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We believe that mere movement is life,
and that the more velocity it has,
the more it expresses vitality

- Rabindranath Tagore (1861-1941)






Abstract

Human health is a complex and wide-ranging subject far beyond nutrition and physical
exercise. Still, these factors have a huge impact on global health by their ability to prevent
diseases and thus promote health. Thus, to identify health risks and benefits, it is
necessary to reveal the underlying mechanisms of nutrition and exercise, which in many
cases follows a complex chain of events. As a consequence, current health research is
generating massive amounts of data from anthropometric parameters, genes, proteins,
small molecules (metabolites) et cetera, with the intent to understand these mechanisms.
For the study of health responses, especially related to physical exercise and nutrition,
alterations in small molecules (metabolites) are in most cases immediate and located
close to the phenotypic level and could therefore provide early signs of metabolic
imbalances. Since there are roughly as many different responses to exercise and nutrients
as there are humans, this quest is highly multifaceted and will benefit from an
interpretation of treatment effects on a general as well as on an individual level. This
thesis involves the application of chemometric methods to the study of global metabolic
reactions, i.e. metabolomics, in a strategy coined predictive metabolomics. Via the
application of predictive metabolomics an extensive hypothesis-free biological
interpretation has been carried out of metabolite patterns in blood, acquired using gas
chromatography-mass spectrometry (GC-MS), related to physical exercise, nutrition and
diet, all in the context of human health. In addition, the chemometrics methodology have
computational benefits concerning the extraction of relevant information from
information-rich data as well as for interpreting general treatment effects and individual
responses, as exemplified throughout this work. Health concerns all lifestages, thus this
thesis presents a strategic framework in combination with comprehensive interpretations
of metabolite patterns throughout life. This includes a broad range of human studies
revealing metabolic patterns related to the impact of physical exercise, macronutrient
modulation and different fitness status in young healthy males, short and long term
dietary treatments in overweight post menopausal women as well as metabolic responses
related to probiotics treatment and early development in infants. As a result, the studies
included in the thesis have revealed metabolic patterns potentially indicative of an anti-
catabolic response to macronutrients in the early recovery phase following exercise.
Moreover, moderate differences in the metabolome associated with cardiorespiratory
fitness level were detected, which could be linked to variation in the inflammatory and
antioxidaive defense system. This work also highlighted mechanistic information that
could be connected to dietary related weight loss in overweight and obese
postmenopausal women in relation to short as well as long term dietary effects based on
different macronutrient compositions. Finally, alterations were observed in metabolic
profiles in relation to probiotics treatment in the second half of infancy, suggesting
possible health benefits of probiotics supplementation at an early age.

Keywords: Metabolomics, physical exercise, cardiorespiratory fitness nutrition, high protein
and fat diet, Lactobacillus F19, probiotics, GC-MS, plasma, chemometrics, multivariate analysis
statistical experimental design, design of experiments
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Notation

The following notations will be used throughout the thesis. Matrices are denoted by bold
capital letters, e.g. X. Vectors are denoted by bold, lower case letters, e.g. t, and assumed
to be column vectors if not stated otherwise.

Residual matrix of predictor variables, [NxK]
Residual matrix of response variables, [NXM]
Matrix of loading vectors for X, [KxA]
Matrix of score vectors for X, [NxA]

Matrix of predictor variables, [NxK]

Matrix of response variables, [NxM]

Loading vector for X, [Kx1]

A B B B e i <

Score vector for X, [Nx1]
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Aim

What is food to one man may be fierce poison to others
- Lucretius (c. 99-55 BC)

This work aims to investigate the intrinsic relationship between nutrients and its effect
on human metabolism in relation to physical exercise and diet. The ambition is to
answer parts of the complex question: To what extent can we influence our metabolic
health status by diet and physical activity throughout life?

A more specific aim is to present and apply metabolomics for revealing metabolite
patterns that can be used to generate new hypotheses and mechanistic information
concerning the impact of nutrition and physical exercise on human metabolism.

The first part of this thesis will present a background to the area of exercise and nutrition
highlighting health applications as well as applied metabolomics and bioinformatics
methods. In the following part the results from the included papers are discussed and
outlined. The third and last part consists of a collection of cited literature.
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Background

Exercise, mtrition and health

The human body is astonishing. Thousands of complex processes act in concert with
each other to keep the metabolic system in homeostasis. This balance, or equilibrium, is
highly influenced by our own lifestyle, including factors such as physical activity, diet,
smoking and alcohol consumption'>.

Health is defined by Merriam-Webster as the condition of being sound in body, mind or
spirit and especially free from physical disease or pain'. Compared to treatment of a
specific disease, health regards treating and preventing all diseases. So where should we
start? The Global burden of disease study from 2009 lists high blood pressure, high blood
glucose, physical inactivity and obesity among the leading risk factors affecting human
health globally. These factors are all related to increased risk of heart disease, diabetes
and cancer and are also highly correlated to our current lifestyle, in particular regarding
physical activity and nutrition.’

Regular physical activity is widely considered to have favorable consequences on many
aspects of health, such as prevention of insulin resistance and cardiovascular disease
(CVD)* as well as enhancing cell proliferation and neurogenesis’. Several biological
mechanisms associated with improved health are direct consequences of physical
exercise including improved lipoprotein profile?, and carbohydrate metabolism® as well
as lower blood pressure'”"" and weight loss'?. However, there are considerable individual
differences in responsiveness to physical exercise, in particular regarding the above
mentioned risk factors. This inter-variability still remains when subjects are exposed to
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an exercise intensity adjusted to their own tolerance level.” Thus, interpreting the mean
response, as done in many conventional studies, can be somewhat misleading if not
investigating the intra- and inter individual differences as well. In addition to the
complexity of individual response to exercise there are also different metabolic effects
related to the intensity and type of the exercise' . Regardless of the apparent complexity
in metabolic responses related to physical exercise and health, the majority of the
information available is still conclusive, that an active lifestyle is beneficial for health.

The impact of nutrition, on the other hand, is even more complicated due to the addition
of exogenous compounds. For this reason, different dietary recommendations are under

constant debate in the scientific community'¢*

as well as in the public media. Food is not
only a source of nourishment it is also pleasure, fuel and highly linked to social behavior'.
However, inappropriate dietary choices can lead to metabolic imbalance such as obesity,
type-2 diabetes, hypertension, inflammatory diseases and cardiovascular diseases?.
Today, these conditions are not only increasing globally, but also occurring earlier in

life’" and even more rapidly in developing countries®.

The so-called essential nutrients were discovered by excluding one nutrient at a time
from the diet and considered essential if the host system failed to function as a
consequence of this. In general, everybody has the same essential nutrients but humans
respond very differently to nutrients depending on variations in lifestyle, genetics and
phenotype. Thus, the paradigm that everyone should follow the same diet does not
longer hold.?*

Nowadays, almost every country has its own national food recommendation to guide the
population to a healthy diet (Figure 3.**” Interestingly, there has been a dramatic
change in recommendations over the past couple of decades. However, the main foci
have always been the same - a more or less restricted intake of fats. For example, in the
1980’s guidelines from United States Human Health Service (HHS) an overall reduction
of fats was suggested, which in the 1990’s was changed to include >30% of dietary fats. In
2010, these recommendations were extended to include the distinction of different types

of fats, such as trans fatty acids, saturated and unsaturated fats?.
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-
Nutrition Facts
Serving Size 1 Bar (40g)
Amount Per Serving
Check Calories | Calories 170 Calories from Fat 60
i % Daily Value*
Total Fat 7g 1%
Saturated Fat 3g 15%
Trans Fat Og
Limit T!’ese Cholesterol Omg 0%
Nutrients Sodium 160mg 7%
Total Carbohydrate 24g 8%
Dietary Fiber 3g 12%
Sugars 10g
Protein 5g
I
Get Enough of | Vitamin A 2% . Vitamin C 2%
These Nutrients | Calcium 20% . Iron 8%

Figure 1. Left Swedish national health recommendationa daily dietary intakelisplayed as a food
circlé'. RightGuidance from the U.S. department of Health and Human Services (HHS) on how to track
calories, nutrients and ingredients.

Besides the evolution of popular weight loss regimes, science has evolved with the

understanding of the benefits of a well composed intestinal flora®*. This has

emphasized a role for health promoting pro-, pre- and synbiotics also known as

functional foods. Probiotics, ‘for life’ is currently used to define living microbial food of

potential beneficial bacterial strains

3132, One of the most frequently used strains is

lactobacilli, the lactic acid bacteria. This bacterium has a long history and is considered as

non-opportunistic bacteria, i.e. a bacterium with a low risk of infecting the host®.

Literature reports indicate possible anti-obesity

3135 and anti-allergic effects® although

the underlying molecular mechanisms have not yet been fully understood®~.

Nevertheless, there is still a world-wide increase in sedentary behavior® and obesity"'. So

what is more important, keeping a normal weight or being physically active? Evidence

states the importance of a physically active lifestyle to prevent senior disabilities in obese

individuals®?. However, even though body mass index (BMI) and physical activity can be

used as individual predictors for diabetes incidence®*, facts point towards a greater

magnitude associated with BMI as compared to physical activity®. Today, there are

several anthropometrical measurements, in addition to BMI, which incorporate the

distribution of weight, such as sagittal abdominal diameter*® and waist-hip ratio. This

since abdominal adiposity has proved to be highly associated with disease development".

Still, blood metabolites, such as triglycerides, insulin and cholesterol, are the most

reliable markers indicative for insulin resistance®. This could stem from the fact that

these biomarkers incorporate the effects of physical activity and nutrition to a greater

extent as compared to anthropometrical measurements®.

Humans are diverse on so many levels: genetic, gender, age, hormonal cycle in different
lifestages, et cetera. In addition, we are under constant influence of environmental factors

" Reprinted withkind permission fromthe Swedish National Food Administratidrivemedelsverkgt

15



and, as mentioned before, in terms of lifestyle. These differences will contribute to an
individual metabolic response to nutrients, physical exercise and the combination
thereof. The underlying mechanisms responsible for individual differences in relation to
nutritional intake and physical activity are very complex and today poorly understood.
Therefore, methods assessing health in a way similar to diagnosis and prognosis of
disease will be vital for the future. In this was it might be possible to capture the
phenotypic diversity to fully understand the intrinsic relation between nutrients and
metabolic responses. A new biological perspective is moving into health research guided
by powerful bioinformatics. Bioinformatics provide tools for handling, processing and
analyzing large and complex data sets. Such approaches have become a key player in the
development of the field of functional genomics and more recently also systems biology.
Via the emerging of systems biology, the focus has shifted from the more conventional
analysis of studying isolated molecular events to instead consider the biological system as
whole both structurally and dynamically. This includes a comprehensive and integrated
analysis of genes (genomics), transcription factors (transcriptomics), protein

50-52

(proteomics) and metabolites (metabolomics) (Figure 2.

Building blocks of systems biology

(Genome | (Transcriptome Proteome g« Metabolome |
DNA :> RNA :> Protein y b\* :> Biochemicals. Phenotype
= (b :_ 4 Metabolites o = Function x

\-o
| B /
A \ \

Genomics Transcriptomics Proteomics Metabolomics
Figure 2.A schematic picture of theuilding blocks in systems biology and their inherent hierarchy
Genomics mapping the entire genome (DNAJranscriptomics measurements of overall transcript
expression (RNA)Proteomics identifying sequencing and characterizing the functibnarotein
network (proteins), Metabolomics, the comprehensive analysis of the metabolome wsphmified
conditions (metabolites)

In this chain of events, changes in the phenotype are of ultimate interest for the study of
the impact of exercise and nutrition on health. In the light of that, alterations in the
metabolome, located closest to the phenotypic level, could provide early signs as well as

53-54

biochemical explanations of phenotypic variation

Metabolomics

The overall aim of metabolomics is to identify and quantify all metabolites present in the
metabolome of a specific biological system®. The human metabolome is defined as all
low molecular weight metabolites present in a human sample. This includes not only the
essential vitamins and amino acids, but the whole set of metabolites that can be expressed
in humans under any condition®*’. This wide-ranging analysis is set to cover the vast
chemical diversity of metabolites such as amino acids, fatty acids, polyols, carbohydrates,
sterols and nucleosides (Figure 3.
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Nucleoside Sterol Carbohydrate
(Adenosine monophosphate) (Cholesterol) (Beta-D-glucose)
OH
/\/k/\ o
OH HO Y Y OH
HoN OH OH
(0]
Amino acid Polyol Fatty acid
(Leucine) (Ribitol) (Stearic acid, 18:0)

Figure 3A few examples of thephysiochemicallydiverse set ofmetabolitestargeted ty metabolomics
analysis.

Many of these physio-chemically diverse metabolites fluctuate over time due to
environmental factors, lifestyle, circadian rhythm and variability throughout the
different lifestages™. Consequently, the metabolome is in constant change, as compared
to the genome, which is fixed for life except for when mutations occur. This means that a
collected biological sample will only provide a snapshot of an organism’s metabolic state
and that special consideration needs to be taken regarding study design, sample
preparation and selection of platform for metabolite detection in order to capture the full
set of metabolites™.

Today there is no single analytical method that can detect all metabolites in a biological
sample. Instead, numerous complementary methods are available. The metabolome can
be characterized using vibrational spectroscopy platforms, e.g. Raman and Fourier
transform IR (FT-IR) spectroscopy®, nuclear magnetic resonance (NMR) spectroscopy
based methods, e.g. proton ("H)-NMR®, 2-dimensional "H-NMR®, magic angle spinning
(MAS)-NMR® or mass spectrometry based methods. The latter, often coupled to
chromatography to improve compound separation, e.g. gas chromatography-mass
spectrometry (GC-MS)**% and liquid chromatography-mass spectrometry (LC-MS)%7.,
These platforms differ in sample preparation techniques, sensitivity, resolution, mass
range, reproducibility, et cetera and should thus be used to complement each other®.
GC-MS, which is the preferred platform in this work, combines the advantage of a
sensitive detection with the ability to identify metabolites trough spectral library
comparisons®. Although being the most sensitive, the MS platforms still have some
drawbacks concerning reproducibility and metabolite identification compared to NMR
based methods in particular’”".

17
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The grand vision of metabolomics is to be able to, from a blood, urine or other tissue
sample, quantify and identify hundreds to thousands of metabolites that could be used to
predict health status, disease risk, treatment response or the likelihood to suffer from
drug side effects. This sci-fi vision is today starting to become a reality. As an example, in
Sweden a nationwide newborn screening program is in place where blood from all
newborns are collected, analyzed and stored. In this screening, the so-called
phenylketonuria (PKU) testing, mass spectrometry based methods are today applied to
search for biomarkers (metabolites) that could be used as indicators for over twenty

different inborn errors of metabolism?2.

Metabolomicsin human nutrition and physical exercise

Metabolomics applied in human nutrition, and even more so in relation to physical
exercise, is still at its infancy. Studies of the metabolome are likely to bring further insight
into the myriads of metabolic interactions caused by nutrients and exercise that are
difficult to target by conventional analyses. Traditional studies into metabolic health is
commonly conducted by measuring a few pre defined nutrients or metabolites. This will
however only provide metabolic information limited to the specific hypothesis being
tested. Instead, by complementing these methods with a more global investigation using
metabolomics, an overview of the interaction pattern of ‘all’ metabolites without missing
out on the accuracy provided by a more targeted analysis looking at specific metabolites
or metabolite classes.

As stated before, the human metabolome is highly complex and confounded by
numerous effects of different origins. Metabolomics as a strategy can thus be of great
value to take on the challenge of characterizing the metabolome and the changes therein
in areas concerning nutrition and health status”. Current applications range from
monitoring and detecting habitual dietary patterns””® to investigating nutritional
effects” or developing personalized food”™ and exercise regimes for the primary and
secondary (rehabilitation) protection of disease development®. In addition,
metabolomics can be used to investigate normal variation and fluctuations in the human
metabolome®?. Despite the progress of the methodology, there are still many challenges
ahead for metabolomics, especially when it comes to the identification and interpretation
of the vast amount of spectral data produced from metabolomics analyses®. Some of
these challenges have been addressed by the assembly and development of the human
metabolome database (HMDB)*.

Multivariate data processingnd analysis

In GC-MS, molecules are anticipated to elute from the chromatographic step one at a
time for the detection in the mass spectrometry. However, when performing global
metabolite analysis, i.e. metabolomics, a large number of metabolites have similar
properties and will hence travel at the same speed and co-elute. Thus, in order to obtain
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pure mass spectral profiles and correct quantifications of detected compounds for further
evaluation, additional data processing by mathematical curve resolution or
deconvolution is usually required®*.

Hierarchical multivariate curve resolution

Recent advances in analytical technologies have enabled high-throughput metabolomics
analysis of numerous types of biological samples. This simultaneous detection of
metabolites using hyphenated methods such as GC-MS captures the characteristics of a
biological sample in information-rich data tables. These data tables will then describe the
detected compounds from an analyzed sample in two dimensions, one spectral and one
chromatographic, where each detected compound’s chromatographic and spectral
profile will depend on the time range at which it elutes from the chromatographic
system. When analyzing samples containing hundreds to thousands of compounds this
will produce highly overlapping profiles, making manual integration difficult. GC-MS
analysis of multiple samples will give rise to a three dimensional data structure including
the spectral, chromatographic and sample dimensions. Deconvolution, or curve
resolution corresponds to a mathematical transformation or model of the raw GC-MS
data, in which compounds that are not, or only partly, separated by chemical
chromatography are further separated into their pure profiles in silico. Throughout this
work, hierarchical multivariate curve resolution (HMCR) has been applied for the
deconvolution step, which is carried out for all samples simultaneously. After smoothing
and filtering of mass channels, all samples are aligned by using one or several pure mass
channels, preferably from internal standards. This is followed by a manual division of
chromatograms into time windows, with borders set at local minima to avoid peak
splitting. Each time window is then deconvoluted separately to create a data matrix
where all samples are described by a common set of quantitative variables
(chromatographic peaks) and with corresponding resolved mass spectra stored in a
separate matrix for identification. Thereby, no peak matching is necessary and the output
data is ready for sample comparisons based on the whole metabolite profile. The
advantage of using a window wise deconvolution is that it takes care of some of the
retention drift still remaining after the alignment. In addition, it speeds up the
calculation process, thus making it more high-throughput. Since it allows for
simultaneous deconvolution of multiple samples, HMCR makes it possible to resolve two
mass spectra from completely overlapping compounds as long as they differ in intensity

between samples.®*

HMCR also includes a predictive feature by which independent samples can be resolved
by using processing parameters acquired from the HMCR training set, i.e. the original
processing (Figure 4. This predictive deconvolution is much faster than the original
processing making it a feasible option for the processing of many samples. The combined
high-throughput and predictive capabilities of HMCR makes it a very interesting method
for e.g. screening of large sample sets e.g. in metabolome-wide association studies
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(MWAS)*, verification and validation of biomarker patterns over multiple studies and
for diagnostic systems based on patterns of metabolites®'.

THE HMCR PROCEDURE

A) Alignment of samples B) Division of data into time windows
\ ‘ J\ *
2
2 @
'@ M | &
g ) =
£
Retention time
D) Prediction of new samples
- using obtained HMCR settings C) Resolving each time window separately
| ‘ L x Resolved compounds  Mass spectra (Identity)
(Quantity) 5
> k / 12 ] 1 3 5
2 I Gle + Mhi» L“—L» M
2 ! _J \ g 4 2 m/z 4 m/z 6 m/z
- £ }3\ g
Retention time Retention time m/z m/z m/z

Figure 4.Schematic picturef the HMCR method including theredictivefeature. A) A representative
training set(or all samples) are subjected to HMCR and simultanealiglyed.B) The alignedsample
chromatogramsare divided into time windowsvith bordersset at local minimaC)Each time windovis
deconvoluted separately resultingin deconvolution of quantitative profiles (i.e. metabolite
concentratiors) and mass spedt profiles (i.e. metabolitedentities), collected in two separate data
tables D) The obtained HMCR parameters can be usediégonvolutenew samples, resulting in
resolving the same compounds (if possiltas)in the original data.

In almost all MS-based metabolomics studies the sample comparison analysis, following
data acquisition and curve resolution, is often performed using multivariate statistical
methods. Commonly used methods include principal component analysis (PCA)***,
hierarchical cluster analysis (HCA)*, discriminant analysis®®, correlation network
analysis®® and partial least squares based regression and discriminant analysis®” .

Chemometrics

A biofluid sample is only representative for the specific time point at that it was
withdrawn from the host. Thus, it of utmost importance to sample at a time point
representative for the underlying study aim. Otherwise the data will not be predictive or
provide an answer to the study question. Thus, analyses concerning human health factors
in general, and metabolomics in particular, require well designed studies from bedside
(subjects) to bench (computer). By doing so, we can minimize bias from daily variations
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in human subjects, instruments and laborative work confounding the response and in
that way maximize the information output.

The main objective of metabolomics is to quantify and identify all metabolite present in a
biological sample. These data sets will for that reason include samples described by
hundreds to thousands of metabolites, which often are highly correlated. Thus, the data
analysis should preferable involve sample comparisons based on the whole set of
detected metabolites simultaneous. 1t is therefore a requirement to use methods for data
analysis, such as multivariate statistics'”, that can handle this type of correlated data
structures. Classical statistical methods such as ANOVA, multiple linear regression
analysis (MLR) and Student’s t-test are in these cases less reliable since they all assume
variable independence. However, saying that, the classical methods should still be seen as
an important complement to the multivariate counterpart, e.g. in the detection and
validation of single metabolic markers or for determining the strength of multivariate
models or model components.

Chemometrics is a concept that, as the name suggest, has its origin in chemistry. The
overall chemometric aim is to provide mathematical tools to extract represent and
display relevant information from high-dimensional empirical data and is thus
applicable to many contemporary research areas including metabolomics. This concept

can be summarized into two parts: (i) study design and (ii) multivariate analysis'""'",

(i) The purpose of study design is to make data contain information relevant for the
study aim. Statistical experimental design (SED), or design of experiments (DoE),
provides means to plan and execute experiments with the aim to maximize the
information output while keeping the number of experiments as low as possible. The
methodology enables simultaneous investigation of several variables and their
interactions with the option of extending the number of experiments in an organized
fashion based on the initial results. SED can preferably be used throughout the whole

process from defining the study aim to the final extraction of information.'*>1%

(ii) The multivariate analysis (MVA) part of chemometrics concerns the extraction of
information from high-dimensional data. This is often performed in two steps. First,
using unsupervised projection methods, such as principal components analysis (PCA), to
extract the main features of the data®'””. Secondly, a more focused and supervised
evaluation to decipher relationship between the data set and additional sample
knowledge, for example, age, gender and diet. Partial least squares (PLS)* and
Orthogonal-PLS* represent multivariate regression methods for relating information in
two or more data tables. An important part of MVA is the projection of the data to low
dimensional planes defined by latent variables, e.g. principal components. In this way
simple maps of the complex interactions occurring in the data are generated, which
largely facilitates interpretation and further evaluation.
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PCA

It is highly desirable, within the -omics and systems biology fields, to visually and
mathematically summarize the main features of information-rich data sets. As an
example, complex genetic structures in human populations can literarily be transformed
into visual maps by using principal component analysis (PCA)'.

The data overview obtained by PCA displays the relationship between observations (e.g.
biological samples) and variables (e.g. metabolites) in the original data matrix X. This
can be of high value in many steps of analyzing and interpreting metabolomics data, for

109

example in data inspection to detect outliers'” as well as when selecting representative

samples for model training and test sets'".

In brief, PCA is an unsupervised projection method comparable to an ordinary window
where the three dimensional outside environment is projected down to a two
dimensional picture. This picture can contain different aspects of information depending
on from which direction you are viewing the environment. In practice, the
multidimensional data table (e.g. hundreds of metabolites) is projected down to a few
orthogonal principal components (PCs), also referred to as latent variables, containing
the systematic variation in the data. A latent variable is defined as a variable that cannot
be directly be measured or observed but concretized from other variables. In MVA,
latent variables are calculated for the analysis of data structures by statistically relating
the co-variation between observed variables to these new latent variables''. The number
of PCs used to describe the variation in the data can be calculated in many ways.
Commonly used methods are singular value decomposition (SVD)” and the non
iterative partial least squares (NIPALS) algorithm'? The latter has the advantage of
handling missing values which often occurs in large metabolomics datasets and will
therefore be used throughout this work. Irrespective of algorithm, PCA works to deflate
the systematic variation in the original matrix X, into the latent variable description TP,
i.e. scores T and loadings P. The loadings correspond to the angle of which the PC is
placed among the original variables (e.g. metabolites), and will therefore indicate which
variables are important for the sample distribution displayed in the scores T.
Nonsystematic or random variation is not included in the model but is instead stored in
the residual matrix E.

= dAF

PLS and OPLS

In metabolomics studies, a more focused analysis of the data is often needed to answer
the specific underlying study questions. This aim may for instance be to investigate

dietary patterns in metabolite profiles” or to find the largest metabolic differences

'3 as well as more complex maneuvers

such as to relate metabolite information to protein and gene expression data'.

between treatment groups in intervention studies
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Methods providing such focused analyses are multivariate regression methods including
partial least squares (PLS)” and orthogonal projection to latent structures (OPLS)*.
These methods work to decipher the relationship between the original data matrix X, e.g.
metabolite concentrations in blood samples, to additional sample data stored in a
response matrix Y, e.g. treatment groups, sample collection time point or
anthropometric variables. In general, PLS and OPLS will yield the same results regarding
the predictive power of the model. OPLS can be seen as PLS with an integrated
orthogonal signal correction filter (OSC), a method for identifying and removing the
systematic variation in X that are not related to Y, ie. orthogonal or linearly
independent'”. Thus, the advantage of using OPLS, as compared to PLS, lies in the
interpretation of the data by allowing a separate inspection of the Y-predictive and Y-

orthogonal variation'>'s,

Still, despite the obvious advantage for interpretation,
consideration regarding the number of orthogonal components to be calculated must be
taken to minimize the risk for over fitting your data. The OPLS method is used
throughout the papers of thesis as the preferred regression method, why PLS will not be

further discussed.

In breif, OPLS is a supervised multivariate regression method based on the previous
mentioned latent variables. The latent variables in OPLS correspond to the maximized
squared covariance between the measured variables in X and the response variable(s) in
Y. In addition, OPLS have the ability to handle the problem with multicollinearities,
which are present in metabolomics and similar datasets containing numerous of highly
correlated variables. This is done by creating the projected score matrix T, which consist
of new orthogonal variables. The score matrix T summarizes the variation in X and
separates it into two parts: Ty, the systematic variation in X related to Y and To, the
systematic variation in X orthogonal (unrelated) to Y. E is the residual matrix containing
the non-systematic or random variation in the data.

ik I S I

By altering the response matrix Y to become a dummy matrix containing information
regarding sample class, multivariate discriminant analysis (DA) can be carried out.
OPLS-DA” is today commonly used for sample classification within metabolomics,
mainly due to the advantages regarding interpretation as described before'7™'%,

Predictive metabolomics

Predictive metabolomics®™'® is a strategy for generating representative high quality
metabolomics data for multiple sample comparison analysis, by applying the above
described chemometric concept in metabolomics analyses. In metabolomics studies,
representative data corresponds to a reliable characterization of the metabolome and all
of its entities. Because of the constant flux and the interdependency of metabolites,
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validation of study results is crucial for achieving reliable detection and interpretation of
metabolite patterns as well as unique biomarkers indicative of specific metabolic states.
Thus, as the name implies, the key feature of the predictive metabolomics approach lies
in the ability to allow for prediction of independent samples throughout the workflow.
This is enabled by the use of SED for study designs, standardized protocols for sample
handling and chemical characterization as well as a predictive attribute of the applied
data processing, e.g. curve resolution, and multivariate statistical methods (Figure 5. As
a result, the predictive metabolomics approach allows for screening of large number of
samples in a high-throughput manner without compromising on the data quality.

PREDICTIVE METABOLOMICS

STATISTICAL EXPERIMENTN\\ STANDARDIZED PROTO%EIERARCHICAL MULTIVAI ﬂE MULTIVARIATE ANAL\)iS

DESIGN Sample collection, preparation CURVE RESOLUTI Sample comparison analysis
Maximize information output and chemical characterization \Reso\vlng overlapping compound

BIOLOGICAL
// % i *r". INTERPRETATIO

Figure 5.An overview of the pedictive metabolomics strategy. SED is used iteratively throughout the
whole process from creating the original study design to the selecticawiplebatches for sample
preparation and analysis as well fas selection of training antest sets All sanple handling protocols

are standardized andesigned to maximize a diverse metabolite output. The HMCR method is used to
resolve overlapping compounds that were not separatedts chromatographyand also allows for
independent sample prediction by resoly the same metaboliteas obtained in the original HMCR
processingn independent sampleets. Finally multivaiate methods are used fosample comparison
modeling biomarker extraction, interpretation and validation

Another important issue for the metabolomics studies is dealing with the potential biases
from sample treatments®'"”. Addition of internal standards for normalization is one step
towards minimizing such biases, but will not cope with the unique variation that is
related to each single metabolite or to the order of analysis. In the predictive
metabolomics strategy chemometric methods such as SED and MV A methods is utilized
to construct sample treatment batches, e.g. for metabolite extraction and derivatization,
creating run order designs for chemical analysis and selecting training sets for curve
resolution and statistical analyses'*'®. Thus, by recognizing and considering the obvious
sources of biases these can be minimized and with that the information output from the
data maximized.
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Resuls

In this chapter, results from papers I-V are outlined and discussed. The common theme
throughout all papers is the predictive metabolomics methodology. This strategy is here
applied to investigate the impact of exercise and nutrition on human metabolism to
promote the understanding of human health mechanisms. The discussed papers are
presented as appendices.

Papers I and II describe and evaluate the results of a hypothesis free multivariate
screening methodology for studying human exercise metabolism and post exercise
nutrition response. Paper III follows-up findings in paper II by studying differences in
plasma metabolite profiles associated with physical fitness level. In paper IV an
investigation of short and long term effects of diet on the metabolome in post
menopausal women is presented. Finally, in paper V the predictive metabolomics
strategy is applied to study alterations in metabolic profiles linked to probiotics
treatment in infants.

Papes | and Il

Metabolomics analysis of physical exerciseducedstres responses
and macronutrient modulation

The plasma response following exercise involves multifaceted interactions between
thousands of primary and secondary metabolites. This metabolic response gets even
more complicated when considering the exogenous influence of nutrients. Conventional
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approaches to study exercise metabolism often restrict the analysis to a few compounds
and to a pre-defined hypothesis. This approach will limit the possibility to detect novel
and unexpected mechanistic phenomena. Therefore, the multivariate screening approach
presented and evaluated in papers I and II is designed to complement conventional
methods. The aim with this approach is to increase the understanding of the integrative
biology behind, and reveal new information related to, physical exercise and post
exercise nutrition. A schematic picture of the study design used in papers I and II is
presented in figure 6.

FOUR DIFFERENT SESSIQNS*

1) water
Beverage intake
2) Low-carb + protein Pre Omin +15min +30nin +60hin +90hin
é é é
3) Lowcarb
4) Highcarb

(M) 90min of strenous exercise on individualized workloads
‘ Plasma sample collection

* All subjects performed all four sessions4(lwith one week
apart accordingo arandomized scheme

Figure 6 A schematic overview of the study desigsed inpapers | andIl. All subjects performed four
matched exercise sessions on individualized workloads and were either given wategrtoyprotein,
low-carb or highcarb beverage immediately after completed exercise. Blood samples were collected
pre and post exercis@min)as well as in the early recovery phg8&-90min)

Results

The predictive metabolomics strategy is specifically designed to allow for independent
sample prediction regarding both HMCR processing and multivariate analysis. This is an
important feature to ensure that the model system is reliable and suitable for further
mechanistic evaluation. In papers I and II a validation sample set (test set) was
predictively resolved using the HMCR settings obtained from the training set, ie.
resolving the same metabolite peaks in the validation set as in training set before
predicting it into the existing multivariate models. Additionally, in paper II the GC-time
of flight (TOF)/MS analyses of serum samples were performed in two different runs
separated by eight months. This bias caused by the differences in time of analysis was
effectively accounted for by normalization by means of added internal standards and by a
within subject normalization using each subject’s Omin sample as an individual
reference.

A reproducibility test was performed of the obtained serum profiles in paper I by
comparing data from analytical replicates. This resulted in >80% correlation for 210 of
the 420 resolved putative metabolites, as well as for 28 of the 34 metabolites highlighted
as significantly altered in response to the acute effect of exercise as decided by OPLS-DA
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modeling and a permutation test. Prediction of analytical replicates and an independent
sample set into the existing OPLS-DA model resulted in 100% accuracy with regard to
class (pre vs. post exercise). The calculated OPLS-DA models in paper II revealed an
average of 99% correct classification according to the fitted model and 79% correct class
predictions of independent samples.

The post exercise macronutrient response in paper II revealed expected general effects
on glucose, insulin and free fatty acids (FFA) suggesting a different metabolic response in
relation to macronutrient composition in the ingested beverage. A global OPLS-DA
model comparing the serum metabolome for all four macronutrient compositions
showed a clear beverage composition dependent separation in the model scores (Figure

TA).
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Figure7. A) Cross validate®PLSA scores @[1-3]P) revealing clustering of subjects in relation to
which macronutrient composition that were ingestéd the early recovery periofbllowing physical
exercise B) OPLDA covariance loadys plot (w[22]) of the resulting metabolic pattern explaining the
clusteringin thetwo first components of the model scores.

The corresponding model loadings (Figure 7B highlighted expected as well as new
interesting metabolite patterns. Numerous amino acids increased after ingesting protein,
sugars increased after ingesting carbohydrates and fatty acids increased after ingesting
water. A more specific finding was the suggested anti-catabolic effect in subjects
ingesting the low-carbohydrate and protein beverage compared to the sole ingestion of
carbohydrates or water. This effect was shown by a specific decrease in 3-
methylhistidine, a muscle catabolism marker, and an increase in pseudouridine, a marker
of whole-body turnover rate of tRNA and rRNA and thus likely accelerated protein
synthesis.

Additional findings included the detection of differences in metabolite recovery profiles
in relation to fitness status. This was done by comparing the top and bottom five
subjects, when ingesting water after completed exercise, by means of their aerobic
capacity (VO,max) in an OPLS-DA model. Interestingly, when predicting the same low-
fit subjects, after ingesting the carbohydrate and protein beverage with suggested anti-
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catabolic effect, into the existing model they all moved towards a more high-fit
metabolite profile. One subject presented a deviating metabolite profile at two time-
points. Coincidently, this subject also revealed an abnormal insulin response following
the ingestion of carbohydrate and protein beverage at the same time-points (Hgure 8).

v | HighFit LowFit & Insulin concentration when
Top 5 individuals Bottom 5 ind\\lﬂdua\s ingesting Iov\carb+protein
1
10 : ;?\
! 120
1 1
= o
= o !
O 3 1 1 -
80
£ e® 2, © 5
] (6 bf )o 0] Q @@@ ' ® @ 1 1 =4
a o Q@oTi" @©3©:© : 40
e . @ L35
. 90  4© 0
E 10 . x o Pre 0 15 30 60 90
Num (Subject) Time point (min afteingestion/exercise)
OModel samples (subject ingesting water) —— Average*
© Predicted samples (subjects ingesting low carb+protein) - = - 95% confidence interval

—— Deviating subject

Fgure 8. Left Cross validated OPICR scores describing the separation of subjects with high and low
fitness status (i.e. Vihax)in samples taken in the earhgcovery periodafter exercise.Subjects with

top five V@maxvaluesare plotted as blue dots while the five subjects with bottom,M@xvaluesare
plotted as yellow dotsAll model samples were collected after ingestion of water o8lyrresponding
low-fit samples collectedafter ingesting lowcarb+protein beveragewere predictedinto the existing
model and are displayed as yellow circles the plot. The same subject/timpoint isconnected with a
dashed lineRight Insulin corentration ofthe deviating subjecfrom the OPLSDA predictionsvhen
ingestingthe low-carb+protein beverage (red linejompared tathe average (grey line).

Summary and conclusion

It is of high importance to have a working methodology that allows for independent
sample predictions into existing models (both in terms of curve resolution and sample
comparison models) as well as to allow for additional analyses of samples at a later stage.
This is emphasized and evaluated in papers I and II.

The results from papers I and II conclude that we have a working model system for
detecting exercise and post exercise macronutrient responses in serum metabolite
profiles as well as a potential model system for discovering pattern related to fitness
status. In addition, the predictive metabolomics methodology allows interpretation on an
individual subject levels to reveal low/slow and high/fast responders as well as for
detecting deviating metabolite profiles. This is not possible when only interpreting
univariate p-values where all subjects are averaged or ranked and not individually
displayed. By utilizing the cross-validated scores, the model variability will be
incorporated in the model interpretation to a greater extent as compared to using only
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the fitted model scores. This becomes even more important for the interpretation and
visualization of inter subject variation when an external prediction/test set is lacking due
to a too small sample set.

Exercise works as a stressor which amplifies the metabolic response and when using
individualized workloads all subjects are in theory stressed at their own level and to the
same extent. Therefore, each subject can act as its own control. In paper II this was
applied by utilizing the sample taken immediately after completed exercise (Omin) as the
individual reference sample for within subject normalization. As an effect of this
normalization, samples analyzed eight months apart could still be used together in

sample comparison modeling.

The results from paper II also suggest an improved anabolic-catabolic balance favored
by the ingestion of a more complex composition of macronutrients containing both
carbohydrates and proteins immediately after finished exercise compared to only
carbohydrates or water. Even though this study was not designed to investigate
differences in fitness levels, the results in paper II provided interesting findings in this
area. In addition, findings in paper II include changes in the metabolite profile indicative
of possible early signs of an impaired insulin function or resistance. Thus, we
hypothesize that this observation in a non-risk population, consisting of healthy
regularly training young males, suggests that individualized exercise in combination with
macronutrient intake could be used as a model system to amplify metabolic responses
which potentially could lead to an early detection of metabolic disorders. Although
interesting, this results needs to be confirmed in a larger cohort in a specifically design
study.

Paper Il

Investigation of metabolite profilesssociated withcardiorespiratory
fitness in healthysubjects

In relation to previous findings in paper II, in terms of differences in blood metabolite
profiles related to subjects fitness level, paper III aims to further investigate the
systematic changes in blood metabolites related to moderate differences in aerobic
capacity. An investigation of the metabolic consequences related to physical fitness
status, here defined by VO,max, revealed mechanistic information both related to disease
susceptibility as well as to properties of a healthy phenotype. Thus, metabolic stressors
such as individualized exercise and nutritional loads (carbohydrate, protein and fat) were
utilized in paper III with the intent to amplify metabolic signals and potentially expose
more subtle metabolic differences linked to fitness level.
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Results

Paper I1I revealed a clear and statistical significant separation (p<2.57E-06) of metabolite
profiles related to moderate differences in fitness level. These changes were observed in
plasma samples collected in 1) the early response following a nutritional load (during
resting), 2) after completed exercise with and without a nutritional load and 3) in a
verification test, i.e. subjects performing a matched exercise session including a
nutritional load. Validation samples from session 3 were used as an independent
prediction set to test the robustness of the obtained discriminating metabolic profiles

(Figure9).

THREE DIFFERENT SESSIDNSY +15nin +30nin +45nin +60nin +75nin +90nin
1) Resting + nutritional loal ‘ Nutritional load ‘ ‘ ‘ ‘ ‘ ‘
All subject
Nutritional

2) Exercise + nutritional load/wat load/water +15min +3Qmin +45min +6Qnin

Pre
Water: N=14 (high fit+ 7 lownorm) ‘ (ﬁ) ‘ ‘ ‘ ‘ ‘

Nutritional load: N=13 (6 high fit + 7 lemorm)

Nutritional
3) Exercise + nutritional lo Pre load *15min +3Cnin +45min
All subjects, validation s ‘ (% ‘ ‘ ‘ ‘
ngé) 65min of ergometer cycling on individualized workloads High fit: VOmax > 60 ml V&min/kg

) . . . Lownorm: VOmax 3848 ml VQ/min/kg
*  All subjects performed session 1 in randomized order.
Session 2 and wereperformed on the same day with G¥f & Plasma sample collection
rest and a standardized meatiretween.

Figure9. A schematic overview of thellected blood samples includedpaper 11l 1) All subjectsvere

givena nutritional load during resting. Blood samples were collected pre and every following 15min for
a total of 90min.2) An exercise session with individualized workloads was performed where subjects

were given either water or a nutritional load duritige recoveryperiod. Blood samples were collected

pre and immediately after completed exercise as well as every 15min for a total of 60min. 3) All

subjects performed a matched exercise session for validation purp&esd samplewere collected
pre and immedhtely aftercompleted exercise as well as every 15min for the following 45min.

Prior to chemical characterization of the collected blood samples, a design was carried
out to create sample batches for sample preparation and GC-TOF/MS analysis. This was
done to minimize the risk of sample preparation order interfering with the final results.
The design was set up by using the PCA scores calculated from anthropometric
measurements, e.g. BMI, VO,max, percent fat in tissue, age et cetera. Batches were
selected to maximize the PC space as well as to include a balanced set of high and low-
norm fit subjects and for subjects in session 2, in relation to nutrition intake (Figure 10.
All samples from one subject and one session were included in the same batch.
Corresponding samples from each subject were analyzed in close connection but in a
randomized order on the GC-TOF/MS.
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PCA scores PCA loadings
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Figure 10.A PCA model based on anthropometric measurements from whiclsahple preparation
and GGTOF/MS batches werdesignedLeft Cross validated PGscores (tcv[42]) describinghe inter
subject variation where high fit subject are displayed as dots anentmm as circlesBatches are in
different colors and matched subjects are connectedabiyie. Right PQA loadings (p[12]) describing
the variation among the anthropometric variables from which the We€re calculated.

As a validation, interpretation of the metabolic responses to the acute effects of a bout of
exercise in paper III resulted in a comparative metabolic pattern to that seen in papers I
and II Interpretation of these patterns revealed signs of oxidative stress and muscle

leakage among the subjects after completed exercise in terms of increased levels of

121 122

hypoxanthine'' and taurine'”. However, no differences were observed in metabolite
profiles related to different fitness groups immediately after completed exercise on

individualized workloads, i.e. comparing post exercise samples between fitness groups.

Interestingly, differences between the fitness groups were seen in pre samples at fasting
rest, in samples taken after a nutrition load as well as in the early recovery phase from
exercise with water or a nutritional load. Further interpretation of the discriminating
metabolic patterns revealed an overall decrease in gamma-tocopherol (GT), a vitamine E
isomer, and an increase in docosahexaenoic acid (DHA), a C22:6w3-poly unsaturated
fatty acid (PUFA) in the high fit subjects. In relation to this, levels of saturated- (C16:0)
and mono unsaturated- (C18:1) (MUFA) and trans (C16:1) fatty acid decreased in the
high fit group while alpha-tocopherol (AT), another vitamin E isomer increased.
Prediction of independent samples from the matched validation session showed small
intra-subject variations, thus indicating a robust and representative metabolic pattern
obtained in the initial OPLS-DA model. Model scores and loadings from the OPLS-DA
model comparing plasma metabolite profiles from high fit to low-norm subjects
following exercise and nutritional load can be seen in Hgure 11Aand B.
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A. OPL®A SCORES B. OPL®A LOADINGS
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Figure11. OPL®DA model comparinglasmametabolite profiles from high fit to lownorm subjects
following exercise and nutritional loaé) Crossvalidated OPL-BA scores, tere high fitsubjectsare
displayed as dark green dots and laarm as light green dots. The independent sample predictions
(from a eplicate session) are displayed as cirdB}OPLSA model loadings describing the metabolite
pattern related to fitness level. Metabolites in the upper part of the plot are positively correlated, i.e.
increased,in high fit subjects whilenetabolites inthe bottom part are negaively correlated, i.e.
decreasedin high fit subjectsidentified metabolitesare displayed in black, vere squaresdenotes
metabolites classified as amino acids, crossksotes metabolitesclassified as fatty acids and dots
denotesnon-classifiedmetabolites

Summary and conclusion

Cardiovascular function, which is improved with exercise training, can confer
antioxidant protection that is valuable at rest and in the metabolism of exogenous
nutrients. These improvements in the antioxidant defense system, which could help to
deal with inflammatory responses linked to disease development, is potentially reflected
in blood metabolites.

In paper III, moderate differences in the metabolome related to cardiorespiratory fitness
(VO;max) in healthy young males, which were all regularly training, was detected.
Interestingly, by using external stressors such as nutritional load and individualized
exercise the small differences observed in a few specific metabolites in pre samples
during fasting were amplified and extended to include differences in the whole metabolic
recovery profile, i.e. the dynamic response to nutrients and/or exercise.

To summarize, the high fit subjects revealed a potentially more favorable blood lipid
profile as compared to low-norm. This profile was specifically defined by lower levels of
gamma-tocopherol (GT), a vitamin E isomer, and higher level of docosahexadecanoic
acid (DHA), a w3-PUFA. GT has proven effective in quenching reactive nitrogen species
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and inhibit heat shock proteins'®, which is a part of the oxidative stress response to
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exercise and thus increased in the contracting muscle per se'*. As a consequence, the
lower levels in high fit subjects might be explained by an increased uptake in the muscle
cells. The higher level of the w3-PUFA, DHA, in combination with lower levels of w6-
PUFA, saturated- monounsaturated- and trans fatty acids in the high fit subjects could
potentially be a result of a metabolism more prone to use lipids as fuels, which is a well

12 Also the increased availability of

described phenomena following regular exercise
DHA in high fit subjects suggests an improved metabolism by means of reducing pro
inflammatory activities'?s. To conclude, the high fit subjects might have obtained an
increased cardiovascular inflammatory and antioxidant defense system, which could be
more prone to deal with the inflammatory response following exercise and nutrition

intake.

One can speculate that a more active lifestyle, as for the high fit subjects, will increase the
awareness of their own nutrient intake as well as of other factors that influence health.
Thus, further studies of metabolic effects linked to physical fitness level will require a
more detailed description of the participant’s normal metabolic pattern. This could be
achieved by combining conventional food questionnaires with metabolomics analysis of
tissues to investigate the normal variation within groups of different fitness levels.

Paper IV

The impact oflong and short termdiet interventiors on the
metabolome inoverweightand obesegpostmenopausal women

The epidemiological link between obesity (mainly central), insulin resistance, diabetes
and cardiovascular disorders is very clear but there are still questions remaining
regarding the underlying mechanisms. After the menopause, there is a clear rise in the
incidence in diabetes mellitus as well as cardiovascular diseases. A contributing factor
might be the reduced levels of estrogen that causes a change in the fat distribution

127 which is a marker of cardiovascular risk per se?.

towards a more central localisation
Weight management is therefore crucial for this population. Notably, a diet consisting of
high amounts of saturated fats and nutrients with high glycemic index'?® has been
suggested to increase the prevalence of obesity'”. In contrast, a diet comprising of high
amounts of fats, mainly mono- and poly unsaturated fatty acids (MUFA and PUFA), and
low amounts of carbohydrates may reduce weight in comparison with a low fat and high
carbohydrate diet'®. In addition, a relatively high content of protein in the diet may per
se contribute to weight loss''.

The study in paper IV aimed to investigate the metabolic response to different dietary
restrictions in overweight and obese postmenopausal women, from a short- and a long-
term perspective. For this, a high protein and MUFA diet was compared to a low protein
MUFA diet; the latter in accordance with the Nordic nutrition recommendations from

20042,
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Results

Paper IV includes two separate studies of metabolic responses to dietary intervention in
overweight and obese postmenopausal women. A short term study over five weeks and a
long term study over two years (Figure 12. In the short term study an investigation of
the effects of a high protein and MUFA diet composed by a low amount of carbohydrates
(30 E%), normal to high in proteins (30 E%) and high in fats (40 E%) mainly MUFA and
PUFA and low amounts of saturated and trans-fatty acids was carried out. In the long
term study participants were either assign to the high protein and MUFA diet or to a low
protein and MUFA diet, consisting of higher amounts of carbohydrates (55 E%), lower in
protein (15 E%) and in fats (30 E%).

(TWO DIFFERENT INTERVENTIDNS*

1) Short term effect of a high protein and MUFA Pre _ +5 weeks ] +3 months
Five weeks, 10 subjec ~ & Restricted diet @ Non restricted diet §

2) Long term effect of two different diets~_ Pre +6months +24 months
Two years — & Restricted diet ¢  Restricted diet  §
34subjects ora high protein and MUFA die
32 subjecton a low protein and MUFA die|
N J

High protein and MUFA dieB30B% carbohydrates, 30E% proteins and 40E% fats (mainly MUFA and PUFA)
Low protein and MUFA diet (i.e. Nordic nutrition recomendation from 20085E% carbohydrates, 15E% proteins and 30E% fi

* The dietary composition ithe shortterm study & Blood sample collection
were comparable to the high protein and MUFA
diet usedin the two year intervention study

Figure 12.A schematic overview of the collected blood samples in papet)Vshort term dietary

intervention study includingten overweight and obesepostmenopausal womerfollowing a high
protein and MUFA dietBlood samples were collected pre intervention, eaffive weeks on the
restricted diet as well as aftean additional three months on a non restricted diet. &)long term
dietary intervention stugt comparingtwo different diets,low versusa high protein and MUFA dietn

66 overweightand obesepostmenopausal women. Blood samples werdemtéd pre intervention as
well as after & and 24 months othe restricted dies.

Short term dlietary restrictiorfstudy1)

The ten overweight and obese post menopausal women showed an average weight loss of
1 kg/week and an average decrease in waist by 6 cm after five weeks on the high protein
and MUFA diet.

From the metabolomics analysis of plasma metabolite profiles, a robust OPLS-DA model
was obtained with high predictability of analytical replicates, i.e. 93% model sensitivity
(% correct predictions) and 100% model specificity (% correct model fit). This model
revealed clear differences between samples collected pre and post five weeks on the high
protein and MUFA diet (Figue 13A). Additional validation of the chemical
characterization and data processing, i.e. GC-TOF/MS and HMCR, resulted in >90%
correlation (Pearson’s) of resolved metabolites and internal standards between analytical
replicates.
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Prediction of follow-up samples collected after three months on a non-restricted diet into
the existing OPLS-DA model comparing pre and post dietary samples, revealed highly
diverse individual responses. When comparing these responses to anthropometric
parameters, such as continued weight loss, the four subjects that had moved even further
in the ‘diet direction’ continued to lose weight while one subject that had moved in the
opposite direction did not (Figure 13B

A

(o8]
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8s S e Post 5 weeks of diet (model sample)

0 Post 5 weeks of diet (predicted analytical replicate)
OPre diet (model sample)

i 9 | ©Pre diet (predicted analytical replicate)

© | @3 month followup (model sample)

0 3 month followup (predicted analytical replicate)

tPScv[1]
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2 3 4 s
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Figure 13. An OPLS®DA model comparingplasma samples from ten overweight and obese
postmenopausal women detted pre and post five weeks orhigh protein and MUFAliet. A) Cross
validatedmodel scores (tPSc4]) describing a clear separation between samples collected pre (white
dots) to those after five weeks othe restricted diet (blue dots). Analytical replicatggircles)were
predicted into the existing OPiI3A model B) Additional samples collected thremonths on a non
restricted diet(red dots) and their analytical replicates (red circles) were predicted into the existing
OPLSA modelas described in A

After five weeks of high protein and MUFA diet, numerous blood lipids and amino acids
were significantly altered (p<0.05) and seen as robust trends in the OPLS-DA loadings
(Figure 14. More specifically, there were an increase in MUFAs and PUFAs, such as
docosahexadecanoic acid, (DHA, C22:3w6), arachidonic acid (AA, C20:4w6), oleic acid
(OA, C18:1) and palmitoleic acid (PA, C16:1) after five weeks of high protein and MUFA
diet. In contrast, there was a decrease in the saturated fatty acid lauric acid (LauA,
C12:0).

Several amino acids decreased after the high protein and MUFA diet, i.e. tryptophan,
tyrosine, proline and aspargine, while the amino acid conjugate methylcysteine (MeCys)
increased. MeCys has been reported to have cholesterol lowering effects'* and was here
seen in combination with a significant decrease in cholesterol (Figure 14.
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