
i 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Multivariate data analysis of 
metabolomic multi-tissue 

samples 

Frida Torell 

Department of Chemistry 
Umeå 2020 

 



ii 

 

 

 

 

 

This work is protected by Swedish Copyright Legislation (Act 1960:729) 
Dissertation for PhD 
ISBN: 978-91-7855-271-9 (printed version), 978-91-7855-272-6 (digital version) 
Cover: The picture was created using IOGraph V 1.0.1 (http://iographica.com/) that I 
used to track the mouse movements for one hour when writing my thesis.  
Electronic version available at: http://umu.diva-portal.org/ 
Print: Lars Åberg, VMC-KBC, Umeå 
Umeå, Sweden, 2020 



i 

 

 

 

 

 

Dedicated to my family 

 

 



2 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



i 

Table of Contents 

Abstract ..................................................................................................................... iii 

List of Notations ....................................................................................................... iv 

List of Abbreviations .................................................................................................. v 

List of Publications .................................................................................................. vii 

Publications not appended in the Thesis ................................................................ viii 

Sammanfattning på svenska ..................................................................................... ix 

1. Introduction ............................................................................................................ 1 
1.1. OMICS platforms ........................................................................................................................ 1 
1.2. Metabolomics .............................................................................................................................2 

1.2.1. Metabolomics applications ............................................................................................... 4 
1.2.2. Metabolomics in mouse studies ....................................................................................... 4 

1.3. Maturity Onset Diabetes of the Young (MODY) ........................................................................ 5 
1.3.1. MODY5............................................................................................................................... 5 
1.3.2. The MODY5/RCAD mouse model .....................................................................................6 
1.3.3. Wild-type mice .................................................................................................................. 7 

2. Scope of the Thesis................................................................................................. 8 
2.1. Aims of the Papers .................................................................................................................... 8 

3. Background ............................................................................................................ 9 
3.1. Project initiation ........................................................................................................................ 9 
3.2. Mouse origin and maintenance ................................................................................................ 9 
3.3. Sampling .................................................................................................................................. 10 

3.3.1. Mouse metadata .............................................................................................................. 10 
3.3.2. Mouse organ-tissue and plasma samples ...................................................................... 10 

3.4. Chemical analysis techniques ...................................................................................................11 
3.4.1. Mass spectrometry techniques ........................................................................................11 
3.4.2. Multivariate Curve Resolution (MCR) ........................................................................... 14 

3.5. Statistical techniques ............................................................................................................... 15 
3.5.1. Multivariate data analysis .............................................................................................. 15 
3.5.2. Principal Component Analysis (PCA) ............................................................................. 19 
3.5.3. Projection to Latent Structures (PLS) ............................................................................ 21 
3.5.4. Orthogonal Partial Least Squares (OPLS) .....................................................................22 
3.5.5. Projections to Latent Structures - Discriminant Analysis (PLS-DA) ........................... 24 
3.5.6. Orthogonal Projections to Latent Structures - Discriminant Analysis (OPLS-DA) ..... 24 
3.5.7. Hierarchical modelling ................................................................................................... 25 
3.5.8. Data integration methods ............................................................................................. 26 
3.5.9. Multivariate data analysis compared to Machine learning ........................................... 27 



ii 

3.5.10. Classical statistics ........................................................................................................ 28 

4. Results and Discussion of data and papers .......................................................... 30 
4.1. Assessment of data quality ..................................................................................................... 30 

4.1.1. Evaluation of metadata .................................................................................................. 30 
4.1.2. Evaluation of chemical analysis ..................................................................................... 31 

4.2. Metabolite distribution in organ tissues .................................................................................33 
4.2.1. Gut associated metabolites ............................................................................................. 35 
4.2.2. Kidney associated metabolites ....................................................................................... 35 
4.2.3. Liver associated metabolites .......................................................................................... 35 
4.2.4. Muscle associated metabolites .......................................................................................36 
4.2.5. Pancreas associated metabolites ....................................................................................36 
4.2.6. Conclusions – metabolite distributions .........................................................................36 

4.3. Paper I: Metabolic profiling of multiorgan samples: evaluation of MODY5/RCAD mutant mice

 ......................................................................................................................................................... 37 
4.4. Paper II: Multi-organ contribution to the metabolic plasma profile using hierarchical 

modelling ....................................................................................................................................... 39 
4.5. Paper III: Multiblock analysis on a small metabolomic multi-tissue dataset ........................ 41 
4.6. Paper IV: Tissue sample stability: thawing effects on multi-organ samples ........................ 43 
4.7. Paper V: The effects of thawing on the plasma metabolome: evaluating differences between 

thawed plasma and multi-organ samples ..................................................................................... 44 

5. Concluding remarks and Future perspective ....................................................... 46 

6. Acknowledgements .............................................................................................. 50 

7. References ............................................................................................................ 53 
 



iii 

Abstract 

Multi-tissue metabolomics involves characterisation of the metabolome of several tissue 

types. The metabolome consists of small chemical entities of low molecular weight called 

metabolites, which are constantly produced and interchanged through a vast variety of 

biochemical reactions occurring throughout living organisms. Metabolome alterations can 

be attributed to genetics, environment, and diseases. We used gas chromatography time-

of-flight mass spectrometry (GC TOF-MS) to characterise the metabolome of mouse organ 

samples: gut, kidney, liver, muscle, pancreas and plasma. Samples were obtained from 

wild-type mice and mice carrying a mutation in the hepatocyte nuclear factor 1b (HNF1b) 

gene, referred to as MODY5/RCAD (for maturity onset diabetes of the young 5/renal cysts 

and diabetes syndrome) mice. MODY is a class of hereditary diabetes mellitus, and MODY5 

is caused by mutations in HNF1B, resulting in a wide range of manifestations, including 

renal diseases, kidney and genitourinary malformation, and elevation of liver enzymes. 

Today, MODY5 in humans is diagnosed using genetic tests, and varying referral rates and 

manifestations have resulted in misdiagnosis. Our main focus was therefore to increase 

understanding of the metabolism associated with MODY5/RCAD by studying the metabolic 

profiles of individual organs and plasma (Paper I) from MODY5/RCAD mutant and wild-

type mice. The mouse model displayed an overall metabolic pattern consistent with the 

presumed outcome of the mutation in humans, making the MODY5/RCAD model suitable 

for studies of HNF1B-associated diseases. An understanding of metabolite origin would be 

beneficial for understanding the plasma profile associated with MODY5/RCAD. We used 

hierarchical modelling to provide an understanding of metabolite origin by detecting how 

metabolites from the organs contributed to the plasma metabolic profile (Paper II). Both 

specific and overall organ metabolite contributions to the plasma metabolic profile were 

studied. Further exploration of the dataset involved study of its innate variation using joint 

and unique multiblock analysis (JUMBA; Paper III). In addition, we explored the effects of 

improper sample handling for metabolomic multi-tissue data, and we studied the 

similarities and differences in the responses to thawing between organ tissues (Paper IV) 

and plasma samples (Paper V), thus identifying metabolic profiles that could indicate 

compromised samples. These profiles could be beneficial for large-scale collaborations that 

involve sample exposure to unsuitable conditions. Altogether, we have contributed to an 

increased understanding of the MODY5/RCAD multi-tissue metabolomic dataset and 

worked up protocols and strategies for how small datasets should be handled. 

Key words: metabolomics, GC TOF-MS, multivariate data analysis, multi-organ samples, 

hierarchical modelling, OnPLS, JUMBA, OPLS-DA, mouse, Hnf1b, MODY5/RCAD, freeze-

thaw, sample handling  
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Sammanfattning på svenska 

Metabolomik är identifieringen och statistiska utvärderingen av halten av metaboliter i en 

mängd prover. Metaboliter är små kemiska strukturer som produceras av alla reaktioner 

som pågår i organismer. Genom att tolka halten av metaboliter får man en uppfattning om 

organismens status, vid provtagningstillfället. Den relativa mängden av metaboliter i ett 

prov kan identifieras genom olika metoder. Till dessa identifieringsmetoder räknas 

exempelvis kärnmagnetisk resonans (eng. Nuclear Magnetic Resonance (NMR)) och 

masspektrometri-plattformar så som gaskromatografi (eng. Gas Chromatography Mass 

Spectrometry (GC-MS)) och vätskekromatografi (eng. Liquid Chromatography Mass 

Spectrometry (LC-MS)). Valet av identifieringsplattform baseras på vad studien kräver.  

Metabolomikstudier skiljer sig från sina föregångare. De tidigare studierna gick ut på att 

mäta en eller ett par variabler med hög precision. I metabolomikstudier hittas hundratals 

till tusentals potentiella metaboliter i varje prov. Därtill kan dess dataset innehålla en hel 

del brus. Metoder i klassiska, univariata, statistiken togs fram för att tillämpas på de typer 

av experiment där man mäter ett fåtal variabler, med hög precision. Metabolomikdata är 

inte av denna karaktär, utan består av många variabler (pikar/metaboliter) och färre 

observationer (försöksdjur/patienter). Med hjälp av multivariat dataanalys fokuserar vi på 

storleken hos olika variabler och deras variation för att identifiera metabolitmönster. För 

att finna dessa mönster används multivariata metoder som principalkomponentanalys 

(eng. Principal Component Analysis (PCA)) och diskriminantanalys (eng. (Orthogonal) 

Projections to Latent Structures Discriminant Analysis ((O)PLS-DA), där alla variabler 

analyseras simultant. De univariata metoderna används sedan som ett komplement till de 

multivariata metoderna i utvärderingen av metabolomikdata.  

I denna avhandling har arbete i huvudsak kretsat kring Maturity Onset Diabetes of the 

Young (MODY). MODY utgör en grupp ärftliga diabetestyper som orsakas av mutation i en 

enda gen som leder till att individen får en rubbad insulinproduktion och diabetesliknande 

symptom. Patienter med MODY blir ofta missdiagnostiserade med diagnosen Diabetes Typ 

1 (DT1) eller Diabetes Typ 2 (DT2). De flesta MODY patienter har en underproduktion av 

insulin, men det finns ingen insulinresistens som vid DT2. Behandlingen med insulin eller 

tabletter leder då till svår hypoglykemi (sockerkänning). Vi studerade MODY5, vilken 

orsakas av en mutation i genen som kodar för transkriptionsfaktorn Hnf1b. MODY5 (eller 

RCAD (Renal Cysts And Diabetes syndrome)) misstänks då patienten har en DT1 eller DT2 

diagnos samt njurpåverkan. Idag diagnosticeras MODY5 genom genetiska tester, dock är 

dessa dyra och diagnosen relativt okänd bland kliniker. Genom att öka förståelsen för 

sjukdomen så finns förutsättningar för att förbättra både behandling och diagnostisering. 
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Proverna som analyserades i denna avhandling kom från möss av vildtyp samt möss med 

en mutation som gav ett MODY5-liknande tillstånd. Alla möss föddes upp i Paris, Frankrike 

(Cereghini et al.). Då mössen var åtta månader placerades de i varsin metabol bur och 

övervakades noggrant i fem dagar. Såväl mat- och vattenintag som mängden urin- och 

avförings samt blodsocker och kroppsvikt mättes dagligen och utgör metadata. På den 

femte dagen offrades mössen och deras lever, muskler, njurar, bukspottkörtel och mag-

tarmsystem samt blodplasma placerades i -80 °C frysar. Dessa skickades i två försändelser 

till Umeå för analys, där proverna i den ena nådde Umeå tinade.  

I Paper I fastställde vi de metabola profilerna för sjukdomstillståndet (MODY5/RCAD), i 

var och en av de undersökta organen och plasma. MODY5/RCAD mössen uppvisade tecken 

på nedsatt njurfunktion och förändrad fettsyra och lipidmetabolism i organvävnaderna. Vi 

fann även att tarmarna påverkats mindre av mutationen, jämfört med hur det såg ut för 

de övriga organen och plasma. Detta kan ha att göra med att Hnf1b är viktig vid bildandet 

av bukspottkörtel, lever och njurar, i det unga musembryot. Varför musklerna skulle vara 

mer påverkade än tarmen krävs det vidare studier för att fastställa.  

I Paper II fokuserade vi på hur de olika organen bidrar till metaboliterna i blodplasma och 

undersökte vilka metaboliter som varje organ bidrar med till plasma. Målet med denna 

studie var att undersöka hur hierarkisk modellering kan användas för att identifiera detta 

bidrag. Vi visade att alla undersökta organ bidrog till metabolitnivåerna hos blodplasma, 

men att det var mag-tarmsystemet som hade största bidraget. Den hierarkiska modellen 

kunde även vis på de organspecifika metabolitbidraget till blodplasma. Då de identifierade 

flödena överensstämde med vad vi kunde förvänta oss, baserat på rådande forskning, 

skulle denna strategi kunna användas för att studera flödet av okända metaboliter.  

Paper III behandlar hur man kan utföra dataintegrering av ett litet dataset. Genom att 

integrerar data från olika block (i detta fall representerade varje vävnadstyp ett block) 

kunde vi identifiera gemensamma mönster, gemensam variation. Den integrationsmetod 

vi använde var JUMBA (Joint and Unique MultiBlock Analysis) som kan identifiera både 

global variation (som återfinns i alla block), lokal variation (som återfinns i några av 

blocken) och unik variation (endast återfunnen i ett block). JUMBA extraherade två globala 

komponenter som vi kunde tolka som en annorlunda aminosyraprofil och fettsyraprofil 

hos en av mössen, samt att vissa skillnader berodde på mössens storlek. JUMBA fann även 

upp de två genotyperna, i alla block utom mag-tarmsystemet (alltså i en lokal komponent) 

vilket överensstämmer med fynden i Paper I. I en andra lokal komponent fann JUMBA hur 

de olika mössen befann sig i tre olika stadier av energimetabolism. Detta indikerar att 

JUMBA lämpar sig för att få fram information, även i fall med få prover. 
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I Paper IV undersökte vi hur de olika vävnadstyperna reagerat på upptining. De metabola 

profilerna hos prover som tinat under transporten jämfördes mot sådana som behandlats 

enligt standardprotokoll (SOP). Genom att identifiera metaboliter som är specifika för 

felbehandlade, tinade prover fann vi ett metabolitmönster som ska ses som alarmerande. 

De olika organproverna reagerade likartat på att ha tinat under transporten, med protein-

degradering och cellsönderfall. Om denna typ av mönster observeras måste provens kvalité 

granskas. I en andra studie av tinade prover (Paper V) jämförde vi dessa resultat med de 

tinade plasmaproven och fann att organproverna var känsligare för upptining. Dock 

uppstod förändringar även i plasmaproverna.  

Sammanfattningsvis har denna avhandling bidragit till en ökad förståelse för detta multi-

vävnads dataset och upparbetat protokoll för hur små dataset (där små dataset avser 

sådana med färre än femton observationer per grupp) ska hanteras. Vi har bedömt hur väl 

MODY5/RCAD musmodellen skulle fungera som modell och dess potential i pre-kliniska 

studier av HNF1 B-associerade sjukdomar. Vi har studerat hur olika organ bidrar till de 

metabolitnivåer som återfinns i blodplasma. Vikten av att prover hanteras korrekt och på 

samma sätt samt vikten av randomisering har också diskuterats. Dessutom har vi 

diskuterat olika multivariata dataanalysmetoder och betydelsen av de metabola variationer 

vi identifierat.  

Mycket har hänt inom metabolomik under mina år som doktorand, det är fortfarande ett 

relativt ungt fält men med mycket tydligare riktlinjer. Stora insatser har lagts på att 

standardisera namngivningen av metaboliter och hanteringen av prover. Mängden 

metaboliter som identifieras har ökat enormt och så även precisionen med vilken de mäts. 

Väl upparbetade standardprotokoll finns och kunskapen om olika metaboliter ökar för var 

dag som går. Fältet som sådant visar enorm potential vad gäller diagnostisering och 

monitorering av sjukdomar samt identifiering av nya behandlingsmål. Jag ser framemot 

att följa dess utveckling vidare.  
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1. Introduction 

This chapter provides background information about the field of metabolomics, the general 

use of mouse models, and the specific use of the MODY5/RCAD mouse model. The goal is to 

introduce the research presented in the appended papers (Papers I-V). 

1.1. OMICS platforms 
The term ‘omics platform’ refers to several different fields, including metabolomics, 

proteomics, transcriptomics and genomics. All omics platforms are important for 

understanding biological systems [1, 2]. Efforts to understand a biological system often 

involve identification of the link between a phenotype (i.e. physical appearance) and a 

genotype (i.e. genetic composition based on heritage). Omics platforms are used to study 

various parts of the phenotype-genotype interaction. Genomics involves deoxyribonucleic 

acid (DNA) sequencing methods and aims to assemble and identify the structure and 

function of genes and genomes. Genomics provides hereditary information – the reason 

for the phenotype. Transcriptomics is the study of messenger ribonucleic acid (mRNA) 

expression levels, often performed using DNA microarrays or RNA sequencing (RNA-Seq). 

Transcriptomics informs about the gene activities that cause the phenotype. Proteomics is 

a quantitative, extensive analysis of the proteome that aims to identify protein structure 

and function, providing information about what is going on to produce the phenotype. 

Metabolomics is the identification and quantification of metabolites. Metabolomics is 

closest to the phenotype and informs about what happened or is happening to generate the 

phenotype. Figure 1 summarises the relationship between the different omics platforms. 

 

Figure 1: Omics overview. Genomics involves DNA sequencing methods and aims to assemble and identify the 

function and structure of genes and genomes. Transcriptomics is the study of mRNA expression levels, often 

performed using DNA microarrays or RNA-Seq. Proteomics is a quantitative, extensive analysis of the proteome 

and aims to identify protein concentrations and functions. Metabolomics involves identification and 

quantification of metabolites.  
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1.2. Metabolomics  
Metabolomics provides a snapshot of what is happening inside an organism and aims to 

identify and quantify metabolites from different sources [2]. Metabolites are small 

chemical compounds of low molecular weight, classified as either primary or secondary. 

Primary metabolites are needed for general growth, energy storage and physiological 

development, and include amino acids, fatty acids, sugars and sterols (see Figure 2). 

Secondary metabolites are biosynthetically derived from primary metabolites and include, 

for example, alkaloids, flavonoids and glycosides. Secondary metabolites are involved in 

processes such as cell-to-cell signalling, metal acquisition, virulence, etc. The metabolome 

consists of the continuous result of the biochemical reactions occurring during metabolism. 

Metabolism can be classified into two types according to the net result of the associated 

metabolic reactions. Catabolism involves degradation, such that large molecules are broken 

down into smaller ones, e.g. polysaccharides to monosaccharaides and lipids into fatty 

acids. Anabolism involves construction, such that smaller molecules are used to build 

larger ones. Catabolic reactions produce energy, while anabolic reactions require energy. 

 
Figure 2: Metabolites. Primary metabolites include amino acids (e.g. tryptophan), fatty acids (e.g. hexadecanoic 

acid), sugars (e.g. glucose-6-phosphate) and sterols (e.g. cholesterol).  

Metabolomics is a detailed study of the entire metabolome of a cell, tissue, organ or 

organism designed to obtain data on as many metabolites as possible from the sample 

under investigation. Metabolomic samples may include biofluids, plant extract or tissue 

etc. The underlying assumption is that metabolite concentrations contain information 

about the biological phenomenon that is being studied. However, the challenge lies in 

identifying metabolites that are associated with the biological phenomenon of interest and 

separating these from metabolites that are unrelated. Metabolomics can be performed 

using an untargeted approach that includes all measurable analytes (or peaks), or a 

targeted approach that includes only specific measurable analytes of interest [3]. The 

advantage of an untargeted approach is that it facilitates discovery of novel analytes since 

this method provides greater coverage of the metabolome. The advantage of a targeted 

approach is that it focuses more on specific metabolites of interest which are measured in 

absolute concentrations [4]. 
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The general strategy for metabolomics starts with defining the scientific question. Next, a 

design of experiment (DoE), i.e. a plan for performing the study, is considered. The DoE 

may be a true design (e.g. fractional factorial [5], Plackett-Burman [6], optimal [7], Box-

Behnken [8], or central composite [9]), or a set of guidelines and strategies for the study. 

Sample selection is also a critical component of DoE, and randomisation, technical 

replicates and quality control samples are essential. Randomisation should be implemented 

in throughout the chemical analysis as well as in the clinic/breeding. After determining a 

sampling technique, samples are collected according to the established design, prepared 

using suitable extraction protocols, and analysed using the selected platform(s), e.g. 

nuclear magnetic resonance (NMR), gas chromatography-mass spectrometry (GC-MS) 

and/or liquid chromatography-mass spectrometry (LC-MS). Observations are followed by 

metabolite identification using multivariate curve resolution (MCR) [10, 11] or compound 

deconvolution [12] for GC-MS, or peak identification from fragmentation patterns using 

tools like Profinder™ software package (Agilent Technologies Inc., Santa Clara, CA, USA) 

combined with a local retention time and mass spectra library [13] for LC-MS. Thereafter, 

multivariate data analysis/statistical analysis is performed, the data is evaluated, and its 

significance is validated. Finally, biological interpretation or evaluation occurs. This 

involves identification of the perturbed metabolic pathways and validation with external 

data, if possible. Figure 3 summarises the general metabolomics workflow. 

 

Figure 3: Metabolomics workflow. The general strategy for metabolomics starts with defining the scientific 

question(s) – the aim of the project is to answer the scientific question(s). Thereafter, strategies for performing 

the study and selecting samples are determined. Next, samples are collected according to the plan, prepared using 

suitable extraction protocols/standard operating procedures (SOPs), observed and analysed using the selected 

platform(s), and examined for metabolite identification. Thereafter, multivariate data analysis/statistical analysis 

is performed, data is evaluated, and its significance is validated. Finally, biological interpretation or evaluation 

occurs leading to, for example, the perturbed metabolic pathways being identified and validated with external 

data, if possible. The interpretation may raise new scientific questions, resulting in additional studies. 
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1.2.1. Metabolomics applications 
Wishart, an initiator of the Human Metabolome DataBase (HMDB: www.hmdb.ca) wrote 

a comprehensive review that summarises the application of metabolomics as of 2016 [14], 

concluding that metabolomics had been applied for studying: health and medicine (for 

identifying biomarkers and novel therapeutic targets, studying disease states, and 

monitoring diseases); fluxomics (for examining the dynamics of the metabolome and 

determining the rate of metabolic reactions within a studied biological system); functional 

genomics (for identifying links between phenotype and genotype); metabologenomics 

(integration of metabolomics and genomics), nutrigenomics (where all omics platforms 

are used to study the effects of various nutrition); toxicology (study of the metabolome to 

assess toxicity); and environmental metabolomics (for studying the metabolic fingerprint 

associated with environmental interactions). Lipidomics, where lipid profiles are obtained 

and lipid pathways and networks are studied, can also be considered a metabolomics 

application, [15]. 

1.2.2. Metabolomics in mouse studies  
Mice and humans have highly similar genomes (about 90% shared [16]), and similarities 

between protein-coding gene regions range between 60% and 99%. This leads to the 

assumption that humans and mice get many of the same diseases for the same genetic 

reasons. The mouse is a powerful tool, especially since researchers can manipulate mouse 

genes – to mimic human diseases, for example. This facilitates the modelling of human 

diseases, provided the disease gene(s) are known, so that a mouse with a particular disease 

or condition may replace a human subject. Thus, experiments that are ethically impossible 

with human subjects become possible with mice. Additionally, humanised mice or mouse-

human chimeras are useful for studying human cells, tissues and organs, thereby providing 

insight on human biology and potentially leading to improved treatments and diagnostic 

tools [17]. 

Genetically-modified mice are used to study various human diseases due to ease of 

standardisation of mouse diet and living conditions and derivation of precise inbred mouse 

strains with known genetic sequences. Genetically-identical mice can also be generated, 

resulting in more accurate, more repeatable experiments and readily obtainable organ and 

tissue samples to an extent that is less possible with human biopsies. Other advantages of 

mouse models include the accelerated lifespan and ease of handling, maintenance and 

transport [18]. Due to these great advantages, the mouse is widely considered valuable for 

modelling human disease. Examples include: the Ts65Dn mouse which models Downs 

syndrome [19]; the Cftr knockout mouse which models cystic fibrosis (CF) [20]; the p53 

knockout mouse model which is susceptible to various forms of cancer [21]; Cpefat, Lepob, 
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Leprdb and tub mouse models which mimic diabetes Type 2 (DT2) [22]; heart disease 

models like the Apoe knockout mouse for studying atherosclerosis [23]; and the Dmdmdx 

mouse which models muscular dystrophy [24]. 

Metabolomic approaches may serve as comprehensive phenotyping tools in experiments 

involving genetically-modified mice for which the exact phenotype is known, diffuse or 

non-existing [25]. To date, metabolomics approaches have been used to study a wide range 

of mouse models, including: Burkitt lymphoma [26], non-alcoholic fatty liver disease 

(NAFLD) [27], Charcot-Marie-Tooth type 2D neuropathy (CMT2D) [28]; Parkinson’s 

disease [29]; and human immunodeficiency virus (HIV) [30], to name a few. 

1.3. Maturity Onset Diabetes of the Young (MODY)  
Maturity-onset diabetes of the young (MODY) denotes a group of hereditary diabetes types 

that account for about 2-5% of all diabetes mellitus [31]. The underlying cause of the 

different types of MODY is a mutation in a single autosomal dominant gene (e.g. hepatocyte 

nuclear factor (HNF)-4A, glucokinase (GCK), HNF-1A and HNF-1B) that results in 

disrupted insulin production. The disruption is often initially interpreted as diabetes type 

1 (DT1) or diabetes type 2 (DT2), resulting in misdiagnosis of MODY patients. Most often, 

MODY patients lack insulin due to problems with insulin secretion from the pancreas, but 

not insulin resistance as with DT2. On the contrary, MODY is characterised by high insulin 

sensitivity, so that when misdiagnosed patients are treated with insulin or tablets, the 

result is severe hypoglycaemia [32-34]. 

1.3.1. MODY5 
We investigated MODY5, a HNF1B-related MODY form. The HNF1B gene encodes a protein 

that attaches to a specific DNA region and regulates the activity of other proteins, making 

it a transcription factor (HNF1B is also known as transcription factor 2 or TCF2) [35]. 

Mutations in HNF1B result in a wide range of manifestations, including renal diseases, 

kidney and genitourinary malformation and elevation of liver enzymes [36]. Such broad 

manifestation of the HNF1B mutation is probably caused by HNF1B being a promiscuous 

transcription factor, meaning that it regulates several different target genes [37]. In fact, 

HNF1B is involved in the embryonic development of several organs, including kidneys, liver 

and pancreas and MODY5 patients present highly variable degrees of insulin deficiency as 

well as onset ages [36, 38]. Also, since MODY5 is a non-insulin dependent diabetes form, 

it is suspected when the patient is both diagnosed with DT1 or DT2 and demonstrates 

symptoms of renal manifestation [39]. 
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1.3.2. The MODY5/RCAD mouse model 
Our collaborators in Paris (Cereghini et al.) have been working on HNF1B, also known as 

variant HNF1 (or vHNF1), TCF2, or HNF1β, for decades [40-53]. They found that the 

complex symptoms associated with MODY5/Renal Cysts And Diabetes syndrome (RCAD) 

mutations are due to defective DNA-binding or impaired coactivator recruitment [45]. 

They studied the role of HNF1 in development, including its roles in: visceral endoderm 

formation during differentiation of embryonic stem cells into embryoid bodies [44]; 

ureteric bud branching [48, 53]; endocrine cell specification [52]; nephron structure 

formation [51]; and hepatic specification, for which HNF1B-deficient embryos showed 

defective hepatic bud formation and abnormal gut regionalisation [47]. Moreover, our 

collaborators studied how HNF1B and Pax2 cooperate to control kidney and ureter 

morphogenesis [49]. Mice carrying various mutations in the transactivation domain of the 

HNF1B protein have been characterised at a protein and gene level [45, 51]. These 

mutations include: missense mutations (point mutation causing altered amino acid 

sequence in the encoded protein); nonsense mutations (mutation that introduces a stop 

codon in the DNA sequence, causing early termination of translation); and frame-shift 

deletions (mutation causing nucleotide(s) removal from a single-stranded DNA-molecule, 

leading to a shift in the ribosome reading frame). Our collaborators also characterised the 

effects of HNF1B mutations in exon 2 and 7 in human foetuses and found that the foetuses 

display severe symptoms including enlarged polycystic kidneys, pancreas hypoplasia and 

abnormal genitals [46]. In fact, their studies of the HNF1 family are conducted using 

various study subjects ranging from intact cells, nematodes (c. elegans), zebrafish (d. 

rerio), mice (m. musculus) and humans, to more specific organs like kidney, liver, pancreas 

and genitals. 

The mouse model described in this thesis had a splice mutation in exon 2 of the Hnf1B gene 

locus. The mutation was observed in 7 families, with 20 carriers, and unknown phenotype. 

We applied a metabolomics approach to study several tissues from this mouse model that 

demonstrated Hnf1b expression such that gut, kidney, liver, muscle, pancreas, and plasma 

samples were profiled. This mouse model differs from the Congenital Abnormalities of the 

Kidney and Urinary Tract (CAKUT) mouse model because it includes only the HNF1B 

mutation (Hnf1b+/-) while the CAKUT also carries a Pax2 mutation (Hnf1b+/-; Pax2+/-) [49]. 

Figure 4 portrays the HNF1B gene and the mutation of interest. 
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Figure 4: Point mutation that generates the MODY5/RCAD mouse line. A splice mutation was introduced in 

exon 2 of the Hnf1B locus. This was a hot spot mutation, observed in 7 families, with 20 carriers.  Each exon is 

numbered and colour-coded to indicate the correlation between that exon and its protein domain. The 

dimerization domain (white) is located in exon 1. The DNA fixation domain (red) is highly conserved and 

comprises an atypical POU-specific (POUS) POU homeodomain (POUH). The more divergent transactivation 

domain (grey) is located in the C-terminal. Data for this mouse model is not yet published, but was generated in 

Paris by S. Cereghini et al. This figure is a modified version of their work and is published here with permission. 

1.3.3. Wild-type mice  
Mice of mixed background, 129sv x C57Bl/6N, were used as wild-type mice. Previously, 

pure-bred C57BL/6 mice were commonly used due to their long lifespan, breeding ability, 

and permissiveness for expressing mutations [54]. However, these mice demonstrate low 

tumour susceptibility, age-dependent hearing loss, and partiality towards Th1 immune 

responses that leads to reduced usefulness in immunological studies [55, 56]. Pure-bred 

129sv mice do not breed as well as mixed background mice and display abnormal anatomy 

and behaviour [54]. Although it is widely believed that pure genetic backgrounds provide 

better control and facilitate easier interpretation of a phenotype, genetic diversity more 

closely reflects reality, which is generally very complex [57]. We wanted a control 

population with a genetically diverse background to mimic the diversity observed in 

human studies. Mixed background mice are advantageous because they carry random 

combinations of alleles from the 129sv and C57Bl/6N genetic backgrounds, making them 

more appropriate controls for our study than either parental strain. 



8 

2. Scope of the Thesis  

This chapter presents the scope of the thesis and puts the appended papers (Papers I-V) in 

context.  

This research was conducted to characterise a multi-tissue dataset and to develop 

strategies for handling and presenting small datasets (i.e. with few observations). The goal 

was to evaluate the MODY5/RCAD mouse model and its potential for use in pre-clinical 

studies investigating HNF1B-associated diseases (Paper I). One fundamental starting point 

involved elucidating the origin and flow of metabolites from different organs to plasma 

(Paper II). We also explored options for data integration when working with small 

datasets. A dataset comprising fewer than fifteen observations per group is usually 

considered small, and datasets in this research effort ranged in size from four to fifteen 

observations. We examined the components extracted by applying joint and unique 

multiblock analysis (JUMBA) to our study data to evaluate joint variation across all mouse 

tissues (Paper III). Finally, we explored the use of thawed samples in studies, evaluating 

whether they should be included, treated separately, or excluded altogether from analysis. 

The effects of variations in sample handling were investigated under two studies that 

identified metabolic similarities and differences between tissues in response to thawing 

(Papers IV and V). 

2.1. Aims of the Papers 
 Aim of Paper I: Investigate metabolic differences between MODY5/RCAD and 

wild-type mice in organs and plasma 

 Aim of Paper II: Investigate organ metabolite contributions to metabolic plasma 

profile 

 Aim of Paper III: Investigate whether JUMBA can be used to find biologically 

relevant variation common to all or some of the included tissue types 

 Aim of Paper IV: Investigate how different tissue types are affected by thawing 

 Aim of Paper V: Compare the responses to thawing observed in different tissue 

types and plasma 
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3. Background 

This chapter provides the theoretical background to the experimental techniques and 

computational methods used in the research presented in the appended papers (Papers I-

V) to provide non-expert readers with important technical insights. 

3.1. Project initiation  
The first steps in a metabolomics study are to define the scientific question and to set a 

clear aim. The question and aim must be discussed so that all involved parties agree on the 

objective, milestones, and expectations for progress reports and follow up. This kind of 

alignment is not unique to mouse or omics studies. We wanted to study MODY5/RCAD 

mice (Paper I) and to use the resulting unique dataset to obtain additional metabolic 

insights (Papers II-V). Approaching the project as smaller sub-projects makes it easier to 

survey project progress and to steer the project in the desired direction. Like other types 

of projects, milestones and follow-up are important for the overall project as well as for 

each sub-project. Communication about relevant aspects like sampling outcomes, chemical 

analysis updates, initial findings, publication order, or rising issues should be frequent to 

let collaborations flourish. Plans for conducting a metabolomics study also involve selection 

of sampling technique and site(s) (described under section 3.3.2. Mouse organ-tissue and 

plasma samples). The selected sampling technique should be as humane as possible and 

should remain unchanged throughout the experiment. An unchanging sampling technique 

is especially important when aiming to perform a time-series analysis. 

3.2. Mouse origin and maintenance 
Mice for these studies (Papers I-V) were bred in Paris, France (Cereghini et al.). 

MODY5/RCAD mice have a human splicing mutation introduced at exon 2 in the HNF1B 

gene locus, while wild-type (wt) mice were of the mixed background 129sv x C57Bl/6N. 

Eight-month-old male mice were used for these studies to minimise unwanted variations. 

Male mice are considered beneficial for metabolic studies because the oestrous cycle in 

female mice introduces metabolic variations [58]. In addition, reports show that 

physiological factors such as age, gender, hormonal status, and diurnal variation affect the 

plasma metabolic profile [59-61]. All mice were housed individually at room temperature 

(rt) in the same room throughout the experiment, which lasted five days. Cage positions 

were randomised to prevent all mice from one group being positioned on one side of the 

room. External disturbances were minimised. Metabolic cages were used, each housing 

one mouse per cage. The room size limited the number of cages that could be used, thereby 
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limiting the number of mice included in the study. Metabolic cages also facilitated collection 

of metadata, such as amounts of food consumed and excretion of faeces and urine, for each 

mouse. Bias due to feedings was prevented by feeding all mice with the same batch of feed. 

3.3. Sampling  
Sampling should be randomised to ensure that no bias is introduced by the order in which 

the samples were selected or by the animal from which the samples were obtained. 

Throughout the study, mutant and wild-type mice were treated identically and handled in 

randomised order. The importance of randomisation is further discussed in section 4.1.2. 

Evaluation of chemical analysis. In our case, the number of samples was limited (for further 

discussion see Papers I, IV and V). 

3.3.1. Mouse metadata  
Each mouse, in its individual metabolic cage, was closely observed for five days and food 

and water intake as well as amounts of urine and faeces excreted, and blood glucose levels 

were documented. This data formed what we refer to as metadata and is presented in 

further detail in Paper III and section 4.1.1. Evaluation of metadata. 

3.3.2. Mouse organ-tissue and plasma samples  
Blood and tissue samples should be collected from all mice at the same time of day as 

diurnal cycles can profoundly affect the metabolome [58, 62]. Sampling was randomised 

so that samples were obtained from varying groups in varying order and by varying 

technicians. Mouse plasma samples were collected at three different time points. On days 

1 and 3, plasma samples were obtained from the tail. On day 5, the mice were anaesthetised 

using ketamine/xylazine and euthanised, and the following organs and tissues of interest 

were harvested: gut (duodenum), intact kidney, intact liver, muscle (mainly hindlimb), 

intact pancreas, and plasma samples (obtained by retro-orbital (or retrobulbar) bleeding). 

Harvested organ and tissue samples were immediately frozen at -80°C. The five-day 

experiment was repeated twice, and then the samples were shipped in Styrofoam boxes to 

Umeå for analysis. Half of the samples shipped for 24 hours and arrived frozen; the other 

half shipped for 72 hours and arrived thawed. This resulted in two sample groups referred 

to as frozen and thawed, respectively. Papers IV and V provide further discussion of these 

sample groups. 
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3.4. Chemical analysis techniques  
When applying a metabolomics approach, use of a single chemical analysis technique to 

analyse the whole metabolome is impossible. This is due to differences in metabolite 

chemical properties like polarity, melting point, stability and mass, as well as variations in 

how metabolites are situated in organelles, cell types and organs which impacts metabolite 

extraction. Sample work-up and analysis vary by metabolite class, so one work-up method 

cannot extract all metabolites from a tissue sample and a single analytical run cannot 

identify all metabolites in a tissue sample. Sample preparation and metabolite extraction 

can be optimised to maximise the number of identified metabolites. For example, sample 

work-up methods, solvents and fractionation techniques may be altered to accommodate 

a fair trade-off between hydrophobic and hydrophilic compounds. Data quality must also 

be maintained, and one way to assess this is to replicate sample measurements. Technical 

replicates present one way of quantifying inaccuracies in sample preparation and analysis. 

In our studies, triplicates were analysed for both organ tissues and plasma samples. 

Another way to assess data quality is to pool samples and assess them as quality control 

(QC) samples. Section 4.1.2. Evaluation of chemical analysis discusses data quality 

assessment in further detail. 

In metabolomics, chemical analysis occurs using NMR, or mass spectrometry (MS)-based 

methods such as LC-MS and GC-MS [63-65]. All chemical analysis techniques used in 

metabolomics are sensitive and highly sophisticated. Selection of an analysis platform 

depends on the sensitivity, selectivity, and resolution required for the experiment and on 

the metabolites of interest, i.e. the scientific question [63, 64]. Once metabolites are 

identified, the metabolic profiles of the samples are compared based on relative amounts 

or absolute concentrations of metabolites. Untargeted MS-based techniques traditionally 

provide relative amounts and NMR can provide absolute concentrations [66]. NMR can 

determine the structure and composition of compounds and detects very fine structural 

components. It also provides absolute quantifications, making it very versatile. However, 

NMR is far less sensitive than MS-based methods [67], making the combined sensitivity 

and selectivity of MS-based methods more appropriate for our studies. Thus, the choice 

was reduced to GC-MS or LC-MS techniques. 

3.4.1. Mass spectrometry techniques 
GC-MS mainly identifies primary metabolites, i.e. amino acids, fatty acids, nucleic acids 

and sugars, while LC-MS identifies secondary metabolites such as alkaloids, carnitines, 

fatty acids, flavonoids, glycosides and lipids. Yet the two techniques overlap in the types of 

metabolites they can identify – metabolites identified by GC-MS have lower molecular 

weights and are less polar compared to metabolites identified by LC-MS [68]. 
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MS-based methods function such that the chromatography step (GC or LC) separates the 

compounds and the MS detects them. Use of internal standards ensures that any analytical 

variation is accounted for. Internal standards are selected so that they cover the different 

classes of compounds and have wide chromatographic range, enabling detection of various 

metabolites. One problem with data interpretation of MS data is that some metabolites go 

undetected and some mass spectra (peaks) remain unidentified. However, high 

reproducibility can be obtained by optimising extraction protocols [69, 70]. Interest in the 

use of targeted MS approaches is increasing, when absolute quantifications are desired. 

These targeted MS-approaches can combine sensitivity with absolute quantification. 

Metabolites are easier to identify with GC-MS than with LC-MS because spectral matches 

and retention indices of in-house and/or public spectral libraries (e.g. NIST, MassBank, 

GOLM DB) are available for use, resulting in similar results even between institutes. This 

advantage of GC-MS is attributed to the fact that LC-MS data most frequently comprise 

molecular ions, so the analyst must remain aware of adducts. Yet, in theory, LC-MS can 

identify more compounds than GC-MS since no derivatisation is needed. Moreover, LC-MS 

produces fewer artefacts than GC-MS. We selected GC-MS for chemical analysis because 

we were interested in studying primary metabolites. Our goal was to study the most 

rudimentary metabolic pathways (e.g. glycolysis, the tricarboxylic acid (TCA) cycle, the 

urea cycle, fatty acid beta oxidation, and gluconeogenesis). 

3.4.1.1. Gas Chromatography Mass Spectrometry (GC-MS) 
For GC-MS, sample molecules must be ionised. The ions are then accelerated towards the 

mass spectrometer. Electron impact (EI) ionisation is the most common ionisation 

technique and is used by our platforms. During EI, the molecules are hit by high-energy 

electrons, leading to formation of molecular radical ions which in turn can decompose into 

even smaller ions. The resulting ions travel rapidly from the ion source towards the mass 

spectrometer. The GC requires that the compound or metabolites are, or can become, 

volatile by chemical derivatisation. This volatility is why low molecular weight compounds, 

such as amino acids, disaccharides, fatty acids and organic acids can be identified using 

GC-MS [69, 71]. 

A mass analyser is often linked to the gas chromatograph. The mass analyser separates 

ionised masses based on mass-to-charge ratio (m/z). Many kinds of mass analysers exist 

including, for example, quadrupole instruments, time-of-fight instruments (TOF), and 

orbitrap. We selected a TOF mass analyser as it provides high resolution, mass accuracy 

and the best mass range. Altogether, we applied GC TOF-MS to identify metabolites (see 

Figure 5). In TOF instruments, ions accelerate into a “field free” flight zone and the analyser 

separates the compounds based on m/z; larger ions have slower velocity and spend more 
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time in the instrument. Therefore, m/z can be detected by measuring the time from 

ionisation to detection. The greatest advantage of TOF instruments is that the mass range 

is practically unlimited [69, 72]. 

 

Figure 5: Setup of our GC TOF-MS. Samples are inserted into the gas chromatograph and compounds are 

separated in time based on chemical properties. Compound ionisation was performed using electron impact (EI). 

This led to formation of molecular radical ions. These ions travelled from the ion source towards the mass 

spectrometer (i.e. detector). In the flight tube, ionised masses separate based on mass-to-charge ratio (m/z).    

3.4.1.2. Extraction protocol 
The extraction protocol we used comprised a trade-off between hydrophobic and 

hydrophilic metabolites. Metabolite extraction for GC-MS analysis involves cell disruption 

and pelleting of larger biological elements. After quenching metabolic reactions in sample 

tissues as quickly as possible, an extraction protocol that robustly removes internal 

metabolites should be applied. For our GC TOF-MS analysis, we used an extraction protocol 

that involved vigorous sample mixing in solvent using the MM 400 Vibration Mill (Retsch 

GmbH & Co. KG, Haan, Germany). Cell disruption was assured using tungsten carbide 

beads which were later removed. Stable isotope-labelled internal standards, which 

included deuterated compounds and 13C- and 15N-labelled compounds, were used to 

improve precision and accuracy of the analysis. Internal standard labels were situated in 

stable, non-exchangeable positions, and the relative concentrations of the internal 

standards were used to normalise the data. The GC-MS protocol used in this thesis was 

based on protocols published by Jonsson et al. and A et al. [11, 73], and our protocol was 

followed by data processing which occurred at the Swedish Metabolomics Centre (SMC) 

using in-house scripts. 
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3.4.2. Multivariate Curve Resolution (MCR) 
Raw data obtained from a MS-based analysis must first be pre-processed. Pre-processing 

was applied using multivariate curve resolution (MCR) [10] and provides mass spectral 

and quantitative information. The raw data is three-dimensional (3D), containing 

spectroscopic and chromatographic information as well as information about the source 

samples, and is unfolded to provide a 2D matrix. Unfolded data may comprise as many 

columns as the number of mass spectral variables (m/z) and as many rows as the number 

of samples multiplied by the number of chromatographic time points. MCR pre-processes 

multiple samples simultaneously and resolves them into spectral and chromatographic 

profiles. The compound is identified by comparing the resolved profiles to a library of 

profiles. MCR can also be applied to identify the same metabolites in each source samples, 

which can assist with interpretation [10, 11]. 

Hierarchical MCR (H-MCR) [74] is performed by applying MCR to segments of the 

chromatographic dimension, which can resolve complex data. H-MCR was developed to 

aid unbiased extraction of representative and predictive information from MS analysis. It 

was originally developed to provide capabilities for simultaneous resolution of multiple 

MS-samples into pure profiles. We used H-MCR to unfold the GC TOF-MS data for multi-

tissue analysis by applying a custom script and using in-house and commercial libraries 

for identification. Figure 6 outlines the H-MCR workflow. 

 

Figure 6: Hierarchical Multivariate Curve Resolution (H-MCR). We obtained a 3D dataset from our GC TOF-

MS analysis comprising mass-to-charge ratios (m/z) plotted against time for each sample. The unfolded data had 

as many columns as the number of mass spectral variables (m/z) and as many rows as the number of samples 

multiplied by the number of chromatographic time points. MCR pre-processes multiple samples simultaneously 

and resolves them into spectral and chromatographic profiles. H-MCR is performed by applying MCR to segments 

of the chromatographic dimension, and the compound is identified by comparing the resolved profiles to a library 

of profiles. The deconvolution of variables results in the type of dataset presented in this thesis. This dataset 

comprised relative concentrations based on the intensities observed in the chromatographic profiles of each 

sample. 
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3.5. Statistical techniques   
Statistical analysis is defined as “the study of the collection, analysis, interpretation, 

presentation, and organisation of data.” [75]. After gathering metabolomic data, we 

studied the data to answer the scientific questions posed. We used statistical methods to 

enable data interpretation and extraction of meaningful patterns and trends, groupings 

and clusters, as well as significant differences in metabolic profiles between groups (e.g. 

between genotypes or between thawed and frozen samples). Statistical analysis may 

include both univariate statistics and multivariate data analysis. Multivariate data analysis 

is useful for summarising data, examining patterns in multidimensional data, and making 

future predictions based on previous data, and statistics measures such as mean values 

(the average of the variables) and standard deviation or variance (measures of data spread 

[or variability] around the mean) can be calculated. In these ways, statistical analysis is 

used to obtain information by assessing cohesiveness, relevance, or diversity in the dataset. 

Thus, through statistical analysis, we obtained information about observed alterations 

associated with the primary metabolic pathways that provided an overview of the 

metabolic state of the mice we studied. 

3.5.1. Multivariate data analysis 
Metabolomic data often contains many variables and few observations, and the data often 

contains a high degree of correlation. Conventional univariate methods are less suitable 

than multivariate methods for analysing this type of data because they require analysis of 

only one variable at a time. Multivariate data analysis comprises a toolbox for handling 

short wide datasets like those resulting from metabolomics studies, and can handle 

random variation (noise), missing data values, and multiple responses. Use of multivariate 

data analysis enables extraction of reliable and predictive information from large datasets. 

During data pre-treatment, the data must be thoroughly evaluated. For example, 

distributions should be evaluated and a decision regarding the need for data 

transformation should be made. The dataset should be examined for missing data values 

and a decision should be made on how to treat them. Experimental errors like run order 

effects and batch differences should be assessed, outliers should be detected, and a decision 

should be made on how to handle these. Data pre-treatment may also involve data cleaning 

and feature selection. The pre-treatments we used for our multi-tissue metabolomic 

dataset is discussed in section 4.1. Assessment of data quality. One must be familiar with 

certain concepts to understand multivariate data analysis, such as data pre-treatment 

methods, transformation, model validation, and outliers. These concepts are not method 

specific and are described below. 
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3.5.1.1. Data pretreatment methods 
Characteristics of the data determine the appropriate method for pre-treatment. Centring 

(Ctr) [76, 77]  is used when the variables in a dataset are all on the same scale but have 

different mean values, and is applied by subtracting the average of each variable from each 

data point. This pre-treatment moves the average to the origin in the coordinate system. 

Centring adjusts for differences in the balance between more abundant and less abundant 

metabolites and can be combined with a scaling method. Scaling is achieved by dividing 

the variable by a scaling factor, thereby altering the relative spacing of the data points. 

Thus, scaling is performed to adjust for differences in range between metabolites. The two 

most common scaling methods used in metabolomics are unit variance (UV) [77, 78] and 

Pareto (Par) scaling [78]. Since the results of multivariate analyses are scale-dependent, 

the data must be scaled appropriately. 

Unit variance (UV) scaling, or autoscaling, is used when the variables are on a different 

scale or have different ranges and is performed by dividing each variable by its standard 

deviation. This makes the variance for all UV-scaled variables equal 1 and gives all variables 

equal weight. When performed for metabolomics studies, UV scaling makes all metabolites 

equally important so that metabolites present at higher concentrations do not overshadow 

those present at lower concentrations [79, 80]. Applying UV scaling without full familiarity 

with the data poses the risk of introducing noise and inflating measurement errors. 

Pareto (Par) scaling may be considered the midway option between centring and UV 

scaling. If only centring is used, the data will contain some big features that will 

overshadow the intermediate features. On the other hand, if UV is used, the big and 

intermediate features are given the same weight as baseline noise. Par scaling is performed 

by dividing each variable by the square root of the standard deviation of the variable, 

thereby up-weighing larger and intermediate features while keeping baseline noise down. 

However, the result of Par scaling makes it sensitive to large fold changes. 

Both the Par and UV scaling methods use the standard deviation as the scaling factor, but 

there are many other ways to scale metabolomics data. Range scaling [81], for example, 

uses the metabolite concentration range as the scaling factor instead of the standard 

deviation. This, of course, is a less robust technique since it is based only on two values, 

while the standard deviation is based on all measures [79]. One could argue that both UV 

and Par scaling should be used for GC-MS-based metabolomics data. UV scaling advocates 

maintain that giving each metabolite statistically equal weight may make metabolites of 

interest easier to identify despite relatively low concentration. On the other hand, Par 

advocates consider it advantageous that Par scaling results in metabolomics data that keeps 

its dimensions, unlike the results of UV scaling. 
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Metabolite concentrations typically range from picomoles (pmol) to millimoles (mmol). 

When interpreting metabolomics data, one must remember that the biggest peaks are not 

necessarily the most relevant – a correlation pattern among metabolites present at low 

concentrations may be the common denominator for the disease, drug treatment or 

diagnosis of interest. We knew that some of the metabolites of most importance to us were 

present at low concentration ranges and we focused only on identified metabolites. We also 

knew that the metabolite concentration range was based on relative concentrations. 

Therefore, we chose to apply UV scaling to the data, thereby giving each metabolite equal 

weight in the statistical model regardless of their concentration range. Par scaling would 

have been the more appropriate method if we had included all putative metabolites. 

3.5.1.2. Transformation 
Data transformation may be required if the data do not appear to follow a normal 

distribution. Principal component analysis (PCA; described further in section 3.5.2) and 

partial least squares/projection to latent structures (PLS; described further in section 3.5.3) 

are statistical models that work better with normally distributed data than with skewed 

data distributions. Skewed data requires transformation to make it more normally 

distributed, as do data that lack linearity or additivity and data with variables that have a 

wide range of variances [82]. The type of transformation that is applied to data varies 

according to the solution required. It is commonly believed that transformation reduces 

variability in data, but this is not necessarily true [83]. When interpreting data, one must 

remember that the transformed data is on a different scale than the original data. For 

example, the confidence interval for a certain metabolite concentration from a transformed 

dataset must be reverted to its original format to provide the actual confidence interval. 

3.5.1.3. Model validation 
Once a statistical model is selected, it must be validated. Model validation can be performed 

by methods such as cross-validation (CV) by jackknifing [84, 85]. Cross-validation is used 

to estimate the predictive ability of the model and to evaluate the importance of variables. 

The process occurs as follows. The data is divided into n groups. Then one model of the 

data is created based on the data from n – 1 groups. Data points from the excluded group 

are then predicted using the model created, and the predictive ability is calculated. This 

procedure is repeated n times until every group has been excluded and its data points 

predicted exactly one time [80, 86]. For example, the default settings of the SIMCA 

software (Sartorius Stedim Data Analytics, Umeå, Sweden) divide samples into seven 

groups, and the cross-validation process is executed until every group has been excluded 

and predicted exactly one time. Paper III discusses cross-validation and small numbers of 

samples in further detail.  
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Jackknifing is used to estimate the bias and variance of a statistic of interest [84]. 

Jackknifed confidence intervals indicate the reliability of the metabolite as a potential 

biomarker. In Paper II, jackknifed confidence intervals enabled identification of significant 

organ contribution to the metabolic profile of plasma. In Papers IV and V, variable 

significance was determined by interpreting correlation-scaled loading values (p(corr), 

described further in section 3.5.6.2.) from an orthogonal projections to latent structures - 

discriminant analysis (OPLS-DA) model (described further in section 3.5.6.) together with 

95% confidence intervals calculated by jackknifing.  

Model performance is evaluated in various ways. For example, goodness of prediction (Q2) 

and goodness of fit (R2) are calculated to assess how well the model can predict the data 

and how much of the variation in X the model can describe, respectively. In other words, 

Q2 represents the capability of a model to predict omitted data points, while R2 represents 

the amount of variation a model can explain. In orthogonal projections to latent structures 

(OPLS, see section 3.5.4.) models, R2Xp represents the amounts of variation in X described 

by the predictive component of the model, while R2Xo reveals the amounts of variation in 

X described by the orthogonal component [80]. Q2 and R2 are established model estimators 

and were used to assess the quality of discriminant models in Papers I, IV and V. Moreover, 

R2Xp, estimator of the predictive model component, was used for quality control of the 

chemical analysis (see 4.1.2. Evaluation of chemical analysis). 

3.5.1.4. Outliers 
Outliers are observations that differ significantly from the other observations because one 

or many of the measured characteristics (variables) cause deviation. Once the cause of 

deviation for outliers is identified, one must determine whether the cause is representative 

for the examined population. The appropriateness of the deviating observation(s) must be 

assessed e.g. using the score plot, Hotelling’s T2, Distance to Model in X space (DModX) or 

Distance to Model in Y space (DModY). Strong outliers emerge in the score plot and 

produce a deviating Hotelling’s T2 value. Hotelling’s T2 is a generalisation of the univariate 

Student’s t-distribution. Observations with a deviating Hotelling’s T2 value differ from 

multivariate normality. Moderate outliers stand out with inspection of the DModX value, 

i.e. the distance between the model plane and the observations [80]. Both very low and 

very high DModX values are cause for concern. High values indicate that the observation 

is farther from the model plane than the rest of the observations and is, hence, not 

explained by the model. Low values indicate that the observation is influencing the whole 

model. Outlier must be understood before they are discarded. Two outliers were observed 

in Paper IV and are further discussed in section 4.6. Paper IV: Tissue sample stability: 

thawing effects on multi-organ samples. 
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3.5.2. Principal Component Analysis (PCA) 
Principal Component Analysis (PCA) [77, 87, 88] is based on the assumptions that: (1) the 

data comprise linear combinations of variables and (2) components of maximum variance 

contain good features for discrimination and correspond to interesting dynamics, while 

those with lower variance correspond to noise. Fisher and MacKenzie first outlined PCA, 

and Wold outlined the Non-linear Iterative PArtial Least Squares (NIPALS) algorithm – a 

method of performing PCA calculations.  

PCA is an unsupervised analysis method in which regression is used to find lines 

representing the direction of maximum variation. These lines are perpendicular in n-

dimensional space, resulting in compression of multidimensional datasets and generation 

of so-called Principal Components (PC). The first component (t1p1
T) describes the largest 

variation in multivariate space. The second largest variation is described by the second 

component, and so on. The scores (T) are used to estimate the multidimensional data table, 

X. All the original measured variables impact the PCs, and this effect is defined by loading 

vectors (P) which represent the influence (or weight) of individual X-variables in the 

model. P is calculated so that t*pT is the best possible approximation of X. Residuals (E) 

that are not described by the model represent the distance between the points and their 

projection onto the plane. PCA gives the greatest separation between the observations, 

though not necessarily between the classes [64]. Yet it can reveal interesting data trends 

or features. Figure 7 outlines the PCA workflow. 

We used PCA to obtain an overview of our metabolomics data. Initially, we calculated 

separate PCA models for each tissue type to evaluate the technical replicates and QC 

samples (see 4.1.2. Evaluation of chemical analysis). Then we analysed the different tissue 

types separately and collectively using PCA. Thus, we used PCA models to get a graphical 

overview of the metabolic patterns of each tissue type (see Paper III, Figure 1. Separate 

PCA score plots for each tissue type). The PCA model containing data from all organ tissues 

revealed that within-organ variation was much less than between-organ variation (Paper 

I, Figure 1. PCA displaying the investigated organs and plasma; and Paper II, Fig 2. Organ 

sample PCA score plot. and Fig 3. Organ sample PCA loading plot). Additionally, we used 

PCA to reduce data dimensionality as a basis for hierarchical modelling (Paper II). Thawed 

and frozen samples were also studied using PCA, and we found that the variation between 

thawed and frozen samples was greater than between-organ variation for all tissues except 

duodenum (Papers IV and V, Fig. 1 PCA scores plot of thawed and frozen samples). 
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Figure 7: PCA overview. For simplicity, imagine a dataset comprising the measured concentrations of three 

different metabolites in ten different mice (data table X). This data table can be plotted in an x,y,z-coordinate 

system (plotted data). The data can be scaled to unit variance (UV) so that the variance of the variables becomes 

1 and all variables have equal weight (data scaled to UV). Then the data can be moved in the 3D coordinate system 

so that the dataset is centred around the origin of the system (data scaled to UV and centred). Next, PCA is applied 

to find a line that represents the data and to find perpendicular lines that also represent the data (finding 

directions of PC1 and PC2). The first principal component (t1p1
T) describes the largest variation in multivariate 

space. The second component describes the second largest variation, orthogonal to the first component. Then the 

actual values are projected onto our PCs and the directions representing the lowest sum of the squares of the 

residuals (i.e. the distance between the points and their projection onto the plane) are found. Score vectors are 

used to obtain the PC with the lowest sum of squares (one per PC). The scores (t) are the projections with the 

least squares, and loadings (p) summarise the direction of the PC. Applying PCA in this way reduced the 3D data 

to 2D data. 

3.5.2.1. Contribution plot  
The contribution plot [89, 90] is used to investigate the behaviour of single observations 

and shows the extent to which each variable contributes to a specific observation [91]. A 

contribution plot indicates why samples are deviating in the score plot or the DModX plot. 

It can be used to display the differences between two observations, or between one 

observation and the sample group average, or between group averages. We used 

contribution plots with score and loading plots to interpret the PCA models for each 

separate tissue type in Paper III. 
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3.5.3. Projection to Latent Structures (PLS) 

 

Figure 8: PLS overview. As explained for PCA (see Figure 7), imagine a dataset comprising the measured 

concentrations of three different plasma metabolites (X) but, now, with two responses (Y) e.g. two, different, 

known urine metabolites related to the three plasma metabolites. This X- and Y-data can be plotted, scaled to 

unit variance, and centred (Data scaled to UV and centred). Next PLS is calculated as a projection of X and Y to 

maximise t-u covariation. PLS calculations through both blocks X and Y must be repeated until two lines are 

obtained that account for variation in X and Y, respectively, and a maximal covariation between the projections 

(t1 and u1) is provided. The first PLS component is a line in X-space with direction w*1 and a line in Y-space with 

direction c1. The second PLS component is a line in X-space with direction w*2 and a line in Y-space with direction 

c2 that improve the model as much as possible. The score includes both t and u, but t-scores are more readily 

available for interpretation – u-scores are only available for observations with known Y. Loadings in PLS are 

called weights (w*) and are a superimposition of the X and Y space. Studying both the w* vectors (representing 

the X variables) and the c vectors (representing the Y variables), individually and collectively, can be interesting. 

The w*c1 vs w*c2 plot is used to study the cross-dimensional relationships between X- and Y-variables as well as 

the inter-dimensional relationships. 

Projections to Latent Structures (PLS) [92, 93] are used to couple data in the X dimension 

to data in the Y dimension. PLS models are used when a quantitative relationship between 

X and Y is desired. PLS is also considered a generalisation of multiple linear regression 

(MLR) but, unlike MLR, PLS can handle variables that are strongly correlated, data that 

contain noise, and larger amounts of X- and Y-variables [94, 95]. PLS models are created 

based on A number of PLS components. X-score vectors t1, t2, …, tA form the matrix T and 

Y-score vectors u1, u2, …, uA form the matrix U. The X-weights are of two sorts: w*1, w*2, 

…, w*A form the matrix W* and w1, w2, …, wA form the matrix W. Matrix W* relates 

directly to X data while wA relates to the previous dimension error (EA – 1). Y-weights c1, c2, 

…, cA form the matrix C.  
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PLS form a projection of X and Y that maximises t-u covariation. The first PLS component 

is a line in X-space with direction w1 and a line in Y-space with direction c1. These two lines 

account for maximum variation in X and Y and provide a maximal covariation between 

the projections (t1 and u1).  The second PLS component is a line in X-space with direction 

w2 and a line in Y-space with direction c2 that improve the model as much as possible. 

Additional components might be required to fully explain the relationship between X and 

Y. PLS can model several Y-variables at a time, adding to interpretability. The greatest 

issue with PLS is that the models are sensitive to variations in X that are unrelated to those 

in Y. The difference between PLS and PCA is that PCA models maximum variance of X 

while PLS models maximum covariance between X and Y [64]. Figure 8 outlines the PLS 

workflow.  

3.5.4. Orthogonal Partial Least Squares (OPLS)  
Orthogonal Projections to Latent Structures (OPLS) [96] is an extension of the PLS method 

that, first, separates the systemic variation in X into two parts: one containing the variation 

related to Y (Y-predictive; TpPp
T), and one with the variation orthogonal to Y (Y-

orthogonal; ToPo
T). The predictive component is extracted to maximise explained 

covariation of X and Y, while the orthogonal component captures variance in X that is 

unrelated to Y. The orthogonal component does not contain random variation (i.e. noise) 

but captures systemic variation from X that is not correlated to Y, such as information on 

sampling issues or instrumental problems. The following weights can only be calculated 

for OPLS-based models: cO, pO, q, qO, sO and wO. The cO, pO and wO weights are orthogonal 

equivalents of c, p and w (described in section 3.5.3. Projections to Latent Structures 

(PLS)). The pO weight represents the unique X-variation orthogonal to Y [96, 97]. The q 

weight is the Y loading that shows correlation to T; high q-values show that the Y-variable 

is highly correlated with X. Orthogonal equivalence, qO, represents the unique variation in 

Y, orthogonal to X. The sO weight is the projection of tO onto Y, where the entries are non-

zero if TO is not completely orthogonal to Y. Although SO matrix entries may be small, they 

can still be used to enhance the prediction of Y. OPLS weights can also be combined into 

one vector e.g. pOsO and pq [97]. The great advantage of OPLS, compared to PLS, is that 

OPLS can separate between-class variation from within-class variation directly inside the 

extracted components. Both between-class and within-class variation are visualised 

through the score plot [98]. In this way, OPLS rotate the projection so that the model 

focuses on the effect of interest instead of on the effect that has the greatest influence on X 

[96]. Figure 9 outlines the OPLS workflow. 
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Figure 9: OPLS overview. Again, imagine the measured concentrations of three different plasma metabolites 

(X) with two responses (Y) e.g. two, different, known urine metabolites related to the three plasma metabolites. 

Just as was done for PLS, the X- and Y-data can be plotted, scaled to unit variance, and centred (Data scaled to 

UV and centred). OPLS separates the systemic variation in X-space into two parts: one containing the variation 

related to Y (Y-predictive; TpPp
T) and one with the variation orthogonal to Y (Y-orthogonal; ToPo

T). The predictive 

component is extracted to maximise explained X and Y covariation. The orthogonal component captures variance 

in X that is unrelated to Y. In the score and weight plots, the predictive components are plotted against the 

orthogonal components. The predictive component contains the between-class variation and the orthogonal 

component contains the within-class variation. 

We used OPLS to identify organ contributions to plasma in the hierarchical model (Paper 

II). OPLS facilitated the separation of lower level score vectors of the organ samples into 

variation that was related and unrelated to plasma. The OPLS model was also used to study 

the direction of the contribution in addition to the relative size of the contributions. 

3.5.4.1. Variable Importance in Projection (VIP) 
The variable importance in projection (VIP) [94], or variable influence on projection, 

represents the contribution of each X-variable to the projection. VIP is the sum of all the 

PLS/OPLS weights and equals the squared PLS/OPLS weight of a variable multiplied by the 

explained Y-variance. The sum of squares of all VIPs equals the number of variables in the 

model, therefore, the average of the squared VIP is 1 and, because of this, the following rule 

is generally applied: a VIP score greater than 1 can be used as a criterion for variable 

selection [99].  Large VIP scores indicate that the variable is important for explaining the 

variation in Y, and jackknifed confidence intervals can be calculated for each VIP score, to 

assess its uncertainty/stability [95]. Papers I and II discuss VIP scores in further detail 

(Paper II, Fig 4. VIP plot visualising organ contribution). VIP scores were used in these 

papers to assess organ contribution to metabolic patterns of plasma (Paper I) and to 

identify the metabolic pattern associated with the MODY5/RCAD mouse model (Paper II). 
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3.5.5. Projections to Latent Structures - Discriminant Analysis (PLS-
DA) 
Projections to latent structures - discriminant analysis (PLS-DA) [100] was developed to 

solve classification problems for up to six classes [95]. In PLS-DA, a model is fitted between 

X and Y, where Y carries “dummy” variables (i.e. vectors with ones and zeroes). In the 

dummy vector, a value of 1 assigns the observation to that class, and 0 means that the 

observation does not belong to the class. Fitting a model between X and this “dummy” Y 

reveals a discrimination plane that separates the samples based on the class to which they 

belong. These types of models are inspected using the score plot of t1 vs t2 and the 

corresponding w*c1 vs w*c2 weight plot. PLS-DA is the most predominantly applied analysis 

method in metabolomics but its place as the go-to method has been questioned [101]. 

3.5.6. Orthogonal Projections to Latent Structures - Discriminant 
Analysis (OPLS-DA) 
OPLS can also be used for discrimination, resulting in OPLS-DA [102], a supervised method 

that can separate observations into different classes. OPLS-DA is suitable for two-class 

problems for which the predictive component (t1) contains the variation in X that is 

correlated to Y while the orthogonal components (to) contain the systemic variation that 

is not correlated to Y. This rotates X towards the direction of Y and enables discovery of 

information regarding inter- as well as intra-class variation [64]. OPLS-DA allows 

identification of the variables responsible for class discrimination and the predictive 

weighting component provides a measure of the influence of each variable. In 

metabolomics studies, OPLS-DA is used to identify metabolites responsible for 

discrimination between two states, e.g. metabolites discriminating between healthy and 

sick. We used OPLS-DA loadings to interpret the metabolic pattern associated with the 

Hnf1b mutation as well as the metabolic differences between thawed and frozen samples 

(Paper I, Figure 4. Alterations in metabolic profiles related to the MODY5/RCAD mutants; 

Paper IV, Fig. 2 Summary of OPLS-DA models (thawed vs frozen); and Paper V, Fig. 2 

Metabolite differences between frozen and thawed plasma samples). Jackknifed confidence 

intervals indicated the reliability of the metabolites in these discriminations. 

3.5.6.1. Cross-Validation Analysis of Variance (CV-ANOVA) 
Cross-validated residuals can be used to calculate analysis of variance (ANOVA, described 

in section 3.5.10. Classical statistics) [103]. CV-ANOVA tests whether the cross-validated 

predictive residuals are smaller than the average variation around the global average 

where the null hypothesis states that they are equal with the alternative hypothesis is that 

they differ [97]. We used this statistic for the models of data comparisons of frozen and 

thawed samples in Papers IV and V to assess the significance of the OPLS-DA models 
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3.5.6.2. p(corr)-loading 
For OPLS-based models, a correlation-scaled loading (p(corr)) of the predictive 

component can be calculated. The p(corr)-loading represents the correlation between the 

predictive loading and the discriminated feature (in our case, for example MODY5/RCAD 

mice). The p(corr)-loadings are used in OPLS-DA models to correlate metabolic profiles 

with studied features such that the p(corr)-loadings constitute the common metabolite 

profile for the phenomenon of interest. Thus, for our purposes, p(corr) values indicated 

whether metabolites were present at higher or lower concentrations in MODY5/RCAD 

compared to wt mice (in Paper I), and in thawed samples compared to frozen samples (in 

Papers IV and V). Due to the common scale, p(corr)-loadings are comparable relative to 

the phenomenon of interest, which is why p(corr)-loadings are used for creating shared 

and unique structure (SUS) plots (section 3.5.6.3). 

3.5.6.3. Shared and Unique Structure (SUS) 
The Shared and Unique Structure (SUS) [104] plot displays shared and unique features 

between two different models. The p(corr)-loading values from each model are plotted 

against one another such that shared variables in a SUS-plot are situated along a diagonal 

while unique variables are situated along the x- and y-axes [105]. SUS-plots are used to 

compare the outcome of multiple classifications to a common reference, making them 

suitable for solving problems involving two or more classes. We used SUS-plots to find 

metabolites that either varied similarly or differed in OPLS-DA models comparing thawed 

and frozen samples, thereby identifying metabolic profiles associated with thawed samples 

(Paper IV, Fig. 3 SUS-plot of muscle versus average (organs) and Paper V, Fig. 3 SUS plots 

comparing plasma day 5 and organs (gut, kidney, liver, muscle and pancreas) and plasma 

day 1).  

3.5.7. Hierarchical modelling  
Hierarchical modelling [106] involves division of data into conceptually meaningful blocks 

(each block may represent a different tissue, for example) followed by calculation of a PCA 

for each block. The score vectors (t) from the blocks are concatenated to an X matrix and 

may also be divided into an X matrix and a Y matrix depending on the scientific question. 

The number of t-vectors for inclusion in each block may be selected based on the number 

of significant components for that block, such as: a fixed level of explained variation, or an 

arbitrarily-selected minimal amount of variation explained by a component, or an 

arbitrarily-selected minimal eigenvalue. An eigenvalue is an estimate of the magnitude or 

importance of model-derived variables and measures the amount of variance explained by 

each PC.  
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After concatenation of the t vectors into an X matrix (and a Y matrix) this new dataset is 

analysed by means of hierarchical PCA, PLS, OPLS, or O2PLS. This approach reduces data 

complexity and simplifies interpretations by simultaneously modelling the whole dataset 

[107]. As a result, we end up with two model levels: the first (or lower) level explains each 

block in detail and the final (or upper) level explains the relationship between blocks [106]. 

Paper II provides an overview of the hierarchical modelling workflow (Fig 1. Overview of 

the pipeline for the hierarchical modelling.) and reports on a study in which we applied the 

workflow such that the blocks contained metabolomic data of different organs (X) and 

plasma (Y). Our aim was to investigate the contributions of organ metabolites to plasma 

metabolites. The workflow facilitated study of the metabolic interactions at an organ and 

pathway level, enabling visualisation of multi-tissue metabolic interactions (Fig 6. 

Metabolite contribution by the organs to plasma). 

3.5.8. Data integration methods 
The idea behind data integration is that the combination of datasets is “more than the sum 

of its parts”, where there is a flow of information from one layer to the next. Data 

integration in this sense is about managing complexity and making it easier to interpret 

data from multiple sources. The classical approach to data integration involves correlating 

datasets using regression-based analysis or simple co-mapping [108]. More complex 

integration methods include, for example, network analysis, correlation-based analysis, 

matrix factorisation methods, and Bayesian methods [109]. Canonical correlation analysis 

[110] may also be applied to check the amount of variance that is shared between two data 

blocks, or to maximise covariance between several blocks [111, 112]. These methods present 

a good overview of the data but the flow of information between data blocks is hard to 

follow. Alternative data integration methods exist for globally joint variation (common to 

all data blocks) and unique variation (found only in an individual data block): joint and 

individual variation explained (JIVE) [113], sequentially Orthogonalized-partial least 

squares (SO-PLS) [114], and parallel Orthogonalized partial least squares regression (PO-

PLS) [115]. Methods capable of extracting globally joint, locally joint (common to some data 

blocks), and unique variation include: distinctive and common components with 

simultaneous-component Analysis (DISCO-SCA) [116], principal component analysis - 

generalised canonical correlation analysis (PCA-GCA) [117], and OnPLS [118, 119]. Each of 

these data integration methods have their own strengths and weaknesses and particular 

areas of application where they perform better than the others. Several methods have been 

scrutinised in comprehensive method comparison studies [120-122]. Although the 

methods differ in means of data decomposition and component extraction, we expect them 

all to find significant global variation in the shape of similar trends. 
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We were interested in globally joint variation as well as locally joint variation for data 

integration of our multi-tissue dataset because we knew, from Paper I, that the genotype 

was weakly pronounced in one of the blocks (gut). Paper III describes the motivation for 

our method selection (see section 4.5. Paper III: Multiblock analysis on a small metabolomic 

multi-tissue dataset and Paper III). In the end, we chose the latest version of OnPLS, and 

applied the JUMBA workflow.  

3.5.8.1. OnPLS and the JUMBA workflow 
OnPLS [118, 119] is a generalisation of O2PLS [123] that can handle multiple data blocks. 

The OnPLS algorithm can find globally joint variation and areas of locally joint and unique 

variation among data blocks. Moreover, biological or biochemical data analysed using 

different platforms can be combined using OnPLS by independently pre-processing the 

data acquired from differing platforms prior to integration. This facilitates acquisition of 

multi-level information about the data [124]. In recent years, OnPLS has morphed into 

what is now called joint and unique multiblock analysis (JUMBA, in-house script) [125-127] 

and multiblock orthogonal component analysis (MOCA, now implemented in SIMCA 16 

(Sartorius Stedim Data Analytics, Umeå, Sweden)). We used JUMBA to study globally and 

locally joint variation in the six different data blocks (Paper III).  

3.5.9. Multivariate data analysis compared to Machine learning 
Machine learning and artificial intelligence can push various fields forward, including 

metabolomics. Machine learning techniques can learn from experimental data without 

being explicitly programmed. Given a labelled training dataset, the algorithms can classify 

new experimental data. In metabolomics, machine learning is used to cluster and classify 

experimentally obtained data by, for example, applying supervised machine learning 

techniques such as random forest, support vector machines and decision trees (reviews by 

Cuperlovic-Culf [128] and Lee and Hu [129] provide more examples). Deep learning 

methods are also used to build artificial neural networks (e.g. perceptron, Hopfield 

networks, and radial basis function networks) and deep learning algorithms (e.g. 

convolutional neural networks, deep Boltzmann machines, and deep belief networks) 

[128]. In a sense, PLS, OPLS, PLS-DA, and OPLS-DA models can be viewed as machine 

learning techniques since they are used to predict the behaviour and properties of the 

phenomena of interest. Gromski et al. propose the use of machine learning techniques like 

principal component-discriminant function analysis, support vector machines and random 

forests to complement PLS-DA [101]. Machine learning, deep learning methods and 

multivariate data analysis methods are not mutually exclusive. The more familiar the 

dataset is to the analyst, the more solid the conclusions from the data will be, and data 

reduction as well as pattern recognition techniques both play critical roles. 
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3.5.10. Classical statistics  
Statistical tests that require analysis of only one variable at a time are called univariate 

analyses while those capable of analysing large datasets are called multivariate analyses. 

Our metabolomics data analysis approach involved use of multivariate methods 

supplemented with univariate methods – we used multivariate data analysis to detect 

interesting trends, and univariate statistics to evaluate the significance of the trends we 

identified (Papers IV and V). The following classical univariate methods complemented 

our multivariate methods: the two-tailed Student’s t-test (Paper IV and Paper V); 

Pearson’s correlation coefficients (Paper V), and the Mann-Whitney U test (Paper I). Sokal 

and Rohlf published an extensive background on univariate methods for biological data 

[130].  

Most researchers probably prefer and are better able to understand univariate 

representations of data. However, our dataset comprised a small number of samples 

producing metabolomic data, and univariate analyses were not developed to evaluate 

metabolomic data. Moreover, our dataset included multiple dependent variables and an 

indeterminable distribution from a few samples, therefore any significance arising from 

the data could potentially be due to chance. For Papers IV and V, we compared thawed 

samples to samples that had been treated according to standard operating procedure (SOP) 

which implies the existence of some significant differences. Statistical p-values were 

calculated based on the actual relative concentrations and, to limit the risk of false 

positives, the Benjamini-Hochberg false detection rate (FDR) method [131] was used to 

correct for multiple testing (Paper V). 

Due to the lack of statistical power for studies that did not include data from all mice 

(Papers I – III), we decided not to perform any univariate analyses except for the Mann-

Whitney U test. Instead we focused on fold change, relative concentrations, and VIP scores 

(see section 3.5.4.1. Variable Importance in Projection (VIP)). The Mann-Whitney U test 

was applied because it is a non-parametric test that can be used for evaluating small 

datasets regardless of data distribution. Non-parametric tests function without the 

assumption that the data follow a specific distribution, however, since they have fewer 

assumptions, non-parametric tests are less robust compared to their parametric 

counterparts. Parametric tests build on assumptions regarding parameters like mean and 

standard deviation, and also assume that data outcomes are (at least approximately) 

normally distributed. 
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Analysis of variance (ANOVA) is a collection of statistical methods used for hypothesis 

testing based on the f distribution and involves calculation of the differences in mean and 

variance between two or more populations. One-way ANOVA is used to compare the mean 

of independent populations and is based on the following three assumptions: (1) 

populations from which samples are obtained are approximately normally distributed; (2) 

samples are independent; and (3) population variances are equal. The null hypothesis for 

the one-way ANOVA states that there is no difference in population mean while the 

alternate hypothesis states that there is a difference. The one-way ANOVA provides 

information about the existence of a group with a deviating mean but gives no information 

about which group that is. Two-way ANOVA is used to compare the mean differences 

between two independent variables (or factors) and to study whether the two independent 

variables interact with each other based on the dependent variable. Two-way ANOVA is 

based on four assumptions: the same three assumptions made for one-way ANOVA and a 

fourth which states that groups have the same sample size. Two-way ANOVA is used for 

two-fold questions like “Are the mice heavier in early or late parts of the experiment, and 

is that related to the level of plasma cholesterol?” Here, the factors are mouse weight and 

plasma cholesterol level. Such a question leads to three sets of hypotheses, for which the 

null hypotheses state: (1) the population means of the first factor are equal (column-wise); 

(2) the population means of the second factor are equal (row-wise); and (3) there is no 

interaction between factors one and two. We evaluated our OPLS-DA models using CV-

ANOVAs (see section 3.5.6.1. CV-ANOVA). 

Examples of correlation coefficients include Pearson’s [132], Spearman’s [133], and 

Kendall [134] correlation coefficients. Pearson’s correlation measures linear correlations 

and is calculated by dividing the covariance of two variables by the product of their 

standard deviations. Spearman’s correlation measures both linear and non-linear 

correlations and is a non-parametric measure of the dependence between the rankings of 

two variables. Spearman’s correlation is equal to the Pearson’s correlation between the 

ranks of two variables. Kendall’s correlation is also non-parametric and, like Spearman’s 

correlation, measures the association between the ranks of two variables. We used 

Pearson’s correlation to examine correlation patterns between frozen and thawed samples 

in Paper V. Pearson’s correlation coefficients range between -1 and 1, with high, medium 

and low correlations indicated by an absolute value within the following respective ranges: 

±0.5 and ±1, ±0.3 and ±0.5, and 0 and ±0.3 respectively. Pearson’s correlation values were 

used to determine similarities in mouse plasma response to thawing. 
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4. Results and Discussion of data and papers 
This chapter presents how the data quality was assessed and discusses the results of the 

papers appended to this thesis (Papers I-V). 

4.1. Assessment of data quality 
The dataset was first evaluated before any models were generated. This section presents 

the assessments performed to ensure high data quality. Both metadata and GC TOF-MS 

data were evaluated. Sections 4.1. and 4.2. should be considered a prologue to the 

subsequent data analyses that resulted in Papers I-V. Assessments of data quality were 

mentioned in the papers but not discussed in detail.  

4.1.1. Evaluation of metadata 
After sample collection, it is important to investigate whether sample bias was introduced. 

Mouse metadata was collected throughout the experimental period and included 

information such as food and water consumption, urine and faeces excretion, body weight 

and blood glucose levels. We studied the metadata thoroughly before performing any 

chemical analysis. The metadata was evaluated using a PCA model created to assure that 

no bias related to any metadata parameters was introduced into the study. The PCA 

resulted in a two-component model in which the first and second components explained 

46% and 13% of the variation, respectively (see Figure 10). 

 
Figure 10: PCA of Metadata. First and second component explained 46% and 13% of the variation, respectively 

10a Score scatter plot: No separation between thawed and frozen samples, nor between the two genotypes. The 

abbreviations signify: F – frozen, T – thawed, mut – mutant (i.e. MODY5/RCAD mice) and wt – wild-type. Each 

genotype was represented by a different shape: diamonds - MODY5/RCAD mice, and circles – wild-type mice. 10b 

Loading plot: The corresponding loading plot showed the distribution of the metadata collected. 
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T-tests comparing metadata associated with thawed to frozen samples (Papers IV and V) 

and mutant to wt mice (Paper I) were also calculated. The p-values were corrected for 

multiple testing using the Benjamini-Hochberg FDR method [131] which showed no 

significant differences in either case. The comparisons of metadata associated with the 

genotypes produced no significant p-values, even prior to correction (Paper I). However, 

comparisons of the metadata associated with thawed and frozen samples produced 

significant differences in water consumption from day 1 and day 3 as well as glucose levels 

on day 1 (i.e. three out of 44 metadata parameters) before correction – the lowest p-value 

was 0.022. After correction with an FDR of 25%, none of the parameters were significant. 

An observation of serious bias or error would have led to a repeat of the experiment 

because between-group differences in any of these metadata aspects observed, e.g. food or 

water intake, could potentially affect the metabolic profile of the samples.  

4.1.2. Evaluation of chemical analysis 
Randomisation should always be applied during chemical analyses to balance the effect of 

extraneous or uncontrollable conditions that may impact the analysis. It also presents a 

means for estimating analytical variance. Therefore, we analysed all samples, technical 

replicates and QC samples in a randomised manner. Our untargeted metabolomics 

approach resulted in the detection of 120 and 114 putative metabolites in plasma and organ 

tissue samples, respectively. Analytical variance was estimated by creating OPLS models in 

which Y represented the randomised run order of the chemical analysis. The predictive 

component of an OPLS model enables assessment of the amount of variation that is 

attributed to the order in which the samples were analysed. Large predictive components 

indicate effects due to time dependencies of analytical variance, suggesting problems with 

the analysis such as a drop in sensitivity of the mass spectrometer. The predictive 

components were 0.077 and 0.072 for the organ tissue and plasma data, respectively. Since 

the predictive components were smaller than 0.1 (an arbitrary value commonly used in 

this type of analysis) the chemical analysis was considered satisfactory. 

Technical replicates (triplicates) were analysed for both the organ tissue and plasma 

samples. The triplicates were compared using separate PCA models, one calculated for each 

tissue type and thawed/frozen, resulting in twelve models. We studied the technical 

replicates of the thawed and frozen separately because they would have been the greatest 

source of variation in the PCA. Randomised run order ensured that the replicates were 

genuine. Variation that is larger between replicates than between samples signals 

analytical issues. Figure 11 shows examples of our assessments of our technical replicates. 

Since the triplicates showed great similarity, they were averaged, and the averages were 

used for further analysis. 
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Figure 11: Technical replicates. In 11a: Technical replicates of frozen gut samples ended up in close proximity 

to each other and in the same quadrant, indicating high analytical quality. In 11b: Technical replicates of thawed 

plasma samples ended up in close proximity to each other and in the same quadrant, indicating high analytical 

quality. The score plots are coloured by mouse ID so that replicates appear in the same colour.  

We took further measures to assure data quality by using quality control (QC) samples. 

Two QC samples were used and comprised all muscle samples and all liver samples, 

respectively. The muscle and liver QC samples were situated between the respective 

groups, as can be seen in Figure 12, further supporting our conclusions regarding the high 

quality of our chemical analysis. 

 

Figure 12: Quality control samples. Two quality control (QC) samples were analysed during the chemical 

analysis of the organ tissue samples. The QC samples were mixtures of all liver samples (12a QC Liver) and all 

muscle samples (12b QC Muscle), respectively. Each QC sample is represented by a red star. 



33 

4.2. Metabolite distribution in organ tissues   
Metabolism is a continuous process during which thousands of reactions occur 

simultaneously in all living cells, ensuring a steady supply of suitable fuel for all cells and 

tissues independent of nutrient supply. Each organ plays an important role in this intricate 

puzzle. Different nutrients are stored in various organs and tissues in times of excess for 

release in times of scarcity. As is well known, metabolites are absorbed by the intestine and 

transported by the hepatic portal vein to the liver which acts as a distribution centre, 

storing metabolites in the appropriate organs or tissues. For example, the liver ensures 

that glycogen is stored in the liver and muscles, proteins are stored mainly in skeletal 

muscles, triacylglycerols are stored in adipose tissue, and so on. 

The final dataset contained the relative concentrations of 65 metabolites identified in the 

organ tissues and 46 metabolites identified in plasma. We studied the distribution of 

metabolites identified in the organ tissue samples to assess the biological quality of the 

dataset – distribution differences between thawed and frozen samples were assessed 

separately. Metabolite distributions were calculated as percentages of the total relative 

concentration such that the measured concentrations of metabolites in one tissue type was 

divided by the total relative concentration (Figure 13). Pearson’s correlation between the 

distributions of metabolites from thawed and frozen samples was measured and gave the 

following coefficients: gut – 0.73; kidney – 0.75; liver – 0.80; muscle – 0.85; and pancreas 

– 0.74. These results signified strong similarities between the metabolite distributions from 

thawed and frozen samples. 

We expected these metabolites, which are involved in rudimentary metabolic processes, to 

be identified in most tissues. Most metabolites were identified in all tissues in overlapping 

relative concentrations. However, the distribution and storage of metabolites varied, 

resulting in some metabolites being found at higher concentrations in one of the tissues. 

This may have been caused by various factors including bioaccumulation, the metabolic 

state of the mouse, the site of certain metabolic pathways, and so on. Therefore, we studied 

the distribution of metabolites that were found at much higher concentrations in one tissue 

type to assure the quality of the data. 
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Figure 13: Metabolite distribution of investigated organ tissue samples. Metabolite distributions of frozen 

(left) and thawed (right) samples. Pearson’s correlation between the distributions of metabolites from thawed 

and frozen samples was measured and gave the following coefficients: gut – 0.73; kidney – 0.75; liver – 0.80; 

muscle – 0.85; and pancreas – 0.74. 
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4.2.1. Gut associated metabolites  
We found campesterol, pyruvic acid, and ribose present at the highest concentrations in 

the gut. Campesterol is absorbed in the intestine and transported to the liver, then 

incorporated into most tissues [135]. Wild-type mice showed the highest levels of 

campesterol in bile, followed by intestine and liver [136], thus our observation of a high 

relative concentration of campesterol in the gut aligns with what would be expected. 

Pyruvic acid was found at high concentrations in our gut samples and is the final product 

of the glycolysis process. The intestine is the primary site for carbohydrate digestion [137]. 

High pyruvic acid concentrations in the gut could potentially also be attributed to 

pancreatic secretions of pyruvic acid into the duodenum [138]. Ribose accumulates in 

intestine, liver and kidney, as demonstrated in a biodistribution study of ribose by Clark et 

al. [139]. These findings are similar to what we observed, except that Clark et al. found the 

most ribose in the liver while we found the most ribose in the gut. This inconsistency could 

be related to differences in approach – Clark et al. used a positron emission topography 

(PET) probe to study the biodistribution of [14C]ribose over 3 hours while we studied 

metabolite distribution at a single moment in time using analytical chemistry techniques. 

4.2.2. Kidney associated metabolites  
We found myo-inositol, galacturonic acid and cysteine at higher concentrations in the 

kidneys. Kidney-associated metabolites contribute to osmoregulation and urinary 

excretion. Myo-inositol is an osmolyte that accumulates in the renal medulla [140]. 

Galacturonic acid is a glucuronic acid derivative that is predominantly formed in kidney 

and liver and involved in metabolite excretion [141]. States et al. also found cysteine at a 

higher concentration in kidney compared to liver samples [142]. High levels of cysteine 

could indicate high levels of the tripeptide glutathione (GSH), especially since glycine and 

glutamate levels were also relatively high in kidneys. GSH is a powerful antioxidant that 

interacts with reactive oxygen/nitrogen species or electrophiles or functions as a cofactor 

for enzymes and circulates to supply organs, especially kidneys [143]. 

4.2.3. Liver associated metabolites  
3-Hydroxybutyric acid, glucose (glucopyranose) and hexadecanoic acid were found at 

higher concentrations in the liver. Ketone bodies such as 3-hydroxybutyric acid are 

produced in the liver [144]. When the ketone bodies leave the liver, they are rapidly 

converted to acetyl-coenzyme A (acetyl-CoA) and enter the TCA cycle to produce energy in 

the mitochondria [145]. This pathway may explain why most of the 3-hydroxybutyric acid 

was found in liver samples. Glucose (glucopyranose), on the other hand, enters the liver 

via the portal vein and is stored as glycogen [146]. However, other tissues demonstrated 

relatively high levels of glucose as well, corroborating the fact that all cells need glucose for 
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energy [147]. The liver converts fatty acids to triglycerides, phospholipids, cholesterol or 

ketone bodies depending on the state of the individual [144, 148], and is a key player in the 

regulation of hexadecanoic acid concentration in the body as it regulates the biochemical 

fate of hexadecanoic acid [149]. 

4.2.4. Muscle associated metabolites  
Cystine and lactic acid were found at higher concentrations in muscle samples. Our 

findings aligned with the well-established fact that lactic acid forms and accumulates in 

skeletal muscle tissue, as lactic acid concentrations were higher in muscle tissue. Cystine 

can accumulate in the lysosomes of the cells of any tissue type [150]. The high levels of 

cystine observed in our muscle samples could be attributed to the use of cystine for sulphur 

storage as the muscles are important for sulphur content in the body. Cystine accumulation 

in muscle has also previously been associated with nephropathic cystinosis [151]. 

4.2.5. Pancreas associated metabolites  
Fatty acid methyl esters (methyl hexadecanoic acid, methyl linoleic acid and 9-(Z)-

octadecenoic acid methyl ester), histidine, galactonic acid, glycerol-3-phosphate and 

guanosine were found at higher concentrations in the pancreas. Our findings corroborate 

other observations of the accumulation of fatty acid methyl esters in the pancreas [152]. 

However, metabolomic research that includes the pancreas is limited, therefore the 

reasons for high concentrations of histidine, galactonic acid, glycerol-3-phosphate and 

guanosine levels are not yet fully understood. 

4.2.6. Conclusions – metabolite distributions 
Although the metabolites were presented separately, one must remember that their 

distribution is a dynamic and continuous event and their concentrations are closely 

interrelated. Moreover, the distributions were calculated as percentages between the organ 

tissue groups of interest for this study and metabolites may accumulate in other organs or 

tissues that were not investigated here. For metabolites that we can trace in the literature, 

the metabolite distributions between the tissues we studied are biologically reasonable. 

However, for some of the metabolites found in the pancreas, the results could not be 

compared to any current literature. Yet the overall distributions follow a logical pattern. 
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4.3. Paper I: Metabolic profiling of multiorgan samples: 
evaluation of MODY5/RCAD mutant mice 
MODY can be diagnosed with genetic testing, but the tests are costly, time-consuming and 

excluded from standard panels, causing many patients with MODY to be misdiagnosed. 

Diagnostic tests for MODY could benefit from the identification of cheaper biomarkers 

which could eventually facilitate correct diagnoses for MODY patients and, ultimately, 

administration of appropriate medical treatment. MODY5/RCAD had never previously 

been studied using a metabolomics approach. Therefore, we wanted to fill this knowledge 

gap and identify a metabolic profile representative of MODY5/RCAD by studying 

metabolome profiles of the genetic mouse model alongside controls (Paper I).  

Objective: The main goal of this study was to identify metabolites that distinguished the 

different genotypes in each of the tissues observed (gut, kidney, liver, muscle, pancreas 

and plasma). The study was conducted to determine the metabolic profiles of tissue 

samples from mice with a human splice mutation introduced at exon 2 in the Hnf1B locus 

(or MODY5/RCAD mutant mice). 

Results:  GC TOF-MS analysis was followed by multivariate data analysis for which PCA 

and OPLS-DA were applied. The PCA showed different metabolic profiles for the organs we 

studied (Paper I, Figure 1. PCA displaying the investigated organs and plasma). The OPLS-

DA identified the differences between MODY5/RCAD mutant mice and wt mice in each 

compartment (Paper I, Figure 4. Alterations in metabolic profiles related to the 

MODY5/RCAD mutants). Heat maps were also constructed to investigate the metabolic 

profiles (Paper I, Figure 3. Heat maps of tissue and plasma specific metabolic profiles). The 

metabolomic data showed that mutant mice displayed impaired renal function and altered 

fatty acid and lipid metabolism, resulting in fatty acid accumulation in the liver and 

increased fatty acid oxidation in the muscles. In addition, mutant mice displayed reduced 

amino acid levels in plasma but increased amino acid levels in organ tissues with 

significantly higher levels of campesterol in the kidney and pancreas. 

Discussion and epilogue: Interestingly, the metabolic differences observed in the organ 

tissues and plasma from the mouse model we studied aligned with expectations of the 

outcomes of the genetic mutation. Expectations were based on the anatomy and functions 

of each organ and on the effect of the genetic mutation on development. Our results 

demonstrated that the MODY5/RCAD mouse model could be of great value in pre-clinical 

investigations of HNF1B-associated diseases. 
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We compared the strongest trends identified in the plasma profile of the MODY5/RCAD 

mutant mice (i.e. higher concentrations of myo-inositol and lower concentrations of 

hexadecanoic acid, tryptophan, glycine, glutamine, serine and threonine) to the organ 

tissue origins of each metabolite. By comparing the results of Papers I and II, we observed 

that lower plasma glutamine levels should be associated with higher levels of glutamine in 

the muscle tissue, which was true for the MODY5/RCAD mice. No concrete plasma 

contributions had been determined for the other metabolites. 

For this study, we used samples of inbred mice. Assessments of human biofluids are harder 

to accomplish because of vast variations in genotypes, lifestyle and metabolic kinetics in 

humans. In addition, humans often consume over-the-counter medications or prescription 

drugs which affect the metabolome and blur the outcomes of interest. The advantage of 

conducting assessments in humans, however, is that some metabolites measured at 

absolute concentrations have a known range. Since we worked with relative 

concentrations, our scientific questions focused more on higher or lower levels of 

metabolites instead of established normal ranges that may commonly be used in clinical 

analysis. This may oversimplify the problems as the metabolites are viewed with only three 

possible outcomes: increased, decreased, or unchanged (not differing). Some metabolites 

may differ between individuals with no harm done, while other metabolites may span a 

narrow concentration range. 

Future perspective: We found sterols interesting and a future endeavour could involve 

observations of total cholesterol as well as the different types of cholesterol: chylomicrons, 

high-density lipoproteins (HDL), intermediate-density lipoproteins (IDL), low-density 

lipoproteins (LDL) and very low-density lipoproteins (VLDL). Sonoda et al. found that high 

serum campesterol concentrations are associated with reduced renal function [153]. Since 

MODY5/RCAD mutant mice had renal manifestations, our findings of high campesterol in 

organ tissues align with those of Sonoda et al., but confirmation of high campestrol 

concentrations in human plasma samples would be required. 

Since we cannot extrapolate our data, the clinical relevance of these findings must be 

further evaluated. Such an evaluation could be performed with a study in which samples 

of blood and urine were obtained from patients with different types of diabetes e.g. DT1, 

DT2, MODY2, MODY3 and MODY5. This would enable full evaluation of the significance of 

our findings and ensure that the metabolic profile of the mutant mice represents only 

MODY5/RCAD by successfully discriminating between MODY5 and other types of diabetes. 
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4.4. Paper II: Multi-organ contribution to the metabolic 
plasma profile using hierarchical modelling 
Medical care today is increasingly more capable of delivering active compound specifically 

to the corporeal disease site, thus it is of paramount importance to know the origin of a 

medical problem. We do not yet fully understand human metabolism, which is often 

simplified into metabolic pathways to focus on a certain part of the metabolic network. 

Therefore, we set out to find a simple method of identifying metabolic contributions of 

organs to the plasma metabolite composition and examined hierarchical OPLS modelling 

as a likely candidate (Paper II).  

Objective: The main goal of this study was to identify the metabolite contributions of 

organs to the metabolic profile of plasma using a type of hierarchical modelling. The key 

aim was to find a method for determining the extent to which different organs contribute 

to the plasma metabolic profile. The prospective method would also facilitate identification 

of the specific metabolites that are contributed to the plasma by each organ. 

Results: The PCA (Paper II, Fig 2. Organ sample PCA score plot) showed that the organs 

of interest had different metabolic profiles, and hierarchical modelling how the organs 

contributed to the plasma metabolic pattern (Paper II, Fig 4. VIP plot visualising organ 

contribution). Our study of the variable importance in projection (VIP) values revealed that 

the gut gave the greatest contribution to plasma metabolite observations, followed by the 

kidney and liver. Hierarchical modelling also showed that the organs contributed a wide 

range of metabolites to plasma (Paper II, Fig 6. Metabolite contribution by the organs to 

plasma).  

Discussion and epilogue: Hierarchical modelling enabled observations of the metabolite 

contributions of the different organs to plasma metabolite levels, and even facilitated 

identification of specific metabolites and metabolic pathways in the organs. Metabolic flux 

between organs and plasma aligned with expected fluctuations based on current literature. 

Hierarchical modelling could, therefore, be used to identify metabolic flux of new 

metabolites. Knowledge about the organ(s) or tissue(s) from which metabolites originate 

and about the affected pathways could lead to generation of a treatment target for the 

disease of interest. 

We want to emphasise that plasma or serum metabolomics is the net result of the 

metabolism of the whole organism. The blood metabolome arises due to complex 

interactions between different organs and cell types. Knowing the origin of variations 

observed in the net result of ongoing metabolism is essential. Tebani et al. and Fadason et 
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al. [154-156] found only two data-driven approaches that aim to resolve this issue 

regarding organ contributions to the plasma metabolome – ours and one by Do et al. [157]. 

Use of plasma or tissue samples to study diseases is often a good starting point for omics 

studies but requires careful validation and interpretation for a full understanding of the 

disease pathogenesis and for clinical relevance. For example, the reason for the high blood 

glucose observed in diabetes patients is clinically logical only when the source of the 

problem is known, i.e. autoimmune attack of the pancreatic β-cells or desensitisation of 

receptors resulting in insulin resistance. In cases of metabolomics studies of diseases, a 

metabolic pattern comprising many metabolites may be root cause. Tracing the source of 

the variation could lead to discovery of a suitable treatment. 

Another aspect of Paper II is the origin, accumulation and direction of metabolite 

contributions to plasma. For example, Koay et al. verified their findings that TCA cycle 

intermediates are absorbed by the intestine and enter the bloodstream [158], and Nguyen 

et al. found that the metabolic pattern they studied was associated with metabolites derived 

from metabolism in the kidneys, liver and muscles [159], based on the results of Paper II.  

Future perspective: In our studies, we work with samples obtained at one time point. 

Collecting time series biopsies from larger mammals would provide a less static dataset, 

but the complexity of the hierarchical data analysis would increase drastically. Analysis of 

such a dataset would require more time and effort but would still be feasible. An even 

better picture would emerge from analyses of more homogeneous parts of organs, like 

separate analyses of the medulla and cortex of the kidneys, or analyses of specific muscles 

with unique homogenous fibre types. Such analyses would facilitate studies of metabolite 

movements within organs as well as between organs. Another possible application of 

hierarchical modelling would involve study of several Ys (i.e. metabolic endpoints such as 

urine and faeces), facilitating observations of metabolite endpoints. This information 

would be most interesting for metabolites and associated pathways in the body for which 

little is known. Understanding organ contributions of metabolites to the plasma metabolic 

profile results in plasma samples providing more information, since we would also 

understand the origin of the metabolic variations. 
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4.5. Paper III: Multiblock analysis on a small metabolomic 
multi-tissue dataset 
As the availability of datasets continues to increase, the interest in data integration, grows. 

Data integration combines data from several sources into one unified puzzle to assist with 

joint data interpretation and discovery of novel insights. We chose to use multi-tissue 

metabolomic data and applied data integration to study the strongest common sources of 

variation. For the purposes of data integration, we wanted the dataset to be from an animal 

model so that even commonplace factors such as food, diurnal cycles and interactions could 

be standardised. In addition, use of an animal model allowed easier, more ethical 

monitoring of the study subjects, compared to observations of humans. We investigated 

variation within our dataset using JUMBA, which finds globally joint, locally joint, and 

unique variation of data blocks observed (see section 3.5.8.1 OnPLS and the JUMBA 

workflow). In this way, we sought to identify common structures within the multi-tissue 

dataset (Paper III). 

Objective: The aim of this study was to examine the multi-tissue metabolomics dataset 

using JUMBA. We wanted to determine whether this data integration method could identify 

any biologically sound trends or any observable similarities in metabolic profiles in the 

groups defined by the metadata (described in Paper III, section 3.3.1 Mouse metadata and 

evaluated in 4.1.1. Evaluation of metadata). 

Results: JUMBA extracted two globally joint components and five locally joint components 

(Paper III, Table 1 Model component overview). The first globally joint component (t1) 

represented the amino acid and fatty acid profile of one mouse. The second globally joint 

component (t2) was associated with a weight-dependent separation, which showed that 

samples from smaller mice were less diverse (Paper III, Figure 2 JUMBA multiblock scatter 

plot t1 vs t2). The first locally joint (t3) component represented the two studied genotypes 

(Paper III, Figure 3 JUMBA multiblock scatter plot t3 vs t4). The second locally joint 

component (t4) was found to represent three different energy states. 

Discussion and epilogue: Since JUMBA is not the only available data integration 

technique, we also applied JIVE and hierarchical modelling as proofs of concept. Skotare 

thoroughly discussed findings related to various data integration techniques in his thesis 

and appended papers [160]. The point of this work was not to assess the methods but to 

recommend strategies for how best to handle data integration when sample numbers are 

limited. In short, JUMBA, JIVE and hierarchical PCA modelling each function differently. 

JUMBA aims to maximise covariance and provides four elements: noise and globally joint, 

locally joint, and unique variation. JIVE is calculated with a rank constraint by minimising 
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reconstruction error and provides noise, and joint and unique variation. Hierarchical 

modelling is incapable of separating joint variation from unique variation and functions as 

a means of data compression. However, this level of detail on data integration techniques 

falls outside the scope of this study. 

If we used a larger sample size, we could have compared methods such as JUMBA, JIVE, 

DISCO-SCA, and PCA-GCA (see section 3.5.8. Data integration methods). This type of 

comparison should preferably be made using simulated data so that the statistical and 

distributional properties of the data are known and useful for evaluating and comparing 

the results produced by the various integration methods. We did not use simulated data 

for our studies.’  

Our studies focused on recommending strategies for best handling datasets from limited 

sample numbers, as we analysed datasets from only eight samples (four mice per group). 

This number is simply too low for making any concrete statements, let alone comparing 

methods. Cross-validation of the number of components calculated for the models is also 

impossible, and the permutation test for JIVE does not work, making JIVE unsuitable for 

use when working with so few samples. 

Interestingly we noticed that, though rotated in different ways, the various methods we 

used extracted the same trends, and even with differences in the methodologies, similar 

features were observed in the first two components with the same conceptual biological 

meaning. However, for the final version of this paper, we chose to focus on the use of 

JUMBA for this small dataset.  

Using JUMBA, we found the components to explain the amino acid and fatty acid profiles 

of mouse H (t1), followed by the weight trend we observed (t2; in which smaller mice were 

clustered while larger mice had a more diverse metabolic integration pattern), the 

genotypes (t3) and the three different energy stated (t4). These kinds of observations may 

be useful for familiarising oneself with data. The consensus is not that all datasets obtained 

should be published but indicate that JUMBA can be useful even in cases when the number 

of samples is low. A small dataset can provide vital information that can be considered 

when research is upscaled.  
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4.6. Paper IV: Tissue sample stability: thawing effects on 
multi-organ samples  
Samples for large collaborative studies are often transported across the world, exposing 

the samples to the risk of thawing. When samples thaw during transit, the following 

questions arise. How bad is the damage? Can we save them? Should we analyse them? We 

investigated the differences between properly handled samples and samples that had 

thawed during transit to answer these questions by observing the metabolic profiles that 

should raise alarms about the quality of both tissue and plasma samples. Pre-analytical 

biases can easily be introduced and can jeopardise accurate metabolic profiling. It is 

therefore vital that we understand how the metabolome reacts to these differences and 

work actively to prevent them. We wanted to identify the metabolic profile associated with 

tissue samples thawing in transit, and we wondered how, and to what extent, the different 

tissue metabolomes reacted to thawing.  

Objective: The goal of this study was to investigate how the different organ tissue types 

(i.e. gut, kidney, liver, muscle and pancreas) were affected by thawing with the aim of 

determining a metabolic profile that represented thawed tissue samples. We identified a 

pattern that should indicate prior sample exposure to too many freeze-thaw cycles.  

Results: Metabolic changes caused by thawing were highly similar for all organ tissues 

(Paper IV, Fig. 2 Summary of OPLS-DA models (thawed vs frozen)). The changes observed 

in muscle were smaller than the other tissue types, indicating that muscle tissue was less 

susceptible to oxidation. SUS plots (see section 3.5.6.3. Shared and Unique Structure (SUS)) 

revealed the metabolites responsible for the deviation observed in the muscle samples 

(Paper IV, Fig. 3 SUS-plot of muscle versus average (organs)). Thawed muscle samples 

were mainly associated with higher levels of nucleic acids than the other tissue samples. 

The metabolic profile of all thawed tissue samples was marked by an increase in overall 

metabolite levels caused by increased protein and cell degradation.  

Discussion and epilogue: We detected two outliers (see section 3.5.1.4. Outliers) in the 

PCA score plot displaying thawed and frozen samples (Paper IV, Fig. 1 PCA scores plot of 

thawed and frozen samples), both from thawed gut samples. These two outliers constituted 

2.67% of all the observations. One must remember that the Hotelling’s T2 line is a 95% 

confidence interval, which means that 95% of the observations fall within the confidence 

interval. Since the outliers did not present any severe analytical deviations, and all the 

thawed gut samples showed greater innate variation than the other thawed tissues, we 

deemed it most likely that the outliers arose due to thawing variations, and included them 

in the subsequent data analysis. 
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Our findings that thawing of tissue samples results in protein and cell degradation 

corroborate previously published studies of thawed plasma and serum [161-168] (as 

discussed in Paper IV). The observation that muscle samples were less susceptible to 

metabolic changes associated with thawing was attributed to differences in purine and 

pyrimidine metabolism. 

Cholesterol was one of eight metabolites found with decreased concentrations in the 

thawed samples of all organ groups. The reaction of cholesterols to thawing has been 

debated. We hypothesised that the results we obtained were due to cholesterol degradation. 

Depending on the sample type, cholesterol-carrying lipoproteins may degrade in response 

to thawing, releasing cholesterol and causing higher cholesterol concentrations, or 

cholesterol molecules may be broken down in the samples resulting in lower cholesterol 

concentrations. 

Future perspective: Identification of a critical point of compromise for various samples, 

due to thawing, may be possible by performing a study that includes additional organs to 

the ones we studied (e.g. spleen, heart, brain, lungs, etc.) for which samples were thawed 

under controlled conditions for predetermined numbers of hours (e.g. 2h, 4h, 8h, 12h, 18h, 

24h). This type of study would enable determination of differences between more organs 

and provide tissue-specific metabolic profiles that should influence decisions about use of 

other types of tissue samples. 

4.7. Paper V: The effects of thawing on the plasma 
metabolome: evaluating differences between thawed 
plasma and multi-organ samples 
Since blood samples are more common in a clinical setting than tissue samples, we were 

interested in linking tissue findings to plasma or serum observations. We wanted to know 

whether plasma samples were somewhat sensitive to thawing than tissue samples. 

Therefore, after studying the effects of thawing on multi-organ samples in an initial step 

(Paper IV), we compared the responses of organ tissue and plasma samples to thawing in 

a second step (Paper V). 

Objective: The goal of this study was to compare the responses to thawing observed in 

different tissue types with the response in plasma. Plasma samples obtained at three 

different time points were compared with the tissue samples for which we had already 

established a thawing profile (Paper IV).  
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Results:  As we expected, thawing affected all investigated sample types (Paper IV, Fig 2. 

Summary of OPLS-DA models (thawed vs frozen), and Paper V, Fig. 2 Metabolite 

differences between frozen and thawed plasma samples). Figure 2 of Paper V shows that 

thawed plasma displayed higher levels of amino acids, fatty acids, and glycerol metabolites 

as well as purine and pyrimidine metabolites, when compared to plasma samples handled 

according to SOP. The metabolic pattern was found to result from protein degradation, cell 

degradation and increased phospholipase activity, and was more pronounced in the organ 

samples than the plasma samples (Paper V, Fig. 3 SUS plots comparing plasma day 5 and 

organs (gut, kidney, liver, muscle and pancreas) and plasma day 1). Altogether, we 

concluded that the tissue samples were more sensitive to thawing than the plasma samples. 

Discussion and epilogue: The main reason for performing the studies reported in Papers 

IV and V was to obtain a metabolic profile that should alert researchers of samples that 

may be compromised due to thawing. We hypothesised that the metabolic pattern we 

obtained would be used to evaluate biobanks. Madssen et al. used our profile to conclude 

that their previous biobank had been compromised and have developed strategies for 

standardising biobanking procedures [169]. In addition, Struja et al. verified the quality of 

their samples, which had been frozen for 46 months at -24°C instead of -80°C and found 

none of the alarming metabolic patterns we identified [170]. Furthermore, Hunt et al. 

based part of their decision to immediately freeze liver samples and minimise freeze-thaw 

cycles on the outcome of this study [171]. 

Future perspective: Our plasma samples were obtained at three different time points, and 

both the sampling location and anaesthesia method differed between the time points. 

Plasma samples for which a ketamine/xylazine solution had been used for anaesthesia 

displayed less pronounced alterations in the response to thawing. We would be interested 

in further investigating this observation, especially since the tissue samples were also 

harvested post-ketamine/xylazine treatment. By constructing a study including samples 

subjected to varying numbers of freeze-thaw cycles obtained from mouse subjects 

anaesthetised with ketamine/xylazine or with no chemical treatment, the effects of 

ketamine/xylazine on sample response to thawing could be further explored. 
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5. Concluding remarks and Future perspective 

This section was written to put the thesis and appended papers into perspective and to 

provide more specific concluding remarks. The idea was to summarise our findings and 

discuss what we have learned from them.  

In my opinion, arguments about selecting targeted or untargeted metabolomics for a study 

are futile, as are arguments about selecting univariate or multivariate statistics. In both 

cases, the options are not mutually exclusive, but instead, benefit each another. Untargeted 

metabolomics analyses as many samples as possible particularly to identify as many 

metabolites as possible in exploratory studies; absolute quantification is not essential. 

Considering the goal of applying untargeted metabolomics, there should be no need to 

choose between one platform or another. Our group has begun to perform both GC-MS 

and LC-MS for our studies. Such application of multiple platforms characterises a positive 

advancement. Targeted metabolomics can only be applied once there is a target to explore 

and should aim to determine absolute quantities for additional comparability between 

studies. My suggestion, therefore, is that in cases for which time or cost constraints hinder 

analysis of a whole cohort, sample selection should be performed based on the metadata 

available, and analysis of the samples should be conducted on as many platforms (or using 

as broad a range of extraction protocols) as possible to identify as many metabolites as 

possible. If feasible, later analysis of the whole cohort using targeted or semi-targeted 

metabolomics to verify any interesting findings would, of course, be beneficial. 

Also, in my opinion, the future of metabolomics will require known absolute metabolite 

concentrations as well as standard concentration ranges (for confidence intervals of 

variation in metabolite concentrations under normal conditions). As previously 

mentioned, some metabolites appear at concentrations within a narrow range while others 

fluctuate more broadly over the course of normal metabolism. Since metabolomics studies 

are often providing a snapshot of a moment in time, some subjects will display different 

metabolic profiles due simply to normal metabolic variations, which could coincide with 

the phenomenon of interest and point to unsuitable biomarkers. Knowledge of established 

standard concentration ranges for metabolites of interest may have provided valuable 

guidance on the conditions for such a snapshot. 

Independent of absolute or relative metabolite concentrations, technical replicates and QC 

samples must be evaluated after gathering metabolomic data. It is especially critical when 

working with small datasets (datasets including fewer than fifteen samples) to confirm 

sound chemical analysis, since there are few samples from which to make assumptions. In 
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our studies, we pointed out the importance of assessing data quality and reflecting data 

soundly. We confirmed the accuracy of our chemical analysis by conducting run order and 

replicate assessments and evaluating QC samples. Moreover, we reviewed our findings 

against current knowledge in the field to assure that the metabolic distributions we 

discovered were biologically and chemically reasonable. The results of these activities 

reassured us that we could continue to perform our multivariate analysis. 

The main goal of our multivariate data analysis was to evaluate the MODY5/RCAD mouse 

model, a genetically-modified mouse model with a well-established genotype but little-

known phenotype. Therefore, we chose to apply metabolomics because of its close 

association with phenotype and no metabolomics study had previously been performed for 

the MODY5/RCAD mouse model; we expected to pinpoint a phenotype for the mouse 

model. We found the metabolic profile of these mice to align with expectations based on 

the mutation site and the involvement of HNF1b in the embryonic development of several 

organs. Thus, we argued that the MODY5/RCAD mouse model shows great potential as a 

tool for pre-clinical studies of HNF1B-associated diseases (Paper I). 

Humans share much of their DNA with mice, but mouse models are often a simplification 

of human disease. While the MODY5/RCAD mouse model might not be used to implement 

therapeutic in-clinic protocols, it can still assist with developing knowledge about the 

molecular basis, pathways and pathogeneses of associated diseases or certain 

manifestations. Mouse models are also useful for studying various treatments and for 

unveiling mechanisms of action. Other strengths of animal models over human subject 

include ethical aspects, availability, and access to samples and samples sites, as well as the 

ability to control conditions, environments and other life aspects. Yet, we must remember 

that mice are simply a model. 

With this is mind, we wanted to use the mouse multi-tissue dataset to determine the 

direction of metabolite contributions from organs to plasma. Metabolites are substrates, 

intermediates and end-products of regulatory processes of the cells in biological systems, 

and their levels are highly dynamic in time and place. Owing to this, the metabolic profiles 

of biofluids (e.g. whole blood, plasma, serum or urine) denote complex biochemical 

interactions between different organs and cell types that constitute the origins of metabolic 

variations. These origins must be understood in order to fully grasp the metabolic biofluid 

profiles that may be associated with a phenomenon of interest. Thus, we looked at the 

contributions of different organs to the metabolite levels found in blood plasma, 

investigating overall contributions as well as specific metabolites contributed by individual 

organs (Paper II). 
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After characterising the MODY5/RCAD mouse model metabolome and the metabolite 

contributions of organs to plasma metabolite composition, we wanted to study the intrinsic 

variation of this small multi-tissue dataset and were particularly interested in common 

metabolic variation across the different tissues. Few data integration options are suitable 

for small datasets, and the options for us were even fewer given our desire to extract 

globally joint and locally joint variation. In Paper III, we demonstrated means of extracting 

information using our a priori knowledge and made assumptions regarding the intrinsic 

variation of our dataset, concluding that JUMBA can be used to study the variation of small 

metabolomic multi-tissue datasets. 

We also used our metabolomic multi-tissue datasets to establish metabolic alterations 

associated with excessively long periods of thawing. These metabolic profiles are beneficial 

for assessing whether a biobank is outdated or unreliable, such as a biobank that has been 

managed by different people over time. Our metabolic profiles for thawed samples can 

then be used to assess the quality of the database. We found that data once obtainable from 

samples are irretrievable after the samples have thawed for excessive periods. The 

importance of proper and systematic sample handling and of randomisation was also 

discussed (Paper IV and Paper V). 

When I started my thesis in 2013, metabolomics was still in its infancy and the Human 

Metabolome DataBase (HMDB: www.hmdb.ca) listed approximately 40,000 unique 

metabolites. Today the HMDB lists over 114,100 unique metabolites [172-174], and the 

number of illustrated pathways it contains has increased from 420 to over 25,000. The 

metabolomics field has improved from daily discoveries of increasing numbers of 

metabolites as well as increasing numbers of predicted and experimental spectra being 

made available in the libraries. The field is moving away from ambiguous metabolite 

names and a lack of standardisation, and rapidly advancing such that the standard of 

available datasets is enormously enhanced. Yet there is still room for improvement by, for 

example, adhering to the data publication standard proposed by the Metabolomics Society 

and Metabolomics Standards Initiative (MSI) and updating the LC-MS and GC-MS libraries 

to include additional newly detected metabolites. Moreover, identification of the role, 

pathways and metabolic origins of newly discovered metabolites would be beneficial. 

Abundant work is available relevant to characterising metabolic networks, interactions, 

sites of activity and biological significance. 

As the future of data analysis of metabolic datasets becomes the status quo, when many of 

the abovementioned improvements are implemented, scientists will need to adjust. 

Machine learning and deep learning techniques (e.g. support vector machines, artificial 

neural networks and convolutional neural networks) are standard analysis techniques for 
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genomics [175], in which many more (tens of thousands of) variables are identified. Once 

metabolites are identified in large magnitude (thousands) at a sufficiently high speed and 

with high enough accuracy of absolute concentrations, I expect such machine learning 

techniques to become more and more invaluable for metabolomics as well.  

In summary, this thesis has contributed to an increased understanding of a multi-tissue 

metabolite dataset from the MODY5/RCAD mouse model and worked up protocols and 

strategies for managing small datasets. We explored the biological variation within the 

dataset and evaluated the differences and similarities, discussed various multivariate 

analysis methods, and determined the significance of the metabolic variations observed. 

The main goal that I achieved was to determine a means of connecting sound data analysis 

with biochemical interpretation of multi-source datasets from a small number of samples. 

I emphasised, throughout the thesis, the importance of proper experimental design and of 

maintaining a clearly defined aim throughout the study. Together, a sensible study design 

and a clear focus at the start of a project lead to clearer sub-goals and a cohesive argument 

throughout the entire workflow, instead of aimless attempts to “see what the data says”. 

Had this always been implemented in practices, I would have experienced far fewer 

nightmares of bright coloured spots, trying to find my way in multidimensional space. 
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