(spectral bucket) to the PC expressed in terms of direction.

Interpreting PCA Results

[0587] Any clustering of observations (samples) along a
direction found in scores plots (¢.g., PC1 versus PC2) can be
explained by identifying which variables (spectral buckets)
have high loadings for this particular direction in the scores.
A high loading is defined as a variable (spectral bucket) that
changes between the observations in a systematic way
showing a trend which matches the sample positions in the
scores plot. Each spectral bucket with a high loading, or a
combination thereof, is defined by its "H NMR chemical
shift position; this is its diagnostic spectral window. These
chemical shift values then allow the skilled NMR spectros-
copist to examine the original NMR spectra and identify the
molecules giving rise to the peaks in the relevant buckets;
these are the biomarkers. This is typically done using a
combination of standard 1- and 2-dimensional NMR meth-
ods.
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[0588] If, in a scores plot, separation of two classes of
sample can be seen in a particular direction, then examina-
tion of those loadings which are in the same direction as in
the scores plots indicates which loadings are important for
the class identification. The loadings plot shows points
which are labelled according to the bucket chemical shift.
This is the 'H NMR spectroscopic chemical shift which
corresponds to the centre of the bucket. This bucket defines
a diagnostic spectral window. Given a list of these bucket
identifiers, the skilled NMR spectroscopist then reexamines
the 'H NMR spectra and identifies, within the bucket width,
which of several possible NMR resonances are changed
between the two classes. The important resonance is char-
acterised in terms of exact chemical shift, intensity, and peak
multiplicity. Using other NMR experiments, such as 2-D
NMR spectroscopy and/or separation of the specific mol-
ecule using HPLC-NMR-MS for example, other resonances
from the same molecule are identified and ultimately, on the
basis of all of the NMR data and other data if appropriate,
an identification of the molecule (biomarker) is made.

[0589] In aclassification situation as described herein, one
procedure for finding relevant biomarkers using PCA is as
follows:

[0590] (a) PCA of the data matrix (X) containing N
observations belonging to either of two known classes
(healthy or diseased). The description of the observa-
tions lies in the K variables (spectral buckets) contain-
ing the biomarker information in terms of 'H NMR
resonances.

[0591] (b) Interpretation of the scores () to find the
direction for the separation between the two known
classes in X.

[0592] (c) Interpretation of loadings (p) reveals which
variables (spectral buckets) have the largest impact on
the direction for separation described in the scores (t).
This identifics the relevant diagnostic spectral win-
dows.

[0593] (d) Assignment of the spectral buckets or com-
binations thereof to certain biomarkers. This is done,
for example, by interpretation of the resonances in *H
NMR spectra and by using previously assigned spectra
of the same type as a library for assignments.

[0594]

[0595] In PLS-DA, which is a regression extension of the
PCA method, the options for interpretation are more exten-
sive compared to the PCA case. PLS-DA performs a regres-
sion between the data matrix (X) and a “dummy matrix” ()
containing the class membership information (e.g., samples
may be assigned the value 1 for healthy and 2 for diseased
classes). The calculated PLS components will describe the
maximum covariance between X and 'Y which in this case is
the same as maximum separation between the known classes
in X. The interpretation of scores (t) and loadings (p) is the
same in PLS-DA as in PCA. Interpretation of the PLS
weights (w) for each component provides an explanation of
the variables in X correlated to the variation in Y. This will
give biomarker information for the separation between the
classes.

Interpreting PLS-DA Results

[0596] Since PLS-DA is a regression method, the features
of regression coefficients (b) can also be used for discovery
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and interpretation of biomarkers. The regression coefficients
(b) in PLS-DA provide a summary of which variables in X
(spectral buckets) that are most important in terms of both
describing variation in X and correlating to Y. This means
that variables (spectral buckets) with high regression coef-
ficients are important for separating the known classes in X
since the Y matrix against which it is correlated only
contains information on the class identity of each sample.

[0597] Again, as discussed above, the scores plot is exam-
ined to identify important loadings, diagnostic spectral win-
dows, relevant NMR resonances, and ultimately the associ-
ated biomarkers.

[0598] In aclassification situation as described herein, one
procedure for finding relevant biomarkers using PLS-DA is
as follows:

[0599] (a) A PLS model between the N*K data matrix
(X) against a “dummy matrix” Y, containing informa-
tion on class membership for the observations in X, is
calculated yielding a few latent variables (PLS com-
ponents) describing maximum separation between the
two classes in X (e.g., healthy and diseased).

[0600] (b) Interpretation of the scores (t) to find the
direction for the separation between the two known
classes in X.

[0601] (c) Interpretation of loadings (p) revealing which
variables (spectral buckets) have the largest impact on
the direction for separation described in the scores (t);
these are diagnostic spectral windows.

[0602] In PLS-DA, a variable importance plot (VIP) is
another method of evaluating the significance of loadings in
causing a separation of class of sample in a scores plot.
Typically, the VIPis a squared function of PLS weights, and
therefore only positive numerical values are encountered; in
addition, for a given model, there is only one sct of VIP-
values. Variables with a VIP value of greater than 1 are
considered most influential for the model. The VIP shows
each loading in a decreasing order of importance for class
separation based on the PLS regression against class vari-
able.

[0603] A (wac) plot is another diagnostic plot obtained
from a PLS-DA analysis. It shows which descriptors are
mainly responsible for class separation. The (w*c) param-
eters are an attempt to describe the total variable correlations
in the model, ic., between the descriptors (e.g., NMR
intensities in buckets), between the NMR descriptors and the
class variables, and between class variables if they exist (in
the present two class case, where samples are assigned by
definition to class 1 and class 2 there is no correlation). Thus
for a situation in a scores plot (e.g., tl vs. t2), if class 1
samples are clustered in the upper right hand quadrant and
class 2 samples are clustered in the lower left hand quadrant,
then the (w*c) plot will show descriptors also in these
quadrants. Descriptors in the upper right hand quadrant are
increased in class 1 compared to class 2 and vice versa for
the lower left hand quadrant.

[0604] (d) Interpretation of PLS weights (w) reveals
which variables (spectral buckets) in X are important
for correlation to Y (class separation); these, too, are
diagnostic spectral windows.
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[0605] (¢) Interpretation of the PLS regression coeffi-
cients (b) reveals an overall summary of which vari-
ables (spectral buckets) have the largest impact on the
direction for separation described in the scores; these,
too, are diagnostic spectral windows. In a typical
regression coefficient plot for *H NMR, each bar rep-
resents a spectral region (e.g., 0.04 ppm) and shows
how the *H NMR profile of one class of samples differs
from the 'H NMR profile of a second class of samples.
A positive value on the x-axis indicates there is a
relatively greater concentration of metabolite (assigned
using NMR chemical shift assignment tables) in one
class as compared to the other class, and a negative
value on the x-axis indicates a relatively lower con-
centration in one class as compared to the other class.

[0606] () Assignment of the spectral buckets or com-
binations thereof to certain biomarkers. This is done,
for example, by interpretation of the resonances in 'H
NMR spectra and by using previously assigned spectra
of the same type as a library for assignments.

[0607] Timed Sampling

[0608] The analysis methods described herein can be
applied to a single sample, or alternatively, to a timed series
of samples. These samples may be taken relatively close
together in time (e.g., daily) or less frequently (e.g., monthly
or yearly).

[0609] The timed series of samples may be used for one or
more purposes, €.g., to make sequential diagnoses, applying
the same classification method as if each sample were a
single sample. This will allow greater confidence in the
diagnosis compared to obtaining a single sample for the
patient, or alternatively to monitor temporal changes in the
subject (e.g., changes in the underlying condition being
diagnosed, treated, etc.).

[0610] Alternatively, the timed series of samples can be
collectively treated as a single dataset increasing the infor-
mation density of the input dataset and hence increasing the
power of the analysis method to identify weaker patterns.

[0611] As yet another alternative, the timed series of
samples can be collectively processed to yield a single
dataset in which the temporal changes (e.g., in each bin) is
included as an extra list of variables (c.g., as in composite
data sets). Temporal changes in the amount of (e.g., endog-
enous) diagnostic species may greatly improve the ability of
the analysis method to accurate classify patterns (especially
when patterns are weak).

[0612] Batch Modelling

[0613] The methods described herein, including their
applications (e.g., diagnosis, prognosis), may be further
improved by employing batch modelling.

[0614] Statistical batch processing can be divided into two
levels of multivariate modelling. The lower or the observa-
tion level is usually based on Partial Least Squares (PLS)
regression against time (or any other index describing pro-
cess maturity), whereas the upper or batch level consists of
a PCA based on the scores from the lower level PLS model.
PLS can also be used in the upper level to correlate the
matrix based on the lower level scores with the end prop-
erties of the separate batches. This is common in industrial
applications where properties of the end product are used as
a description of quality.
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[0615] At the lower level of the Batch modelling the
evolution of the studied process with time (maturity) can be
monitored-and interpreted in terms of PLS scores and load-
ings. Since the PLS performs a regression against sampling
time (maturity), the calculated components will be focused
on the evolution with time. The fact that the calculated PLS
components are orthogonal to each other means that it is
possible to detect independent time (maturity) profiles and
also to interpret which measured variables are causing these
profiles. Confidence limits are used for detection of deviat-
ing behaviour of any spectra at any time point for some
optional significance level, usually 95% and/or 99%.

[0616] The residuals expressed as distance to model
(DModX) is, at the lower level, another important tool for
detecting outlying batches or deviating behaviour for a
specific batch at a specific time point. The upper level or
batch level provides the possibility to just look at the
difference between the separate batches. This is done by
using the lower level scores including all time points for
each batch as new variables describing each single batch and
then performing a PCA on this new data matrix. The features
of scores, loadings and DmodX are used in the same way as
for ordinary PCA analysis, with the exception that the upper
level loadings can be traced back down to the lower level for
a more detailed explanation in the original loadings.

[0617] Predictions for “new” batches can be done on both
levels of the batch model. On the lower level monitoring of
evolution with time using scores and DmodX is a powerful
tool for detecting deviating behaviour from normality for
batch at any time point. On the upper level prediction of
single batch behaviour can be done in terms of scores and
DmodX.

[0618] The definition of a batch process, and also a
requirement for batch modelling, is a process where all
batches have equal duration and are synchronised according-
to sample collection. For example, samples taken from a
cohort of animals at identical fixed time points to monitor
the effects of an administered xenobiotic substance.

[0619] The advantage of using batch modelling for such
studies is the possibility of detecting known, or discovering
new, metabolic processes which evolve with time in the
lower level scores, and also the identification of the actual
metabolites involved in the different processes from the
contributing lower level loadings. The lower level analysis
also makes it possible to differentiate between single obser-
vations (e.g., individual animals at specific time points).

[0620] Applications for the lower level modelling include,
for example, distinguishing between undosed controls and
dosed animals in terms of metabolic effects of dosing in
certain time points; and creating models for normality and
using the models as a classification tool for new samples,
e.g., as normal or abnormal. This may be achieved using a
PLS prediction of the new sample’s class using the model
describing normality. Decisions can then be made on basis
of the combination of the predicted scores and residuals
(DmodX).

[0621] An automated expert system can be used for early
fault detection in the lower level batch modelling, and this
can be used to further enhance the analysis procedure and
improve efficiency.

[0622] The upper level provides the possibility of making
predictions of new animals using the existing model. Abnor-
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mal animals can then be detected by judging predicted
scores and residuals (DmodX) together. Since the upper
level model is based on the lower level scores, the interpre-
tation of an animal predicted to be abnormal can be traced
back to the original lower level scores and loadings as well
as the original raw variables making up the NMR spectra.
Combining the upper and lower level for prediction of the
status of a new animal, the classification can be based on
four parameters: upper level scores and residuals (DmodX)
and lover level scores and residuals (DModX). This dem-
onstrates that batch modelling is an efficient tool for deter-
mining if an animal is normal or abnormal, and if the latter,
why and when they are deviating from normality.

[0623] See, for example, Wold et al, 1998b and Eriksson
et al., 1999.

[0624]

[0625] As discussed above, many of the methods of the
present invention may also be applied to composite data or
composite data sets. The term “composite data set,” as used
herein, pertains to a spectrum (or data vector) which com-
prises spectral data (e.g., NMR spectral data, ¢.g., an NMR
spectrum) as well as at least one other datum or data vector.

[0626] Examples of other data vectors include, ¢.g., one or
more other NMR spectral data, e.g., NMR spectra, e.g,,
obtained for the same sample using a different NMR tech-
nique; other types of spectra, e.g., mass spectra, numerical
representations of images, etc.; obtained for the another
sample, of the same sample type (e.g., blood, urine, tissue,
tissue extract), but obtained from the subject at a different
timepoint; obtained for another sample of different sample
type (e.g., blood, urine, tissue, tissue extract) for the same
subject; and the like.

Integrated Metabonomics

[0627] Examples of other data including, e.g., one or more
clinical parameters. Clinical parameters which are suitable
for use in composite methods include, but are not limited to,
the following:

[0628] (a) established clinical parameters routinely
measured in hospital clincal labs: age; sex; body mass
index; height; weight; family history; medication his-
tory; cigarette smoking; alcohol intake; blood pressure;
full blood cell count (FBCs); red blood cells; white
blood cells; monocytes, lymphocytes; neutrophils;
eosinophils; basophils; platelets; haematocrit; haemo-
globin; mean corpuscular volume and related haemodi-
lution indicators; fibrinogen; functional clotting param-
eters (thromoboplastin and partial thromboplastin);
electrolytes (sodium, potassium, calcium, phosphate);
urea; creatinine; total protein; albumin; globulin; biliru-
bin; protein markers of liver function (alanine ami-
notransferase, alkaline phosphatase, gamma glutamyl
transferase); glucose; Hbalc (a measure of glucose-
Haemoglobin conjugates used to monitor diabetes);
lipoprotein profile; total cholesterol; LDL; HDL,; trig-
lycerides; blood group.

[0629] (b) established research parameters routinely
measured in research laboratories but not usually mea-
sured in hospitals: hormonal status; testosterone; estro-
gen; progesterone; follicle stimulating hormone;
inhibin; transforming growth factor-beta 1; Transform-
ing growth factor-beta2; chemokines; MCP-1; eotaxin;
plasminogen activator inhibitor-1; cystatin C.
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[0630] (c) carly-stage research parameters measured in
one or a small number of specialist labs: antibodies to
sRIT; antibodies to blood group A antigen; antibodies to
blood group B antigen; immunoglobulin (IgD) against
alpha-gal; immunoglobulin (IgD) against penta-gal.

[0631]

[0632] As discussed above, many of the methods of the
present invention involve relating NMR spectral intensity at
one or more predetermined diagnostic spectral windows
with a predetermined condition.

[0633] Examples of methods for identifying one or more
suitable diagnostic spectral windows for a given condition,
using, for example, pattern recognition methods, are
described herein.

[0634] The term “diagnostic spectral window,” as used
herein, pertains to narrow range of chemical shift (AQ)
values encompassing an index value, d, (that is, d, falls
within the range Ad). Each index value, and its associated
spectral window, define a range of chemical shift (Ad) in
which the NMR spectral intensity is indicative of the pres-
ence of one or more chemical species.

[0635] For 2D NMR methods, the diagnostic spectral
window refers to a chemical shift patch (Ad,, Ad,) which
encompasses an index value, [,;, 9,,]. For 3D NMR meth-
ods, the diagnostic spectral window refers to a chemical shift
volume (Ad;, Ad,, Ad,;) which encompasses an index value,
[8,5, 9., AdS]

[0636] Inoneembodiment, the spectral window is centred
with respect to its index value (e.g., 8,=1.30; |Ad]=d 0.04,
and A01.28-1.32).

[0637] The breadth of the range, |Ad|, is determined
largely by the spectroscopic parameters, such as field
strength/frequency, temperature, sample viscosity, etc. The
breadth of the range is often chosen to encompass a typical
spin-coupled multiplet pattern. For peaks whose position
varies with sample pH, the breadth of the range is may be
widened to encompass the expected range of positions.

Diagnostic Spectral Windows

[0638] Typically, the breadth of the range, |Ad], is from
about & 0.001 to about 6 0.2.

[0639] In one embodiment, the breadth is from about &
0.005 to about d 0.1.

[0640] In one embodiment, the breadth is from about &
0.005 to about d 0.08.

[0641] In one embodiment, the breadth is from about d
0.01 to about & 0.08.

[0642] In one embodiment, the breadth is from about &
0.02 to about § 0.08.

[0643] In one embodiment, the breadth is from about d
0.005 to about & 0.06.

[0644] In one embodiment, the breadth is from about d
0.01 to about & 0.06.

[0645] In one embodiment, the breadth is from about &
0.02 to about 3§ 0.06.

[0646] In one embodiment, the breadth is about & 0.04.
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[0647] In one embodiment, the breadth is equal to the
“bucket” or “bin” width. In one embodiment, the breadth is
equal to an integer multiple of the “bucket” or “bin” width.

[0648] Although the diagnostic spectral windows are
determined in relation to the condition under study, the
precise index values for such windows may vary in accor-
dance with the experimental parameters employed, for
example, the digital resolution in the original spectra, the
width of the buckets used, the temperature of the spectral
data acquisition, etc. The exact composition of the sample
(e.g., biofluid, tissue, etc.) can affect peak positions by
compartmentation, metal complexation, protein-small mol-
ecule binding, etc. The observation frequency will have an
effect because of different degrees of peak overlap and of
first/second order nature of spectra.

[0649] In one embodiment, said one or more predeter-
mined diagnostic spectral windows is: a single predeter-
mined diagnostic spectral window.

[0650] In one embodiment, said one or more predeter-
mined diagnostic spectral windows is: a plurality of prede-
termined diagnostic spectral windows. In practice, this may
be preferred.

[0651] Although the theoretical limit on the number of
predetermined diagnostic spectral windows is a function of
the data density (e.g., the number of variables, e.g., buckets),
typically the number of predetermined diagnostic spectral
windows is from 1 1o about 30.

[0652] It is possible for the actual number to be in any
sub-range within these general limits. Examples of lower
limits include 1, 2, 3, 4, 5, 6, 8, 10, and 15. Examples of
upper limits include 3, 4, 5, 6, 8, 10, 15, 20, 25, and 30.

[0653] In one embodiment, the number is from 1 to about
20.

[0654] In one embodiment, the number is from 1 to about
15.

[0655] In one embodiment, the number is from 1 to about
10.

[0656] In one embodiment, the number is from 1 to about
8.

[0657] In one embodiment, the number is from 1 to about
6.

[0658] In one embodiment, the number is from 1 to about
5.

[0659] In one embodiment, the number is from 1 to about
4.

[0660] In one embodiment, the number is from 1 to about
3.

[0661] In one embodiment, the number is 1 or 2.

[0662] In one embodiment, said one or more predeter-

mined diagnostic spectral windows is: a plurality of diag-
nostic spectral windows; and, said NMR spectral intensity at
one or more predetermined diagnostic spectral windows is:
a combination of a plurality of NMR spectral intensities,
each of which is NMR spectral intensity for one of said
plurality of predetermined diagnostic spectral windows.
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[0663] In one embodiment, said combination is a linear
combination.

[0664] Inoneembodiment, at least one of said one or more
predetermined diagnostic spectral windows encompasses a
chemical shift value for an NMR resonance of a diagnostic
species (e.g., a 'H NMR resonance of a diagnostic species).

[0665] In one embodiment, cach of a plurality of said one
or more predetermined diagnostic spectral windows encom-
passes a chemical shift value for an NMR resonance of a
diagnostic species (e.g., a 'H NMR resonance of a diagnos-
tic species).

[0666] In one embodiment, each of said one or more
predetermined diagnostic spectral windows encompasses a
chemical shift value for an NMR resonance of a diagnostic
species (e.g., a "H NMR resonance of a diagnostic specics).

[0667] Diagnostic Spectral Windows—Atherosclerosis/
CHD
[0668] It is believed that the index values, and the asso-

ciated diagnostic spectral windows, primarily reflect the
species described in Table 4-CHD.

[0669] Inone embodiment, said predetermined diagnostic
spectral windows are defined by one or more index values,
&, corresponding to the bucket regions listed in Table 4CHD.

[0670] In one embodiment, said predetermined diagnostic
spectral windows are defined by one or more index values,
on, corresponding to the bucket regions listed in Table
4CHD, and breadth of the range value, 16A about 0.04.

[0671] In one embodiment, said predetermined diagnostic
spectral windows are defined by one or more index values,
d,, corresponding to the bucket regions listed in Table
4-CHD, and which are determined using the conditions set
forth in the section entitled “NMR Experimental Param-
eters.”

[0672]

[0673] The index values, and the associated diagnostic
spectral windows, define ranges of chemical shift in which
NMR spectral intensity is indicative of the presence of one
or more chemical species, one or more of which are diag-
nostic species (e.g., biomarkers), for example, for a condi-
tion (e.g., indication) under study.

[0674] In one embodiment, said one or more diagnostic
species are endogenous diagnostic species.

[0675] In one embodiment, said one or more diagnostic
species are associated with NMR spectral intensity at pre-
determined diagnostic spectral windows.

[0676] In one embodiment, said one or more diagnostic
species are a plurality of diagnostic species (i.c., 2 combi-
nation of diagnostic species).

[0677] In one embodiment, said one or more diagnostic
species is a single diagnostic species.

[0678] The term “endogenous species,” as used herein,
pertains to chemical species which originated from the
subject under study, for example, which were present in the
sample of the subject.

Diagnostic Species and Biomarkers

[0679] Once an index value, and its associated diagnostic
spectral window, is identified (e.g., by the application of
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modelling methods as described herein), it is often possible
to identify one or more putative biomarkers which give rise
to NMR spectral intensity in that particular window.

[0680] The (c.g., integrated) NMR spectral intensity in a
particular spectral window (e.g., bucket) is the sum of the
spectral intensity for all of the NMR peaks in that window.
Usually for small molecules which give sharp NMR peaks,
it is possible to examine the raw NMR data and determine
which of the peaks is responsible for that particular spectral
window being selected as significant by the applied pattern
recognition method. The relevant peak(s) are then assigned.

[0681] Such assignments may be made, for example, by
reference to published data; by comparison with spectra of
authentic materials; by standard addition of an authentic
reference standard to the sample; by separating the indi-
vidual component, ¢.g., by using HPLC-NMR and identi-
fying it using NMR and mass spectrometry. Additional
confirmation of assignments is usually sought from the
application of other NMR methods, including, for example,
2-dimensional (2D) NMR methods.

[0682] In another approach, concentrations of candidate
chemical species are measured by another specific method
(c.g., ELISA, chromatography, RIA, etc.) and compared
with the spectral intensity observed in the relevant diagnos-
tic spectral window, and any correlation noted. This will
reveal how much of the variance in the diagnostic spectral
window is contributed by the candidate chemical species.
This may also reveal that suspected diagnostic species are,
in fact, not highly correlated with the condition under
examination.

[0683]

[0684] Thus, the methods described herein also facilitate
the identification of species (often referred to as biomarkers
or diagnostic species) which are indicative (¢.g., diagnostic)
of a particular condition. For example, particular metabolites
(e.g., in blood, urine, etc.) may be diagnostic of a particular
condition.

[0685] One aspect of the present invention pertains to a
method of identifying such diagnostic species (e.g., biom-
arkers), as described herein.

[0686] One aspect of the present invention pertains to a
method of identifying a diagnostic species, or a combination
of a plurality of diagnostic species, for a predetermined
condition, said method comprising the steps of:

[0687] (a) applying a multivariate statistical analysis
method to experimental data;

[0688] wherein said experimental data comprises at
least one data comprising experimental parameters
measured for each of a plurality of experimental
samples;

[0689] wherein said experimental samples define a
class group consisting of a plurality of classes;

[0690] wherein at least one of said plurality of classes
is a class associated with said predetermined condi-
tion, ¢.g., a class associated with the presence of said
predetermined condition;

[0691] wherein at least one of said plurality of classes
is a class not associated with said predetermined

Methods of Identifying Diagnostic Species
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condition, e.g., a class associated with the absence of
said predetermined condition;

[0692] wherein each of said experimental samples is
of known class selected from said class group;

[0693]

[0694] (b) identifying one or more critical experi-
mental parameters;

[0695] wherein each of said critical experimental
parameters is statistically significantly different for
classes of said class group, e.g., is statistically sig-
nificant for discriminating between classes of said
class group; and,

[0696] (c) matching each of one or more of said one
or more critical experimental parameters with said
diagnostic species;

[0697]

[0698] (b) identifying a combination of a plurality of
critical experimental parameters;

[0699] wherein said combination of a plurality of
critical experimental parameters is statistically sig-
nificantly different for classes of said class group,
e.g., Is statistically significant for discriminating
between classes of said class group; and,

[0700] (c) matching each of one or more of said
plurality of critical experimental parameters with
said combination of a plurality of diagnostic species.

and:

or:

[0701] In one embodiment, one or more of said critical
experimental parameters is a spectral parameter (ie., a
critical experimental spectral parameter); and said identify-
ing and matching steps are:

[0702] (b) identifying one or more critical experi-
mental spectral parameters; and,

[0703] (c) matching each of one or more of said one
or more critical experimental spectral parameters
with a spectral feature, e.g., a spectral peak; and

[0704] matching one or more of said spectral peaks
with said diagnostic species;

[0705]

[0706] (b) identifying a combination of a plurality of
critical experimental spectral parameters; and,

[0707] (c) matching each of a plurality of said plu-
rality of critical experimental spectral parameters
with a spectral feature, e.g., a spectral peak; and

[0708] matching one or more of said spectral peaks
with said combination of a plurality of diagnostic
species.

or:

[0709] In one embodiment, said multivariate statistical
analysis method is a multivariate statistical analysis method
which employs a pattern recognition method.

[0710] In one embodiment, said multivariate statistical
analysis method is, or employs PCA.

[0711] In one embodiment, said multivariate statistical
analysis method is, or employs PLS.
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[0712] In one embodiment, said multivariate statistical
analysis method is, or employs PLS-DA.

[0713] In one embodiment, said multivariate statistical
analysis method includes a step of data filtering.

[0714] In one embodiment, said multivariate statistical
analysis method includes a step of orthogonal data filtering.

[0715] In one embodiment, said multivariate statistical
analysis method includes a step of OSC.

[0716] In one embodiment, said experimental parameters
comprise spectral data.

[0717] In one embodiment, said experimental parameters
comprise both spectral data and non-spectral data (and is
referred to as a “composite experimental data”).

[0718] In one embodiment, said experimental parameters
comprise NMR spectral data.

[0719] In one embodiment, said experimental parameters
comprise both NMR spectral data and non-NMR spectral
data.

[0720] In one embodiment, said NMR spectral data com-
prises 'H NMR spectral data and/or *C NMR spectral data.

[0721] In one embodiment, said NMR spectral data com-
prises "H NMR spectral data.

[0722] In one embodiment, said non-spectral data is non-
spectral clinical data.

[0723] Inone embodiment, said non-NMR spectral data is
non-spectral clinical data.

[0724] In one embodiment, said critical experimental
parameters are spectral parameters.

[0725] In one embodiment, said class group comprises
classes associated with said predetermined condition (c.g.,
presence, absence, degree, etc.).

[0726] In one embodiment, said class group comprises
exactly two classes.

[0727] 1In one embodiment, said class group comprises
exactly two classes: presence of said predetermined condi-
tion; and absence of said predetermined condition.

[0728] In one embodiment, said class associated with said
predetermined condition is a class associated with the pres-
ence of said predetermined condition.

[0729] 1In one embodiment, said class not associated with
said predetermined condition is a class associated with the
absence of said predetermined condition.

[0730] Inoneembodiment, said method further comprises
the additional step of:

[0731] (d) confirming the identity of said diagnostic
species.

[0732] One aspect of the present invention pertain to novel
diagnostic species (e.g., biomarker) which are identified by
such a method.

[0733] One aspect of the present invention pertains to one
or more diagnostic species (e.g., biomarkers) which are
identified by such a method for use in a method of classi-
fication (e.g., diagnosis).
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[0734] One aspect of the present invention pertains to a
method of classification (e.g., diagnosis) which employs or
relies upon one or more diagnostic species (¢.g., biomarkers)
which are identified by such a method.

[0735] One aspect of the present invention pertains to use
of one or more diagnostic species (e.g., biomarkers) which
are identified by such a method in a method of classification
(e.g., diagnosis).

[0736] One aspect of the present invention pertains to an
assay for use in a method of classification (e.g., diagnosis),
which assay relies upon one or more diagnostic species (e.g.,
biomarkers) which are identified by such a method.

[0737] One aspect of the present invention pertains to use
of an assay in a method of classification (e.g., diagnosis),
which assay relies upon one or more diagnostic species (e.g.,
biomarkers) which are identified by such a method.

[0738]

[0739] Inone embodiment, at least one of said one or more
predetermined diagnostic species is a species described in
Table 4-CHD.

[0740] In one embodiment, each of a plurality of said one
or more predetermined diagnostic species iS a species
described in Table 4CHD.

Diagnostic Species—Atherosclerosis/CHD

[0741] In one embodiment, each of said one or more
predetermined diagnostic species is a species described in
Table 4-CHD.

[0742]

[0743] As discussed above, many of the methods of the
present invention involve classification on the basis of an
amount, or a relative amount, of one or more diagnostic
species.

[0744] In one embodiment, said classification is per-
formed on the basis of an amount, or a relative amount, of
a single diagnostic species.

[0745] In one embodiment, said classification is per-
formed on the basis of an amount, or a relative amount, of
a plurality of diagnostic species.

[0746] In one embodiment, said classification is per-
formed on the basis of an amount, or a relative amount, of
each of a plurality of diagnostic species.

[0747] In one embodiment, said classification is per-
formed on the basis of a total amount, or a relative total
amount, of a plurality of diagnostic species.

[0748] In one embodiment (wherein said one or more
diagnostic species is: a plurality of diagnostic species), said
amount of, or relative amount of one or more diagnostic
species is: a combination of a plurality of amounts, or
relative amounts, each of which is the amount of, or relative
amount of one of said plurality of diagnostic species.

Amount or Relative Amount

[0749] In one embodiment, said combination is a linear
combination.
[0750] The term “amount,” as used in this context, per-

tains to the amount regardless of the terms of expression.

[0751] The term “amount,” as used herein in the context of
“amount of, or relative amount of (e.g., diagnostic) species,”
pertains to the amount regardless of the terms of expression.
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[0752] Absolute amounts may be expressed, for example,
in terms of mass (e.g., ug), moles (e.g., umol), volume (i.c.,
uL), concentration (molarity, ug/mL, ug/g, wt %, vol %,
etc.), etc.

[0753] Relative amounts may be expressed, for example,
as ratios of absolute amounts (e.g., as a fraction, as a
multiple, as a %) with respect to another chemical species.
For example, the amount may expressed as a relative
amount, relative to an internal standard, for example,
another chemical species which is endogenous or added.

[0754] The amount may be indicated indirectly, in terms of
another quantity (possibly a precursor quantity) which is
indicative of the amount. For example, the other quantity
may be a spectrometric or spectroscopic quantity (e.g.,
signal, intensity, absorbance, transmittance, extinction coef-
ficient, conductivity, etc.; optionally processed, e.g., inte-
grated) which itself indicative of the amount.

[0755] The amount may be indicated, directly or indi-
rectly, in regard to a different chemical species (e.g., a
metabolic precursor, a metabolic product, etc.), which is
indicative the amount.

[0756]

[0757] As discussed above, many of the methods of the
present invention involve classification on the basis of a
modulation, e.g., of NMR spectral intensity at one or more
predetermined diagnostic spectral windows; of the amount,
or a relative amount, of diagnostic species; etc. In this
context, “modulation” pertains to a change, and may be, for
example, an increase or a decrease. In one embodiment, said
“a modulation of” is “an increase or decrease in.”

[0758] In one embodiment, the modulation (e.g., increase,
decrease) is at least 10%, as compared to a suitable control.
In one embodiment, the modulation (e.g., increase,
decrease) is at least 20%, as compared to a suitable control.
In one embodiment, the modulation is a decrease of at least
50% (i.e., a factor of 0.5). In one embodiment, the modu-
lation is a increase of at least 100% (i.c., a factor of 2).

Diagnostic Shift

[0759] Each of a plurality of predetermined diagnostic
spectral windows, and each of a plurality of diagnostic
species, may have independent modulations, which may be
the same or different. For example, if there are two prede-
termined diagnostic spectral windows, NMR spectral inten-
sity may increase in one window and decrease in the other
window. In this way, combinations of modulations of NMR
spectral intensity in different diagnostic spectral windows
may be diagnostic. Similarly, if there are two diagnostic
species, the amount of one may increase, and the amount of
the other may decrease. Again, combinations of modulations
of amounts, or relative amounts of, different diagnostic
species may be diagnostic. See, for example, the data in the
Examples below, which illustrate cases where different
species have different modulations.

[0760] The term “diagnostic shift,” as used herein, per-
tains a modulation (e.g., increase, decrease), as compared to
a suitable control.

[0761] Adiagnostic shift may be in regard to, for example,
NMR spectral intensity at one or more predetermined diag-
nostic spectral windows; or the amount of, or relative
amount of, diagnostic species.
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[0762] Control Samples, Control Subjects, Control Data

[0763] Suitable controls are usually selected on the basis
of the organism (e.g., subject, patient) under study (test
subject, study subject, etc.), and the nature of the study. (¢.g.,
type of sample, type of spectra, etc.). Usually, controls are
selected to represent the state of “normality.” As described
herein, deviations from normality (e.g., higher than normal,
lower than normal) in test data, test samples, test subjects,
ete. are used in classification, diagnosis, etc.

[0764] Forexample, in most cases, control subjects are the
same species as the test subject and are chosen to be
representative of the equivalent normal (e.g., healthy) organ-
ism. A control population is a population of control subjects.
If appropriate, control subjects may have characteristics in
common (e.g., sex, ethnicity, age group, etc.) with the test
subject. If appropriate, control subjects may have charac-
teristics (e.g., age group, etc.) which differ from those of the
test subject. For example, it may be desirable to choose
healthy 20-year olds of the same sex and ethnicity as the
study subject as control subjects.

[0765] In most cases, control samples are taken from
control subjects. Usually, control samples are of the same
sample type (e.g., serum), and are collected and handled
(e.g., treated, processed, stored) under the same or similar
conditions, as the sample under study (e.g., test sample,
study sample).

[0766] In most cases, control data (e.g., control values) are
obtained from control samples which are taken from control
subjects. Usually, control data (e.g., control data sets, control
spectral data, control spectra, etc.) are of the same type (c.g.,
1-D 'H NMR, etc.), and are collected and handled (e.g.,
recorded, processed) under the same or similar conditions
(e.g., parameters), as the test data.

[0767] Implementation

[0768] The methods of the present invention, or parts
thereof, may be conveniently performed electronically, for
example, using a suitably programmed computer system.

[0769] One aspect of the present invention pertains to a
computer system or device, such as a computer or linked
computers, operatively configured to implement a method of
the present invention, as described herein.

[0770] One aspect of the present invention pertains to
computer code suitable for implementing a method of the
present invention, as described herein, on a suitable com-
puter system.

[0771] One aspect of the present invention pertains to a
computer program comprising computer program means
adapted to perform a method according to the present
invention, as described herein, when said program is run on
a computer.

[0772] One aspect of the present invention pertains to a
computer program, as described above, embodied on a
computer readable medium.

[0773] One aspect of the present invention pertains to a
data carrier which carries computer code suitable for imple-
menting a method of the present invention, as described
herein, on a suitable computer.
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[0774] In one embodiment, the above-mentioned com-
puter code or computer program includes, or is accompanied
by, computer code and/or computer readable data represent-
ing a predictive mathematical model, as described herein.

[0775] In one embodiment, the above-mentioned com-
puter code or computer program includes, or is accompanied
by, computer code and/or computer readable data represent-
ing data from which a predictive mathematical model, as
described herein, may be calculated.

[0776] One aspect of the present invention pertains to
computer code and/or computer readable data representing a
predictive mathematical model, as described herein.

[0777] One aspect of the present invention pertains to a
data carrier which carries computer code and/or computer
readable data representing a predictive mathematical model,
as described herein.

[0778] One aspect of the present invention pertains to a
computer system or device, such as a computer or linked
computers, programmed or loaded with computer code
and/or computer readable data representing a predictive
mathematical model, as described herein.

[0779] Computers may be linked, for example, internally
(¢.g., on the same circuit board, on different circuit boards
which are part of the same unit), by cabling (e.g., network-
ing, ethernet, internet), using wireless technology (c.g.,
radio, microwave, satellite link, cell-phone), etc., or by a
combination thereof.

[0780] Examples of data carriers and computer readable
media include chip media (e.g., ROM, RAM, flash memory
(e.g., Memory Stick™, Compact Flash™, Smartmedia™),
magnetic disk media (e.g., floppy disks, hard drives), optical
disk media (e.g., compact disks (CDs), digital versatile disks
(DVDs), magneto-optical (MO) disks), and magnetic tape
media.

[0781] Although the 'H-NMR spectra analysed here were
generated using a conventional (and hence large and expen-
sive) 600 MHz NMR spectrometer, ongoing technological
advances suggest that spectrometers of similar resolving
power may soon be available as desktop units (provided the
sample to be analyzed is small, as is the case with plasma or
serum samples). Such units, together with a personal com-
puter to perform automated pattern recognition, may soon be
available not only in large hospitals but also in the primary
healthcare milieu.

[0782] One aspect of the present invention pertains to a
system (e.g., an “integrated analyser”, “diagnostic appara-
tus”) which comprises:

[0783] (a) a first component comprising a device for
obtaining NMR spectral intensity data for a sample
(e.g., a NMR spectrometer, e.g., a Bruker INCA 500
MHz); and,

[0784] (b) a second component comprising computer
system or device, such as a computer or linked
computers, operatively configured to implement a
method of the present invention, as described herein,
and operatively linked to said first component.

[0785] In one embodiment, the first and second compo-
nents are in close proximity, e.g., so as to form a single
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console, unit, system, etc. In one embodiment, the first and
second components are remote (e.g., in separate rooms, in
separate buildings).

[0786] A simple process for the use of such a system is
described below. In a first step, a sample (e.g., blood, urine,
etc.) is obtained from a subject, for example, by a suitably
qualified medical technician, nurse, etc., and the sample is
processed as required. For example, a blood sample may be
drawn, and subsequently processed to yield a serum sample,
within about three hours.

[0787] In a second step, the sample is appropriately pro-
cessed (e.g., by dilution, as described herein), and an NMR
spectrum is obtained for the sample, for example, by a
suitably qualified NMR technician. Typically, this would
require about fifteen minutes.

[0788] In a third step, the NMR spectrum is analysed
and/or classified using a method of the present invention, as
described herein. This may be performed, for example, using
a computer system or device, such as a computer or linked
computers, operatively configured to implement the meth-
ods described herein. In one embodiment, this step is
performed at a location remote from the previous step. For
example, an NMR spectrometer located in a hospital or
clinic may be linked, for example, by ethernet, internet, or
wireless connection, to a remote computer which performs
the analysis/classification. If appropriate, the result is then
forwarded to the appropriate destination, e.g., the attending
physician. Typically, this would require about fifteen min-
utes.

[0789]

[0790] The methods described herein can be used in the
analysis of chemical, biochemical, and biological data.

[0791] The methods described herein provide powerful
means for the diagnosis and prognosis of disease, for assist-
ing medical practitioners in providing optimum therapy for
discase, and for understanding the benefits and side-effects
of xenobiotic compounds thereby aiding the drug develop-
ment process.

[0792] Furthermore, the methods described herein can be
applied in a non-medical setting, such as in post mortem
examinations, forensic science, and the analysis of complex
chemical mixtures other than mammalian cells or biofluids.

[0793] Examples of these and other applications of the
methods described herein include, but are not limited to, the
following:

[0794]

[0795] (a) Early detection of abnormality/problem. For
example, the technique can be used to identify subjects
suffering from cerebral edema immediately on arrival in the
acute emergency department of a hospital. At present, when
patients present with head trauma, it is difficult to tell
whether cerebral edema will be a problem: as a result, it may
not be possible to intervene until clinical symptoms of
cerebral edema become evident, which may be too late to
save the patient.

[0796] In a similar example, patients arriving at acute
emergency departments can be screened for internal bleed-
ing and organ rupture, to facilitate early surgical interven-
tion.

Applications

Medical Diagnostic Applications
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[0797] In a third example, the methods described herein
can be used to identify a clinically silent disease (e.g., low
bone mineral density (e.g., osteoporosis); infection with
Helicobacter Pylori) prior to the onset of clinical symptoms
(e.g., fracture; development of ulcers).

[0798] (b) Diagnosis (identification of disease), espe-
cially cheap, rapid, and non-invasive diagnosis. For
example, the methods described herein can be used to
replace treadmill exercise tests, echiocardiograms,
electrocardiograms, and invasive angiography as the
collective method for the identification of coronary
heart disease. Since the current tests for coronary heart
disease are slow, expensive, and invasive (with asso-
ciated morbidity and mortality), the methods described
herein offer significant advantages.

[0799] (c) Differential diagnosis, e.g., classification of
disease, severity of disease, etc., for example, the
ability to distinguish patients with coronary artery
disease affecting 1,2, or all 3 coronary arteries (see
example below); the ability to distinguish disease at
different anatomical sites, e.g., in the left coronary
artery versus the circumflex artery, or in the carotid
arteries as opposed to the coronary arteries.

[0800] (d) Population targeting. A condition (e.g., coro-
nary heart disease, osteoporosis) may be clinically
silent for many years prior 1o an acute event (e.g., heart
attack, bone fracture), which may have significant
associated morbidity or mortality. Drugs may exist to
help prevent the acute event (e.g., statins for heart
disease, bisphosphonates for osteoporosis), but often
they cannot be efficiently targeted at the population
level. The requirements for a test to be useful for
population screening are that they must be cheap and
non-invasive. The methods described herein are ideally
suited to population screening. Screens for multiple
diseases with a single blood sample (e.g., osteoporosis,
heart disease, and cancer) further improve the cost/
benefit ratio for screening.

[0801] (e) Classification, fingerprinting, and diagnosis
of metabolic diseases (e.g., inborn errors of metabo-
lism).

[0802] (f) Identifying, classifying, determining the
progress of, and monitoring the treatment of, infectious
discases.

[0803] (g) Characterization and identification of drugs
used in overdose. For example, a patient may be
unconscious following an overdose and/or the nature of
the drug taken in overdose may not be known. The
methods described herein can be used to characterise
the biological consequences of the overdose and to
rapidly identify candidate agents, facilitating rapid
intervention to reverse the effects. Thus an overdose of
opioids could rapidly be countered with naloxone.

[0804] (h) Characterization and identification of poi-
sons, and the metabolic or biological consequences of
poisoning. Many victims of poisoning (e.g., children)
are unaware of the nature of the substance they have
taken. Furthermore, the subject may be unconscious or
unable to communicate. The methods described herein
can be used to characterise the biological consequences
of the poisoning and to rapidly identify candidate
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poisons. This would facilitate administration of appro-
priate antidote, which typically must be done as quickly
as possible after exposure to (e.g., ingestion of) the
toxic substance.

[0805]

[0806] (a) Prognosis (prediction of future outcome),
including, for example, analysis of “old” samples to
effect retrospective prognosis. For example, a sample
can be used to assess the risk of myocardial infarction
among sufferers of angina, permitting a more aggres-
sive therapeutic strategy to be applied to those at
greatest risk of progressing to a heart attack.

Medical Prognosis Applications

[0807] (b) Risk assessment, to identify people at risk of
suffering from a particular indication. The methods
described herein can be used for population screening
(as for diagnosis) but in this case to screen for the risk
of developing a particular disease. Such an approach
will be useful where an effective prophylaxis is known
but must be applied prior to the development of the
disease in order to be effective. For example, bispho-
sphonates are effective at preventing bone loss in
osteoporosis but they do not increase pathologically
low bone mineral density. Ideally, therefore, these
drugs are applied prior to any bone loss occurring. This
can only be done with a technique which facilitates
prediction of future disease (prognosis). The methods
described herein can be used to identify those people at
high risk of losing bone mineral density in the future,
so that prophylaxis may begin prior to disease incep-
tion.

[0808] (c) Antenatal screening for a wide range of
discase susceptibilities. The methods described herein
can be used to analyse blood or tissue drawn from a
pre-term fetus (e.g., during chorionic vilus sampling or
amniocentesis) for the purposes of antenatal screening.

[0809]

[0810] (a) Therapeutic monitoring, e.g., to monitor the
progress of treatment. For example, by making serial
diagnostic tests, it will be possible to determine
whether and to what extent the subject is returning to
normal following initiation of a therapeutic regimen.

[0811] (b) Patient compliance, e.g., monitoring patient
compliance with therapy. Patient compliance is often
very poor, particularly with therapies that have signifi-
cant side-cffects. Patients often claim to comply with
the therapeutic regimen, but this may not always be the
case. The methods described herein permit the patient
compliance to be monitored, both by directly measur-
ing the drug concentration and also by examining
biological consequences of the drug. Thus, the methods
described herein offer significant advantages over
existing methods of monitoring compliance (such as
measuring plasma concentrations of the drug) since the
patient may take the drug just prior to the investigation,
while having failed to comply for previous weeks or
months. By monitoring the biological consequences of
therapy, it is possible to assess long-term compliance.

[0812] (c) Toxicology, including sophisticated monitor-
ing of any adverse reactions suffered, e.g., on a patient-
by-patient basis. This will facilitate investigation of

Aids to Theraputic Intervention
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idiosyncratic toxicity. Some patients may suffer real,
clinically significant side-effects from a therapy which
were not seen in the majority. Application of the
methods described herein facilitate rapid identification
of these rare, idiosyncratic toxicities so that the therapy
can be discontinued or modified as appropriate. Such
an approach allows the therapy to be tailored to the
individual metabolism of each patient.

[0813] (d) The methods described herein can be used
for “pharmacometabonomics,” in analogy to pharma-
cogenomics, e.g., subjects could be divided into
“responders” and “nonresponders” using the metabo-
nomic profile as evidence of “response,” and features of
the metabonomic profile could then be used to target
future patients who would likely respond to a particular
therapeutic course. For example, patients given statins
could be monitored using the methods described herein
for beneficial changes in the subtle composition of the
lipoproteins which are associated with coronary heart
disease. On this basis, the patients could be categorised
into “statin responsive” or “statin unresponsive”. In a
second stage, the methods described herein could be
re-applied to the untreated metabonomic fingerprint to
identify pattern elements which predict future
responses to statins. Thus, the clinician would know
whether or other patients should be treated with statins,
without having to wait weeks or months to assess the
outcome.

Tools for Drug Development

[0815] (a) Clinical evaluations of drug therapy and
efficacy. As for therapeutic monitoring, the methods
described herein can be used as one end-point in
clinical trials for efficacy of new therapies. The extent
to which sequential diagnostic fingerprints move
towards normal can be used as one measure of the
efficacy of the candidate therapy.

[0816] (b) Detection of toxic side-effects of drugs and
model compounds (e.g., in the drug development pro-
cess and in clinical trials). For example, it will be
possible to identify the major sites of toxic effects (e.g,,
liver, kidney, etc.) for new treatments during Phase I
studies, as well as identifying idiosyncratic toxicities
during later stage clinical trials.

[0817] (c) Improvement in the quality control of trans-
genic animal models of disease; aiding the design of
transgenic models of disease. Transgenic models of
various diseases have been useful for the preclinical
development of new therapies. Although the transgenic
model may recapitulate many of the phenotypic mark-
ers of the human disease, it is often unclear whether
similar biochemical mechanisms underlie the resulting
phenotype.

[0818] (d) Other animal models of disease. For
example, injection of bovine type 11 collagen into mice
has often been used as model of rheumatoid arthritis,
resulting in joint swelling and autoantibodies, but the
mechanisms resulting in the phenotype have little in
common with the human disease. As a result, therapies
which are effective in the animal model may be inef-
fective in man. The methods described herein can be
used to examine the metabolic and phenotypic conse-
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quences of gene manipulation or other interventions
used to yield an animal model of disease, and to
compare those with the metabolic and phenotypic
changes characteristic of the disease in man, and
thereby validate a range of animal models of human
discases.

[0819] (¢) Searching for new biochemical markers of
disease and/or tissue or organ damage. For example,
the NMR bin around 63.22 was identified as being
particularly associated with coronary heart disease (see
examples below), and the associated species has been
identified as a novel metabolic marker of coronary
heart discase which may be amenable to therapeutic
intervention.

[0820]

[0821] (a) Commercial classification for actuarial
assessment, to address the commercial need for insur-
ance companies to assess future risk of disease.
Examples include the provision of health insurance and
general life cover. This application is similar to prog-
nostic assessment and risk assessment in population
screening, except that the purpose is to provide accu-
rate actuarial information.

[0822] (b) Clinical trial enrollment, to address the com-
mercial need for the ability to select individuals suf-
fering from, or at risk of suffering from, a particular
condition for enrolment in clinical trials. For example,
at present to perform a clinical trial to assess efficacy of
a drug intended to prevent heart disease it would be
necessary to enroll at least 4,000 subjects and follow
them for 4 years. If it were possible to select individuals
who were suffering from heart disease, it is estimated
that it would be possible to use 400 subjects followed
for 2 years reducing the cost by 25-fold or more.

[0823] (c) Characterization and identification of illicit
drugs, and the metabolic or biological consequences of
substance abuse. As for monitoring patient compliance
with desired therapeutics, the methods described herein
can be used to examine the metabolic consequences of
illegal substance abuse, permitting confirmation of the
use of the substance, even if none of the substance or
its metabolites are present in the system at the time of
investigation, This circumvents the ability to use pro-
scribed substances chronically, but to temporally sus-
pend their use to avoid being identified. This applica-
tion could be applied to identification of habitual users
of illegal drugs (such as heroin, cocaine, amphet-
amines, etc.) for police use, or for monitoring use of
banned substances in sports (e.g., to detect use of
anabolic steroids among athletes, etc.).

[0824] (d) Application to pathology and postmortem
studies. For example, the methods described herein
could be used to identify the proximate cause of death
in a subject undergoing post-mortem examination.

[0825] (e) Application to forensic science. For example,
the methods described herein can be used to identify
the metabolic consequences of a range of actions on a
subject (who may be either dead or alive at the time of
the investigation). For example, the methods described
herein can be applied to identify metabolic conse-
quences of asphyxiation, poisoning, sexual arousal, or
fear.

Commercial and Other Non-Medical Applications
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[0826] (f) Analysis of samples other than mammalian
cells or biofluids. For example, the methods described
herein can be applied to a panel of wines, classified by
experts for their quality. By recognising patterns asso-
ciated with good quality, the methods described herein
can be used by wine manufacturers during the prepa-
ration of blends, as well as by wine purchasers to
facilitate a rapid and independent assessment of the
quality of a given wine.

[0827] (g) The methods described herein can also be
used to identify (known or novel) genotypes and/or
phenotypes, and to determine an organism’s phenotype
or genotype. This may assist with the choice of a
suitable treatment or facilitate assessment of its rel-
evance in a drug development process. For example,
the generation of metabonomic data in panels of indi-
viduals with disease states, infected states, or undergo-
ing treatment may indicate response profiles of groups
of individuals which can be differentiated into two or
more subgroups, indicating that an allelic genetic basis
for response to the disease, state, or treatment exists.
For example, a particular phenotype may not be sus-
ceptible to treatment with a certain drug, while another
phenotype may be susceptible to treatment. Con-
versely, one phenotype might show toxicity because of
a failure to metabolise and hence excrete a drug, which
drug might be safe in another phenotype as it does not
exhibit this effect. For example, metabonomic methods
can be used to determine the acetylator status of an
organism: there are two phenotypes, corresponding to
“fast” and “slow” acetylation of drug metabolites.
Phenotyping can be achieved on the basis of the urine
alone (i.c., without dosing a xenobiotic), or on the basis
of urine following dosing with a xenobiotic which has
the potential for acetylation (e.g., galactosamine).
Similar methods can also be used to determine other
differences, such as other enzymatic polymorphisms,
for example, cytochrome P450 polymorphism.

[0828] As shown below, the methods described herein can
be used successfully to discriminate between twins, whether
identical twins or non-identical twins.

[0829] The methods described herein may also be used in
studies of the biochemical consequences of genetic modifi-
cation, for example, in “knock-out animals” where one or
more genes have been removed or made non-functional; in
“knock-in” animals where one or more genes have been
incorporated from the same or a different species; and in
animals where the number of copies of a gene has been
increased, as in the model which results in the over-expres-
sion of the beta amyloid protein in mice brains as a model
for Alzheimer’s disease). Genes can be transferred between
bacterial, plant and animal species.

[0830] The combination of genomic, proteomic, and meta-
bonomic data sets into comprehensive “bionomic” systems
may permit an holistic evaluation of perturbed in vivo
function.

[0831] The methods described herein may be used as an
alternative or adjunct to other methods, e.g., the various
genomic, pharmacogenomic, and proteomic methods.
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EXAMPLES

[0832] The following are examples are provided solely to
illustrate the present invention and are not intended to limit
the scope of the present invention, as described herein.

Example 1

Diagnosis of Coronary Heart Discase (CHD)

[0833] As discussed above, the inventors have developed
novel methods (which employ multivariate statistical analy-
sis and pattern recognition (PR) techniques, and optionally
data filtering techniques) of analysing data (e.g., NMR
spectra) from a test population which yield accurate math-
ematical models which may subsequently be used to classify
a test sample or subject, and/or in diagnosis.

[0834] In the context of atherosclerosis/CHD, the inven-
tors have applied these techniques to the analysis of either
serum or plasma taken from individuals who have been
extensively characterized, both for the presence of athero-
sclerosis/CHD by the gold-standard angiographic technique
and also for a wide range of conventional risk factors. The
metabonomic analysis can distinguish between individuals
with and without atherosclerosis/CHD; and/or the degree of
atherosclerosis/CHD. Novel diagnostic biomarkers for ath-
erosclerosis/CHD have been identified, and methods for
associated diagnosis have been developed.

[0835] Obtaining NMR Spectra

[0836] Patents were recruited to the TVD (triple vessel
disease) group who had significant coronary artery disease
(defined as a reduction of more than 50% in the intralumenal
diameter) of all three coronary arteries (left anterior
descending, circumflex and right coronary arteries). The
symptoms of angina had been stable for at least one month
and no patient had suffered a myocardial infarction in the
preceding three months.

[0837] Patients were recruited to the NCA (normal coro-
nary artery) group who had chest pain and a positive
exercise electrocardiogram (the Bruce protocol (see, ¢.g.,
Bruce, 1974; Berman ct al., 1978; Guyton, 1991) was used,
where the presence of at least 1 mm of horizontal or
downward sloping ST segment depression at 80 ms after the
J point is considered positive), but normal coronary angio-
grams Budged by two independent observers). NCA patients
with hypertension, diabetes mellitus and valvular heart
disease or left ventricular hypertrophy were excluded.

[0838] Consecutive patients presenting at Papworth Hos-
pital (Cambridgeshire, UK) who met the above criteria for
either the TVD or NCA group were recruited to the study. 36
patients with severe CHD (TVD patients) and 30 patients
with angiographically normal coronary arteries (NCA
patients) were enrolled. The clinical data for these patient
groups is shown in Table 2-CHD, below. For each param-
eter, the average value is given together with one standard
deviation.
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TABLE 2
CHD
TVD NCA
Age (years) 64172 572 £9.0
Sex: Male (n) 34 7
Sex: Female (n) 2 23
Myocardial infarction 19 1
Systolic Blood Pressure (mmHg) 138 £23 141 22
Diastolic Blood Pressure (mmHg) 7512 78 £12
Smokers (n) 1 2
Urea (mM) 56«16 5012
Creatinine (#M) 108 = 18 93 £ 14
Glucose (mM) 5.6 £09 52 =056
Total cholesterol (mM] 62 0.8 59 =11
HDL-cholesterol (mM) 0802 1102
LDL-cholesterol (mM) 4507 43=+11
Total Chol:HDL-Chol ratio 83+19 58+1.8
PAL-1 (ng/dl) 91:166 379174
Triglycerides (mM) 21=141 1512
TGF-beta 1.6+14 44 +48
Total protein (g) 69.4 = 4.0 704 £6.3
Albumin (g) 37426 38.6 £3.2
% Globulin 46 + 4 45+ 5

[0839] Blood was drawn from each patient, allowed to clot
in plastic tubes for 2 hours at room temperature, and the
serum was collected by centrifugation. Aliquots of serum
were stored at -80° C. until assayed.

[0840] Prior to NMR analysis, samples (150 ul) were
diluted with solvent solution (10% D,0 v/v, 0.9% NaCl w/v)
(350 p11). The diluted samples were then placed in 5 mm
high quality NMR tubes (Goss Scientific Instruments Ltd).

[0841] Conventional 1-D *H NMR spectra of the blood
serum samples were measured on a Bruker DRX-600 spec-
trometer using the conditions set forth in the section entitled
“NMR Experimental Parameters.”

[0842]
[0843] (2) General:

[0844] Samples were NON-SPINNING in the spec-
frometer

[0845]
[0846]
[0847]
[0848]
]
]

NMR Experimental Parameters

Temperature: 300 K

Operating Frequency: 600.22 MHz
Spectral Width: 8389.3 Hz
Number of data points (TD): 32K
[0849

[0850] Number of dummy scans: 4 (once only, before
the start of the acquisition).

[0851]
[0852] (b) Pulse Sequence:

[0853] noesyprld (Bruker standard noesypresat
sequence, as listed in their manual): RD-90°-t;-90°-t -
90°-FID

Number of scans: 64

Acquisition time: 1.95 s

[0854] Relaxation delay (RD): 1.5 s
[0855] Fixed interval (t,): 4 us
[0856] Mixing time (tm): 150 ms
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[0857] 90° pulse length: 10.9 us
[0858]

[0859] Secondary irradiation at the water resonance
during RD and t_,

[0860] (c) Phase Cycling

[0861] The phase of the RF pulses and the receiver was
cycled on successive scans to remove artefacts according to
the following scheme, where PH1 refers to the first 900
pulse, PH2 refers to the second, PH3 refers to the third and
PH31 refers to the phase of the receiver. In the following
scheme:

Total recycle period: 3.6 s

[0862] 0 denotes 0° phase increment

[0863] 1 denotes 90° phase increment

[0864] 2 denotes 180° phase increment

[0865] 3 denotes 270° phase increment

[0866] PH1=02

[0867] PH2=0000000022222222

[0868] PH3=00221133

[0869] PH31=0220133120023113
[0870] (d) Processing of the FIDs:

[0871] This was done using using XWINNMR (version
2.1, Bruker GmbH, Germany).

[0872] Automatic zero fillx2 at end of FID.

[0873] Line broadening by multiplying the FID by a
negative exponential equivalent to a line broadening of +0.3
Hz.

[0874] Fourier transform.
[0875] (e) Processing of the NMR spectra:
[0876] This was done using using XWINNMR (version

2;1, Bruker GmbH, Germany).

[0877] Spectrum peak phase adjusted manually using the
zero and first order parameters PHCO, PHCI.

[0878] Baseline corrected manually using the command
“basl.” This allows the subtraction of baselines of various
degrees of polynomial. The simplest is to subtract a constant
to remove a DC offset and this was sufficient in the present
case. In other cases, it can be necessary to subtract a straight
line of adjustable slope or to subtract a baseline defined by
a quadratic function. The possibility exists within the soft-
ware for functions up to quartic in nature.

[0879] Once properly phased and baseline corrected, the
full spectra showed a flat featureless baseline on both sides
of the main set of signals (i.e., outside the range d 0 to 10),
and the peaks of interest showed a clear in-phase absorption
profile.

[0880] 'H NMR chemical shifts in the spectra were
defined relative to that of the lactate methyl group (the
middle of the doublet, taken to be at d 1.33).

[0881] (f) Reduction of the NMR spectra to descriptors

[0882] The *H NMR spectra in the region 8 10-8 0.2 were
segmented into 245 regions or “buckets” of equal length (o
0.04) using AMIX (Analysis of MiXtures software, version
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2.5, Bruker, Germany). The integral of the spectrum in each
segment was calculated. In order to remove the effects of
variation in the suppression of the water resonance, and also
the effects of variation in the urea signal caused by partial
cross solvent saturation via solvent exchanging protons, the
region § 6.0 to 4.5 was set to zero integral. The following
AMIX profile was used:

[0883] command=bucket 1 d_table
[0884] input-file=<namesfile>
[0885] output_file=<mydata.amix>
[0886] left ppm=10
[0887] right ppm=0.2
[0888] excludel left ppm=6.0
[0889] excludel right ppm=4.5
[0890] exclude? left ppm=(intentionally undefined)
[0891] exclude?_right ppm=(intentionally undefined)
[0892] bucket width=0.04
[0893] bucket_mode=0
[0894] bucket scale mode=3
[0895] bucket_multiplier=0.01
[0896] bucket output format=2
[0897] normalization region_left=10
[0898] normalization region right=0.2
[0899] The integral data were normalized to the total

spectral area using Excel (Microsoft, USA). Intensity was
integrated over all included regions, and each region was
then divided by the total integral and multiplied by a
constant (i.e., 100, so that final integrated intensities are
expressed as percentages of the total intensity).

[0900] The normalized data were then exported to the
SIMCA-P (version 8.0 Umetrics, Sweden) software package
and each descriptor was mean-centered. All subsequent
analysis was therefore performed on normalised mean-
centered data.

[0901] Visual Analysis of Spectra

[0902] The 600 MHz 'H NMR spectra of human sera from
patients with severe CHD (TVD patients) and patients with
angiographically normal coronary arteries (NCA patients)
were visually compared (see, ¢.g., FIG. 1-CHD). Few
systematic differences could be detected when the two
groups were compared.

[0903] Chemical components visible in the spectra were
assigned on the basis of previously published data (see, ¢.g.,
Nicholson et al., 1995; Lui et al., 1997; Ala-Korpela, 1995).
The features assigned in FIG. 1-CHD are summarised in
Table 3-CHD, below.
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TABLE 3

CHD

Chemical Shift

No. ®) Assignment
1 0.66 Lipid, HDL; C18 methyl group of HDL-C
2 0.84, 0.87 Lipid, mainly LDL and VLDL; CH,
3 0.97,1.02 Valine
4 1.25,1.29 Lipid, mainly LDL and VLDL; (CH,),
5 1.33 Lactate
6 1.46 Alanine
7 157 Lipid; CHLCH,CO.
8 1.69 Lipid; CH,CH,C—C
9 1.97 Lipid; CH,C=C
10 2.04 Acetyl signal from a-1 acid glycoprotein
1 223 Lipid; CH,CO
12 2.41 Glutamine
13 2.52,2.69 Citrate
14 2.69 Lipid;, —C—CCH,C—C
15 2.89 Albumin lysyl
16 3.05 Creatinine
17 321 Choline
18 3.24 H-2 of f2-glucose
19 3.34.0 CH protons from glycerol, glucose,
and amino acid
20 411 Lactate
21 4.64 H-1 of p-glucose
22 4.7 Residual water
23 5.23 H-1 of a-glucose
24 5.26-5.33 Lipids; =CH
[0904] Data Analysis
[0905] To determine whether it was possible to distinguish

TVD and NCA patients on the basis of the NMR spectra,
principal component analysis (PCA) was performed.

[0906] The scores plot of PC2 and PC3 (FIG. 2A-CHD)
shows that, while there was much overlap between the two
sample classes, some clustering was evident. Whilst there is
overlap between NCA and TVD samples, some separation is
evident, with NCA samples dominating in the upper right
quadrant and TVD samples dominating in the lower left
quadrant. Optimum separation was seen in PC2 and PC3,
and hence t2 vs t3 is shown in FIG. 2A-CHD.

[0907] The corresponding PCA loadings scatter plot (FIG.
2B-CHD) shows which regions of the NMR spectrum are
responsible for causing separation between NCA and TVD
samples; the most influential loadings are shown to be:
regions & 1.30; 6 1.22; 8 3.22;  0.86; and & 1.26.

[0908] Following application of OSC, the TVD and NCA
groups were well separated in the scores plot of PC1 and
PC2 (FIG. 2C-CHD, as compared to FIG. 2A-CHD). Here,
NCA samples (circles) dominate in the lower left quadrant;
TVD samples (squares) dominate in the upper right quad-
rant. Optimum separation was observed in PC1 and PC2,
and hence t1 vs. 12 is shown in FIG. 2C-CHD.

[0909] The corresponding loadings plot (FIG. 2D-CHD)
shows which regions of the NMR spectrum are responsible
for causing separation between NCA and TVD samples.
Importantly, the same regions of the spectra that contributed
to the clustering in the unfiltered data set (FIG. 2B-CHD)
also contributed to the clustering seen after application of
0SC (FIG. 2D-CHDY): 8 1.30;  1.34; § 1.22; 3 3.22;  0.86;
and 6 1.26.

[0910] Partial least square descriminant analysis (PLS-
DA) performed using the same data, following application
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of OSC, yielded excellent separation. The resulting scores
plot of PC2 and PCd (see FIG. 2E-CHD); here, NCA
samples (circles) dominate the right hand side; TVD
samples (squares) dominate the left hand side. The corre-
sponding loadings plot (see FIG. 2F-CHD) shows which
regions of the NMR spectrum are responsible for causing
separation between NCA and TVD samples. Again, the same
regions appear d 1.30; 8 1.22; 3 1.26; 8 1.34; 8 3.22; 3 0.86;
ete.

[0911] Asection of the variable importance plot (VIP) for
the PLS-DA model calculated from OSC-filtered NMR data
is shown in FIG. 3A-CHD.

[0912] The regression coefficients for the OSC filtered
data are shown graphically in FIG. 3B-CHD. For the
regression coefficients, a positive value indicates a relatively
greater concentration of a metabolite (e.g., assigned using
NMR chemical shift assignment tables) present in TVD
samples and a negative value indicates a relatively lower
concentration, both with respect to control samples.

[0913] The regression coefficients for the PLS-DA model
(whether obtained using the unfiltered data or OSC-filtered
data) again indicated that the same spectral regions contrib-
uted most strongly to the discrimination of the classes: lipid,
mostly VLDL and LDL, and choline.

[0914] The loadings (variables) that are most influential in
causing separation between NCA and TVD samples are
summarised in Table 4-CHD, below, and are listed in order
of decreasing importance. The assignments were made by
comparing the loadings with published tables of NMR data.

TABLE 4
CHD
NMR spectral
Bucket Chem. Shift  intensity,
Region (ppm) and  in TVD
# (ppm) Assignment Multiplicity ~ vs. NCA
1 130 lipid (CH,), 1.29(m) Increased
2 122 lipid (CH,), 1.22(m) decreased
3 1.26 lipid (CH,), 1.26(m), 1.25(m) increased
4 134 lipid (CH,), 1.32(m) Increased
5 322 choline N(CH;);" 3.21(s) decreased
6 0.86 lipid (CHy) 0.84(1), 0.87(t) increased
7 0.90 lipid (CHa) 0.91 Increased
8 0.82 lipid (CH,)Y 0.84 decreased
cholesterol
9 2.02 lipid (CH,C=C) 2.00(m) Increased
10 1.58 lipid (CH,CH,CO) 1.57(m) Increased
11 2.22  lipid (CH,CO) 2.23(m) Increased
12 1.98 lipid (CH,C=C) 1.97(m) decreased
[0915] The region at & 3.22 is assigned to —N(CH,),"

groups in molecules containing the choline moiety, princi-
pally phosphatidylcholine from lipoproteins, mainly HDL,
based on the known phospholipid content of lipoproteins.

[0916] The regions as & 1.30,1.22, 1.26, and 1.34 all arise
from the (CH,), chains of fatty acyl groups, which are
present in all lipoproteins as phosholipids, cholesteryl esters,
and triaylglyerols. The proportions of all three three classes
of compounds vary across the types of lipoprotein. There are
two broad 'H NMR peaks in the region 8 1.34-1.22 which
are usually assigned as LDL and VLDL; however, both
peaks will contribute to all of these regions because of the
peak line widths.
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[0917] Lipoproteins account for approximately 10% of
total human blood protein. Lipoproteins are water soluble
complexes comprising protein components (e.g., apolipo-
proteins) and lipid components (e.g., cholesterol, cholesteryl
esters, phospholipids, and triglycerides). Lipoproteins are
often conveniently considered to comprise a hydrophobic
core (primarily of cholesteryl esters and triglycerides) sur-
rounded by a relatively more hydrophilic shell (primarily
apolipoproteins, phospholipids, and unesterified cholesterol)
projecting its hydrophilic domains into the aqueous envi-
ronment. Lipoproteins presumably serve as transport pro-
teins for lipids, such as triacylglyercols, cholesterol (and
cholesteryl esters), and other lipids (e.g., phospholipids).

[0918] Several classes of lipoproteins (e.g., ., f§, broad-f3,
pre-p) can be distinguished in human blood, according to
their electrophoretic behaviour. However, lipoproteins are
more conveniently characterized by their ultracentrifugation
behavior in high-salt media, as described by their flotation
constants (densities), as follows: chylomicra, less than 1.006
g/mL; very low density (VLDL), 1.006-1019 g/mL; low
density (LDL), 1.019-1.063 g/mL; high density (HDL),
1.063-1.21 g/mL; very high density (VHDL), >1.21 g/mL.
Lipoproteins are often approximately spherical in shape, and
range in diameter from about 0.1 micron (for chylomicra) to
about 5 nanometers (for VHDL). Lipoproteins range in
molecular weight from 200 kd to 10,000 kd and from 4 to
95% lipid (the higher the density the lower the lipid content).
Chylomicra and VLDLs are rich in triglycerides (~90% and
~60% of the total lipid content, respectively), while LDLs
are rich in cholesterol (~60% of total lipid content) and
HDLs are rich in phospholipids (~50% of total lipid con-
tent).

[0919] Choline (HO—CH,CH,—N(CH,);") is incorpo-
rated into many biologically important species, including
phosphorylcholine, glycerophosphocholine and phosphati-
dylcholine (e.g., phospholipids). Phospholipids are compo-
nents of lipid membranes and also of lipoproteins. The
predominant choline-containing species in blood plasma are
phosphatidylcholines.

[0920]

[0921] Having established the presence of “clusters” by
PCA, the data were analysed by PLS-DA to test the predic-
tive power of the model.

[0922] For cross-validation purposes, training sets com-
prising approximately 80% of the samples under study
(selected randomly) were constructed, and used to predict
the class of the remaining 20% of the samples. Approxi-
mately 80% of the samples were selected at random to
construct a PLS-DA model which could then be used to
predict the class membership of the remaining 20% of
samples. Class membership was predicted using a 0.5 divid-
ing line between the two classes and a class membership
probability value >0.01 (99% confidence interval).

[0923] The PLS-DA model calculated for the OSC-filtered
data was then used to predict the class membership of the
samples not included in the training set (FIG. 4-CHD).
Using approximately 80% of the NCA (circles) and TVD
(squares) samples, a PLS-DA model was calculated and
used to predict the presence of TVD in the remaining 20%
of samples (the validation set) (triangles, NCA or TVA as
marked). The y-predicted scatter plot assigns samples to

Validation
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either class 1 (in this case, corresponding to TVD) or class
0 (in this case, corresponding to NCA); 0.5 is the cut-off.
The PLS-DA model predicted the presence and absence of
TVD with a sensitivity of 92% and a specificity of 93%
based on a 99% confidence limit for class membership.

[0924] This demonstrates that 'H-NMR based metabo-
nomic analysis of plasma samples, in itself minimally inva-
sive and non-destructive of sample, can achieve clinically
useful diagnostic performance, when compared to invasive
angiography.

[0925] This example demonstrates that it is possible to
completely separate CHD patients with stenosis of all three
major arteries from subjects with normal coronary arteries
using principle component analysis (PCA).

[0926] Furthermore, using the supervised PLS-DA algo-
rithm, it is possible to predict the artery status of unknown
samples using a training set that composed only 24 NCA and
30 TVD individuals. The small size of the training set
required to achieve >90% sensitivity and specificity high-
lights the power of this technique. Substantially larger
training sets obtained through application of this technique
to clinical practice should further improve the diagnostic
sensitivity and specificity of the technique.

[0927] While the peaks around & 1.30 are known to result
predominantly from lipid CH, resonances, the values of the
NMR descriptors in this region only correlate weakly with
the level of LDL-cholesterol (r*<0.20). This means that
there is considerable NMR signal intensity information in
these windows which is uncorrelated with the level of
LDL-cholesterol. This arises from the presence of some
small molecule metabolites such as lactate and threonine and
also contributions from other lipoproteins (mainly VLDL)
present in the biofluid. The line widths of the LDL and
VLDL CH, peaks are such that the two peaks overlap
considerably and both will contribute to all of the windows
in this region to varying amounts. The remaining variance is
likely to result from subtle chemical differences in the lipid
composition of LDL particles between individuals, for
example, degree of fatty acid side chain unsaturation and
lipoprotein-protein molecular interactions. Such observa-
tions will contribute to on-going studies using both NMR
and other analytical techniques to understand the contribu-
tion of lipoprotein particle composition to the development
of CHD. It does, however, emphasize an important facet of
high data density metabolic analysis in that it is entirely
unnecessary to understand fully the complex molecular
differences that underlie the spectral features associated with
CHD to be able to correctly classify individuals with very
high sensitivity and specificity. Further analysis of the
molecular basis of the spectral differences, however, will
give insight into the mechanistic processes involved.

Example 2

Determination of Severity of Coronary Heart
Disease (CHD)

[0928] As discussed above, the inventors have developed
novel methods (which employ multivariate statistical analy-
sis and pattern recognition (PR) techniques, and optionally
data filtering techniques) of analysing data (e.g., NMR
spectra) from a test population which yield accurate math-



US 2004/0142496 Al

ematical models which may subsequently be used to classify
a test sample or subject, and/or in diagnosis.

[0929]
tors have applied these techniques to the analysis of either

In the context of atherosclerosis/CHD, the inven-

serum or plasma taken from individuals who have been
extensively characterized, both for the presence of athero-
sclerosis/CHD by the gold-standard angiographic technique
and also for a wide range of conventional risk factors. The
metabonomic analysis can distinguish between individuals
with and without atherosclerosis/CHD; and/or the degree of
atherosclerosis/CHD. Novel diagnostic biomarkers for ath-
crosclerosis/CHD have been identified, and methods for
associated diagnosis have been developed.
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[0932] Using plasma from 76 patients (28 with 1 vessel
stenosed: type “1” vessel disease; 20 with 2 vessels
stenosed: type “2” vessel disease; 28 with 3 vessels
stenosed: type “3” vessel disease), TH NMR spectral analy-
sis was used to classify the severity of CHD. The methods
for collection of samples; NMR spectroscopy; data process-
ing; and pattern recognition methods were all as described
above, unless specified otherwise.

[0933] Patients were recruited according to the same cri-
teria as described above, except that patients with more than
50% stenosis of either one, two or all three coronary arteries
(assessed by two independent observers) were recruited and
females were excluded. The clinical data that were measured
(conventionally) for these patient groups are shown in Table
5CHD, below. For each parameter, the average value is
given together with one standard deviation.

TABLE 5
CHD
# Parameter Type “17 Type “2” Type “3”
1 Number (n) (all male) 28 20 28
2 Height (m) 1.76 = 0.07 1.80 £ 0.05 1.78 £ 0.06
3 Weight (kg) 83.5 £ 147 91.1 £ 100 86.7 £ 9.6
4 BMI (kg/m?) 26.77 £ 4.01 28.07 £ 355 2732 £2.22
5 Erythrocytes 4.64 £0.35 454 £0.55 4.66 = 0.25
6 Haemoglobin (g d/L) 139 £ 0.82 13.53 £ 1.52 13.54 £ 0.95
7 Hematocrit 0.418 = 0.026 0.410 £+ 0.053  0.409 = 0.025
8 MCV (fl) 90.2 £ 4.3 90.2 £ 4.3 87753
9 MCHC (g d/L) 30.1 £1.6 29.8£15 291 2.0
10 Platelets (10%/1) 210 £ 45 210 £ 27 214 = 57
11 Leukocytes 6.30 £ 1.21 6.74 £ 1.74 6.22 +1.50
2 Neutrophils 10°/L 3.63 £ 0.89 4.09 £ 1.77 3.61 +1.14
13 Lymphocytes (10°L) 1.88 £ 0.52 1.84 £ 0.55 1.79 + 0.44
14 Monocytes (10%/L) 053 =014 0.51 =017 0.53 =0.14
15 Eosinophils (10°/L) 0.21 =012 0.19 = 0.12 0.16 £ 0.10
16 Basophils (10%L) 0.02 = 0.01 002 +0.01 0.02 = 0.01
17 LUC 0.08 + 0.03 0.08 £ 0.04 0.09 £ 0.05
18 Fibrinogen 3.52£0.86 3.76 £1.01 357 £0.84
19 PT test (s) 13.6 £ 0.9 13612 13.7£0.8
20  APTT test 29.0 £2.9 30.1 £4.0 302+31
21 Sodium (mmol/L) 140 = 2 1392 140 =2
22 Potassium (mmol/L) 41+03 4102 203
23 Urea (mmol/L) 61+ 17 6.6 = 1.4 6.1 =13
24  Creatinine (¢mol/L) 104 = 10 103 £ 10 107 = 11
25 Protein (g/L) 724 72+6 23
26 Albumin (g/L) 42+3 41+ 4 23
27 Immunoglogulins (g/L) 314 305 303
28  Bilirubin (umol/L) 94 11=+4 104
29 ALT (U/L) 19+6 23+ 10 2:8
30 ALP (U/L) 183 + 41 178 = 39 173 = 41
31 yGt (U/L) 121 7.0 14.0 £10.3 129 7.5
2 Glucose (mmol/L) 58«13 59 =14 6.1 2.3
33 HbAlc 5.6£05 59+13 6.3 0.6
34 Cholesterol (mmol/L) 53+09 5.6 14 52+09
35 LDL-C (mmol/L) 3.3+0.8 3.6+1.3 3209
36 HDL-C (mmol/L) 1.01 £ 0.23 0.97 £ 0.17 1.04 £0.34
37 Triglycerides (mmol/L) 20+11 22+10 21«08

[0930] Obtaining NMR Spectra—Severity of CHD

[0931] To determine whether "H NMR based metabo-
nomic analysis could distinguish the severity of CHD
present, samples were collected from individuals with steno-
sis of one, two or three major coronary arteries. Although
this is a crude indicator of disease severity, it is plausible that
the number of vessels stenosed correlated (at least weakly)
with whole body atherosclerotic plaque load.

[0934]

Diatube H tubes, and platelet-poor plasma was prepared as

Blood samples from these patients were drawn into

previously described. Aliquots of plasma were stored at ~0°
C. until assayed.

[0935] Samples were obtained, and 1-D 'H NMR spectra
were collected using the same methods and parameters as
described in the NCA/TVD section.
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[0936] Data Analysis

[0937] A principal components analysis (PCA) model was
calculated using 1-D 'H NMR spectra for serum samples
from patients with either 1, 2, or 3 vessels stenosed (i.¢., type
“11, type “2”, and type “3” vessel disease, respectively).

[0938] The scores scatter plot for the PCA model is shown
in FIG. SA-CHD. Whilst there is much overlap between the
three classes of sample, some separation is evident particu-
larly for the type “1” vessel disease samples which domi-
nating the lower left of the plot. Optimum separation was
observed in PC2 and PCl, hence 12 vs. t1 is plotted in the
figure.

[0939] The corresponding loadings plot is shown in FIG.
5B-CHD, which shows which regions of the NMR spectrum
are responsible for causing separation between the three
different degrees of severity of CHD. Due to the extent of
overlap, the loadings plot is difficult to interpret, however,
the most influential loadings are regions: 3.22; 1.38; 1.34;
1.30; 1.26; 1.22; 0.90; 0.86; and 0.82 ppm.

[0940] Improved separation is possible using PLS-DA
(rather than the unsupervised PCA). Due to the fact that the
pattern recognition software package (SIMCA) displays
data only in 2-dimensions, and in this example there are
three sample classes, it is necessary to plot two classes at a
time calculated for, e.g., PLS-DA models. A scores plot and
the corresponding loadings for each pair (“1” and “27; “le”
and “37; “2” and “3”) is shown in FIG. 5C-CHD. There
remains much overlap between the classes; however, some
separation is evident.

[0941] Another PCA model was calculated using the same
data. However, prior to PCA, the NMR data were filtered by
application of OSC which serves to remove variation that is
not correlated to class and therefore improves subsequent
multivariate analysis.

[0942] The scores scatter plot for the resulting PCA model
is shown in FIG. 6A-CHD. The improved separation
between the classes of different severity of CHD is evident,
with type “1” vessel discase dominating in the lower left
quadrant.

[0943] The corresponding loadings scatter plot is shown in
FIG. 6B-CHD, which shows which regions of the NMR
spectrum are responsible for distinguishing severity of
CHD. Importantly, it is the same regions as for distinguish-
ing NCA from TVD that-are depicted in FIG. 5B-CHD,
namely: 3.22; 1.38; 1.34; 1.30; 1.26; 1.22; 0.90; 0.86; and
0.82 ppm.

[0944] Again, improved separation is possible using PLS-
DA (rather than the unsupervised PCA). A scores plot and
the corresponding loadings for each pair (“1” and “2”; “1”
and “3”; “2” and “3”) is shown in FIG. 6C-CHD. Most
separation is observed between types “1” and “2” (FIG.
6C~(1)-CHD) and types “1” and “3” (FIG. 6C-(5)-CHD).
This suggests that the metabolic profile (NMR spectrum) for
type “1” vessel disease differs the most compared to the
profiles for type “2” and type “3”, which are more similar to
each other.

[0945] Pairs of variable importance plots (VIPs) and
regression coefficient plots for each of the three PLS-DA
models described in FIG. 6C-(1)-CHD through (6)-CHD are
shown in FIG. 7-(1)-CHD through (6)-CHD.
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[0946] The regression coefficients in the loadings plots
indicated that spectral windows ca. & 1.30 and & 1.26,
dominated by lipid resonances, contributed to most of the
separation between the severity classes, with the window at
0 3.22 (choline) being relatively less important than in the
comparison of TVD and NCA patients.

[0947] Validation

[0948] Y-predicted scatter plots for the OSC-PLS-DA
models are shown in FIG. 8A-CHD, FIG. 8B-CHD, and
FIG. 8C-CHD, and these demonstrate the ability of 'H
NMR based metabonomics to predict class membership
(severity of CHD; 1, 2 or 3 vessels affected) of unknown
samples. For each plot, about 80% of the total number of
samples were used to calculate a PLS-DA model which was
then used to predict the severity in the remaining 20% of the
samples. The y-predicted scatter plots assign samples to
either class 1 or class 0; and the cut-off is 0.5.

[0949] The type “1” and type “2” vessel disease PLS-DA
model (FIG. 8A-CHD) predicted the severity accurately in
88% of cases. Furthermore, for a two-component model,
severity was predicted with a significance level >90% using
a 99% confidence limit.

[0950] The type “2” and type “3” vessel disease PLS-DA
model (FIG. 8B-CHD) predicted the severity accurately in
88% of cases. Furthermore, for a two-component model,
severity was predicted with a significance level >85% using
a 99% confidence limit.

[0951] The Type “1” and type “3” vessel disease PLS-DA
model (FIG. 8C-CHD) predicted the severity accurately in
75% of cases. Furthermore, for a two-component model,
severity was predicted with a significance level 292% using
a 99% confidence limit.

[0952] This metabonomic analysis can distinguish indi-
viduals with different severity of CHD. Even using the crude
parameter of number of major coronary vessels with >50%
stenosis, this example demonstrates that both PCA and
PLS-DA are capable of categorizing CHD patients on the
basis of severity. The failure to achieve complete separation
of the classes is as likely to reflect the crude nature of the
severity designations based solely on coronary angiography
as on any lack of power in the metabonomic analysis to
discriminate individuals.

Example 3 (Comparison Example)

Use of Established Clinical Risk Factors

[0953] In this example, multivariate data analysis was
used to classify the severity of CHD on the basis of
established clinical parameters. This allows direct compari-
son of the performance of the metabonomic analysis as a
diagnostic technique with algorithms based on conventional
risk factors.

[0954] A PCA model was calculated using established
clinical parameters measured for patients with 1, 2 or 3
vessels stenosed. The scores scatter plot for PC1 and PC2 is
shown in FIG. 9A-CHD. The PCA model shows there is
much overlap between the samples, and no separation is
evident; compare this with FIG. 5A-CHD and FIG.
6A-CHD. There is no evidence of separation in the PCA
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scores plot, suggesting that clinical parameters do not dis-
tinguish between “17, “2”, or “3” vessel disease.

[0955] The corresponding loadings plot is shown in FIG.
9B-CHD, and shows which of the established clinical are
responsible for causing separation between the three differ-
ent degrees of severity of CHD. Due to the extent of overlap,
the loadings plot is difficult to interpret.

[0956] Improved separation is possible using PLS-DA
(rather than the unsupervised PCA). Due to the fact that the
pattern recognition package (SIMCA) displays data only in
2-dimensions, and in this example there are three sample
classes, it is necessary to plot two classes at a time calculate
for, e.g., PLS-DA models. A scores plot and the correspond-
ing loadings for each pair is shown in FIG, 9C-CHD. As can
be seen from the figures, the separation based on established
clincial parameters is not as evident as it was based on NMR
data.

[0957] Pairs of variable importance plots (VIPs) and
regression coeflicient plots for each of the three PLS-DA
models described in FIG. 9C-(1)-CHD through (6)-CHD are
shown in FIG. 10-(1)-CHD through (6)-CHD.

[0958] None of the risk factors measured (including age,
blood pressure, LDL and HDL cholesterol, total cholesterol,
total triglyceride, fibrinogen, PAI-1, white blood cell count,
creatinine or history of cigarette smoking) were significantly
different between the three groups (p>0.05 by ANOVA in
cach case).

[0959] This demonstrates that 'H-NMR based metabo-
nomic methods described above are substantially better able
to distinguish the severity of CHD based on a single blood
sample than any of the conventional risk factors yet identi-
fied.

[0960] No other conventional risk factors measured in
these subjects (including age, blood pressure, lipoprotein
levels or clotting parameters) differed between the severity
classes, even in a cross-sectional analysis, and hence were
completely unable to distinguish individuals within the
population on the basis of CHD severity. This demonstrates
the extent to which metabonomics improves upon conven-
tional risk factor analysis.

[0961] The foregoing has described the principles, pre-
ferred embodiments, and modes of operation of the present
invention. However, the invention should not be construed
as limited to the particular embodiments discussed. Instead,
the above-described embodiments should be regarded as
illustrative rather than restrictive, and it should be appreci-
ated that variations may be made in those embodiments by
workers skilled in the art without departing from the scope
of the present invention as defined by the appended claims.
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1. A method of classifying a sample, said method com-
prising the step of relating NMR spectral intensity at one or
more predetermined diagnostic spectral windows for said
sample with a predetermined condition associated with
atherosclerosis/coronary heart disease.

2. Amethod, according to claim 1, of classifying a sample
from a subject, said method comprising the step of relating
NMR spectral intensity at one or more predetermined diag-
nostic spectral windows for said sample with a predeter-
mined condition associated with atherosclerosis/coronary
heart disease of said subject.

3. Amethod, according to claim 1, of classifying a sample,
said method comprising the step of relating NMR spectral
intensity at one or more predetermined diagnostic spectral
windows for said sample with the presence or absence of a
predetermined condition associated with atherosclerosis/
coronary heart disease.

4. Amethod, according to claim 1, of classifying a sample
from a subject, said method comprising the step of relating
NMR spectral intensity at one or more predetermined diag-
nostic spectral windows for said sample with the presence or
absence of a predetermined condition associated with ath-
erosclerosis/coronary heart disease of said subject.

5. Amethod, according to claim 1, of classifying a sample,
said method comprising the step of relating a modulation of
NMR spectral intensity, relative to a control value, at one or
more predetermined diagnostic spectral windows for said
sample with a predetermined condition associated with
atherosclerosis/coronary heart disease.

6. Amethod, according to claim 1, of classifying a sample
from a subject, said method comprising the step of relating
a modulation of NMR spectral intensity, relative to a control
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value, at one or more predetermined diagnostic spectral
windows for said sample with a predetermined condition
associated with atherosclerosis/coronary heart disease of
said subject.

7. Amethod, according to claim 1, of classifying a sample,
said method comprising the step of relating a modulation of
NMR spectral intensity, relative to a control value, at one or
more predetermined diagnostic spectral windows for said
sample with the presence or absence of a predetermined
condition associated with atherosclerosis/coronary heart dis-
ease.

8. A method, according to claim 1, of classifying a sample
from a subject, said method comprising the step of relating
a modulation of NMR spectral intensity, relative to a control
value, at one or more predetermined diagnostic spectral
windows for said sample with the presence or absence of a
predetermined condition associated with atherosclerosis/
coronary heart disease of said subject.

9. A method of classifying a subject, said method com-
prising the step of relating NMR spectral intensity at one or
more predetermined diagnostic spectral windows for a
sample from said subject with a predetermined condition
associated with atherosclerosis/coronary heart disease of
said subject.

10. A method, according to claim 9, of classifying a
subject, said method comprising the step of relating NMR
spectral intensity at one or more predetermined diagnostic
spectral windows for a sample from said subject with the
presence or absence of a predetermined condition associated
with atherosclerosis/coronary heart disease of said subject.

11. A method, according to claim 9, of classifying a
subject, said method comprising the step of relating a
modulation of NMR spectral intensity, relative to a control
value, at one or more predetermined diagnostic spectral
windows for a sample from said subject with a predeter-
mined condition associated with atherosclerosis/coronary
heart disease of said subject.

12. A method, according to claim 9, of classifying a
subject, said method comprising the step of relating a
modulation of NMR spectral intensity, relative to a control
value, at one or more predetermined diagnostic spectral
windows for a sample from said subject with the presence or
absence of a predetermined condition associated with ath-
erosclerosis/coronary heart disease of said subject.

13. A method of diagnosing a predetermined condition
associated with atherosclerosis/coronary heart disease of a
subject, said method comprising the step of relating NMR
spectral intensity at one or more predetermined diagnostic
spectral windows for a sample from said subject with said
predetermined condition of said subject.

14. A method, according to claim 13, of diagnosing a
predetermined condition associated with atherosclerosis/
coronary heart disease of a subject, said method comprising
the step of relating NMR spectral intensity at one or more
predetermined diagnostic spectral windows for a sample
from said subject with the presence or absence of said
predetermined condition of said subject.

15. A method, according to claim 13, of diagnosing a
predetermined condition associated with atherosclerosis/
coronary heart disease of a subject, said method comprising
the step of relating a modulation of NMR spectral intensity,
relative to a control value, at one or more predetermined
diagnostic spectral windows for a sample from said subject
with said predetermined condition of said subject.
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16. A method, according to claim 13, of diagnosing a
predetermined condition associated with atherosclerosis/
coronary heart disease of a subject, said method comprising
the step of relating a modulation of NMR spectral intensity,
relative to a control value, at one or more predetermined
diagnostic spectral windows for a sample from said subject
with the presence or absence of said predetermined condi-
tion of said subject.

17. A method of classifying a sample, said method com-
prising the step of relating the amount of, or relative amount
of one or more diagnostic species present in said sample
with a predetermined condition associated with atheroscle-
rosis/coronary heart disease.

18. A method, according to claim 17, of classifying a
sample from a subject, said method comprising the step of
relating the amount of, or relative amount of one or more
diagnostic species present in said sample with a predeter-
mined condition associated with atherosclerosis/coronary
heart disease of said subject.

19. A method, according to claim 17, of classifying a
sample, said method comprising the step of relating the
amount of, or relative amount of one or more diagnostic
species present in said sample with the presence or absence
of a predetermined condition associated with atherosclero-
sis/coronary heart disease.

20. A method, according to claim 17, of classifying a
sample from a subject, said method comprising the step of
relating the amount of, or the relative amount of, one or
more diagnostic species present in said sample with the
presence or absence of a predetermined condition associated
with atherosclerosis/coronary heart disease of said subject.

21. A method, according to claim 17, of classifying a
sample, said method comprising the step of relating a
modulation of the amount of, or relative amount of one or
more diagnostic species present in said sample, as compared
to a control sample, with a predetermined condition associ-
ated with atherosclerosis/coronary heart disease.

22. A method, according to claim 17, of classifying a
sample from a subject, said method comprising the step of
relating a modulation of the amount of, or relative amount
of one or more diagnostic species present in said sample, as
compared to a control sample, with a predetermined condi-
tion associated with atherosclerosis/coronary heart disease
of said subject.

23. A method, according to claim 17, of classifying a
sample, said method comprising the step of relating a
modulation of the amount of, or relative amount of one or
more diagnostic species present in said sample, as compared
to a control sample, with the presence or absence of a
predetermined condition associated with atherosclerosis/
coronary heart disease.

24. A method, according to claim 17, of classifying a
sample from a subject, said method comprising the step of
relating a modulation of the amount of, or relative amount
of one or more diagnostic species present in said sample, as
compared to a control sample, with the presence or absence
of a predetermined condition associated with atherosclero-
sis/coronary heart disease of said subject.

25. A method of classifying a subject, said method com-
prising the step of relating the amount of, or relative amount
of one or more diagnostic species present in a sample from
said subject with a predetermined condition associated with
atherosclerosis/coronary heart disease of said subject.
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26. A method, according to claim 25, of classifying a
subject, said method comprising the step of relating the
amount of, or relative amount of one or more diagnostic
species present in a sample from said subject with the
presence or absence of a predetermined condition associated
with atherosclerosis/coronary heart disease of said subject.

27. A method, according to claim 25, of classifying a
subject, said method comprising the step of relating a
modulation of the amount of, or relative amount of one or
more diagnostic species present in a sample from said
subject, as compared to a control sample, with a predeter-
mined condition associated with atherosclerosis/coronary
heart disease of said subject.

28. A method, according to claim 25, of classifying a
subject, said method comprising the step of relating a
modulation of the amount of, or relative amount of one or
more diagnostic species present in a sample from said
subject, as compared to a control sample, with the presence
or absence of a predetermined condition associated with
atherosclerosis/coronary heart disease of said subject.

29. A method of diagnosing a predetermined condition
associated with atherosclerosis/coronary heart disease of a
subject, said method comprising the step of relating the
amount of, or relative amount of one or more diagnostic
species present in a sample from said subject with said
predetermined condition of said subject.

30. A method, according to claim 29, of diagnosing a
predetermined condition associated with atherosclerosis/
coronary heart disease of a subject, said method comprising
the step of relating the amount of, or relative amount of one
or more diagnostic species present in a sample from said
subject with the presence or absence of said predetermined
condition of said subject.

31. A method, according to claim 29, of diagnosing a
predetermined condition associated with atherosclerosis/
coronary heart disease of a subject, said method comprising
the step of relating a modulation of the amount of, or relative
amount of one or more diagnostic species present in a
sample from said subject, as compared to a control sample,
with said predetermined condition of said subject.

32. A method, according to claim 29, of diagnosing a
predetermined condition associated with atherosclerosis/
coronary heart disease of a subject, said method comprising
the step of relating a modulation of the amount of, or relative
amount of one or more diagnostic species present in a
sample from said subject, as compared to a control sample,
with the presence or absence of said predetermined condi-
tion of said subject.

33. A method of classification, said method comprising
the steps of:

(2) forming a predictive mathematical model by applying
a modelling method to modelling data;

(b) using said model to classify a test sample.

34. A method, according to claim 33, of classifying a test
sample, said method comprising the steps of:

(2) forming a predictive mathematical model by applying
a modelling method to modelling data;

wherein said modelling data comprises a plurality of data
sets for modelling samples of known class;

(b) using said model to classify said test sample as being
a member of one of said known classes.
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35. A method, according to claim 33, of classifying a test
sample, said method comprising the steps of:

(2) forming a predictive mathematical model by applying
a modelling method to modelling data;

wherein said modelling data comprises at least one data
set for each of a plurality of modelling samples;

wherein said modelling samples define a class group
consisting of a plurality of classes;

wherein each of said modelling samples is of a known
class selected from said class group; and,

(b) using said model with a data set for said test sample
to classify said test sample as being a member of one
class selected from said class group.

36. A method of classification, said method comprising

the step of:

using a predictive mathematical model,

wherein said model is formed by applying a modelling
method to modelling data;

to classify a test sample.
37. A method, according to claim 36, of classifying a test
sample, said method comprising the step of:

using a predictive mathematical model;

wherein said model is formed by applying a modelling
method to modelling data;

wherein said modelling data comprises a plurality of data
sets for modelling samples of known class;

to classify said test sample as being a member of one of
said known classes.
38. A method, according to claim 36, of classifying a test
sample, said method comprising the step of:

using a predictive mathematical model;

wherein said model is formed by applying a modelling
method to modelling data;

wherein said modelling data comprises at least one data
set for each of a plurality of modelling samples;

wherein said modelling samples define a class group
consisting of a plurality of classes;

wherein each of said modelling samples is of a known
class selected from said class group;

with a data set for said test sample to classify said test
sample as being a member of one class selected from
said class group.
39. A method of classification, said method comprising
the steps of:

(a) forming a predictive mathematical model by applying
a modelling method to modelling data;

(b) using said model to classify a subject.
40. A method, according to claim 39, of classifying a
subject, said method comprising the steps of:

(a) forming a predictive mathematical model by applying
a modelling method to modelling data;

wherein said modelling data comprises a plurality of data
sets for modelling samples of known class;
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(b) using said model to classify a test sample from said
subject as being a member of one of said known
classes, and thereby classify said subject.

41. A method, according to claim 39, of classifying a

subject, said method comprising the steps of:

(2) forming a predictive mathematical model by applying
a modelling method to modelling data;

wherein said modelling data comprises at least one data
set for each of a plurality of modelling samples;

wherein said modelling samples define a class group
consisting of a plurality of classes;

wherein each of said modelling samples is of a known
class selected from said class group; and,

(b) using said model with a data set for a test sample from
said subject to classify said test sample as being a
member of one class selected from said class group,
and thereby classify said subject.

42. A method of classification, said method comprising

the step of:

using a predictive mathematical model;

wherein said model is formed by applying a modelling
method to modelling data;

to classify a subject.
43. A method, according to claim 42, of classifying a
subject, said method comprising the step of:

using a predictive mathematical model wherein said
model is formed by applying a modelling method to
modelling data,

wherein said modelling data comprises a plurality of data
sets for modelling samples of known class;

to classify a test sample from said subject as being a
member of one of said known classes, and thereby
classify said subject.

44. A method, according to claim 42, of classifying a

subject, said method comprising the step of:

using a predictive mathematical model,

wherein said model is formed by applying a modelling
method to modelling data;

wherein said modelling data comprises at least one data
set for each of a plurality of modelling samples;

wherein said modelling samples define a class group
consisting of a plurality of classes;

wherein each of said modelling samples is of a known
class selected from said class group;

with a data set for a test sample from said subject to
classify said test sample as being a member of one class
selected from said class group, and thereby classify
said subject.
45. A method of diagnosis, said method comprising the
steps of:

(2) forming a predictive mathematical model by applying
a modelling method to modelling data;

(b) using said model to diagnose a subject.
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46. A method, according to claim 45, of diagnosing a
predetermined condition associated with atherosclerosis/
coronary heart disease of a subject, said method comprising
the steps of:

(2) forming a predictive mathematical model by applying
a modelling method to modelling data;

wherein said modelling data comprises a plurality of data
sets for modelling samples of known class;

(b) using said model to classify a test sample from said
subject as being a member of one of said known
classes, and thereby diagnose said subject.

47. A method, according to claim 45, of diagnosing a
predetermined condition associated with atherosclerosis/
coronary heart disease of a subject, said method comprising
the steps of:

(a) forming a predictive mathematical model by applying
a modelling method to modelling data;

wherein said modelling data comprises at least one data
set for each of a plurality of modelling samples;

wherein said modelling samples define a class group
consisting of a plurality of classes;

wherein each of said modelling samples is of a known
class selected from said class group; and,

(b) using said model with a data set for a test sample from
said subject to classify said test sample as being a
member of one class selected from said class group,
and thereby diagnose said subject.

48. A method of diagnosis, said method comprising the

step of:

using a predictive mathematical model,

wherein said model is formed by applying a modelling
method to modelling data;

to diagnose a subject.

49. A method, according to claim 48, of diagnosing a
predetermined condition associated with atherosclerosis/
coronary heart disease of a subject, said method comprising
the step of:

using a predictive mathematical model;

wherein said model is formed by applying a modelling
method to modelling data;

wherein said modelling data comprises a plurality of data
sets for modelling samples of known class;

to classify a test sample from said subject as being a
member of one of said known classes, and thereby
diagnose said subject.

50. A method, according to claim 48, of diagnosing a
predetermined condition associated with atherosclerosis/
coronary heart disease of a subject, said method comprising
the step of:

using a predictive mathematical model;

wherein said model is formed by applying a modelling
method to modelling data;

wherein said modelling data comprises at least one data
set for each of a plurality of modelling samples;
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wherein said modelling samples define a class group
consisting of a plurality of classes;

wherein each of said modelling samples is of a known
class selected from said class group;

with a data set for a test sample from said subject to
classify said test sample as being a member of one class
selected from said class group, and thereby diagnose
said subject.

51. A method according to any one of claims 1 to 50,
wherein said test sample is a test sample from a subject, and
said predetermined condition is a predetermined condition
of said subject.

52. A method according to any one of claims 1 to 50,
wherein said “a modulation of” is “an increase or decrease
in.”

53. A method according to any one of claims 1 to 52,
wherein said relating step involves the use of a predictive
mathematical model.

54. A method according to any one of claims 1 to 52,
wherein said modelling method is a multivariate statistical
analysis modelling method.

55. A method according to any one of claims 1 to 52,
wherein said modelling method is a multivariate statistical
analysis modelling method which employs a pattern recog-
nition method.

56. A method according to any one of claims 1 to 52,
wherein said modelling method is, or employs PCA.

57. A method according to any one of claims 1 to 52,
wherein said modelling method is, or employs PLS.

58. A method according to any one of claims 1 to 52,
wherein said modelling method is, or employs PLS-BA.

59. A method according to any one of claims 1 to 58,
wherein said modelling method includes a step of data
filtering.

60. A method according to any one of claims 1 to 58,
wherein said modelling method includes a step of orthogo-
nal data filtering.

61. A method according to any one of claims 1 to 58,
wherein said modelling method includes a step of OSC.

62. A method according to any one of claims 1 to 61,
wherein said model takes account of one or more diagnostic
species.

63. A method according to any one of claims 1 to 62,
wherein said modelling data comprise spectral data.

64. A method according to any one of claims 1 to 62,
wherein said modelling data comprise both spectral data and
non-spectral data.

65. A method according to any one of claims 1 to 62,
wherein said modelling data comprise NMR spectral data.

66. A method according to any one of claims 1 to 62,
wherein said modelling data comprise both, NMR spectral
data and non-NMR spectral data.

67. A method according to any one of claims 1 to 62,
wherein said NMR spectral data comprises 'H NMR spec-
tral data andjor **C NMR spectral data.

68. A method according to any one of claims 1 to 62,
wherein said NMR spectral data comprises 'H NMR spec-
tral data.

69. A method according to any one of claims 1 to 62,
wherein said modelling data comprise spectra.

70. A method according to any one of claims 1 to 62,
wherein said modelling data are spectra.
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71. A method according to any one of claims 1 to 70,
wherein said modelling data comprises a plurality of data
sets for modelling samples of known class.

72. A method according to any one of claims 1 to 70,
wherein said modelling data comprises at least one data set
for each of a plurality of modelling samples.

73. A method according to any one of claims 1 to 70,
wherein said modelling data comprises exactly one data set
for each of a plurality of modelling samples.

74. A method according to any one of claims 1 to 70,
wherein said using step is:

using said model with a data set for said test sample to
classify said test sample as being a member of one class
sclected from said class group.

75. A method according to any one of claims 1 to 74,
wherein each of said data sets comprises spectral data.

76. A method according to any one of claims 1 to 74,
wherein each of said data sets comprises both spectral data
and non-spectral data.

77. A method according to any one of claims 1 to 74,
wherein each of said data sets comprises NMR spectral data.

78. A method according to any one of claims 1 to 74,
wherein each of said data sets comprises both NMR spectral
data and non-NMR spectral data.

79. A method according to any one of claims 1 to 74,
wherein said NMR spectral data comprises 'H NMR spec-
tral data andjor ">*C NMR spectral data.

80. A method according to any one of claims 1 to 74,
wherein said NMR spectral data comprises *H NMR spec-
tral data.

81. A method according to any one of claims 1 to 74,
wherein each of said data sets comprises a spectrum.

82. A method according to any one of claims 1 to 74,
wherein each of said data sets comprises a 'H NMR spec-
trum and/or **C NMR spectrum.

83. A method according to any one of claims 1 to 74,
wherein each of said data sets comprises a "H NMR spec-
trum.

84. A method according to any one of claims 1 to 74,
wherein each of said data sets is a spectrum.

85. A method according to any one of claims 1 to 74,
wherein each of said data sets is a 'H NMR spectrum and/or
3C NMR spectrum.

86. A method according to any one of claims 1 to 74,
wherein each of said data sets is a TH NMR spectrum.

87. A method according to any one of claims 1 to 86,
wherein said non-spectral data is non-spectral clinical data.

88. A method according to any one of claims 1 to 86,
wherein said non-NMR spectral data is non-spectral clinical
data.

89. A method according to any one of claims 1 to 88§,
wherein said class group comprises classes associated with
said predetermined condition.

90. A method according to any one of claims 1 to 88,
wherein said class group comprises exactly two classes.

91. A method according to any one of claims 1 to 88§,
wherein said class group comprises exactly two classes:
presence of said predetermined condition; and absence of
said predetermined condition.

92. A method according to any one of claims 1 to 91,
wherein said sample is an in vivo sample.

93. A method according to any one of claims 1 to 91,
wherein said sample is an ex vivo sample.
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94. A method according to any one of claims 1 to 91,
wherein said sample is a blood sample or a blood-derived
sample.

95. A method according to any one of claims 1 to 91,
wherein said sample is a blood sample.

96. A method according to any one of claims 1 to 91,
wherein said sample is a blood plasma sample.

97. A method according to any one of claims 1 to 91,
wherein said sample is a blood serum sample.

98. A method according to any one of claims 1 to 97,
wherein said subject is an animal.

99. A method according to any one of claims 1 to 97,
wherein said subject is a mammal.

100. A method according to any one of claims 1 to 97,
wherein said subject is a human.

101. A method according to any one of claims 1 to 100,
wherein said one or more predetermined diagnostic spectral
windows is: a single predetermined diagnostic spectral win-
dow.

102. A method according to any one of claims 1 to 100,
wherein said one or more predetermined diagnostic spectral
windows is: a plurality of predetermined diagnostic spectral
windows.

103. A method according to any one of claims 1 to 100,
wherein

said one or more predetermined diagnostic spectral win-
dows is: a plurality of diagnostic spectral windows,
and,

said NMR spectral intensity at one or more predetermined
diagnostic spectral windows is: a combination of a
plurality of NMR spectral intensities, each of which is
NMR spectral intensity for one of said plurality of
predetermined diagnostic spectral windows.

104. A method according to claim 103, wherein said
combination is a linear combination.

105. A method according to any one of claims 1 to 104,
wherein said one or more predetermined diagnostic spectral
windows are associated with one or more diagnostic species.

106. A method according to any one of claims 1 to 104,
wherein at least one of said one or more predetermined
diagnostic spectral windows encompasses a chemical shift
value for an NMR resonance of a diagnostic species.

107. A method according to any one of claims 1 to 104,
each of a plurality of said one or more predetermined
diagnostic spectral windows encompasses a chemical shift
value for an NMR resonance of a diagnostic species.

108. A method according to any one of claims 1 to 104,
each of said one or more predetermined diagnostic spectral
windows encompasses a chemical shift value for an NMR
resonance of a diagnostic species.

109. A method according to any one of claims 106 to 108,
wherein said NMR resonance is a 'H NMR resonance.

110. A method according to any one of claims 1 to 109,
wherein said one or more diagnostic species are endogenous
diagnostic species.

111. A method according to any one of claims 1 to 1109,
wherein said one or more diagnostic species are associated
with NMR spectral intensity at predetermined diagnostic
spectral windows.

112. A method according to any one of claims 1 to 111,
said one or more diagnostic species are a plurality of
diagnostic species.
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113. A method according to any one of claims 1 to 111,
said one or more diagnostic species is a single diagnostic
species.

114. A method according to any one of claims 1 to 113,
wherein said classification is performed on the basis of an
amount, or a relative amount, of a single diagnostic species.

115. A method according to any one of claims 1 to 113,
wherein said classification is performed on the basis of an
amount, or a relative amount, of a plurality of diagnostic
species.

116. A method according to any one of claims 1 to 113,
wherein said classification is performed on the basis of an
amount, or a relative amount, of each of a plurality of
diagnostic species.

117. A method according to any one of claims 1 to 113,
wherein said classification is performed on the basis of a
total amount, or a relative total amount, of a plurality of
diagnostic species.

118. A method according to any one of claims 1 to 113,
wherein:

said one or more diagnostic species is: a plurality of
diagnostic species; and,

said amount of, or relative amount of one or more
diagnostic species is: a combination of a plurality of
amounts, or relative amounts, each of which is the
amount of, or relative amount of one of said plurality
of diagnostic species.

119. A method according to claim 118, wherein said
combination is a linear combination.

120. A method according to any one of claims 1 to 119,
wherein said predetermined diagnostic spectral windows are
defined by one or more index values, d,, corresponding to
the bucket regions listed in Table 4-CHD.

121. A method according to any one of claims 1 to 119,
wherein at least one of said one or more predetermined
diagnostic species is a species described in Table 4-CHD.

122. A method according to any one of claims 1 to 119,
wherein each of a plurality of said one or more predeter-
mined diagnostic species is a species described in Table
4-CHD.

123. A method according to any one of claims 1 to 119,
wherein each of said one or more predetermined diagnostic
species is a species described in Table 4-CHD.

124. A method of identifying a diagnostic species, or a
combination of a plurality of diagnostic species, for a
predetermined condition associated with atherosclerosis/
coronary heart disease, said method comprising the steps of:

(2) applying a multivariate statistical analysis method to
experimental data,

wherein said experimental data comprises at least one
data comprising experimental parameters measured for
each of a plurality of experimental samples;

wherein said experimental samples define a class group
consisting of a plurality of classes;

wherein at least one of said plurality of classes is a class
associated with said predetermined condition, e.g., a
class associated with the presence of said predeter-
mined condition;

wherein at least one of said plurality of classes is a class
not associated with said predetermined condition, e.g.,
a class associated with the absence of said predeter-
mined condition;
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wherein each of said experimental samples is of known
class selected from said class group;

and:

(b) identifying one or more critical experimental param-
cters;

wherein each of said critical experimental parameters is
statistically significantly different for classes of said
class group, e.g., is statistically significant for discrimi-
nating between classes of said class group; and,

(c) matching each of one or more of said one or more
critical experimental parameters with said diagnostic
species;

or:

(b) identifying a combination of a plurality of critical
experimental parameters;

wherein said combination of a plurality of critical experi-
mental parameters is statistically significantly different
for classes of said class group, e.g., is statistically
significant for discriminating between classes of said
class group; and,

(c) matching each of one or more of said plurality of
critical experimental parameters with said combination
of a plurality of diagnostic species.

125. A method, according to claim 124, wherein:

one or more of said critical experimental parameters is a
spectral parameter, and said identifying and matching
steps are:

(b) identifying one or more critical experimental spectral
parameters; and,

(c) matching each of one or more of said one or more
critical experimental spectral parameters with a spec-
tral feature, e.g., a spectral peak;

and matching one or more of said spectral peaks with said
diagnostic species;

or:

(b) identifying a combination of a plurality of critical
experimental spectral parameters; and,

(c) matching each of a plurality of said plurality of critical
experimental spectral parameters with a spectral fea-
ture, e.g., a spectral peak;

and matching one or more of said spectral peaks with said

combination of a plurality of diagnostic species.

126. A method according to any one of claims 124 to 125,
wherein said multivariate statistical analysis method is a
multivariate statistical analysis method which employs a
pattern recognition method.

127. A method according to any one of claims 124 to 126,
wherein said multivariate statistical analysis method is, or
employs PCA.

128. A method according to any one of claims 124 to 126,
wherein said multivariate statistical analysis method is, or
employs PLS.

129. A method according to any one of claims 124 to 126,
wherein said multivariate statistical analysis method is, or
employs PLS-DA.
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130. A method according to any one of claims 124 to 129,
wherein said multivariate statistical analysis method
includes a step of data filtering.

131. Amethod according to any one of claims 124 to 129,
wherein said multivariate statistical analysis method
includes a step of orthogonal data filtering.

132. Amethod according to any one of claims 124 to 129,
wherein said multivariate statistical analysis method
includes a step of OSC.

133. Amethod according to any one of claims 124 to 132,
wherein said experimental parameters comprise spectral
data.

134. A method according to any one of claims 124 to 132,
wherein said experimental parameters comprise both spec-
tral data and non-spectral data.

135. Amethod according to any one of claims 124 to 132,
wherein said experimental parameters comprise NMR spec-
tral data.

136. A method according to any one of claims 124 to 132,
wherein said experimental parameters comprise both NMR
spectral data and non-NMR spectral data.

137. Amethod according to any one of claims 124 to 136,
wherein said NMR spectral data comprises 'H NMR spec-
tral data andjor "*C NMR speciral data.

138. A method according to any one of claims 124 to 136,
wherein said NMR spectral data comprises "H NMR spec-
tral data.

139. Amethod according to any one of claims 124 to 138,
wherein said non-spectral data is non-spectral clinical data.

140. A method according to any one of claims 124 to 138,
wherein said non-NMR spectral data is non-spectral clinical
data.

141. Amethod according to any one of claims 124 to 140,
wherein said critical experimental parameters are spectral
parameters.

142. Amethod according to any one of claims 124 to 141,
wherein said class group comprises classes associated with
said predetermined condition.

143. Amethod according to any one of claims 124 to 142,
wherein said class group comprises exactly two classes.

144. A method according to any one of claims 124 to 142,
wherein said class group comprises exactly two classes:
presence of said predetermined condition; and

absence of said predetermined condition.

145. Amethod according to any one of claims 124 to 142,
wherein said class associated with said predetermined con-
dition is a class associated with the presence of said prede-
termined condition.

146. A method according to any one of claims 124 to 142,
wherein said class not associated with said predetermined
condition is a class associated with the absence of said
predetermined condition.

147. Amethod according to any one of claims 124 to 146,
said method further comprising the additional step of:

(d) confirming the identity of said diagnostic species.

148. A computer system or device, such as a computer or
linked computers, operatively configured to implement a
method according to any one of claims 1 to 147.
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149. Computer code suitable for implementing a method
according to any one of claims 1 to 147 on a suitable
computer system.

150. A computer program comprising computer program
means adapted to perform a method according to according
to any one of claims 1 to 147, when said program is run on
a computer.

151. A computer program according to claim 150, embod-
ied on a computer readable medium.

152. A data carrier which carries computer code suitable
for implementing a method according to any one of claims
1 to 147 on a suitable computer.

153. Computer code and/or computer readable data rep-
resenting a predictive mathematical model as described in
any one of claims 1 to 147.

154. A data carrier which carries computer code and/or
computer readable data representing a predictive mathemati-
cal model as described in any one of claims 1 to 147.

155. A computer system or device, such as a computer or
linked computers, programmed or loaded with computer
code and/or computer readable data representing a predic-
tive mathematical model as described in any one of claims
1to 147.

156. A system comprising:

(a) a first component comprising a device for obtaining
NMR spectral intensity data for a sample; and,

(b) a second component comprising computer system or
device, such as a computer or linked computers, opera-
tively configured to implement a method according to
any one of claims 1 to 147, and operatively linked to
said first component.

157. A diagnostic species identified by a method accord-

ing to any one of claims 124 to 147.

158. A diagnostic species identified by a method accord-
ing to any one of claims 124 to 147 for use in a method of
classification.

159. A method of classification which employs or relies
upon one or more diagnostic species identified by a method
according to any one of claims 124 to 147.

160. Use of one or more diagnostic species identified by
a method of classification according to any one of claims
124 to 147.

161. An assay for use in a method of classification, which
assay relies upon one or more diagnostic species identified
by a method according to any one of claims 124 to 147.

162. Use of an assay in a method of classification, which
assay relies upon one or more diagnostic species identified
by a method according to any one of claims 124 to 147.

163. A method of therapeutic monitoring of a subject
undergoing therapy which employs a method of classifica-
tion according to any one of claims 1 to 123.

164. A method of evaluating drug therapy and/or drug
efficacy which employs a method of classification according
to any one of claims 1 to 123.
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Figure 1-CHD




