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Abstract 

 

Inflammatory bowel disease (IBD) is a chronic inflammatory gastrointestinal disease 

resulting from an excessive immune response to intestinal microflora in genetically 

predisposed individuals. There is mounting evidence to suggest that the personalisation of 

diets to specific genotypes may be able to modulate the incidence and severity of disease 

in the IBD population. The move towards human dietary intervention studies is 

inevitable. It is therefore imperative that accurate and non-invasive methods for the 

evaluation and monitoring of an individual‟s disease state are identified and optimised. 

 

The aim of this study was to optimise the monitoring of disease development during 

mouse experiments, and develop biomarker investigation methods for assessing disease 

state and the efficacy of dietary interventions, with respect to IBD inflammation, for 

future human studies. 

 

This study investigated metabonomic and transcriptomic approaches to biomarker 

analysis for disease state identification in IBD mouse models. The aims of the study were 

twofold. The first aim concerned the analysis of nuclear magnetic resonance spectroscopy 

(NMR) as a suitable tool for the identification of biomarkers in biofluids, examining both 

individual biomarker methodology and pattern recognition analysis. The second aim 

addressed the use of pattern recognition analysis of gene expression profiles of spleen 

tissue to identify biomarkers associated with intestinal inflammatory events.  

 

This study has identified two individual biomarkers of intestinal inflammation from NMR 

analysis of urine for further validation: allantoin and sucrose. Multiple regression analysis 

(MRA) of binned NMR spectra was identified as an effective method of NMR pattern 

recognition analysis.  

 

The transcriptomic biomarker approach used correlation analysis to compare gene 

expression profiles with intestinal inflammation. Eight probes were identified as 

significantly correlated with a histological injury score (HIS). This study has developed 

and validated several biomarker analysis strategies that could be applied to human 

studies. Overall, MRA was found to be a valuable tool for biomarker pattern recognition 
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identification and analysis. Both metabonomics and transcriptomics proved to be useful 

screening tools to identify biomarker profiles in IBD mouse models. The research has 

provided a critical foundation for identifying relevant biomarker profiles of accessible 

human tissues to support human dietary intervention studies related to the amelioration of 

symptoms associated with IBD. 
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1 Introduction  

 

This thesis was undertaken as part of the Nutrigenomics New Zealand collaboration. 

Nutrigenomics New Zealand is a collaboration between AgResearch, Plant and Food Research 

and The University of Auckland. This collaboration has come together with the principal 

objective of tailoring foods to match people‟s genes. The initial focus of Nutrigenomics New 

Zealand was in the development of nutrigenomic capabilities for the New Zealand food industry 

to develop gene specific foods in the future. Proof of principle investigations were targeted at 

preventing and ameliorating the symptoms of Crohn‟s disease (CD) which is a sub-type of the 

overarching Inflammatory bowel disease (IBD)
1
. 

1.1 Inflammatory bowel disease 

IBD is a heterogeneous group of chronic inflammatory gastrointestinal diseases
2, 3

. This chronic 

inflammation results from an excessive immune response to intestinal microflora in people with 

a genetic predisposition
4, 5, 6-8

 (Figure 1.1). Following the onset of IBD, symptoms remain with 

the patient for the rest of their lives with periods of active disease interspersed with periods of 

remission. IBD can be broken down into two closely related conditions: CD and ulcerative colitis 

(UC). However, it is a commonly accepted hypothesis that each of these conditions represents a 

spectrum of diseases, each with different underlying mechanisms and caused by numerous 

combinations of genetic, microbial and environmental interactions, with similar clinical 

manifestations
6, 9

. The involvement of environmental and microbial factors is given weight by 

studies investigating the relative risks of concordant disease in dizygotic twins and ordinary 

siblings. Bengtson et al. reported the significant increase in relative disease risk of concordance 

of CD between dizygotic twins and ordinary siblings, indicating that shared environmental 

factors either in utero or childhood may be contributing factors to CD presentation
10

. Specific 

environmental factors, such as food and intestinal bacteria, are implicated as IBD triggers due to 

the localisation of inflammation to the gastrointestinal (GI) tract
11

. General symptoms include 

anorexia, fever, weight loss, malnutrition and fatigue. Depending on the severity and location of 

the inflammation, symptoms may also include abdominal pain, gastrointestinal and rectal 

bleeding, and diarrhea
12-14

. These symptoms can have a significant impact on the patients‟ 

quality of life, especially having to deal with the psychological concerns of uncontrolled 

gastrointestinal symptoms in social situations
14

. Ghosh and Mitchell reported a study of a large 

cohort of CD and UC patients in Europe (5576 patients) where 75.6% felt that their enjoyment of 

leisure activities was affected by their symptoms and 68.9% felt their work was affected
14

. 
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Figure 1.1: Interplay between contributing factors of IBD 

This figure illustrates the interaction between the environment, immune dysfunction and genetic predisposition that 

lead to IBD. Modified from Ermann and Fathman
15

. 

 

CD is characterised by an asymmetric segmental, transmural destruction of the GI tract lining. 

CD is often multifocal with inflamed areas of intestine bordered by healthy tissue, and can also 

be associated with the formation of fissures, fistulae and stenosis of intestinal segments
3, 4, 16, 17

. 

CD can affect the entire GI track, from the mouth to the anus, which causes a wide variety of 

symptoms depending on the location of inflammation, although it most commonly involves the 

terminal ileum
18

. In comparison, UC is a mucosal based-disease that is primarily located in the 

colonic tissue with rectal involvement. UC is a contiguous inflammatory condition starting at 

rectum and extending proximally
16, 17, 19

. Indeterminate colitis is often an interim diagnosis when 

the phenotype is difficult to distinguish as either CD or UC
17

. 

 

The incidence of IBD worldwide has been well studied with a prevalence of 0.2%, which is 

mainly concentrated in developed regions such as Europe, America and Australasia
14, 20, 21

. 

Reviews by Loftus and Economou and Pappas give a comprehensive overview of IBD 

prevalence and illustrate the significant geographical clustering of disease
21, 22

. Although 

genetics is known to play an important role in IBD with over 30 genes implicated in the 

susceptibility to disease
23, 24

, the geographical clustering of disease incidence and severity 

appears to be the result of environmental factors. Examples of the geographical clustering appear 

in Northern European nations such as Scandinavia and Scotland
21, 22

.  
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New Zealand has one of the highest incidence rates of IBD in the world
25

. Yap et al. and Gearry 

et al. have reported incidence rates of IBD in the paediatric and general New Zealand 

populations, respectively
26, 27

. The incidence rate of paediatric IBD, CD and UC was reported at 

2.9, 1.9 and 0.5 per 100,000 per year, respectively
26

; while the general population was reported 

at 25.2, 16.5 and 7.6 per 100,000 per year, respectively
27

. The New Zealand population follows 

similar trends to other countries where the most common age of onset is 15 to 35 years, with 

another spike in incidence at 65 to 74 years
27, 28

. 

 

There are significant volumes of research being published on treatment regimes to reduce the 

symptoms of IBD and to maintain periods of remission
29, 30, 31

. Due to the strong environmental 

and dietary contributors to IBD pathogenesis there is evidence to suggest that dietary treatment 

plans may be able to provide a sustainable life style shift to ameliorate symptoms and maintain 

remission, with minimal disruption to daily life
11, 32

.  

 

In a study reported by Triggs et al., 446 CD patients were given a dietary questionnaire to self 

report on dietary tolerances and intolerances. This study showed a number of foods that were 

beneficial for one group of patients and detrimental for another. Out of the 257 food items 

investigated over 15 different food groups it was not possible to identify a specific group of food 

items that should be either eaten or avoided by all CD patients. This led investigators to suggest 

that personalised diets may be essential for these individuals
33

.  

 

CD has a strong genetic link to disease with now over 30 different genetic loci found to be 

associated with the disease
24

. As previously mentioned, there are numerous combinations of 

these genetic loci, and interactions with microbial and environmental conditions causing similar 

disease pathogenesis in patients with CD
6, 9

. The personalisation of diets to specific genotypes 

may be able to modulate the incidence and severity of disease in the CD population
34

. This 

premise is the foundation of the research undertaken by Nutrigenomics New Zealand into CD, 

where the aim is to identify gene-specific foods that can help restore and maintain remission in 

CD patients as a manageable long-term treatment plan. 

 

Many studies are now being reported with dietary reduction of inflammation in animal models of 

IBD
30, 31, 35, 36

. An example of this is the reported beneficial effect of dietary omega-3 

polyunsaturated fatty acids on the reduction of inflammation in an interleukin 10 gene targeted 

mutant (Il10
–/–

) mouse model of IBD. This report from Knoch et al. describes the activation of 

the peroxisome proliferator-activated receptor-alpha gene, on an eicosapentaenoic acid rich diet, 
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which regulates the expression of pro-inflammatory, and immunomodulatory genes and 

proteins
35

. This report identifies a direct association between diet and gene expression 

modulation in disease pathogenesis.  

 

In 2009, Nutrigenomics New Zealand reported the first identified diet-gene interaction in human 

CD. In a New Zealand population of CD patients, Petermann et al. described a significant link 

between the intolerance to mushrooms and specific variants of the organic cation transporter 1 

(OCTN1). This link was identified through the statistical analysis of the dietary questionnaire 

described by Triggs et al. and genotyping data from patient DNA
33, 37

.  

 

As the field of Nutrigenomics is maturing and evidence is accumulating regarding specific foods 

and personalised diets that could be beneficial to specific genotypic groups, such as CD patients, 

the move towards human dietary intervention studies is inevitable. It is therefore imperative that 

accurate and non-invasive methods for the evaluation and monitoring of an individual‟s disease 

state are identified and optimised. These methods must identify any deterioration of disease state 

prior to symptom manifestation to be truly effective. 

1.2 Biological markers  

At present there are several clinical investigations that need to be undertaken to make an accurate 

diagnosis of disease state, including invasive endoscopy, serological testing and radiological 

testing
22, 38

. These are time consuming, costly, and especially in the case of endoscopy, cause 

discomfort to the patients 
39

. Given these difficulties, there is a strong need to develop a non-

invasive means of determining a patient‟s disease state. This approach necessitates the 

identification of a validated set of biomarkers, but to date no single marker or panel of markers 

have eliminated the necessity of invasive tests
40

.  

 

Biological markers (biomarkers) are measurable biological events that can occur as a 

consequence of disease progression
41

. As discussed above, IBD is the result of a combination of 

multiple contributing factors that come together to create a disease phenotype; biomarker 

approaches need to be robust to predict disease severity from these varied contributors. To 

identify robust biomarker candidates, large cohorts of patients or animal models are required for 

the initial investigation, followed by extensive validation with independent patient or animal 

groups
42

. These biomarkers also need to be present in significant concentrations early in the 

inflammatory process to be of greatest benefit to the patients and researchers
43

.  
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The efficacy of biomarkers is often referred to using the terms “specific” and “sensitive”. 

Specificity is defined as the proportion of true negatives, or the proportion of subjects from other 

groups that are correctly classified. This means that if a biomarker is highly specific there should 

be very few false positives
44, 45

. Sensitivity is defined as the proportion of true positive 

classifications, or the proportion of the diseased population that is correctly classified. This 

means that if a biomarker is highly sensitive there should be very few false negatives. Meuwis et 

al. also defined a minimum level of specificity and sensitivity for a robust biomarker to be 80 

percent
45

. Griffiths et al. have suggested a more rigorous list of criteria to evaluate the success of 

biomarkers, which includes: identity, linearity, accuracy, selectivity, reproducibility, and 

appropriate limits of detection
43

. Griffiths et al. have also highlighted the need for biomarkers 

that are present early in the disease progression where preventative measures can be most 

effective
43

.  

 

Several biomarker approaches have been reported in the literature, such as gene expression 

markers
46

, protein markers
47

 and metabolite markers
48

. These approaches use accessible tissues 

that are collected through non-invasive (or minimally invasive) means such as urine
48

, stools
49

, 

blood
3, 44

 and saliva
50

, as well as tissues collected via invasive procedures such as colonoscopy 

biopsies
51

. The optimal biomarkers will be those that can be obtained from tissues that limit the 

discomfort to the patient.  

 

Early biomarker approaches in the study of IBD used biomarkers as indicators of disease 

presence or disease state, for example C-reactive protein (CRP)52, serum albumin A (SAA)
53

, and 

sucrose
54

. There is a growing understanding that groups of well chosen biomarkers have the 

potential to provide a more robust measure of disease state prediction
42, 45

. 

 

Table 1.1 provides an overview of inflammatory and IBD biomarkers that have been reported in 

the literature to date. A relevant subset of these will be discussed further in this chapter. 
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Table 1.1: Overview of reported biomarkers of IBD (or related inflammatory conditions), along with tissues 

in which they were detected 

The reference to biopsy tissue relates to an endoscopical biopsy of the GI tract. Table continued on following page 

  

Name Abbreviation / 

common name 

Reported tissue Reference 

Th1-derived cytokines    

Interleukin 2 IL2 Biopsy, Surgical 

resection 

55-57
 

Interferon gamma IFN-γ Intestinal mucosa, 

surgical resection 

57, 58
 

Lymphotoxin LT  lipopolysaccharide 

stimulated whole blood 

59
 

Th1-polarizing cytokines    

Tumour necrosis factor alpha TNF-α Colonic tissue biopsy, 

stool, plasma 

60-62
 

Interleukin 12 IL12 Colonic tissue biopsy 
63

 

Interleukin 18 IL18 Serum 
64, 65

 

Others    

Interleukin 1 IL1 Colonic tissue biopsy 
66

 

Interleukin 6 IL6 Stool, Plasma 
61

 

Interleukin 7 IL7 Colonic mucosal 

epithelium 

67
 

Interleukin 15 IL15 Rectal biopsy 
68

 

Interleukin 17 IL17 Serum 
65

 

Anti-inflammatory/ Th2 regulatory cytokines    

Interleukin 10 IL10 Intestinal mucosa 
57, 69

 

Interleukin 4 IL4 Surgical resection 
58

 

Interleukin 5 IL5 Colonic tissue biopsy 
70

 

Interleukin 13 IL13 Colonic tissue biopsy, 

surgical resection 

71
 

Other anti-inflammatory cytokines    

Interleukin 1 receptor antagonist IL1Ra Peripheral blood, stool, 

plasma 

61, 72, 73
 

Interleukin 11 IL11 Serum 
65, 74

 

Interleukin 1 beta IL1β Stool, plasma 
61, 72

 

Interleukin 2 Receptor IL2R Biopsy 
55

 

Interleukin 2Receptor alpha IL2Rα Rectal biopsy 
68

 

Transforming Growth Factor TGF-beta Colonic tissue biopsy 
75

 

Acute Phase Reactants    

C reactive protein CRP Saliva, serum 
52,50

 

Serum amyloid A SAA Serum 
53, 76

 

Fibrinogen  Serum 
65

 

Erythrocyte sedimentation rate ESR Serum 
77, 78

 

α1 – acid glycoprotein Orosomucoid Serum 
78

 

Thrombopoietin  Serum 
78

 

Platelet count  Serum 
78

 

Lactoferrin  Serum 
78

 

Faecal lactoferrin  Stools 
12, 79, 80

 

α1 – antitrypsin  Serum 
78
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Table 1.1 Continued: Overview of reported biomarkers of IBD (or related inflammatory conditions), along 

with tissues in which they were detected 

 

  

Name Abbreviation /  

common name 

Reported tissue Reference 

CXC Chemokines    

Interleukin 8 IL8 Stool, plasma, Colon biopsy 
61, 81

 

Epithelial cell-derived neutrophil-activating peptide 

78 

ENA78 Human colon epithelial cell 

culture 

82
 

Interferon-inducible protein IP-10 Serum, Colon biopsy 
65, 81

 

CC Chemokines    

Monocyte chemoattractant peptide MCP-1 Serum, Colon biopsy 
65, 81

 

Monocyte chemoattractant protein-2 MCP-2 Blood monocytes 
83

 

Monocyte chemoattractant protein-3 MCP-3 Colon biopsy 
81

 

Interleukin 16 IL16 Surgical resection 
84

 

Macrophage inflammatory protein 1 alpha MIP-1α Blood monocytes 
83

 

Macrophage inflammatory protein 1 beta MIP-1β Blood monocytes 
83

 

Macrophage inflammatory protein 1 gamma MIP-1γ Serum 
65

 

Macrophage inflammatory protein 3 alpha MIP-3α Surgical resection 
85

 

Macrophage inflammatory protein 3 beta MIP-3 β Serum 
65

 

Serological markers    

Antineutrophil cytoplasmic antibodies ANCA Serum 
86, 87

 

Perinuclear antineutrophil cytoplasmic antibodies pANCA Serum 
86, 87

 

Anti-Saccharomyces cerevisiae antibodies- 

Immunoglobulin A 

ASCA IgA Serum 
86

 

Anti-Saccharomyces cerevisiae antibodies- 

Immunoglobulin G 

ASCA IgG Serum 
86

 

Other biomarkers    

Eosinophil cationic protein ECP Stools 
62

 

Tumour necrosis factor receptor p55 TNFR-p55 Urine 
88

 

Tumour necrosis factor receptor p75 TNFR-p75 Urine 
88

 

Hepatocyte growth factor  HGF Serum 
89

 

99m Tc-labeled White Blood Cell scintigraphy 99mTC-WBC White blood cells 
90

 

Faecal alpha1-antitrypsin Faecal α1-AT Stool 
91

 

A lipopolysaccharide-binding protein receptor CD14 Colon biopsy 
51

 

Matrix Metalloproteinase 1 MMP-1 Plasma 
92

 

Matrix Metalloproteinase 19 MMP-19 Colon biopsy 
93

 

Tissue inhibitor of metalloproteinase 1 TIMP-1 Serum, Plasma 
92, 94

 

Tissue inhibitor of metalloproteinase 4 TIMP-4 Serum 
94

 

Nuclear factor – kappa B NF-κB Colon biopsy 
95

 

Nuclear factor – kappa B inhibitor NFKBIA Colon biopsy 
95

 

Lymphotactin  Serum 
65

 

Vascular cell adhesion molecule 1 VCAM-1 Serum 
65

 

Haptoglobin  Serum 
65

 

Apolipoprotein A1 APO-A1 Serum 
65

 

Immunoglobulin A IgA Serum 
65

 

Faecal pyruvate kinase M2-PK, PK Stool 
96

 

Faecal S100A12  Stool 
97

 

CXC Chemokine Ligand 16 CXCL16 Serum 
98

 

Faecal calprotectin FC Stools 
52

 

Polymorphonuclear neutrophil elastase PMN-e Stools 
52

 

Insulin-like growth factor 1 IGF-1 Serum 
99

 

Plasma Pentraxin-3 PTX3 Plasma 
100

 

Sucrose  Urine 
54, 101, 102
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1.2.1 Individual biomarkers 

The following section highlights examples of biomarkers from Table 1.1 that are commonly 

reported in the literature. 

 

1.2.1.1 Cytokines 

Cytokines are small intercellular signaling proteins produced by activated immune cells in 

response to a danger signal such as infection, tissue damage or severe stress. They assist in the 

communication between various cellular components of the inflammatory immune response and 

stimulate rapid growth in antigen-specific effector cells. Through this communication, cytokines 

are able to direct the development of the immune response
78, 103, 104

. There are three main groups 

of cytokines that contribute to the regulation of the immune response and inflammation: pro-

inflammatory (such as IL1, IL6 and TNF-α), anti-inflammatory (such as IL1Ra, soluble TNF- α 

receptor, IL4, IL5, IL10 and TGF-β) and immunomodulating cytokines (such as IFN-γ, IL12 and 

IL18)
104

. It is believed that IBD is caused, at least in part, by an imbalance between the pro- and 

anti-inflammatory cytokines
105

. 

 

Cytokines are able to direct the development of the immune response to either a T-helper-1 

(Th1) or T-helper-2 (Th2) immune response. The Th1 immune response, which is typical of CD, 

is initiated by an IL12-induced CD4
+
 T helper lymphocyte proliferation and secretion of the 

cytokines IL2, IFN-γ and TNF-α
7, 106

. The Th2 immune response, which is typical of UC, is 

initiated by an IL4-induced CD4
- 
T helper lymphocyte proliferation and secretion of IL4, IL5, 

IL10 and IL13. The cytokine levels in the intestinal mucosa of active UC and CD patients should 

therefore be distinct
7
.  

 

Specific cytokine levels appear to correlate with disease activity and type of IBD. Many studies 

have measured intestinal mucosal cytokine levels
57, 107, 108

. In particular Niessner et al. reported 

an increase in IL10 and IFN-γ levels in the intestinal mucosa of CD and UC patients compared to 

healthy controls; IL2 levels were significantly increased in CD which illustrates the involvement 

of the Th1 immune response for this IBD
57

. Several studies have investigated serum cytokine 

levels. Mahida et al. reported increased IL6 levels in Crohn‟s patients
109

 and Torrence et al. 

reported increased levels of IL11 and IL17 in early IBD in a mouse model
65

. Contradictory 

reports from Yamamoto et al. question the usefulness of plasma cytokine levels as the IL6 

cytokine was identified in only 41% of their Crohn‟s population compared to intestinal mucosal 

IL6 which was detected in all patients
108

. Radford-Smith and Jewell explain that the reduction in 
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detectable cytokines in serum, compared to intestinal mucosal tissue, is due to a very short half 

life of the cytokines compared to other serum proteins and the rapid clearance of these cytokines 

through the liver
103

. 

 

Cytokine levels in the literature have also been reported from stool samples of IBD patients. 

Saiki et al. reported that the cytokines IL1β and IL1βr antagonist are increased in active IBD, 

and the ratio of IL1R to IL1β is reduced with active IBD. Saiki et al. also reported TNF-α, IL1β 

and IL1R were reduced while IL4 and IL10 levels were increased in the stool samples of IBD 

patients in remission. Similar studies have been published by Enocksson et al. on infectious 

gastroenteritis
110

 and Bragger et al. on intestinal inflammation
111

. 

 

1.2.1.2 Acute phase reactants 

Acute phase reactants (listed in Table 1.1) comprise proteins and other measurable systematic 

changes in blood plasma that increase or decrease by at least 25% during periods of 

inflammation. Acute phase proteins, such as C-reactive protein (CRP) and serum amyloid A 

(SAA), are stimulated by cytokines produced by, and involved in, the inflammatory process
112

.  

 

C-reactive protein (CRP) 

CRP was first discovered in 1930
113

 and has become well known as a marker of low-grade 

systemic inflammation, and one of the most commonly used inflammatory indicators
77, 114, 115

. 

CRP is an acute phase protein produced in the liver and adipose tissue under the regulation of 

inflammatory mediators such as IL1β, IL6, Leptin and TNF-α. The level at which CRP is 

produced reflects the inflammation
114, 116, 117

. In healthy individuals under normal conditions 

CRP is detected at low concentrations of < 6 mg/l
45

; however, CRP is commonly measured at a 

level of 10-40 mg/l in mild inflammatory cases
78

. In severe cases of inflammation or infection 

CRP levels have been observed to rise to >200 – 250 mg/l, and in these cases it is a possible 

indicator of other complications such as an abscess
118

. Due to the short half life (19 hours) of 

CRP, it is a sensitive marker of inflammation and reduction of inflammation due to corrective 

treatment. CRP production does not seem to be directly affected by medical or drug treatment so 

any changes in CRP level detected are caused by the effect of the treatment on the underlying 

inflammation; this has been useful to test the efficacy of drugs, such as infliximab, in reducing 

inflammation in CD patients
119, 120

. CRP has been used as a marker of inflammation in several 

different conditions such as cardiovascular disease
121, 122

, diabetes, metabolic syndrome
114, 123, 124

 

and IBD
45, 78, 125

. CRP has been reported in many studies to be a marker of IBD; however, there 
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is debate over which IBD inflammatory state, CD or UC, is best associated with the marker. 

Koelewijin et al. reported CRP to be positively correlated with the clinical course of disease, 

specifically the number and severity of relapses in a cohort of 94 CD patients. These workers 

concluded that patients presenting with a higher CRP level (>15 mg/l) during relapse had more 

frequent and severe relapses. Koelewijin et al. did not specifically link CRP to inflammation
126

. 

Henrikesen et al. has reported correlations of CRP levels with disease state in patients with UC; 

however, CRP was found to be only a predictor of surgery in CD rather than a predictor of 

phenotype. This study was based on a cohort of 454 UC patients and 200 CD patients
120

. 

Rodgers et al. reported similar findings to Henrikson, in that CRP correlates significantly with 

UC clinical scores, but not in CD
127

. Solem et al. investigated the correlation between CRP and 

IBD with a cohort of 104 CD patients and 43 UC and IC patients. They found that CRP levels 

significantly correlated with clinical activity, histologically severe inflammation and active 

disease at colonoscopy of CD; however, it was not correlated with abnormal small bowel 

radiographic imaging. Significant correlations were also observed between CRP and UC clinical 

activity, active disease at ileocolonoscopy and other biomarkers of inflammation, but not with 

histological inflammation
128

. Berni Canani et al. investigated biomarkers of inflammation in 58 

children with IBD (26 with CD and 32 with UC) and found CRP to have a sensitivity of 44% and 

a specificity of 82%
129

. The literature suggests that although CRP is a commonly used marker of 

inflammation, it is not reliable on its own as it is non-specific to intestinal inflammation
124, 130

.  

 

Serum amyloid A (SAA)  

SAA, like CRP, is an acute-phase protein produced by the liver and induced by inflammatory 

mediators for instance IL6, IL1β and TNF-α. SAA levels are correlated with several disease 

pathologies including acute exacerbations of chronic obstructive pulmonary disease
116

, familial 

Mediterranean fever
131

, colon cancer
132

, acute coronary syndromes
133

 and IBD
53

. SAA has been 

reported as having an increased sensitivity compared to CRP of 77%, but a decreased specificity 

of 74%
53

, which is below the minimum standard set by Meuwis et al. 
45

. Another more recent 

study by Piquer et al. also reports SAA levels to increase significantly with severity of disease in 

all patients with IBD compared to the healthy controls
76

. Piquer et al. did not mention the 

specificity or sensitivity; however, only IBD patients and healthy controls without family history 

of heart disease were included in this study. Piquer concluded that SAA may be an effective aid 

in discriminating between disease states in IBD
76

.  
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1.2.1.3 Other biomarkers 

Nuclear factor kappa B (NF-κB)  

NF-κB is expressed in lamina propria, macrophages and epithelial cells, and is activated by a 

variety of different stimuli such as viruses, pro-inflammatory cytokines (e.g. TNF-α, IL1, IL6 

and IL8), bacterial cell wall components and DNA damaging factors
134

. In its inactive state, 

bound to the NFκBIA inhibitor, NF-κB is confined to the cytoplasm. Once activated, NF-κB 

dissociates from NFκBIA and migrates into the nucleus to interact with regulatory elements such 

as enhancers and promoters. This interaction leads to the transcription of a large number of 

immune-related genes
135

. Levels of activated NF-κB (unbound to inhibitor and concentrated in 

the nucleus) were reported by Rogler et al. to be correlated with the degree of inflammation 

although there was no difference reported between the level of activated cells in non-specific 

colitis, active CD and UC
136

. Rogler et al. concluded that NF-κB activation is an obligatory step 

in any mucosal inflammation regardless of disease
136

. Therefore, NF-κB provides a sensitive but 

non-specific inflammatory marker. 

 

Sucrose 

Meddings et al. proposed that elevated sucrose levels in urine could be used as a test for 

intestinal permeability, and thus intestinal injury
54

. Since then there have been many articles 

reporting on the validity of sucrose analysis
101, 102

 and other large sugars
137

. Urine sucrose testing 

is based on the principle that sucrose does not permeate a healthy GI tract and is dissolved in the 

small intestine. Individuals with duodenal or stomach injury, causing increased intestinal 

permeability, absorb sucrose into the blood stream before it can be digested, and excrete it into 

the urine in significant quantities
102

. In reality small amounts of sucrose are also observed in the 

urine of healthy individuals but not to the same extent as those with intestinal epithelial injury 

proximal in the GI tract
101

.  

 

Urine sucrose levels do not have the potential to be a highly sensitive biomarker for CD in 

humans, as sucrose would only be apparent in the urine if it was originally in the diet and if there 

is intestinal epithelial injury present in the stomach or small intestine. Sucrose would not be a 

suitable marker for UC, which is predominantly a colonic inflammatory condition. However, as 

a marker of CD, in which inflammation can occur throughout the entire GI tract, sucrose has the 

potential to be a complementary biomarker to assess small bowel disease. Combining the 

strengths of multiple biomarkers has the potential to give a holistic view of the inflammation 

present throughout the GI tract. For example combining sucrose with CRP, which is associated 
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with large bowel disease activity but not small bowel disease
128

 could extend the scope of the 

biomarker analysis to incorporate both the small and large bowel.  

 

1.2.1.4 Faecal protein analysis 

Faecal samples for biomarker analysis of IBD state have two key benefits. The first of these is 

that it is the only accessible tissue that comes into direct contact with the bowel. The second 

benefit is that there are approximately 10
10

 exfoliated cells in normal human stools. Nair et al. 

have shown that these cells are able to be recovered in a viable state and are almost exclusively 

colonic cells
138

. 

 

Faecal calprotectin 

Calprotectin (also known as human leukocyte L1 protein) is a calcium and zinc binding protein, 

found in neutrophils and monocytes. Calprotectin has antimicrobial properties, inhibiting 

bacterial and yeast growth by removing the availability of calcium and zinc
139

. Calprotectin is 

elevated in the plasma in relation to several different conditions such as malignant lung 

disease
140

, rheumatoid arthritis
141

 and IBD
142

. Calprotectin is also elevated in stool samples of 

IBD patients, where it is stable at room temperature for up to a week; thereby providing a simple 

sampling method with minimal discomfort to patients. Another important benefit of faecal 

calprotectin is that it is not influenced by food, nutraceuticals or pharmaceuticals, leaving them 

sensitive markers of the resulting inflammation fluctuations from these treatments. Thus, patients 

are not further inconvenienced by specialised dietary requirements prior to sampling
139

. 

 

Berni Canani et al. have reported that faecal calprotectin is a highly sensitive biomarker of 

intestinal inflammation, with a sensitivity of 94%, greater even than the endoscopy data 

presented in the same article which had a sensitivity of 67%. The specificity of faecal 

calprotectin, however, was 64% compared to 82% for the endoscopy
129

.  

 

Faecal lactoferrin 

Faecal lactoferrin is also a marker of GI infection. It is an iron binding protein produced by 

neutrophils, epithelial cells and mononuclear phagocytes. Lactoferrin is able to block bacterial 

growth by limiting the available iron necessary for most bacterial growth. Following 

inflammation, neutrophils and mononuclear phagocytes migrate to the point of inflammation and 

release lactoferrin. Increased levels of lactoferrin are detectable in the stools and are an 

indication of intestinal inflammation
52, 80, 143

. Dai et al. investigated the predictive value of faecal 

lactoferrin for IBD. Participants included UC (42 participants with active disease, 17 participants 
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with inactive disease) and CD (13 participants with active disease and 5 participants with 

inactive disease), infectious bowel disease (41 participants), irritable bowel syndrome (25 

participants) and healthy controls (34 participants). The results showed that faecal lactoferrin had 

a sensitivity and specificity of 92% and 88% for UC, respectively, and 92% and 80% for CD, 

respectively. Dai et al. concluded that faecal lactoferrin could provide a valuable tool in 

discriminating between inflammatory and non-IBD as well as being a useful marker of disease
80

. 

These results, although promising, have yet to be validated in a large cohort. 

 

1.2.1.5 Genetic or environmental factors contributing to 

biomarker variation 

Biomarkers levels, in diseases such as IBD, can be caused by a complex combination of factors. 

It is important to be aware of the factors that can influence the levels of each biomarker and how 

this can impact on the efficacy of the biomarker to detect inflammation. For example variation in 

levels of CRP and IL6 have been reported to be influenced by genotype
115

. In addition other 

biomarkers such as SAA and sucrose are not specific to IBD and could be elevated in response to 

non-IBD inflammation. Furthermore sucrose is also only present in the urine, as a marker of 

small bowel permeability, if it is present in the diet
102

, making dietary factors very important 

when using specific markers of inflammation. In mouse model investigations where genotype, 

diet and environmental factors are consistent, biomarker investigations and the usage of 

biomarkers can be more simplistic. However, in human studies where genotype, age, diet and 

environment are not easily controlled, a comprehensive understanding of the non-disease related 

impacts of these factors on biomarker levels is very important for accurate interpretation of the 

results. 

 

1.2.2 Multiple biomarker approach 

As mentioned previously, most individual biomarkers either lack specificity or sensitivity. Lee et 

al. illustrated the benefit of combining several different biomarkers to gain increased specificity 

and sensitivity. In a study of coronary artery disease, Lee et al. reported that the combination of 

multiple biomarkers, IL6, CRP, SAA and total homocysteine, increased the ability to identify 

mortality risk from disease complications. On their own, IL6 and total homocysteine are 

associated with an increased risk of death, but they are not specific to coronary disease. When 

IL6 and total homocysteine are combined with the others in this group of biomarkers, the ability 

to identify those at greatest risk of death is increased
122

. Once these patients have been identified, 

a higher level of monitoring and potentially more aggressive treatment can be undertaken.  
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1.2.3 Pattern recognition biomarkers  

Pattern recognition analysis is emerging as a useful tool in identifying a panel of biomarkers 

associated with specific disease states. Van „t Veer et al. used pattern recognition analysis to 

identify 70 genes with an expression profile that predicted the appropriate treatment for breast 

cancer patients
144

. This pattern recognition profile has since been validated and approved by the 

FDA, in 2007, as a guide for cancer treatment
66

.  

 

Pattern recognition analysis is also being used in metabolomics as a way to identify regions of a 

metabolite profile that show significant difference in case samples versus control samples. „t 

Hart et al. reported the use of pattern recognition analysis of proton nuclear magnetic resonance 

(
1
H NMR) spectroscopy of urine from multiple sclerosis patients. Through this technique, „t Hart 

et al. were able to predict disease presence or absence in 65% of multiple sclerosis patients and 

78% of healthy controls, but struggled to differentiate between other neurological disorders and 

multiple sclerosis
145

. More recently, Zhang et al. used pattern recognition analysis and applied it 

to rat urine to investigate differences in metabolite profiles between diabetic rats and healthy 

controls
146

. Principle component analysis (PCA) has shown clear separation of the data from the 

two rat groups (diabetic and control) and tight clustering of the control rat data. This analysis 

further identified specific pathway disturbances in this rat model of diabetes
146

.  

 

1.3 Investigation platforms 

There are 3 main avenues of investigation for biomarker analysis, transcriptomics, proteomics, 

and metabonomics with each playing its own role in the understanding of disease development 

and progression (Figure 1.2). Each of these approaches shares a common goal: to identify 

biomarkers that can provide evidence of disease presence, estimates of disease state and be used 

to guide treatment options
147

. 
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Figure 1.2: -Omics approaches to biomarker analysis 

Modified from Carraro et al.
148

. This figure summarises the different “omics” sciences including their focus (e.g. 

DNA, RNA, proteins, metabolites and cellular molecule fluxes) and some common methods of measurement 

employed under each scientific area. Each of these scientific areas are employed in the quest to understand disease. 

Genomics focuses on susceptibility of disease, whereas the other “omic‟s” investigate gene expression and 

downstream processing that leads to the expressed phenotype. These are the science platforms pivotal in the 

identification of biomarkers of disease progression. Fluxomics has emerged from the study of metabolomics into its 

own scientific approach illustrating the constantly evolving field of disease research. Fluxomics investigates the 

dynamics of cellular molecule changes through enzymatic reactions and pathway activations
149

.   
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1.3.1 Transcriptomics 

Transcriptomics is able to create a global picture of gene expression at a specific time point in a 

specific tissue. Aided by the growing repertoire of whole sequenced genomes, full genome 

microarrays are commercially available in the market, making whole genome expression 

analysis a highly accessible platform for biomarker investigation. This global analysis is not yet 

possible in proteomic and metabolomic analysis methods due to the orders of magnitude 

difference between the most and least abundant proteins and the lack of adequate amplification 

protocols. The comprehensive nature of transcriptomics makes it the platform-of-choice for a 

first round discovery platform. Other benefits of global transcriptomic approaches are that they 

provide an insight into the disease mechanism, by way of investigating the interaction of 

different metabolic pathways and identifying where pathways have been activated or deactivated 

with disease
150-153

.  

 

1.3.2 Proteomics 

Proteomics is the study of the protein complement within an organism, cell, tissue or sample type 

and covers aspects of protein structure, function, expression and interaction
147

. Although 

proteomics was initially used as a protein-level measurement of gene expression
154

, it is 

important to note that there are several factors such as alternative splicing and post-translational 

modifications that impact on the correlation between gene expression and protein expression
155

.  

 

The proteome within an individual is dynamic and can vary between cell type and physiological 

state, making it a suitable target for biomarker discovery
155

. Alex et al. further highlighted the 

importance of proteins as biomarker targets as the biological and functional output of cells and 

organisms are governed primarily by proteins
156

. Evidence of this is observed in the literature, as 

the vast majority of current biomarkers of IBD are proteins (Table 1.1).  

 

1.3.3 Metabolomics 

Metabolomics is the study of low molecular weight compounds (<1500 Da) present in a 

biological system at a specific time point. Like the proteome, the metabolome is dynamic 

through time and tissue or cell type
148, 155, 157

. Unlike the transcriptome or proteome, the samples 

from a large range of different species and a variety of tissue types can be investigated without a 

great deal of protocol re-optimisation
157

. Furthermore, the metabolome of a biological system is 

a downstream indicator of gene and protein expression, but is also influenced by non-genomic 

related factors such as microbial populations, nutrition, environmental stimulus and exposure to 
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drugs and toxins. The sensitivity of the metabolome to these external factors, in combination 

with transcriptomic and proteomic factors, may be able to successfully bridge the gap between 

the genotype and phenotype discrepancies
148

. Metabonomics further defines the study of 

metabolites by the quantitative dynamic metabolic response to genetic or environmental 

conditions
158

. 

 

1.4 Mouse Models of IBD 

The identification of biological markers using the above platforms takes a considerable amount 

of method optimisation, testing and validation. In the early stages of research it is both 

impractical and unethical to test all theories and research methods on human subjects. For the 

development of useful treatment and disease measurement tools, researchers look to model 

systems.  

 

Animal models have allowed a valuable insight into the contributing factors leading to the 

pathogenesis of IBD, for example early mechanisms of inflammation, bacterial host interactions, 

specific immune responses and the efficacy of treatment options. There are many animal models 

now available for the study of IBD, which lie within several categories classified by their 

inflammatory induction method. Examples of these methods are spontaneous colitis, chemically 

induced, antigen-specific or bacterial-induced, adoptive transfer and gene targeted models. Each 

category allows insight into a specific facet of IBD
159-163

. These models and classifications have 

been discussed in the literature by several key review articles including Pizarro et al.
159

, 

Hoffmann et al.
164

, Jurjus et al.
162

, Wirtz et al.
160, 161

, and Sollid et al.
163

. Below is a brief outline 

of their findings. 

 

1.4.1 Spontaneous colitis models 

The SAMP/YitFc mice provide an example of a spontaneous colitis model to study the 

mechanisms of CD. Severe transmural inflammation occurs spontaneously in the terminal ileum, 

which is the primary location of human CD lesions
165

. Another spontaneous model of IBD is the 

cotton top tamarin, in which the characteristics of inflammation very closely resemble human 

IBD in the age of onset, periods of active disease, periods of remission and the higher risk of 

colon cancer in these animals compared to healthy controls
166

. A study by Clapp et al. reported 

that cotton top tamarins provide a rare insight into the development of colitis over time, as 

endoscopies were taken every two to three months for the six years of their study. This type of 
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data is not generally available in humans or other animal populations
166

. The relative expense of 

the tamarin studies compared to mice is an inhibitory factor when choosing this species as a 

disease model.  

 

1.4.2 Induced models 

The induced animal models provide a more controlled investigation into specific areas of disease 

depending on the method of induction. The chemically-induced models of IBD are created by 

administration of exogenous agents to otherwise healthy animals to induce mucosal 

inflammation of the GI tract. A benefit of this model is that the control animals have the same 

genetic background as the experimental mice. Induction models allow the investigation of 

inflammatory and immune responses in relation to specific histology of the inflamed tissue
159-162, 

167
. A number of different chemical agents have been administered to animals to produce 

inflammation that mimics UC, CD or general IBD. Examples of these are oxazolone
168

, 

mitomycin-C
169

, and 2,4-dinitrochlorobenzene plus acetic acid
170

 inductions in the case of UC; 

trinitrobenzensulfonic acid
169, 171

 and indomethacin
172

 inductions in the case of CD; or dextran 

sulphate sodium
173

 induction in the case of general IBD. 

 

Other forms of the induced animal models are the antigen-specific and bacterial-induced animal 

models. As inflammation in both humans with IBD and animal models develops over time, it is 

very difficult to study the initial stages of inflammation. The antigen-specific and bacterial-

induced models of IBD potentially provide models with clearly defined inflammatory processes, 

including severity and time course, following the administration of a specific environmental 

trigger
164

. IBD is believed to involve a causal link between a dysregulated mucosal immune 

response to luminal bacteria and a genetic susceptibility. The bacterial-induced models play a 

key role in further understanding the interactions of bacteria and the host immune system that 

induce inflammatory responses in IBD. An example of a bacterial induced model is the 

Helicobacter hepaticus infection of immunodeficient mice. The genetic background of the 

mouse is also a strong contributing factor to the susceptibility of Helicobacter hepaticus-induced 

IBD
174

. Several different genetic backgrounds for the Il10
–/–

 mouse model, such as the BALB/c 

and C57BL/6J mice, have been investigated with varying results moving from severe diffuse 

IBD symptoms, towards little or no inflammatory histopathology
175

. An example of an antigen-

specific disease model involves the injection of bacterial cell wall component peptidoglycan-

polysaccharide injections directly into exposed colonic tissue of rats. This treatment causes 

chronic colitis that is characterised by up-regulation of colonic NF-κB
176

. This model illustrates 



19 

the ability of non-pathogenic enteric bacteria to induce an acute and chronic colitis in a 

susceptible host
162, 177

. 

 

1.4.3 Adoptive transfer models 

The adoptive transfer models involve the transfer of DNA plasmids, expressing a gene of 

interest, into an immune-deficient mouse. Adoptive transfer models enable the identification of 

specific cell populations or gene/protein expression responsible for creating inflammatory 

responses
178

. A commonly used immune-deficient mouse that is used in adoptive transfer models 

of IBD is the severe combined immune deficiency (SCID) mouse
161

. Powrie et al. describe the 

protective or inductive effects of distinct subsets of CD4
+
 T cells (T cells expressing the cluster 

of differentiation 4 protein) in intestinal inflammation of C. B-17 SCID mice. CD4
+
 T cells 

producing high levels of CD45RB (restricted form of the CD45 antigen), known as CD45RB
high

, 

result in a lethal inflammatory response when transferred into the SCID mice. When the CD4
+
 

cells producing low levels of CD45RB (CD45RB
low

) are transferred into SCID mice, or co-

transferred with CD45RB
high

 producing T cells, no wasting or colitis develops. This model 

illustrates the importance of the regulatory interactions between the two CD4
+
 T cell subsets, and 

indicates the potential for this type of model in further understanding the contributing factors of 

IBD
179

. One of the limitations of this model is its inability to provide insight into the innate 

factors causing human IBD due to the extreme immune abnormalities
159

. 

 

1.4.4 Gene-targeted models 

The animal model which is most relevant to Nutrigenomics New Zealand is the gene targeted 

approach. With targeted gene mutation models, researchers can isolate key immune-related 

molecules linked to IBD and study their impact and involvement in a controlled manner
159

. This 

approach involves knocking out or knocking down specific genes known to be implicated in IBD 

pathogenesis. Specific animal models have been created to influence many aspects of IBD 

pathogenesis, examples of these are: cytokine function in the case of Il10
–/–180-182

and Il2
–/–

 

mice
183

, T cell function in the case of G protein subunit αi2 deficient mice
184

, and intestinal 

epithelial xenobiotic efflux in the case of multi-drug resistant gene 1a targeted mutant (Mdr1a
–/–

) 

mice
185, 186

. These models allow researchers to gain a better understanding of the interactions 

between the environment or possible treatments, and specific genotypes related to IBD 

pathogenesis. These models have been reported in the literature as useful tools in the 

investigation of dietary treatments of IBD following a nutrigenomic approach
181

.  
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Nutrigenomics New Zealand currently uses two targeted gene mutant mouse models that have 

both provided tissue samples for this thesis: the Mdr1a
–/–

 model of impaired intestinal epithelial 

xenobiotic efflux and the Il10
–/–

 model of impaired cytokine function. 

 

1.4.5 Mdr1a
–/–

 model 

The multi-drug resistant 1 (MDR1) gene in humans, also known as ABCB1, (corresponding to 

the Mdr1a and Mdr1b genes in mice) encodes for the transmembrane transporter P-glycoprotein 

170. The P-glycoprotein belongs to the family of adenosine triphosphate (ATP) binding cassette 

transporters that are known for their ability to pump small hydrophobic and amphiphilic 

molecules through ATP dependent transport. This transporter is expressed on the apical surface 

of intestinal cells where it has been shown to pump bacterial products and toxins back into the 

intestinal lumen reducing their bioavailability
30, 185-187, 188

. Several single nucleotide 

polymorphisms of the MDR1a gene (including rs2235046 and rs1128503) have been identified 

as an important genetic contributor to IBD in New Zealand
189

.  

 

Animal studies have repeatedly shown an association between the absence of MDR1a gene 

expression and the development of intestinal inflammation in mice
30, 185, 187, 190

. Huebner et al. 

and Yacyshyn et al. have reported that decreased expression of MDR1 in humans is linked to UC 

and not CD, leading to the conclusion that Mdr1a
–/–

 mice models would logically be models of 

UC
189, 191

. The physiological nature of inflammation presented by this disease model has sparked 

debate over the specific IBD it portrays and brought into question the findings of Yacyshyn et al. 

185, 190, 191
. The level of inflammation present in the mice examined is a contributing factor to this 

debate, especially with the methods of histological analysis. Initial stages of inflammation in the 

Mdr1a
–/–

 mouse model are localised to the colonic and rectal tissue, similar to that of human UC. 

When small sections of tissue are sampled for histological analysis it is difficult to determine the 

continuity of inflammation, which is a marked distinguishing factor in human IBD. Banner et al. 

have presented data using a “Swiss roll technique” to analyse the histology of the colonic tissue, 

allowing histological examination of a longitudinal section spanning the whole colon
190

. 

Through this method, Banner et al. have shown that the discontinuous nature of the inflammation 

and the presence of inflammatory regions in the small intestines resemble human CD
190

. 

Dommels et al. have also discussed the characterisation of inflammation observed within the 

Mdr1a
–/– 

mouse model. The mice have the highest level of inflammation in the colon with 

increasing inflammation in the duodenum, jejunum and ileum as the disease progresses. The 
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inflammatory lesions observed were transmural and discontinuous, similar to human IBDs, in 

particular CD
185

.  

 

1.4.6 Il10
–/–

 model 

IL10 is an anti-inflammatory cytokine with the ability to suppress the production of pro-

inflammatory cytokines secreted within the intestinal mucosa. IL10 is able to regulate human 

intestinal T-cells by inhibiting the proliferation and activation of CD8
+
 T cells, thereby inhibiting 

the production of Th1-polarising cytokines
192

.  

 

IL10 has a strong involvement in CD, although this is not through deficiencies in the total level 

of IL10 that is produced. In CD patients the level of IL10 produced is equivalent to that found in 

healthy patients; however the distribution of the cytokine is altered. IL10 production appears to 

be increased in the submucosa and decreased in the lamina propria, at the site of inflammation, 

thereby leading to immune dysregulation
69

. Sequence variants of the IL10 gene have also been 

attributed to the susceptibility of UC and are believed to be central to the pathogenesis of UC as 

described by Franke et al.
23

.  

 

The Il10
–/–

 mouse model has been extensively reported in the literature as a model of IBD. This 

model spontaneously develops intestinal inflammation in conventional conditions. Kuhn et al. 

reported that the Il10
–/–

 mice exhibit similar pathogenesis to humans with CD
193

. Rennick et al. 

also describe the Il10
–/–

 mice inflammation to be transmural in nature and occur discontinuously 

along the GI tract indicating similarities to the pathogenesis of human CD
194

. However, in 

specific pathogen-free conditions, the Il10
–/–

 mice develop only mild to moderate inflammation, 

with later onset, which is restricted to the colonic tissue, indicating the significant role the GI 

microflora play in the determination of disease characteristics
194

. 

 

As with many of the mouse models, the genetic background of the Il10
–/–

 has a considerable 

impact on the severity and onset of the disease phenotype
175

. The C57BL/6J (C57) genetic 

background of the Il10
–/– 

exhibits a high level of variability between individuals, which leads to a 

large amount of noise in evaluating the efficacy of different treatment strategies
35

. Roy et al. 

describe the inoculation of Il10
–/– 

mice at 5 weeks of age with Enterococcus faecalis and 

complex intestinal microflora, in order to produce increased and consistent inflammation; the 

highest level of inflammation occurs in the colon. The reduction in variation of disease 



22 

phenotype among the inoculated Il10
–/–

 mice makes it a more suitable model to test different 

treatment strategies such as dietary manipulation
181

. 

 

1.4.7 Usefulness of mouse models in the study of human diseases 

The Mdr1a
–/–

 and Il10
–/–

 mouse models used by Nutrigenomics New Zealand resemble aspects 

of IBDs; however, neither of them comprehensively reflects either UC or CD. The most obvious 

limitations of rodent models of human disease are lifespan and the ratio between body weight, 

food intake and energy expenditure. More subtle limitations are the differences in intestinal 

morphology, intestinal microfloral populations, eating habits (for example coprophagy), and 

gene regulatory pathways present in rodents compared to humans. Each of these factors may 

change the outcome of dietary intervention
195, 196

. However mouse models provide a relatively 

inexpensive and medium throughput in vivo method to evaluate dietary components. 

 

The mouse models enable the screening of dietary components for treatment of IBD, to aid in the 

alleviation of symptoms, and the validation of anti-inflammatory and nutrigenomic interactions 

observed in high-throughput cell screening
30

. Mouse models also provide a valuable tool for the 

validation of biomarkers of intestinal inflammation
196, 197

. These models also allow the study of 

the effects of specific mutations in disease pathogenesis
198

. In the context of the research 

described here, mouse models also offer the potential of investigating the establishment of 

appropriate biomarkers as indicators of disease state, which could then be evaluated in human 

patients.  

 

In summary, the current literature on biomarkers provides strong evidence for the beneficial 

effects of using multivariate analysis of sets of markers rather than investigating each biomarker 

in isolation. Different aspects need to be taken into account: diet interactions, relationships with 

other biomarkers, possible other underlying conditions that could cause similar inflammatory 

biomarker profiles, and genetic variation influencing the production levels of certain biomarkers.  
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1.5 Aim 

The aim was to optimise mouse experimental monitoring and develop biomarker investigation 

methods for assessing disease state and the efficacy of dietary intervention with respect to IBD 

inflammation for future human studies. The focus of this study involved an analysis of accessible 

tissues using transcriptomic and metabonomic platforms in order to create a „snap shot‟ 

reflecting the pathological status of the individual. 

 

The study initially investigated nuclear magnetic resonance spectrometry (NMR) as a suitable 

tool for biomarker investigation of biofluids, specifically urine. This investigation focused on 

individual metabolite peaks that were observed to change with mouse strain and inflammatory 

state. This work will be discussed in Chapter 2. 

 

Chapter 3 will discuss the use of spectral binning and pattern recognition analysis of NMR data. 

By casting the net wider and not focusing on individual markers, the aim of this study was to 

find patterns that are unique to specific disease states of IBD using mouse models, and urine and 

plasma NMR spectra.  

 

Chapter 4 will discuss the final aim of this study which addresses a microarray based 

transcriptomic approach for biomarker analysis. This aim also focused on pattern recognition 

analysis of gene expression profiles associated with intestinal inflammatory events.  
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2 Metabonomics biomarker investigation 

2.1 Introduction 

This chapter describes an NMR metabonomic approach to biomarker discovery in mouse urine. 

The focus of this investigation was directed towards the identification of biomarkers of intestinal 

inflammation using the urine of an Mdr1a
–/–

 mouse model of IBD.  

 

Metabolomics is the study of the metabolome (full complement of metabolites within a cell or 

organ) at a given time point
199, 200

. However this study will be investigating metabonomics, as 

defined by Nicholson et al., as a “quantitative measurement of the dynamic multi-parametric 

metabolic response of living systems to pathophysiological stimuli or genetic modification”
158

. 

In relation to this thesis, metabonomics has been used to compare the metabolic responses of 

mouse models of IBD with control mice over time
201, 202

. Metabolite studies are able to provide 

non-invasive insights into the biological processes (e.g. inflammatory state) that have occurred at 

the time of sampling. This is in contrast to other “omics” sciences such as genomics, 

transcriptomics and proteomics which detect potential risk factors for disease or phenotype (e.g. 

inflammatory state)
199

. 

 

There are two leading technologies for metabonomic analyses: mass spectrometry (MS) and 

NMR which are both powerful methods of generating high density metabonomic data
201, 203, 204

. 

These techniques create two very different types of data. NMR profiles provide information on 

specific hydrogen, carbon or phosphorus atoms (depending on the run parameters) and alludes to 

their spatial and bond locations within a compound
201

. MS provides output in the form of mass 

fragments, which can be identified through spectral libraries
204, 205

.  

 

MS usually requires pre-treatment and separation steps for sample preparation. The most 

common separation techniques used with MS are liquid chromatography (LC) and gas 

chromatography (GC). LC and GC techniques use the simple principle of separation, where there 

is differential migration of sample components between the stationary and mobile phases of the 

apparatus. The rate of migration depends on the affinity of the metabolites to the different 

phases. LC uses a column packed with solid particles to separate solutes from a liquid phase 

flowing through the column, whereas GC requires gas volatilisation of the sample, as achieved 

by a heated inlet port or injector. The GC column also contains a packing (stationary) phase
206

.  
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LC-MS is a sensitive metabolomic tool that is used to identify, quantify and characterise a large 

number of metabolites from complex biological samples
207

. LC-MS is highly complementary to 

GC-MS as it can detect metabolites with a wider range of molecular weights covering those 

which can be detected with GC-MS and extending to much larger molecular weights 600 Da
208

. 

The matrix effects of LC-MS, which include signal suppression and an elevated background 

signal when analysing low purity biological samples, can have an effect on the accuracy of the 

results. These matrix effects are also observed in GC-MS to a lesser extent
208, 209

. 

 

GC-MS has been well characterised in its long history of use in clinical, forensic and 

biotechnological applications, allowing extensive compound databases to be collated
210, 211

. It is 

a highly sensitive technique that allows for accurate measurements of small amounts of raw 

biological material, and has the advantage of better separation of compounds as compared to the 

liquid phases. There are, however, a number of limitations of GC-MS. One limitation is the 

requirement for a derivatisation step for samples that are not volatile and thermally stable in their 

initial state. These derivatisation steps can introduce biases into the experimental data, which can 

differentially affect each metabolite. These biases complicate subsequent statistical analyses, 

although there are chemical standards for derivatisation and data correlation strategies available 

to mitigate this
207, 211

. The high temperatures of the GC oven can also cause degradation of 

thermally labile compounds, such as phosphorylated metabolites
210

. 

 

NMR follows the principle that, inside a magnetic field, electrons and the nucleus of many 

isotopes align themselves with or against the field. The property possessed by these charged 

particles is called “spin”. When radio frequencies are introduced into this system, the particles 

differentially absorb energy depending on their environment, giving structural information of 

metabolites present
201

. This information comes in the form of chemical shifts or peaks in a 

spectrum
212

.  

 

The benefits of NMR relevant for this thesis are that the spectra are reproducible across samples 

and machinery, establishing NMR as a robust and stable analytical tool. NMR also enables rapid 

acquisition of data, enabling this technology to be used as a screening tool. Another advantage of 

the NMR platform is that there is little sample preparation required and the samples can be 

recovered for further analysis
204, 213, 214

. The limitations of the NMR platform include reduced 

sensitivity and difficulty in determining an effective normalisation protocol (discussed in section 

2.4.4)
215, 216

. 
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With consideration of the benefits and limitations of each of the platforms described above, 

NMR spectroscopy was chosen for metabonomic analysis in this thesis. Phosphorus (
31

P), 

Carbon (
13

C) and Proton (
1
H) NMR methods were tested to determine the type of NMR 

spectroscopy best suited to the needs of this study. Evidence for this is presented in section 2.3.2.  

 

The aim of this chapter was to investigate NMR as a suitable tool for biomarker analysis of 

intestinal inflammation in urine samples from Mdr1a
–/–

 mouse experiment
217

. The Mdr1a
–/–

 

mouse model has been repeatedly shown in animal studies to spontaneously develop intestinal 

lesions consistent with human IBD, although the specific class of IBD (CD or UC) is not agreed 

upon
30, 187, 190, 217

. The investigation described below focuses on individual metabolite peaks that 

are observed to change with mouse strain and inflammatory state. 

 

2.2 Methods 

2.2.1 Mouse samples 

Samples were obtained from the Mdr1a
–/–

 mouse model experiment (Experiment 1) performed 

by Yvonne Dommels and Christine Butts from the ,then, New Zealand Institute of Crop and 

Food Research. The Crown Research Institute Animal Ethics Committee in Palmerston North, 

New Zealand have reviewed and approved the experimental procedures for this experiment in 

accordance with the Animal Welfare Act (1999). 

 

Four to five week old male Mdr1a
–/–

 mice were purchased from Taconic (Hudson, NY, USA). 

The mice were housed individually in shoe box style cages under conventional conditions with a 

light and dark cycle of 12 hours (lighted hours from 8am to 8pm), at an approximate humidity of 

50% and a temperature of 22 ± 1°C. The cages were bedded with untreated wood shavings, 

containing a plastic tube for environmental enrichment and free access to water. The mice were 

fed an AIN-76A powdered diet prepared in-house, as detailed in Table 2.1. The Mdr1a
–/–

 mouse 

experiment initially housed the mice in pairs (in Experiment 1) but separated them after a 

fighting problem arose. Mice were housed individually in all subsequent experiments. 

 

2.2.1.1 Experiment 1 Mdr1a
–/–

 mouse sampling 

Experiment 1 compared the Mdrla
–/–

 mouse model with a FVB control mouse. The mice were 

randomly divided into 8 sampling groups for sacrificed at 9, 12, 16, 22, 25, 27, 29 and 31 weeks 

of age. After 19 weeks of age mortality started to occur in the Mdrla
–/–

 mice so the last group 
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was also sampled at 29 weeks of age instead of 31 weeks. The urine samples were collected over 

five days prior to harvesting of tissues from mice housed in metabolic cages as described by 

Dommels et al.
185

. Urine samples were collected over 24 hours starting at 8.00am. After 24 hours 

urine was transferred into 1.5 ml eppendorf tubes with a syringe and stored at -20 °C. On 

completion of the urine collection, multiple 24 hour urine samples were combined for each 

mouse.  

 

Table 2.1: Composition of AIN76 A semi-purified mouse diet 

Dietary ingredient Percentage in the diet (%) 

Casein
a
 20 

DL-methionine
b
 0.30 

Sucrose
c
 50 

Dextrin
d
 15 

Arbocel, non-nutritive bulk
e
 5 

Corn oil
f
 4.99 

Choline bitartrate
b
 0.2 

AIN-76A mineral mix
g
 3.5 

AIN-76A vitamin mix
g
 1 

Ethoxyquin
b
 0.01 

Total 100 

Table taken from Dommels et al.
217 

a
 Alacid, Lactic casein 30 mesh, New Zealand MP Ltd, Wellington New Zealand 

b
 Sigma, Sigma-Aldrich Inc, St Louis, MO, USA 

c
 Caster sugar, Chelsea, New Zealand Sugar Company Ltd, Auckland, New Zealand 

d
 Wheaten cornstarch, Golden Harvest, Primary Foods Ltd, Auckland, New Zealand 

e
 Arbocell B600, J. Rettenmaier & Sohne GmbH + Co, Rosenberg, Germany 

f
 Tradewinds, Davis Trading, Palmerston North, New Zealand 

g
 Prepared in-house based on the AIN-76 diet formulation

218 

 

2.2.2 Histology 

The histological analysis represented here and the Mdr1a
–/–

 mice studied have previously been 

described by Dommels et al.
217

. These histological analysis methods are consistently used in 

mouse experiments run by Nutrigenomics New Zealand, and executed by Shuotun Zhu
35, 36, 181

. 

His contribution to this work is acknowledged in the data presented below. 

 

The histological analysis was performed blinded to the strain and treatment of the mouse. Two 

intact pieces of tissue were taken from each intestinal tissue section (duodenum, jejunum, ileum 

and colon) and were fixed in 10% (v/v) neutral buffered formalin and embedded in a paraffin 

block. Five micron sections were stained with haematoxylin and eosin for light microscopic 

examination in order to score three principal aspects of inflammation
169, 182

. These aspects 
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included inflammatory lesions (mononuclear cell infiltration, neutrophil infiltration, eosinophil 

infiltration, plasmocyte infiltration, fibrin exudation and lymphangiectasis), tissue destruction 

(enterocyte loss, ballooning degeneration, edema and mucosal atrophy) and tissue reparation 

(hyperplasia, angiogenesis, granulomas and fibrosis). A rating score between 0 (no change from 

normal tissue) and 3 (lesions that involved most areas and all layers of the intestinal section 

including mucosa, muscle and omental fat) was given for each principal aspect of inflammation. 

A total histological injury score (HIS) was calculated for each intestinal section. The HIS 

comprised the sum of the inflammatory lesions score (multiplied by two to give weight to this 

predominant biological aspect of inflammation), and the tissue destruction and tissue reparation 

scores, giving a maximum total HIS of 45
217

. 

 

2.2.3 NMR spectroscopy 

2.2.3.1 Urine sample preparation 

200 µl of phosphate buffer in deuterium oxide (D2O) (0.2 M Na2HPO4/0.2 M NaH2PO4, pH 7.4) 

was added to a 400 µl aliquot urine sample. The mixture was incubated for 15 minutes at room 

temperature before being centrifuged for 15 minutes at 2380 rcf. 500 µl of the supernatant was 

collected and stored at -80 °C overnight (optional). Samples with low volumes were diluted as 

follows. 100 µl of sample was added to 200 µl of phosphate buffer in D2O (0.2 M Na2HPO4/0.2 

M NaH2PO4, pH 7.4). An extra centrifugation step was also implemented.  

 

The samples were thawed on ice and added to a 5 mm NMR tube with 50 µl solution of 1mg ml
-1

 

3-(trimethylsilyl)-3,3,2,2-tetradeuteropropionic acid sodium salt (TSP), and 1mg ml
-1

 sodium 

azide in D2O. TSP was used as an internal reference allowing for the spectrum to be referenced 

to zero. Sodium azide was used as a bactericide to ensure no further degradation of metabolites 

during the running and handling of samples
219

. D2O provides a field frequency lock signal for the 

NMR spectrometer
219

. A list of the materials used for this study is documented in the Appendix 

section 6.1. 

 

2.2.3.2 Data acquisition 

1
H and 

13
C NMR profiles were generated using a Bruker AVANCE 600 NMR spectrometer 

(Figure 2.1) with a TCI cryoprobe operating at a proton frequency of 600.17 MHz. The 
13

C 

profiles were produced from a carbon frequency of 150.91 MHz. The 1D experiments were 

conducted, as outlined in the standard Bruker Pulse Library, at 25 °C using the zgesgp pulse 
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sequence for excitation sculpting in order to remove the water signal. 128 free induction decays 

and 16,384 data points over a spectral width of 13 ppm were used to create the urine spectra, 

with a repetition time of 2.5 seconds and a sweep width of 7788 Hz. Phasing and baseline 

corrections were performed manually using the TOPSPIN (version 1.3) progamme TOPSPIN 

was also used to calculate the area under the curves in each transformed spectrum.  

 

 
Figure 2.1: 600 MHz NMR spectrometer 

The 600 MHz NMR spectrometer in the University of Auckland Chemistry Department, used in these studies. 

2.2.4 NMR statistical analysis methods 

2.2.4.1 Peaks of interest 

Peaks that stood out on preliminary (visual) investigation into the spectra as differential between 

the IBD mouse model and controls were deemed as being of interest. These peaks were 

identified using a combination of two dimensional (2D) experiments to determine the 

connectivities of 
13

C and 
1
H resonances. These experiments include, nuclear overhauser 

spectroscopy (NOESY), correlation spectroscopy (COSY), total correlation spectroscopy 

(TOCSY), heteronuclear single quantum coherence (HSQC), and heteronuclear multiple bond 

coherence (HMBC).  

 

The 2D NMR experiments combine the information from two axes of one dimensional (1D) 

NMR spectra, these can either be homonucelar (where the two axes both correspond to the same 

type of spectra, for example 
1
H NMR spectra) or heteronuclear (where the two axes both 

correspond to different types of nucleus, for example 
1
H and 

13
C NMR spectra). In homonuclear 

2D experiments for example a 
1
H, 

1
H experiment, the diagonal line represents the hydrogen 

atoms present in the spectra, the symmetrical peaks above and below the diagonal line are 

referred to as cross peaks and form the apex of a right angle. By drawing a vertical and a 

horizontal line towards the diagonal line from the cross peak, hydrogen atoms that are coupled 

together can be identified. In a heteronuclear experiment, the cross peaks are still present 
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although the diagonal line is not, the vertical and horizontal lines can be drawn out to the axes to 

find correlated peaks
220

. 

 

The NOESY 2D experiment involves two 
1
H NMR nuclei, and is able to provide information 

about the correlation of hydrogen atoms that are spatially close together (less than 5 Å apart) 

irrespective of the number of bonds separating them. This experiment is able to provide 

important information about the folding structure of a compound
221

.  

 

The COSY 2D experiment is also a homonuclear experiment involving two 
1
H NMR nuclei, 

although it differs from the NOESY as it is able to identify correlations between hydrogen atoms 

bound to the same or adjacent carbon atoms, indirectly providing information about the carbon 

skeleton of the molecule
222

.  

 

The TOCSY 2D experiment is a variation of the COSY experiment also involving two 
1
H NMR 

spectra and providing information about coupled hydrogen atoms. However the TOCSY 

experiment has a higher sensitivity for larger molecules and is able to provide additional 

information by not only identifying hydrogen correlations on adjacent carbon atoms, but by 

identifying long-range hydrogen correlations connected through the carbon skeleton of the 

molecule
220

. Therefore the TOCSY experiment is able to isolate the spectral peaks from an 

individual chemical species out of a complex mixture
223

. 

 

The HSQC and HMBC experiments are both heteronuclear using both 
1
H and 

13
C NMR spectra. 

The HSQC experiment is able to show correlations between directly bound hydrogen and carbon 

atoms
224

. In contrast, the HMBC experiment shows correlations between hydrogen and carbon 

atoms separated by a non-protonated atom. For example, HMBC can correlate the underlined 

atoms in –CH2–O–CH or –CH2–O–CH
225

.  

 

The combination of these five 2D experiments is able to paint a clear picture of the atoms present 

in a compound and the covalent structure of the respective chemical compounds.  

 

2.2.4.2 Validation of peaks of interest 

Compounds identified in the 2D analysis, corresponding to the peaks of interest, were validated 

by spiking urine samples with known compounds at concentrations higher than what are 

commonly present in the samples. The spectra, before and after spiking, were compared to check 
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for a change of intensity in the peak of this compound, and confirm its presence in the sample. 

Allantoin, sucrose and creatinine spikes were all dissolved in phosphate buffer using a D2O 

solvent. Creatinine and sucrose solutions were made at a concentration of 300 mM, allantoin was 

used at a concentration of 150 mM, due to its difficulty in dissolving. All spikes were 

centrifuged and supernatants were collected and added to the samples, to ensure no solids 

entered the NMR tubes.  

 

2.2.4.3 Normalisation of peaks of interest 

The peaks of interest were integrated and normalised as a ratio of the creatinine peak. Creatinine 

has been commonly used as a normaliser for urine metabolites in studies performed over the last 

60 years and is still reported as an effective normalisation method in many recent studies
169, 226-

228
. The ratios of allantoin to creatinine and sucrose to creatinine (allantoin/creatinine and 

sucrose/creatinine) will be discussed as metabolite ratio scores.  

2.2.4.4 Permutation testing 

The results from the individual peak integrals were initially tested using a Mann-Whitney test to 

check whether the case (Mdr1a
–/–

 mouse) or control (FVB mouse) samples have the same 

distribution. The Mann-Whitney test computed the case-control differences for the median of 

each metabolite ratio score. The sample correlation of each metabolite ratio score and the HIS 

was computed for the cases and controls of each data set. A permutation test was also undertaken 

in order to determine the correlation between the HIS and each metabolite ratio score in the 

Mdr1a
–/–

 and control mouse groups. More specifically the HIS were randomly assigned to each 

mouse 50,000 times. The correlation between the metabolite ratio score and the randomly 

assigned HIS for each permutation was calculated, along with a p value for each correlation. If 

the number of p values of the permuted HIS (κ) is greater or equal to the correlation between the 

true HIS and the metabolite ratio score then the correlation was significant at (κ+1)/50,001 level 

229
. P values under 0.05 were considered significant. Statistical analysis was performed using the 

R 2.9.1 with an in house script written by Brian Browning and edited by Dug Yeo Han as part of 

their work with Nutrigenomics New Zealand (this code is available on the accompanying 

compact disc). 
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2.3 Results 

The Experiment 1 mouse urine samples were the first set of samples obtained and used for the 

“individual peaks of interest” method. Further analysis was performed on these samples in the 

form of multivariate analysis, along with the other sample sets.  

 

2.3.1 Experiment 1 overview 

The Experiment 1 Mdr1a
–/–

 and FVB control mice studied exhibit a wide range of disease stages, 

that are evident in both the HIS and in the urinary NMR profiles. The Mdr1a
–/–

 mice presented 

HIS ranging from 3-28 compared to 0-6 for the FVB control mice. Averages and standard 

deviations are represented in Figure 2.2A. Figure 2.2B depicts cross sectional images of colonic 

tissue, from an FVB and an Mdr1a
–/–

 mouse, illustrating the phenotypic differences between the 

inflamed and the non-inflamed tissues related to this disease.  
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A 

 

B FVB 17 Mdr1a
–/–

 17 

   

 HIS score 0 HIS score 25 

Figure 2.2: HIS of the Experiment 1 Mdr1a
–/–

 and FVB mice 

Photos taken by Shuotun Zhu of colonic tissue from Experiment 1 mice at a magnification of 100x. 

A. Graphical representation of the average HIS of the two mouse strains, including total HIS, the breakdown of HIS 

for each contributing tissue, and p values of the corresponding differences between the average values for Mdr1a
–/–

 

and FVB mice. P values under 0.05 are deemed significant. Significant differences between the Mdr1a
–/–

 and FVB 

mice are observed in the HIS of all of the tissues sampled. B. Cross sectional images of colonic tissue from an FVB 

mouse (HIS of 0) and an Mdr1a
–/–

 mouse (IBD with HIS of 25). The FVB mouse colonic tissue contains crypts 

(example indicated by black arrow), which are columns of white goblet cells and are normal structures of a healthy 

intestine, with no cells between them. However the Mdr1a 
–/–

 mouse colonic tissue contains very few crypts with no 

visible goblet cells inside. Almost all of the structures of the mucus layer are destroyed and the crypt cavities begin 

to fill with pink pus cells. The purple dots located between the cavities are inflammatory cells. 
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2.3.2 31
P, 

13
C and 

1
H  

The 
31

P NMR produced a profile with only one peak and no differentiation between the Mdr1a
–/–

 

and FVB samples (Figure 2.3), so this method was discontinued. The 
13

C and 
1
H NMR methods 

were both tested several times and presented considerable amounts of data on the metabolite 

profiles of urine. However it was concluded that, due to the substantial reduction in run time of 

the 
1
H NMR (from 45 minutes to 5 minutes), this would be the method of choice for all 

subsequent analyses.  
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B  

    

C  

 

 

 

 
Figure 2.3: 

31
P, 

13
C and 

1
H NMR 1D spectra of mouse urine  

A comparison of the profiles of FVB (left) and Mdr1a
–/–

 (right) for each of the three NMR protocols tested in this 

study. A: 
31

P NMR profiles run on a 400 MHz NMR spectrometer. Notice that there are no visible differences in the 

two profiles, each containing only one peak. B: 
13

C NMR profiles run on the 600 MHz spectrometer. C: 
1
H NMR 

profiles run on the 600 MHz spectrometer, the black arrows indicating the region holding the two sets of doublet 

peaks discussed in section 2.3.3 below. The profiles from both the 
13

C and 
1
H NMR show many peaks with obvious 

profile differences between the Mdr1a
–/–

 and FVB spectra. 
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2.3.3 Identification of individual peaks of interest 

On initial inspection of the urine 
1
H NMR spectra (Figure 2.3C), two sets of doublets were 

visually observed to dramatically change in relative intensity between Mdr1a 
–/–

 mice and FVB 

mice. Initial investigation was focused on the identification and statistical analysis of these 

peaks.  

 

Two samples, one from the control group and one from the Mdr1a
–/–

 mouse group, were 

analysed using 2D NMR experiments, in order to identify the doublets. 2D analysis was unable 

to identify the structure one of the sets of doublet peaks, although the location of the cross peaks 

suggested the metabolite was a sugar. Due to the presence of sucrose in the diet, and 

documentation of sucrose as a marker of small bowel inflammation in the literatue54, 101, 102
, 

sucrose was spiked into a urine sample for validation. Figure 2.5B shows that the sucrose spike 

corresponds to the doublet peaks of interest. 

 

A partial structure of the metabolite, corresponding to the other set doublet peaks, was deduced 

by the 
1
H and 

13
C 2D NMR data (Figure 2.4), indentifying it as allantoin. This was confirmed by 

spiking high concentrations of the metabolite into a urine sample Figure 2.5A. On identification 

of the peaks of interest all of the urine samples were processed, with a final number of 46 

samples (23 Mdr1a
–/–

 and 23 FVB mouse urine samples). Phosphate buffer and sodium azide 

were added to the samples to improve the stability of the metabolites and TSP was added as an 

internal standard. However the addition of the phosphate buffer altered the pH levels enough for 

the allantoin doublet to become a single peak seen in Figure 2.5B.  

 

Creatinine was also spiked into the urine samples (Figure 2.5C) in order to find the location of its 

peaks as it is well reported as a normalising factor when comparing individual peaks between 

samples
169, 226-228

. 
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Figure 2.4: Diagram of allantoin chemical structure 

A partial structure of allantoin deduced from an analysis of COSY, HSQC and HMBC NMR experiments on a 

sample of mouse urine, drawn with ChemDraw by CambridgeSoft®, courtesy of Dr Daryl Rowan. The single 

headed arrows represent COSY results while the double headed arrow represents MSQC and HMBC correlations.  
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A 

 

 

 Allantoin spike full profile Detail of Allantoin spike 

B 

  

 Sucrose spike full profile Detail of Sucrose spike 

C 

 
 

 Creatinine spike full profile Detail of Creatinine spike 

 

Figure 2.5: Validation of the identity of peaks of interest 

This figure shows NMR spectra of urine samples spiked (blue) and unspiked (red) with highly concentrated pure 

samples of compounds of interest. Black arrows point out the peaks of interest. A. Spiked with allantoin, in close up 

profile it is the right doublet. B. Sucrose spike. C. Creatinine spike, two peaks corresponding to the creatinine 

compound have been identified and shown with black arrows. 
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2.3.3.1 Permutation testing 

Allantoin and sucrose peak intensities alone reflect the concentration of the sample rather than 

the state of inflammation in the intestine of each animal. For this reason the allantoin and sucrose 

peaks were normalised against a commonly used internal normaliser, creatinine.  

 

The Mann-Whitney test showed significant differences between the medians of the Mdr1a
–/–

 and 

FVB mice (Table 2.2). Mdr1a
–/–

 and FVB differences in the median HIS, and both metabolite 

ratio scores were significantly different at the 0.05 significance level, with the 

allantoin/creatinine metabolite ratio score showing a highly significant p-value (p < 10
-6

). 

 

Permutation testing was performed to test the null hypothesis, that the HIS of the GI tract were 

uncorrelated with the metabolite ratio scores in both Mdr1a
–/–

and the FVB mice urine. With 

creatinine as the internal normaliser, the sample correlation between the metabolite ratio score 

and the HIS in the Mdr1a
–/–

 mice was 0.52 in the case of allantoin, and 0.57 in the case of 

sucrose, as shown in Table 2.3. These moderate correlations had highly significant p values, of 

0.009 for allantoin, and 0.001 for sucrose. All correlations were statistically significantly 

different from zero at the 0.05 significance level (Table 2.3) using permutation testing. There 

was no significant correlation between the FVB mice metabolite ratio scores and the HIS at the 

0.05 level (Table 2.3). The allantoin and sucrose peaks appeared to be positively correlated with 

the HIS in the Mdr1a
–/–

mice, but not in the FVB mice. 

 
Table 2.2: Statistical analysis of Mdr1a

–/–
 versus FVB differences in urine NMR spectral peaks and 

histological injury scores using the Mann-Whitney test 

 

Table 2.3: P values for correlation of urinary ratio variables with histological injury score 

 Correlations 

 HIS vs. 

Allantoin/creatinine* 
p value

#
 

HIS vs. 

sugar/creatinine* 
p value

#
 

Mdr1a
–/–

 0.52 9.02E-04 0.57 1.30E-03 

FVB -0.04 0.871 -0.12 5.91E-01 

*The sample correlation of the metabolite ratio score (allantoin/creatinine or sucrose/creatinine) and the histology 

score.  
#
 P values for the correlation are the probability of observing a sample correlation with magnitude greater than or 

equal to the observed correlation if the histological injury scores are randomly assigned with cases and or with 

controls. 

 

 Mdr1a
–/–

 vs FVB p-value 

Histological injury score 7.76E-07 

Allantoin/creatinine 2.45E-07 

Sugar/creatinine 1.46E-02 
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2.4 Discussion 

2.4.1 NMR data acquisition 

The 1D NMR experiment presented in this thesis used a zgesgp pulse sequence for excitation 

sculpting in order to remove the water signal
230

. The spectra yielded from this method gave 

adequate water suppression and good data for biomarker analysis. Other more complex methods, 

such as 1D NOESY, currently being used in the literature for urine samples use a presaturation 

step to more effectively suppress the water signal and improve the ease of baseline correction. 

This step can add to experiment run times and can distort a wider region around the suppressed 

water signal. Excitation sculpting has been described by Aranibar et al. (2006) as the method of 

choice for detecting biomarkers that are contained close to the water signal, which is where both 

the allantoin and sucrose peaks were located
231

.  

 

2.4.2 NMR spectral analysis 

An initial visual inspection of the NMR profile of Mdr1a
–/–

 mouse urine in comparison to FVB 

mouse urine showed two doublets (4 peaks) to be of interest. These seemed to vary between the 

two mouse strains, whether it was the Mdr1a
–/–

 strain susceptible to IBD type symptoms or 

whether it was the FVB strain of healthy mice. 

 

2.4.2.1 Sucrose 

One of the differential doublets contained two peaks corresponding to sucrose. As presented in 

section 2.1 (Introduction), the testing of sucrose levels in urine was proposed to detect small 

intestinal permeability by Meddings et al.
54

. Since then, there have been many papers reporting 

on the validity of this analysis using sucrose
101, 102

 and other large sugars
137

. Urine sucrose 

testing is based on the principle that sucrose does not permeate a healthy GI tract, and is 

dissolved in the small intestine. However, in individuals with duodenal or stomach injury, 

sucrose is absorbed into the bloodstream and excreted in the urine
102

. As sucrose is only an 

indicator of upper GI lesions it is not suitable for evaluating UC disease state (localised to the 

colon), it is however, able to provide insights into the location of CD inflammation which can be 

anywhere throughout the GI tract. Sucrose must be consumed in known concentrations in order 

for it to be measured in the urine and to gain useful information. Studies investigating intestinal 

inflammation have reported a 4 hour fast followed by a gavage of a sugar probe containing 

multiple large chain sugars including sucrose
232

.  
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Our results show that FVB mice did have sucrose present in their urine (although in much 

smaller amounts compared with the Mdr1a
–/–

 mice). This is expected in healthy individuals as 

reported by Goodgame et al.
101

. The sucrose peak intensities of the Mdr1a
–/–

 mouse samples are 

shown in Table 2.3 to be moderately correlated with the HIS, with a highly significant p value of 

0.001. Arrieta et al. have reported that, in a mouse model of IBD, small intestinal permeability 

precedes inflammation, and is of aetiological importance
232

. Thus, it is logical that the sucrose 

levels within this dataset are not strongly correlated with the downstream HIS or inflammation. 

The highly significant p value does confirm a link between the sucrose levels and inflammation.  

 

Sucrose is already used as a biological marker for small intestinal permeability in the literature. 

The present results suggest that sucrose could also be an effective biomarker of intestinal 

permeability and intestinal injury in mouse models of IBD. The moderate correlations of the 

sucrose peak, even though highly significant, reduce the efficacy of this marker in its own right 

as a predictor of inflammation. Further analysis would be necessary to confirm the significance 

and accuracy as a predictor of small intestinal injury in this mouse model of IBD. However, the 

data supports the notion that sucrose could make a valuable component of a biomarker panel of 

disease state in CD, as it is able to give information about duodenal and stomach injury that is 

missed with other biomarkers of CD such as C-reactive protein (CRP)
128

. 

 

2.4.2.2 Allantoin 

The second doublet of interest was found to be allantoin. Data presented in this chapter in regard 

to allantoin ratios, in Mdr1a
–/–

 mice and FVB mice urine, complement previous studies reporting 

allantoin as a sensitive biological marker of oxidative stress
233

.  

 

Allantoin is a product of the oxidation of uric acid
234

. In mice however, allantoin is produced by 

two independent pathways. In the first pathway uric acid is converted to allantoin by urate 

oxidase enzyme (Figure 2.6)
235, 236

. In humans and hominoid primates the urate oxidase gene is 

not expressed due to several “nonsense” mutations
236

. The second pathway, which is also present 

in humans, creates allantoin by the oxidation of uric acid by reactive oxygen species (ROS). The 

pathway predominantly responsible for the elevated levels of allantoin in  Mdr1a
–/–

 mice is not 

yet clear. Ames et al. have postulated that one of the roles of uric acid in the bloodstream is to 

combat oxidative stress, by reacting with ROS to produce allantoin, and thus reduce the effects 

of cellular aging
237

. Allantoin levels have been reported as a sensitive marker of oxidative stress 

in several studies
233

. 
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Oxidative stress has been implicated in the promotion of inflammation in several different 

inflammatory conditions, such as rheumatoid arthritis
238

, atherosclerosis
239

 and specifically in 

IBD, through pathways such as the targeted reactions of free radicals with unsaturated bonds in 

membrane phospholipids
240

. Simmonds et al. directly associated increased free radical 

production and IBD, more specifically as an increase in neutrophil-derived oxidants in active 

UC
241

. To further emphasise the implication of oxidative stress in IBD, reports have shown 

decreased production of total antioxidant levels in the mucosal-submucosal layer and in the 

muscularis externa layer of the CD colon
240

. Specific antioxidants such as nitric oxide have been 

reported as being important modulators of lymphocyte migration in Peyer‟s patches and non-

lymphoid regions of the intestine. Reduction in the cellular production of nitric oxide has been 

observed in intestinal inflammation
242

. 
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Figure 2.6: Pathway of allantoin production 

Schematic representation of inosine breakdown to uric acid, plus the oxidation of uric acid to allantoin via the 

enzymatic and non-enzymatic (oxidant) pathways. Reprinted from Simoyi et al.
235

, with permission from Elsevier. 
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These findings suggest that it is possible to consider allantoin as a marker of the development of 

inflammation. In addition to this it can be considered an early indicator of the inflammatory state 

of an individual, in this case in a mouse model of IBD. It is important to note that the correlation 

between allantoin and the HIS of Mdr1a
–/–

 mice, although highly significant, was only moderate. 

Allantoin, like sucrose, could be a valuable component of a biomarker panel contributing to the 

early detection of signs of intestinal inflammation. Further investigation in other models of IBD 

and in human patients need to be undertaken, to validate allantoin as a biomarker of IBD.  

 

Other studies have identified allantoin in human urine
243

, serum and plasma
233, 234, 244

 as a marker 

of oxidative stress. The literature indicates that this marker may be able to be transferred directly 

to human IBD populations with investigation into levels associated with IBD inflammation. 

 

2.4.3 Urea 

A possible explanation for the moderate correlation values of both sucrose and allantoin is their 

location within the NMR spectra. Both of these compounds are present on the tail of the urea 

peak. Slight changes in the concentration of urea can impact on an exact measurement of the 

integral of these peaks. For more accurate results removal of the urea peak would be necessary. 

 

2.4.4 Normalisation 

Urine concentration between the samples may be highly variable in terms of its osmolarity and 

metabolite contraction, with respect to the homeostatic regulation of fluid balance at given time 

points
245-247

. This concentration variation between the samples well outweighs the sample 

variation due to disease state. Normalisation of the data is required in order to account for the 

different concentrations of urine samples, and to determine the relative levels of allantoin and 

sucrose. 

 

In regard to normalisation, methods for semi-quantitative analysis of metabolites in urine seem 

to show little agreement in the literature. It has been assumed in this chapter, as with many other 

studies, that each mouse urine sample has a constant level of creatinine. This assumption has led 

to creatinine being used as a normalising agent to reference allantoin peak heights
228, 248

. 

 

As far back as 1949, creatinine has been used as an internal normaliser in urinary metabolite 

studies 
226

. Akira et al. commented on the continued common use of creatinine as an indicator of 
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urinary concentration in clinical chemistry, assuming a constant excretion of creatinine into 

urine
249

. Another benefit of creatinine as a normaliser of urine concentration as described by 

Akira, is that it appears as a separate, easily identified and measured signal in the specta of 
1
H 

NMR at 4.06 parts per million (ppm)
248

. However, in certain cases such as muscular dystrophy 

and severe kidney dysfunction, creatinine concentrations in the urine do change
248

. Walsh et al. 

have also reported variability in the excretion of creatinine in the urine of healthy human 

individuals depending on dietary intake the day before sampling
245

. This illustrates the necessity 

for background knowledge of dietary intake and other health issues of the individual providing 

the urine sample; this is relatively simple to control in experiments with animals but, less in 

human studies. 

 

The “individual peaks of interest” method has several key benefits. The manual identification 

and selection of area of peaks of interest, enables the researcher to account for chemical shift 

variation caused by environmental factors such as pH, sample temperature and ionic strength 
212, 

215, 250
. Two common examples of this are the citrate resonance variability and the allantoin peak. 

Citrate resonances are known for their high level of variation in peak positions between 2.50-

2.58 ppm and 2.66 and 2.74 ppm 
215

. Allantoin was observed in our study to be present in mouse 

urine as a doublet, whereas in phosphate buffered mouse urine the two peaks combine to form a 

single peak.  Another benefit is that statistical significance can be attributed to one metabolite 

that can be later identified through 2D analysis or by known chemical shift locations. 

 

There are also disadvantages to the individual peaks of interest method. The manual 

identification of peak boundaries is subjective and can be difficult in regions where peaks are 

highly clustered. Also, the area under a peak can be influenced by the tails of surrounding peaks. 

This may be problematic, especially in the case of a relatively small peak sitting on the slopes of 

a bigger peak. This method also becomes time consuming when looking at more than a small 

number of peaks, as each one has to be manually selected. With so many individual peaks in one 

spectrum, this is not a practical approach to make use of data from the whole spectrum for 

medium to high throughput biomarker studies. 

 

2.5 Conclusion 

This chapter has focused on the NMR spectroscopy aspect of metabonomics, in an attempt to 

validate the use of 
1
H NMR spectroscopy for downstream processing and biomarker 

identification. 
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This has proved to be a time efficient, non-destructive method that requires little preparation of 

the samples. 
1
H NMR spectroscopy has the potential to provide a robust and stable analytical 

tool that produces highly reproducible results
204, 213

. However standard operating procedures 

have to be set in place in order to reduce the variability within and between the datasets. NMR 

spectroscopy can provide both quantitative and qualitative information on urinary metabolites, 

with the potential for structural information with 2D methodologies if required 
251

.  

 

Alongside method testing, this chapter has identified allantoin and sucrose as possible 

biomarkers of intestinal inflammation in this mouse model. Allantoin and sucrose may be useful 

tools for monitoring the progression of mouse dietary intervention studies. Sucrose may also be a 

useful member of biomarker panels in human dietary intervention studies where there is a 

controlled diet and environment. 

 

To conclude, metabolite profiling of urine or plasma could be a useful tool in both mouse and 

human studies to provide a simple and effective means of assessing disease state. As a 

consequence, clinical dietary studies that are directed to reducing intestinal inflammation in 

susceptible patients could be assessed. However further optimisation and standard operating 

procedures are required to get the most value from this method.  
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3 Multivariate analysis of NMR data from IBD mouse models 

3.1 NMR multivariate analysis introduction 

The previous chapter investigated the use of NMR as a screening tool for individual biomarkers 

of intestinal inflammation in an Mdr1a
–/–

 mouse model of IBD. Following this work, it was 

decided to explore further applications of 
1
H NMR spectroscopy in biomarker discovery together 

with an investigation of alternative sample types, validation of datasets from a second Mdr1a
–/–

 

mouse experiment, and a brief investigation into another mouse model of IBD, Il10
–/–

 mice. 

 

Aside from investigation into individual biomarkers, NMR provides strong data for pattern 

recognition analysis, or the profiling of multiple variables contributing to a phenotypic 

signature
252

. There are a wide range of applications for pattern recognition analysis of NMR data 

in the literature that include: response to drug treatment
253, 254

, early stage diagnosis of disease
255

, 

characterisation of grape varieties and their wines
256

, quality analysis of olive oils
257

 to the 

estimation of post-mortem interval
258

. 

 

There are two main categories of multivariate analysis for pattern recognition: unsupervised and 

supervised methods. The unsupervised multivariate analysis methods identify variation within 

the dataset without relying on any known structures. These methods provide an essential tool to 

create an overview of the variation within a dataset and identify any specific outliers as well as 

trends and groupings that can be observed in the data
254, 259

. There are two common unsupervised 

multivariate analysis methods: PCA
253, 259-261

 and hierarchical cluster analysis
262

. PCA is the 

most prominent method in the literature associated with NMR data analysis and is described 

below.  

 

PCA is an unsupervised multivariate analysis tool that summarises variation in a 

multidimensional dataset in a much smaller number of dimensions, to make it possible for 

humans to visualise the data easily. The first principal component (PC) describes the most 

variation observed within the data set, calculated by weighted loadings for each variable. This 

process is repeated multiple times until there is one less PC than there are variables in the 

dataset, although 100 percent of the variation is usually described in fewer than 20 PCs. The 

majority of the variation within the dataset is usually presented in a two or three dimensional 

plot, reducing each NMR spectrum to a single data point
259, 260

. 
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As an unsupervised multivariate analysis technique, PCA does not take into consideration known 

structures in the data such as disease state. This technique enables clear visualisation of the 

strongest variation within the dataset, whether it be related to the biological variation or 

introduced errors. By overlaying known variables over the patterns identified, an understanding 

of the strongest contributing factors to the variation can be found
263

. PCA is a quality control 

step for the data to ensure that variables such as NMR run data do not contribute the greatest 

variation to the dataset. If so, adjustments to experimental procedure or data processing are 

necessary. PCA is most effective when a large percentage of the variation within a dataset is 

explained by the first 2 or 3 PCs or dimensions
264

. 

 

The supervised methods of multivariate analysis take into consideration known structures or 

classes within the data, in this case mouse strain or disease state, when trying to find the “best” 

dimensions to display the variation between the two (or more) experimental groups
254

. These 

supervised multivariate analysis methods create the basis of prediction models, allowing for the 

creation of predictive rules that describe the known structure in a training dataset, then a test 

dataset is used to confirm the predictive ability of the model
265

.  

 

Several supervised methods can be implemented in an attempt to find a suitable prediction model 

for the state of intestinal inflammation in mouse models of IBD. These methods include 

canonical variate analysis (CVA), multiple regression analysis (MRA) and partial least squares 

analysis (PLS). 

 

CVA, also known as canonical correlation analysis
266

, enables the separation of data into 

multiple discrete classes. In the case of the IBD mouse model data the class is represented by 

discrete groupings of HIS identified as low, moderate and high inflammatory states. Similar to 

PCA, the CVA uses weighted loadings to reduce each NMR spectra down to one data point. 

However, CVA uses the known structures or classes within the data to create linear 

transformations (canonical variates) that maximise the variance between groups and minimise 

the variance within groups
267

. CVA data can be presented in a graphical form that shows clusters 

of the original dataset within the confines of the set classes (HIS). A prediction of the HIS class 

requires the calculation of canonical variate values for unknown or test data from the loadings 

created from the training dataset. Following graphing the prediction is facilitated by the 

clustering of the test data with the original (or training) dataset class groupings.  
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MRA allows the prediction of a response variable (HIS) from multiple measured variables 

(NMR spectral bins)
268

. Unlike CVA, MRA works with a continuous response variable, rather 

than discrete classes
269

. This means that minimal information is lost before analysis, and samples 

on the boundary of a specific class will not bias the calculated variation. MRA has a basis of 

PCA dimensional reduction in conjunction with a prediction error sum of squares (PRESS) 

statistic to identify a group of variables that create the best model for prediction. MRA creates a 

prediction equation (see Equation 1 below), where “n” is equal to the number of variables 

identified from the PRESS statistic. A HIS is able to be predicted directly from this equation.  

 

Yi = β0 + β1 χ1 + β2 χ2 + ··· + βn χn 

Equation 1: Generic multivariate analysis model linear equation 

This equation is the basis of all three of the supervised multivariate analysis models presented here. represents 

the HIS being predicted. β0 represents the intercept. βn represents the constant applied to the variable or bin χn. 

 

There are several different techniques discussed in the literature to calculate the most appropriate 

number of PCs for MRA. The two most commonly used methods are the Guttman-Kaiser 

criterion (also known as the Kaiser criterion) and the scree plot. The Kaiser criterion originates 

from the argument that “no component explaining less than the variance of an original variate 

can be deemed to represent a significant source dimension” as stated by Yeomans et al (1982) 

270
. Simply stated only PCs with eigen values greater than the average eigen value are deemed to 

be significant. The popularity of the Kaiser criterion comes from its ease of use and objective cut 

off value, and it is the default method for many statistics packages
270, 271

. However, the Kaiser 

criterion tends towards an over extraction of PCs which leads to the development of a weaker 

model. The scree plot uses eigen values or percentage variances plotted against the PCs in 

descending order. The „elbow‟ of the plot is identified as the separation between the major and 

trivial factors. This can be a subjective process if the separation is not clearly defined, and tends 

towards retaining too few PCs
271

. In order to determine which method is the most suitable for use 

with a particular type of data preliminary analysis of both methods is necessary.  

 

PLS or PLS derivatives are the most common supervised multivariate analysis methods 

described in the literature for the analysis of NMR data. Either a continuous or discrete response 

variable
272

 can be used by PLS prediction models; however, for the analysis described here, a 

continuous response variable was chosen. Keun et al. give a succinct definition of PLS: “PLS 

attempts to derive latent variables, analogous to PCs, which maximise the covariation between 

the measured data and the response variable regressed against”. Like MRA, PLS creates a 
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prediction equation based on Equation 1; however, PLS uses all of the measured variables for 

this equation so “n” is equal to the total number of measured variables.  

The aim of this chapter was to find the best analytical method to predict the disease state 

(measured by HIS) of the IBD mouse models using the samples and experiments shown in Table 

3.1. This chapter uses four different multivariate analysis methods: PCA for quality control, and 

CVA, MRA and PLS for the prediction of HIS from mouse urine and plasma samples. 

 
Table 3.1: Table of the sample sets and mouse models used in the multivariate analysis of NMR data 

Experiment and sample type Mice 
Total 

sample 

number 
Comparisons with 

Inflammation comparison    

Experiment 1 – urine 22 Mdr1a
–/– 

& 18 FVB 40 Experiment 2 urine data 

Experiment 1 – plasma 39 Mdr1a
–/– 

& 41 FVB 80 Experiment 2 plasma data 

Experiment 3 – plasma 18 Il10
–/–

 & 15 C57BL/6J 33  

    

Validation datasets    

Experiment 2 – urine 17 Mdr1a
–/– 

& 23 FVB 40 Experiment 1 urine data 

Experiment 2  – plasma 17 Mdr1a
–/–

 & 14 FVB 31 Experiment 1 plasma data 

Tables detailing the mouse, strain, age, HIS and samples given corresponding to each of the experiments show here 

are provided in the appendices Table 6.1, Table 6.2 and Table 6.3. 
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3.2 Methods 

3.2.1 Mouse sampling 

Samples were obtained from three different mouse models of IBD (outlined in Table 3.1) that 

were investigated by other members of Nutrigenomics New Zealand. The initial mouse samples, 

urine and plasma, were obtained from Mdr1a
–/–

 mice, from two different experiments 

(Experiment 1 and Experiment 2) that used Mdr1a
–/–

 mice. These experiments were performed 

by Yvonne Dommels and Chrissie Butts from the, then, New Zealand Institute of Crop and Food 

Research. Further plasma samples were taken from an Il10
–/–

 mouse model study performed by 

Anna Russ (PhD student) of AgResearch.  

 

The mice, age, sex and handling conditions were consistent throughout all of the mouse studies, 

which are described in Chapter 2 (section 2.2.1). However, Experiment 2 of the Mdr1a
–/–

 mouse 

study also included a dietary component, curcumin
181, 185

. The addition of curcumin as a dietary 

component has the potential to provide insight into the strength of the pattern recognition models 

of disease state created in the face of dietary variation or intervention.  

 

The Experiment 2 plasma dataset contains 8 Mdr1a
–/–

 mice and 6 FVB mice fed on the AIN-76a 

control diet (Table 2.1), and 9 Mdr1a
–/–

 mice and 8 FVB mice fed on a curcumin additive diet. 

The Experiment 2 urine dataset contains 7 Mdr1a
–/–

 mice and 12 FVB mice fed on the AIN-76a 

control diet and 10 Mdr1a
–/–

 mice and 11 FVB mice fed on a curcumin additive diet.  

 

3.2.1.1 Experiment 1 Mdr1a
–/– 

sample collection 

The Experiment 1 mouse study details are documented in Chapter 2 (section 2.2.1.1), although 

further plasma samples were used for this analysis. The blood was collected by cardiac puncture, 

after euthanasia, with 50 µl of ethylenediaminetetraacetic acid (EDTA) in the syringe. The blood 

was then centrifuged at 2000 rcf for 10 minutes at 4 °C. The plasma (supernatant) was 

transferred into a cryotube which was then frozen in liquid nitrogen and stored at -80 °C. 

 

3.2.1.2 Experiment 2 Mdr1a
–/–

 sample collection 

The Experiment 2 mouse trial also used an Mdr1a
–/–

 mouse model on an FVB genetic 

background and an FVB control mouse. The mice that provided samples for this thesis came 

from a curcumin dietary treatment group and the AIN-76a control diet (Table 2.1) group. The 
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curcumin diet was based on the AIN-76a diet with the addition of 0.2% curcumin with a range of 

94% to 80%, inclusively, of curcuminoid content. The curcuminoid was purchased from Sigma-

Aldrich, Inc., St Louis, MO, USA
30

. The urine samples were collected over a 48 hour period 

from mice housed in metabolic cages with samples being removed each day. The 24 hour 

collection tubes contained 30 µl of 1 mole per litre (M) hydrochloric acid solution at the start of 

collection at 8.00 am. The urine samples were transferred to a 1.5 ml eppendorf tubes with a 

syringe, then centrifuged at 2000 rcf for 10 minutes at 4 °C and the supernatant was stored at -20 

°C. On completion of the urine collection, multiple 24 hour sample collections were combined 

for each mouse. The mice were sampled at 21 and 24 weeks of age. As for Experiment 1, the 

blood was collected via cardiac puncture into syringes with 50 µl of EDTA and centrifuged at 

2000 rcf for 10 minutes at 4 °C. The Experiment 2 plasma supernatants had 250 µl of 1 M acetic 

acid added, were mixed using a vortex and re-centrifuged again at 2000 rcf for 10 minutes at 4 

°C. The supernatant was then frozen in liquid nitrogen and stored at -80 °C. The addition of the 

acids (urine – hydrochloric acid; plasma – acetic acid) in this sample collection was to protect 

the metabolites present in the urine and plasma from further metabolism. 

 

3.2.1.3 Experiment 3 Il10
–/–

 sample collection 

The Il10
–/–

 mouse model on a C57 genetic background was used in conjunction with a C57 

control strain of mice. These mice were obtained from Jackson Laboratory (Bar Harbor, Maine, 

USA). The mice were euthanased at 6 and 12 weeks of age, corresponding to the expected period 

of intestinal inflammation development for this model
181

. The blood samples were taken at 

harvest by a cardiac puncture, with 50 µl of EDTA in the syringe. They were then centrifuged for 

3 minutes at 3000 rcf and plasma (supernatant) was transferred to another tube, snap frozen in 

liquid nitrogen and stored at -80 °C. The cell pellet was reconstituted in 1.3 ml RNAlater® 

(Applied biosystems) per 0.5 ml of extracted blood. Other organs including the spleen were 

collected from the mice, placed in a cryotube and placed in liquid nitrogen. These were 

transferred to a -80 °C freezer for storage.  

 

3.2.2 NMR spectroscopy 

The NMR spectroscopy sample preparation and data acquisition were performed in accordance 

with the methods described in section 2.2.3. All of the plasma samples were treated as low 

volume. The samples discussed in this chapter were also processed on the same 600 MHz NMR 

spectrometer shown in Figure 2.1. 
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3.2.3 Binning method 

Due to the close proximity of many of the peaks, it was often difficult to integrate individual 

peaks without some overlap. This difficulty led to the binning (or bucketing) of integrals in order 

to identify regions of the spectra that showed significant differences between the gene-deficient 

model mice (Mdr1a
–/–

 or Il10
–/–

) and control (FVB or C57) samples. The basis for this 

methodology came from Dieterle et al.
215

 who described reducing each NMR spectrum into 

equidistant bins. The bins were placed between 0.2 and 10 ppm with a bin width of 0.04 ppm. To 

illustrate the bin divisions, a small section of the profile has been enlarged in Figure 3.1. The 

region between 4.50 and 5.98 ppm has also been removed to eliminate the highly variable region 

created by suppressing the water signal and cross-relaxational effects. The regions 2.5 - 2.58 and 

2.66 - 2.74 ppm were combined to reduce the effect of the highly shifting citrate signals. Due to 

the intermittent appearance of strong acetone peaks in the 2.18 - 2.3 ppm area, this area has been 

removed from the analysis. Acetone was initially used in cleaning the NMR tubes, and peaks 

were observed based on the time allowed for drying of the tubes. 

 

 

Figure 3.1: Section of NMR profile displaying integral bins 

This figure shows a section of Mdr1a
–/– 

mouse urine NMR spectra. The red lines are a graphical representation of 

the integral (area under the curve) for each bin. The numbers in red give numerical values to each integral. 
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3.2.3.1 Binning the dataset 

The spectral data was exported from the TOPSIN (version 1.3) programme into a text file, giving 

information on the start and finish ppm values (x axis of the NMR spectral plot) and the data 

point intensity values (y axis of the NMR spectral plot). Equation 2 was implemented to assign 

ppm values to each data point in the dataset. 

 

ppm = (Lppm – (n * ((Lppm – Rppm) / size – 1))) 

Equation 2: Assigning a ppm value to each data point 

ppm  = parts per million (X-axis label on the spectral image) 

Lppm = Left most ppm value given by TOPSPIN export of data 

Rppm =Right most ppm value given by TOPSPIN export of data 

size = total number of data points exported for the individual sample (due to adjustments in the running parameters 

this can change) 

n = the data point number assigned from zero to the total number of data points (size) minus 1  

(Lppm-Rppm/size-1) = equidistant difference between data points.  

 

The files from each sample were combined into one spreadsheet in Microsoft Office Excel 2007. 

The samples were aligned to one set of ppm values so all redundant information could be deleted 

(ppm columns for all but one sample). Data points relating to the water suppression region 

(plasma samples 5.98 – 4.5 ppm, urine samples 6.02 – 4.5 ppm) and the acetone peak, which was 

a residue from tube cleaning, (2.30 - 2.18 ppm) were removed from all datasets.  

 

The data was graphed in the R 2.9.0-2 statistical analysis programme using a graphing code 

(written by Marcus Davy) that can be found on the accompanying compact disc. This approach 

enabled magnified viewing of the bins and bin boundaries to check for alignment. The urine and 

plasma datasets behaved very differently in this alignment phase, so were processed using 

separate methods.  
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3.2.3.2 Urine alignment processing 

The urine samples showed differential peak shifting, so that a simple alignment to a specific 

peak was not possible. The first step was to refine the alignment to the TSP peak through an R 

code (written by Marcus Davy) available on the accompanying compact disc. This code 

identified the region that contained the TSP peak, then the highest point in the graph for each 

sample was selected that provided the offsets as an output file. These offsets were used to shift 

the sample up or down on the ppm scale relative to the other samples. Once this was complete, 

the data was re-graphed into the bin regions using the graphing code described above. Bins were 

inspected individually, and in relation to those in close proximity, to identify regions where the 

peaks were shifting outside the bin boundaries. Bin boundaries were removed to accommodate 

analogous peaks that where observed to be shifting across bin boundaries (Figure 3.2). New bin 

boundaries are presented on the accompanying compact disc. 
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 Before bin boundary adjustment After bin boundary adjustment 

A 

  

B 

 
 

Figure 3.2: Regions of the Experiment 1 urine NMR spectra before and after bin boundary shifting 

This figure illustrates the alignment of the Experiment 1 urine spectra to the TSP peak at 0ppm. Two locations (A 

and B) have been chosen to show the adjustment of bin boundaries when equivalent peaks from different samples 

obviously cross bin boundaries.  
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3.2.3.3 Plasma alignment processing 

The NMR data from the plasma samples showed poor alignment when aligned against the TSP 

peak (indicated by the red arrows in Figure 3.3); regions of the NMR spectra are illustrated in 

Figure 3.4. However, when the data were aligned against an EDTA peak (indicated by the black 

arrow on the right in each of the spectra in Figure 3.3) in the range of 2.54 - 2.62 ppm, the 

plasma samples fell into alignment illustrated in Figure 3.5. Due to the presence of EDTA in the 

plasma NMR spectra, the regions from 3.94 - 3.06 ppm and from 2.74 - 2.18 ppm were 

removed
273

. Slight shifts to some of the bin boundaries were still required but not to the same 

extent as for the urine samples.  

 

The final step, for both urine and plasma samples, was to sum the data points within a binned 

region in order to create the binned dataset. This was performed using SAS® 9.1, with code 

(base code written by Bobo Hu) which is available on the accompanying compact disc. Each 

sample type (e.g. urine or plasma) used slightly different codes depending on their associated bin 

regions.  

 

A 

 

B 

 

Figure 3.3: 
1
H 1D NMR spectra of Experiment 1 mouse plasma  

This figure shows the Experiment 1 plasma NMR spectra of two mouse samples. A: FVB 47 B: Mdr1a
–/–

 34. The 

black arrows point to the EDTA peaks and the red arrow points to the TSP peak.  
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A B 

  

  

C D 

  

 

Figure 3.4: Regions of the Experiment 1 plasma NMR spectra aligned to the TSP peak at 0ppm  

This figure illustrates the alignment of the Experiment 1 plasma NMR spectra aligned to the TSP peak at 0 ppm. 

Four locations have been chosen that contain clear peaks to illustrate the alignment concerns.  
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A B 

  

  

C D 

  

 

Figure 3.5: Regions of the Experiment 1 plasma NMR spectra after alignment to the large peak in bin 156 

and 157 (plot C).  

This figure shows the same four regions as seen in Figure 3.4 after alignment of peaks to the large peaks in plot C. 

This is an EDTA peak which has been reported as a stable peaks for alignment referencing by Petersen et al.
273
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3.2.3.4 Normalisation of bins 

The bins were normalised through the „probabilistic quotient normalisation‟ method described by 

Dieterle et al.
215

. This method involves several steps. The first step is an integral normalisation 

scaling where the total integral of the NMR spectra (with the above mentioned regions removed) 

is scaled to the value of 100. A reference spectrum is then created by calculating the median 

value for each bin from the FVB control samples; this was performed on the integral normalised 

values. The quotients of each bin were then calculated by dividing the integral normalised values 

of each spectrum by the reference spectrum. A dilution factor was calculated by taking the 

median of the quotients for each mouse. Finally, the integral normalised spectrum of each mouse 

was divided by the dilution factor to give the probabilistic quotient normalised values. These 

values were used for all multivariate analysis.  

 

3.2.4 Multivariate analysis 

A thorough multivariate investigation requires an initial unsupervised pattern recognition 

method, such as PCA, and a further supervised method, such as CVA, MRA, or PLS analysis
274

.  

 

3.2.4.1 Unsupervised multivariate analysis 

The PCA was performed on each of the datasets in order to check for outlying samples and 

general trends, specifically trends that were related to introduced errors rather than biological 

changes, for example experimental run date. The statistical analysis programme R 2.9.0-2 was 

used for the PCA data analysis. An example PCA code (base code written by Dug Yeo Han) is 

available on the accompanying compact disc. 

 

The first graph produced by PCA is a scree plot that details the percentage of variation explained 

by each of the PCs. This indicates the efficacy of PCA for this dataset. The Kaiser criterion and 

scree plots were used in order to determine the number of significant PCs. When the number of 

significant PCs differed between the two PC extraction techniques the scree plot was used. The 

first two PCs are graphed to check for outliers, and these are investigated to check for errors in 

the processing and either rectified or removed if sufficient reasoning can be provided. Known 

variables are then overlaid onto the graph to indicate their influence in the observed variation. 
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3.2.4.2 Supervised multivariate analysis 

Supervised multivariate analysis methods use known structures, classes or response variables 

from training datasets in order to predict these structures in test datasets. The known structure 

applied to this analysis for prediction is the disease state measured by HIS. All of the prediction 

models from the supervised multivariate analysis methods used here (CVA, MRA and PLS) 

follow a similar basic formula detailed in Equation 1.  

 

The CVA provides the basis for the first predictive model, giving the loadings (or weighted 

averages) for each bin that will enable the calculation of a canonical variate score for unknown 

samples. The canonical variate score of known samples was graphed to map regions associated 

with HIS as an approximation of disease state. The HIS were separated into 3 classes to enable 

the use of CVA. The classes of HIS were low, moderate and high with specific cut-off values 

depending on the mouse model. The score of unknown samples were also graphed onto this plot 

to identify which group, or disease state, they cluster with, thus predicting the unknown HIS 

classification. CVA was performed on GenStat® 12
th

 Edition statistical software. 

 

MRA used HIS as a continuous response variable enabling the prediction of specific HIS for 

each mouse sample. Prior to the MRA, PCA was performed in order to select a reduced number 

of dimensions within which the model would be created. The scree plots shown in the PCA were 

used to determine the number of PCs to use for MRA. Once these dimensions were decided upon 

the PRESS statistic was calculated to identify the group of bins that create the best model for 

prediction. The PRESS statistic was able to identify the number of bins required for the best 

predictive model as well as the specific bins that can best differentiate between the known 

structures in place. The MRA was then performed to fit a model with the best variables from the 

PRESS statistic to predict the HIS (known structure). The variables for this model are the bins, 

and the HIS is the response variable.  

 

There are several assumptions within the regression analysis that need to be accounted for. 

Examples of these assumptions are: linear functional form, fixed independent variables, 

normality of variance and equality of variance
275

. The linear functional form relates to the 

assumed linear relationship between the variables, which can be tested through bivariate scatter 

plots of the variables and polynomials can be adjusted to the model equation to correct for this. 

The fixed independent variables is an issue with NMR bins, as not all bins are independent of 

each other, some peaks bridge multiple bins and many compounds are represented by more than 

one peak in the spectra. This means that the bins in the final model are not reliable for 
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individually explaining the variation present, although they are still valuable and reliable as a 

model to predict HIS. The repercussions of this approach are that there is no benefit in 

identifying the compounds related to the bins selected for the model as they may not have a 

direct relationship with inflammation. Another assumption is the normality of variance, or that 

the error is normally distributed. Normality was tested using a Q-Q plot and applying the 

Shapiro-Wilk test
276

. All aspects of the MRA were performed on the R 2.10.1 statistical analysis 

programme and the code (base code written by Arwa Alzuabi) that is available on the 

accompanying compact disc. 

 

The PLS analysis was performed using the R 2.10.1 statistical analysis programme following the 

protocol outlined by Mevik and Wehrens
277

. Using the training dataset (Experiment 1) the first 

step was to find a reduced number of components (similar to PCA) that adequately describe the 

variation present in the dataset
277

, and to minimise over fitting
254

. The component reduction was 

performed through a “leave one out” cross validation procedure, using 50 “leave one out” 

segments. A prediction efficiency of the Experiment 1 model to predict its own HIS was 

graphed, as well as the bin regions which held the most variability in the model. Experiment 2 

data was used as a training dataset to validate the prediction procedure on “unknown” samples 

for both urine and plasma, and to investigate the robust nature of the model in the face of 

different dietary compositions.  

 

Bins with the greatest weightings were compared within and between sample types and within 

and between methodologies to identify any clearly important bins with respect to HIS prediction 

3.3 Results 

3.3.1 Experiment 2 overview 

As in Experiment 1, the Experiment 2 Mdr1a
–/–

 and FVB mice exhibit a wide range of disease 

states. The HIS for Mdr1a
–/–

 mice ranged from 2 - 25.75 compared with 0.5 - 3.5 for the FVB 

mice. The averages and standard deviations for these mice are presented in Figure 3.6A. For 

multivariate analysis in the coming sections, the HIS for both experiment 1 and 2 are classified 

into low, moderate and high; low HIS < 10, moderate 10 ≤ HIS ≤ 19, high HIS >19.  

 

3.3.2 Experiment 3 overview 

As with the other two mouse studies the Experiment 3 Il10
–/–

 and C57 mice exhibit a wide range 

of disease stages. The HIS for the Il10
–/–

 mice ranged from 0 - 9.5 compared with 0 - 1.5 for the 
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C57 mice, averages and standard deviations are presented in Figure 3.7A. Although these 

numbers are significantly lower than the other animal studies this seems to be due to a rather 

isolated colonic involvement in disease and limited inflammation observed in the other intestinal 

regions that also contribute to the HIS. For this reason the classifications of the HIS are adjusted 

to fit the characteristics of inflammation observed in the Il10
–/–

 mice. The classifications are as 

follows: low HIS < 4, Moderate 4 ≤ HIS ≤ 6, high HIS > 6. Figure 3.7B illustrates the 

phenotypic differences between the inflamed and the non-inflamed tissues. 
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–/– 87 Mdr1a
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 HIS 3 HIS 14 

 
Figure 3.6: HIS of the Experiment 2 Mdr1a

–/–
 and FVB mice 

Photos taken by Shuotun Zhu of colonic tissue from Experiment 2 mice at a magnification of 100x. 

A: Graphical representation of the average HIS of the Mdr1a
–/–

 and FVB mice of Experiment 2, including the total 

HIS, a breakdown of HIS for each of the contributing tissues, and p values of the corresponding differences between 

the average values for Mdr1a
–/–

 and FVB mice. P values under 0.05 are deemed significant. Significant differences 

between the Mdr1a
–/–

 and FVB mice are observed in the average total HIS colonic HIS and Duodenal HIS (p = 1.3e
-

06
, p = 1.3e

-06
 and p = 0.038 respectively).. B: Cross sectional area of two Mdr1a

–/–
 mice showing both low and high 

HIS. Mouse Mdr1a
–/–

 87 with a HIS of 3 shows clear crypts (example indicated by the black arrow) containing 

white goblet cells, characteristic of a healthy colon. Mouse Mdr1a
–/–

 118 with a HIS of 14 shows a limited number 

of crypts remain with no goblet cells left in the cross section of colonic tissue. As indicated by the black arrow the 

remaining crypt cavities have been filled with pink pus cells. The purple cells between the remaining crypt cavities 

are inflammatory cells. 
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Figure 3.7: HIS of the Experiment 3 Il10
–/–

 and C57 mice 

Photos taken by Shuotun Zhu of colonic tissue from Experiment 3 mice at a magnification of 100x. 

A: Graphical representation of the average HIS of the Experiment 3 mice, including the total HIS, a breakdown of 

each contributing tissue and p values of the corresponding differences between the average values for Il10
–/–

 and 

C57 mice. P values under 0.05 are deemed significant. Significant differences between the Il10
–/–

 and C57 mice are 

observed in the average total HIS and colonic HIS (p = 0.004 and p = 0.010 respectively). B: Cross sectional images 

of colonic tissue from a C57 mouse (HIS 0) and an Il10
–/–

 mouse (HIS 9.5). The C57 mouse tissue contains crypts 

(indicated by the black arrow) which are comprised of white goblet cells which are a requirement for healthy colonic 

tissue. The Il10
–/–

 colonic tissue shows inflammation is present in the muscle in the form of immune cell infiltration 

(purple stained cells); as well as in the mucosa in the form of immune cell infiltrate and loss of goblet cells and 

uniform crypts as indicated by black arrows. 
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The NMR datasets detailed in Table 3.1 were binned and analysed through several different 

multivariate analysis methods; PCA, CVA, MRA and PLS analysis.  

 

3.3.3 Principal components analysis (PCA) 

All of the 5 NMR datasets (Experiment 1 urine, Experiment 2 urine, Experiment 1 plasma, 

Experiment 2 plasma and Experiment 3 plasma) were investigated with PCA to identify outlying 

samples and data trends that relate to known variables. The first step was to check if the date of 

the NMR run was introducing bias to the dataset. Following this, the case or control variation 

was plotted as well as the HIS and sampling age of the individual. The Experiment 2 dataset was 

also tested for effects of the dietary component (curcumin), given to a subset of the mice, on the 

metabolite profile.  

 

Datasets with similar experimental parameters (Experiment 1 and Experiment 2 urine sample 

comparison and Experiment 1 and Experiment 2 plasma comparison) were also analysed 

together using PCA to ascertain their comparability.  

 

3.3.3.1 Experiment 1 urine PCA 

Table 3.2 shows details of the first nine PCs of the PCA performed on the Experiment 1 urine 

dataset. The Kaiser criterion suggests that the first three PCs are significant (corresponding to 

98.6% of the variation within the dataset). However, the scree plot shown in Figure 3.8A 

suggests two PCs (corresponding to 96.7% of the variation). The Experiment 1 urine data is 

presented in two dimensional score plots with different variables indicated, by colour and labels, 

to exhibit the contribution of these variables to the overall dataset variability. No obvious trends 

were observed in the NMR run date, HIS and age plots (Figure 3.8B, D and E respectively). 

However there appears to be a pattern present in the mouse strain graph (Figure 3.8C), indicating 

that mouse strain has an impact on the overall variation observed in this dataset. 
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Table 3.2: First nine PCs of the Experiment 1 urine dataset for dimension reduction 

  

 PC1 PC2 PC3 PC4 PC5 PC6 PC7 PC8 PC9 

Proportion of 

variance 0.937 0.030 0.019 0.005 0.003 0.002 0.001 0.001 0.001 

Cumulative 

Proportion 0.937 0.967 0.986 0.991 0.994 0.995 0.997 0.998 0.998 

Eigen Values 2.5E+02 8.1E+00 5.2E+00 1.2E+00 7.6E-01 4.9E-01 3.4E-01 2.1E-01 1.7E-01 

Average Eigen value 1.5E+00       
 

This table shows the variation explained by the first nine PCs and the eigen values associated with these 

components. The Kaiser criterion suggests that eigen values above the average are significant. The eigen values 

corresponding to the first three PCs are greater than the average eigen value of 1.5E
+00

.  

  



68 

A 

 

B 

 

C 

 

D 

 

E 

 

 Figure 3.8: PCA of Experiment 1 urine samples 

A: Scree plot of the percentage variance explained 

by the first ten PCs, indicating two PCs are suitable 

to explain the majority of the variation within this 

datset. In each of the following PCA plots, the 

samples are labeled with different variables of 

interest in an attempt to identify the key causes of 

variation in this dataset. B: NMR run date; C: 

mouse strain (Mdr1a
–/–

 or FVB); D: HIS; E: mouse 

age at sampling. This layout will be continued 

throughout the PCA section. 
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3.3.3.2 Experiment 2 urine PCA – dietary component testing 

Initial analysis through PCA of the Experiment 2 urine dataset showed an obvious outlier 

corresponding to mouse FVB 12 (Figure 3.9). Although this outlier could not be explained by 

known errors it was removed in an attempt to achieve better separation of the dataset and 

possibly better visualisation of potential trends (Figure 3.10). The subsequent analysis made a 

slight improvement in the spread of the data points enabling better visualisation.  

 

Table 3.3 shows details of the first nine PCs of the PCA performed on the Experiment 2 urine 

dataset. The Kaiser criterion suggests that the first two PCs are significant (corresponding to 

99% of the variation within the dataset). The scree plot (Figure 3.10A) agrees with this analysis 

also suggesting two PCs are significant. The experiment 2 urine data is also presented in two 

dimensional score plots with different variables indicated by colour and labels. No obvious 

patterns appeared in the NMR run date, HIS, age or diet plots, Figure 3.10B, D, E and F. A weak 

pattern was observed in the graph Figure 3.10C relating to the mouse strain.  

 

The Experiment 2 PCA also investigated the amount of variation observed between the NMR 

spectra of each sample within this dataset due to the presence or absence of the dietary 

component curcumin (Figure 3.10F). Although the PCA of the Experiment 2 urine data was 

unable to adequately explain any of the variation observed in this dataset through known 

variables, it is clear that the dietary treatment was not a factor in this dataset.  
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Figure 3.9: PCA of Experiment 2 urine samples 

A: Scree plot of the percentage variance explained by the first ten PCs, indicating two PCs are suitable to explain the 

majority of the variation within this datset. B: PCA plot illustrating the contribution the mouse strain has made to the 

overall variation observed here, also highlighting several key outliers.  

 

 

Table 3.3: First nine PCs of the Experiment 2 urine dataset for dimension reduction 

 

 PC1 PC2 PC3 PC4 PC5 PC6 PC7 PC8 PC9 

Proportion 

of variance 
0.969 0.021 0.0036 0.0023 0.0012 0.0006 0.0005 0.0003 0.0003 

Cumulative 

Proportion 
0.969 0.990 0.994 0.996 0.997 0.998 0.999 0.999 0.999 

Eigen 

Values 
2.0E

-02
 4.5E

-04
 7.4E

-05
 4.8E

-05
 2.5E

-05
 1.3E

-05
 1.0E

-05
 5.9E

-06
 5.2E

-06
 

Average Eigen value 1.2E
-04

       

This table shows the variation explained by the first nine PCs and the eigen values associated with these 

components. The Kaiser criterion suggests that eigen values above the average are significant. The eigen values 

corresponding to the first two PCs are greater than the average eigen value of 1.2E
-04

.  
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Figure 3.10: PCA of Experiment 2 urine samples with outlier (FVB 12) removed 

A: Scree plot of the percentage variance explained by the first ten PCs, indicating two PCs are suitable to explain the 

majority of the variation within this datset. B-F: An illustration of the variation explained by the known variables: 

NMR run data, mouse strain (Mdr1a
–/–

, FVB), histological injury score; age of mouse at sampling, or dietary 

intervention (curcumin diet or control diet).  
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3.3.3.3 Experiment 1 and Experiment 2 urine combined PCA 

The Experiment 1 and Experiment 2 urine datasets were combined and analysed using PCA in 

order to test their comparability. Table 3.4 shows the details of the first nine PCs of the PCA 

performed on the Experiment 1 and 2 combined urine datasets. The Kaiser criterion suggests that 

four PCs are significant (corresponding to 99.6% of the variation within the dataset) however the 

scree plot (Figure 3.11A) suggests that two PCs are significant (corresponding to 99% of the 

variation). The following plots are presented in two dimensions as suggested by the scree plot. 

The two datasets appear to cluster together on the PCA plot, although no clear trends are 

observed in any of the known variable plots (Figure 3.11).  

 

Table 3.4: First nine PCs of the Experiment 1 and 2 urine datasets combined 

 

 PC1 PC2 PC3 PC4 PC5 PC6 PC7 PC8 PC9 

Proportion 

of variance 
0.969 0.021 0.0036 0.0023 0.0012 0.0006 0.0005 0.0003 0.0003 

Cumulative 

Proportion 
0.969 0.990 0.994 0.996 0.997 0.998 0.999 0.999 0.999 

Eigen 

Values 
2.3E

+02
 5.0E

+00
 3.4E

+00
 2.0E

+00
 7.1E

-01
 4.7E

-01
 2.8E-

01
 2.3E

-01
 1.9E

-01
 

Average Eigen value 1.3E
+00

       

This table shows the variation explained by the first nine PCs and the eigen values associated with these 

components. The Kaiser criterion suggests that eigen values above the average are significant. The eigen values 

corresponding to the first four PCs are greater than the average eigen value of 1.3E
+00

.  
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Figure 3.11: PCA of Experiment 1 and Experiment 2 urine samples (Experiment 2 FVB 12 removed) 

A: Scree plot of the percentage variance explained by the first ten PCs, indicating two PCs are suitable to explain the 

majority of the variation within this datset. B-D: An illustration of the variation explained by the known variables: 

mouse experiment, mouse strain (Mdr1a
–/–

, FVB), or HIS. 
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3.3.3.4 Experiment 1 and Experiment 2 urine PCA loadings 

Loadings plots from each of the urine PCA were created (Figure 3.12) and the top ten largest 

absolute values in PC1 and PC2 for each of these PCA were compared to investigate whether 

there were any clearly important bins, (or metabolites) identified by PCA.  

 

There are several bins that are in common between the PCA of Experiment 1 and Experiment 2 

urine samples, the two most interesting are bin 118 and bin 108 that are present in the top ten 

bins for both PC1 and PC2 for each of the experiments. Figure 3.13 shows plots of the bin 118 

and bin 108 spectral regions. Bin 118 shows two major peaks that could represent one 

metabolite, 2D analysis would be required to identify which metabolite or metabolites these 

correspond to. Bin 108 however contains several different peaks and it is not possible to identify 

which peak or combination of peaks is contributing to the predictive ability of this model without 

further analysis.  
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Figure 3.12: Loadings plots of urine PCA 

Plot of loadings values of the urine PCA from the statistical analysis software R. PC1 and PC2 were shown to be 

sufficient to explain the majority of the variation within the Experiment 1 and Experiment 2 datasets from the scree 

plots Figure 3.8A and Figure 3.10A respectively. 

 

Table 3.5: Table of common bins between the PCA of the two urine datasets 

Bin max ppm min ppm  Exp 1 Urine Exp 2 Urine 

118 3.08 3.01 PC1 & 2 PC1 & 2 

108 3.62 3.5 PC1 & 2 PC1 & 2 

110 3.45 3.38 PC1 & 2 PC1 

107 3.74 3.7 PC2 PC1 & 2 

105 3.86 3.78 PC1 PC1 

102 4.02 3.98 PC1 PC1 

103 3.98 3.9 PC2 PC2 
 

The ten bins with the largest loadings from each of the relevant PCs, indicated from the scree plots, were compared 

to find those common between the urine datasets. PCs 1 and 2 were included for the Experiment 1 and 2 urine PCA. 
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Figure 3.13: Plots of the spectral regions within bins 108 and 118 with 10 Experiment 1 urine samples  
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3.3.3.5 Experiment 1 plasma PCA 

The initial PCA of the Experiment 1 plasma dataset Figure 3.14A showed a clear outlying NMR 

run date 9/01/2008. These samples were phased and baseline corrected on a separate day to the 

others. All of the samples were re-phased and baseline corrected on the same day and the 

subsequent PCA showed no obvious outlying points Figure 3.14C-F.  

 

Table 3.6 shows the details of the first nine PCs of the PCA performed on the Experiment 1 

plasma dataset. The Kaiser criterion suggests that the first three PCs are significant 

(corresponding to 98.9% of the variation within the dataset). The scree plot (Figure 3.14B) 

suggest that two PCs are significant (corresponding to 97.6% of the variation). The following 

plots are presented in two dimensions as suggested by the scree plot. Figure 3.14C shows that the 

NMR run date does not have an obvious influence in the variation of this dataset. The greatest 

variation is explained by the variables of the mouse strain (Mdr1a
–/–

 or FVB) or the HIS (Figure 

3.14D and Figure 3.14E respectively). The age of the mouse at sampling does not seem to follow 

similar trends (Figure 3.14F). 

 
Table 3.6: First nine PCs of the Experiment 1 plasma dataset for dimension reduction 

 

 PC1 PC2 PC3 PC4 PC5 PC6 PC7 PC8 PC9 

Proportion 

of variance 
0.93 0.0451 0.0134 0.00491 0.00221 0.00095 0.00071 0.0006 0.00032 

Cumulative 

Proportion 
0.93 0.976 0.9894 0.9943 0.99652 0.99747 0.99818 0.9988 0.9991 

Eigen 

Values 
2.9E

+01
 1.4E

+00
 4.2E

-01
 1.5E

-01
 7.0E

-02
 3.0E

-02
 2.2E

-02
 1.9E

-02
 1.0E

-02
 

Average Eigen value 1.9E
-01

       
This table shows the variation explained by the first nine PCs and the eigen values associated with these 

components. The Kaiser criterion suggests that eigen values above the average are significant. The eigen values 

corresponding to the first three PCs are greater than the average eigen value of 1.9E
-01

.  
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Figure 3.14: PCA of Experiment 1 plasma samples 

A: An illustration of the variation explained by the NMR run date. An obvious outlying date is observed, 9/01/2008 

(data points coloured purple). B: Scree plot of the percentage variation present in the first ten PCs after re-phasing of 

the dataset. The scree plot indicates two PCs are suitable to explain the majority of the variation within this dataset. 

C-F: PCA plots of the Experiment 1 plasma dataset with known variables coloured in an attempt to explain the 

variation observed. The variables graphed are NMR run date, mouse strain, histological injury score and age of 

mouse at sampling respectively.  
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3.3.3.6 Experiment 2 Plasma PCA – dietary component testing 

Table 3.7 shows the details of the first nine PCs of the PCA performed on the Experiment 2 

plasma dataset. The Kaiser criterion suggests that the first four PCs are significant 

(corresponding to 98.9% of the variation within the dataset). The scree plot (Figure 3.15A) 

suggests that two PCs are significant (corresponding to 96.3% of the variation). The following 

plots are presented in two dimensions as suggested by the scree plot. Similar to the Experiment 1 

plasma dataset, the variation within the Experiment 2 plasma dataset is not noticeably influenced 

by the NMR run date. The PCA score plot of the variation explained by the mouse strain shows 

clear separation between the two strains (Figure 3.15C), and explains the greatest variation 

within this dataset. The plot of the HIS variation also shows separation between the mice with 

low, moderate and high HIS (Figure 3.15D). Mouse age (Figure 3.15E) did not seem to have a 

strong impact on the variation of this dataset. 

 

The PCA of the Experiment 2 plasma samples also investigated the amount of variation between 

the metabolic profiles of these samples caused by the dietary treatment of curcumin. Figure 

3.15F clearly shows that the dietary treatment did not have any observable impact on the 

variation within this dataset; indicating that pattern recognition analysis with respect to HIS is 

unlikely to be biased by possible dietary metabolites. The lack of observable variation caused by 

the dietary component enables the use of all of the Experiment 2 samples for the validation of 

Experiment 1 pattern recognition models in subsequent analysis.  
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Table 3.7: First nine PCs of the Experiment 2 plasma dataset for dimension reduction 

 

 PC1 PC2 PC3 PC4 PC5 PC6 PC7 PC8 PC9 

Proportion 

of variance 
0.935 0.0275 0.0198 0.0064 0.0043 0.0025 0.0018 0.00114 0.00069 

Cumulative 

Proportion 
0.935 0.963 0.982 0.989 0.993 0.995 0.997 0.998 0.999 

Eigen 

Values 
1.9E

+01
 5.7E

-01
 4.1E

-01
 1.3E

-01
 8.8E

-02
 5.1E

-02
 3.6E

-02
 2.4E

-02
 1.4E

-02
 

Average Eigen value 1.2E
-01       

This table shows the variation explained by the first nine PCs and the eigen values associated with these 

components. The Kaiser criterion suggests that eigen values above the average are significant. The eigen values 

corresponding to the first four PCs are greater than the average eigen value of 1.2E
-01

.  
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Figure 3.15: PCA of Experiment 2 plasma samples 

A: Scree plot of the percentage variance explained by the first ten PCs, indicating two PCs are suitable to explain the 

majority of the variation within this datset. B-F: An illustration of the variation explained by the known variables: 

NMR run data, mouse strain (Mdr1a
–/–

, FVB), histological injury score, age of mouse at sampling, or dietary 

intervention (curcumin diet or control diet).  
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3.3.3.7 Experiment 1 and Experiment 2 plasma combined PCA 

The plasma samples from Experiment 1 and Experiment 2 were pooled and analysed together 

using PCA to investigate their comparability. Table 3.8 shows the details of the first nine PCs 

this analysis. The Kaiser criterion suggests that four PCs are significant (corresponding to 98.6% 

of the variation within the dataset). The scree plot (Figure 3.16A) suggests that two PCs are 

significant. The following plots are presented in 2 dimensions as suggested by the scree plot. 

Figure 3.16B shows that the individual mouse experiment explains the greatest variation within 

the combined dataset; however Figure 3.16C and D show observable patterns with the strain and 

the HIS variables respectively. The patterns are most obviously seen in the Experiment 2 plasma 

dataset although there is some shadowing of these patterns in the Experiment 1 plasma dataset. 

 

Table 3.8: First nine PCs of the Experiment 1 and 2 plasma datasets combined 

 

 PC1 PC2 PC3 PC4 PC5 PC6 PC7 PC8 PC9 

Proportion 

of variance 
0.885 0.051 0.0396 0.0117 0.0047 0.0028 0.0018 0.0009 0.0007 

Cumulative 

Proportion 
0.885 0.936 0.9751 0.9869 0.9915 0.9944 0.9962 0.9971 0.9977 

Eigen 

Values 
2.7E

+01
 1.5E

+00
 1.2E

+00
 3.5E

-01
 1.4E

-01
 8.5E

-02
 5.5E

-02
 2.6E

-02
 2.0E

-02
 

Average Eigen value 1.8E
-01

       

This table shows the variation explained by the first nine PCs and the eigen values associated with these 

components. The Kaiser criterion suggests that eigen values above the average are significant. The eigen values 

corresponding to the first four PCs are greater than the average eigen value of 1.8E
-01

.  
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Figure 3.16: PCA of Experiment 1 and Experiment 2 plasma samples 

A: Scree plot of the percentage variance explained by the first ten PCs, indicating two PCs are suitable to explain the 

majority of the variation within this datset. B-D: An illustration of the variation explained by the known variables; 

B: Experiment, C: mouse strain, D: HIS variation.  
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3.3.3.8 Experiment 3 plasma PCA  

Table 3.9 shows the details of the first nine PCs of the PCA performed on the Experiment 3 

plasma dataset. The Kaiser criterion suggests that the first four PCs are significant 

(corresponding to 98.8% of the variation within the dataset). The scree plot (Figure 3.17A) 

indicates that three PCs are significant (correlating to 97.5% of the variation). Although the scree 

plot suggests three PCs the following plots are presented in 2 dimensions as this seems to show 

adequate visualisation of the data. The NMR run date graphed in Figure 3.17B does not seem to 

have an observable impact on the variation seen in this dataset. There appears to be a pattern 

present in the mouse strain graph Figure 3.17C; however, it becomes more apparent when the 

mouse strain is combined with mouse age in Figure 3.17F. The HIS graph (Figure 3.17D) also 

shows separation between the different HIS‟s. The age of the mice is the best fit to explain the 

variation observed within this dataset, with clear separation between 6 and 12 weeks of age. 

However, when age and mouse strain are combined and graphed, a further separation into mouse 

strain is observed in the 12 week age group.  

 
Table 3.9: First nine PCs of the Experiment 3 plasma dataset for dimension reduction 

 

 PC1 PC2 PC3 PC4 PC5 PC6 PC7 PC8 PC9 

Proportion 

of variance 
0.629 0.323 0.023 0.0131 3.75E

-03
 3.31E

-03
 0.0018 0.0013 0.0006 

Cumulative 

Proportion 
0.629 0.952 0.975 0.988 9.91E

-01
 9.95E

-01
 0.997 0.998 0.998 

Eigen 

Values 
2.3E

+06
 1.2E

+06
 8.3E

+04
 4.7E

+04
 1.3E

+04
 1.2E

+04
 6.5E

+03
 4.8E

+03
 2.0E

+03
 

Average Eigen value 2.6E
+04

       

This table shows the variation explained by the first nine PCs and the eigen values associated with these 

components. The Kaiser criterion suggests that eigen values above the average are significant. The eigen values 

corresponding to the first four PCs are greater than the average eigen value of 2.6E
+04

.  
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Figure 3.17: PCA of Experiment 3 plasma data 

A: A Scree plot of the percentage variance explained by the first ten PCs, indicating three PCs are suitable to explain 

the majority of the variation within this datset. B-F: An illustration of the variation explained by the known 

variables, B: NMR run date, C: mouse strain, D: HIS, E: age at sampling, F: age at sampling combined with mouse 

strain.  
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3.3.3.9 Experiment 1 and Experiment 2 plasma PCA loadings 

Loadings plots from each of the plasma PCA were created (Figure 3.18) and the top ten largest 

absolute values in PCs deemed significant by the scree plots were compared to investigate 

whether there were any clearly important bins (or metabolites) identified by PCA. PC1 and PC2 

were included from Experiment 1 and 2 plasma PCA whereas PC1, PC2 and PC3 were included 

from Experiment 3 plasma PCA.  

 

Fourteen bins were found to be in common between the PCA of Experiment 1 to 3 plasma 

samples. The three most interesting bins are bin 146, 145 and 144. Bins 146 and 145 are present 

in the top ten bins for both PC1 and PC2 for each of the experiments. Bin 144 is present in the 

top ten bins for PC1 for each of the experiments and PC2 and PC3 for Experiment 3 plasma. 

Figure 3.19 shows plots of the spectral region associated with bins 144 to 146 for each of the 

plasma datasets. Bins 144 and 145 show clear peaks that could be identified with 2D analysis 

however bin 146 (1.26 ppm to 1.3 ppm) seems to have a smaller peak underlying the tail of the 

bin 145 peak making it more difficult to identify which metabolite is contributing to the variation 

within these datasets.  
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A 

 

B 

 

C 

 

Figure 3.18: Loadings plots of plasma PCA 

Plot of loadings values of the plasma PCA from the statistical analysis software R. PC1 and PC2 were shown to be 

sufficient to explain the majority of the variation within the Experiment 1 and Experiment 2 datasets from the scree 

plots Figure 3.14B and Figure 3.15A respectively. Three PCs were indicated to be sufficient by the Experiment 3 

scree plot Figure 3.17A.  
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Table 3.10: Table of common bins between the PCA of the three plasma datasets 

Bin max ppm min ppm Exp 1 plasma  Exp 2 plasma Exp 3 plasma 

146 1.3 1.26 PC1 & 2 PC 1 & 2 PC 1 & 2 

145 1.34 1.3 PC 1 & 2 PC 1 & 2 PC 1, 2 & 3 

144 1.38 1.34 PC1 PC1 PC 1, 2 & 3 

115 3.98 3.94 PC1 PC2 PC1 

110 4.18 4.144 PC1 & 2 PC2 PC2 

156 0.9 0.86 PC2 PC2 PC1 & 2 

126 2.1 2.06 PC2 PC1 PC3 

147 1.26 1.22 PC1 PC1 

 138 1.62 1.58 PC1 PC1 

 121 2.86 2.82 PC2 PC2 

 153 1.02 0.98 PC2 PC1 

 148 1.22 1.18 

 

PC2 PC1 

123 2.78 2.74 

 

PC1 PC3 

113 4.06 4.02   PC2 PC3 

The ten bins with the largest loadings from each of the relevant PCs, indicated from the scree plots, were compared 

to find those common between the plasma datasets. PCs 1 and 2 were included for the Experiment 1 and 2 plasma 

PCA whereas PCs 1, 2 and 3 were included for Experiment 3.  
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Figure 3.19: Plots of the plasma spectral regions within bins 144 to 146  

This plot illustrates the regions of NMR spectra from ten samples of each of the three plasma datasets corresponding 

to bins 144, 145 and 146. A: Experiment 1 plasma. B: Experiment 2 plasma C: Experiment 3 plasma.  
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3.3.3.10 Common bins between the urine and plasma PCA 

The top ten bins with the largest absolute values from the PCs deemed to be significant by the 

scree plots were compared to investigate whether there were any clearly important bins (or 

metabolites) identified by PCA. PC1 and PC2 were included from Experiment 1 and 2 plasma 

and urine PCA whereas PC1, PC2 and PC3 were included from Experiment 3 plasma PCA. 

 

Five bins were found to be in common between the PCA of the urine and plasma PCA. However 

only the spectral region of 3.98 to 3.94 (or 3.9 in the case of urine) was found to be in common 

between all datasets and it was only present in PC2 in some cases. Figure 3.20A shows that the 

peaks corresponding to this spectral region appear to be from the same metabolites in the case of 

the urine and plasma spectra, although the alignment in the urine spectra is not as sharp. This 

region contains one full peak and one partial peak making it difficult to determine which 

metabolite has an influence on the variation within these datasets. 2D analysis is required to 

identify these peaks in both the urine and plasma samples and further statistical analysis of the 

individual integrated peaks would be required in order to determine which one was influencing 

the variation.  

 

Table 3.11: Table of common bins between the PCA of all five datasets 

Bin 
max 

ppm 
min 

ppm  
Exp 1 

urine 
Exp 2 

urine Bin 
max 

ppm 
min 

ppm  
Exp 1 

plasma  
Exp 2 

plasma  
Exp 3 

plasma 

103 3.98 3.9 PC2 PC2 115 3.98 3.94 PC1 PC2 PC1 

153 1.38 1.3 

 
PC1 144 1.38 1.34 PC1 PC1 

PC1,2 

& 3 

136 2.1 2.06 

 
PC1 126 2.1 2.06 PC2 PC1 PC3 

102 4.02 3.98 PC1 PC1 114 4.02 3.98 

  
PC1 

101 4.1 4.02 PC2 

 
112 4.1 4.06 PC2 

  The ten bins with the largest loadings from each of the relevant PCs, indicated from the scree plots, were compared 

to find those common between the plasma datasets. PCs 1 and 2 were included for the Experiment 1 and 2 plasma 

and Experiment 1 and 2 urine PCA whereas PCs 1, 2 and 3 were included for Experiment 3.  
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A 

Urine 

 

Plasma 

 

B 

  

Figure 3.20: Plots of the urine and plasma spectral regions in common between the PCA 

This figure shows two of the most interesting NMR spectral regions when comparing the PCA results of the plasma 

and urine experiments. A: The comparable region between the urine and plasma samples corresponding to bin 115 

in plasma and bin 103 in urine. B:The comparable region between the urine and plasma samples corresponding to 

bin 144 in plasma and bin 153 in urine.  
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3.3.4 Canonical variate analysis (CVA)  

Each of the datasets CVA results are presented below, with the imposition of the known 

structure HIS. The control samples are plotted using the HIS loadings to determine whether 

initial knowledge of strain is required for HIS prediction. To internally validate the prediction 

models of individual datasets, 20% of the samples were randomly selected and removed before 

the second round of CVA and subsequently treated as “unknown”.  

 

3.3.4.1 Experiment 1 urine CVA 

The loadings plot for CVA of the Experiment 1 urine samples, with the HIS structure applied, 

shown in Figure 3.21A presents a range of latent vectors between -1.67 and 1.33. The score plot 

shows clear separation between the three groups (low, moderate and high HIS) as seen in Figure 

3.21B. In order to validate the Experiment 1 urine CVA, 20% (8) of the samples were removed 

from the dataset through stratified random sampling; where equal percentages of samples were 

taken from each of the three HIS groups. The removed samples were reintroduced as simulated 

“unknown” samples. The “unknown” samples did not seem to cluster with the appropriate HIS in 

Figure 3.21C with only two out of eight samples able to be adequately classified. 

 

3.3.4.2 Experiment 2 urine CVA  

The Experiment 2 urine CVA loadings plot shown in Figure 3.22A exhibits a range of latent 

vectors between -1.91 and 1.30. The Figure 3.22B score plot shows separation between the three 

HIS groups; however, some overlap can also be observed between the low and moderate HIS. To 

validate this model, eight samples were removed from the Experiment 2 urine analysis and 

reintroduced as “unknown” samples. Figure 3.22C HIS model was only able to accurately 

predict some of the Low HIS samples with five out of eight classified correctly, giving an 

accuracy of 62.5%. 
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A 

 

B 

 

C 

 

Figure 3.21: CVA of Experiment 1 urine samples with respect to HIS 

A: Loadings plot showing the magnatude of the latent vectors or loadings for each of the bins. B and C both 

represent score plots of the the CVA of the Experiment 1 urine dataset with the known structure of HIS imposed on 

the data. B: Shows the variation apparent within the Experiment 1 urine dataset with the imposition of HIS.C: The 

validation of the Experiment 1 urine HIS CVA model through stratified re-sampling of 20% of the observations. 
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Figure 3.22: CVA of Experiment 2 urine samples with respect to HIS 

A: Loadings plot showing the magnatude of the latent vectors or loadings for each of the bins. B and C both 

represent score plots of the CVA of the Experiment 2 urine dataset with the known structure of HIS imposed on the 

data. B: Shows the variation apparent within the Experiment 2 urine dataset with the imposition of HIS. C: The 

validation of the Experiment 2 urine HIS CVA model through stratified re-sampling of 20% of the observations. 
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3.3.4.3 Experiment 1 and Experiment 2 urine CVA 

The loadings plots for the CVA of Experiment 1 and Experiment 2 urine samples (Figure 3.21A 

and Figure 3.22 respectively) show similarities in the bin regions and the overall magnitude. 

There is specific overlap between the two loadings plots around bins 61, 155 and 161 

corresponding to ppm regions of 7.26 to 7.18, 1.27 to 1.22 and 0.98 to 0.9 respectively. However 

the specific magnitude and direction of each vector across all of the bins is varied enough 

between the two experiments that it did not seem possible to use Experiment 1 canonical variate 

loadings to calculate Experiment 2 HIS. This was confirmed in Figure 3.23 as Experiment 2 

samples were multiplied by the Experiment 1 canoncial variate loadings in an attempt to validate 

this model. Figure 3.23 shows no association between the graphed placement of the Experiment 

1 and Experiment 2 samples. The Experiment 1 urine canonical variate loadings as calculated 

here are unable to accurately predict the HIS of the Experiment 2 urine dataset in its current 

state. 

 

 

Figure 3.23: Experiment 1 and Experiment 2 urine samples graphed using Experiment 1 urine CVA loadings 

This graphs shows the attempted validation of the Experiment 1 urine CVA with Experiment 2 urine samples. 

Experiment 1 and Experiment 2 urine samples plotted with Experiment 1 urine HIS canonical variate loadings.  
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3.3.4.4 Experiment 1 plasma CVA 

The loadings plot for CVA of Experiment 1 plasma samples shown in Figure 3.24A presents a 

range of latent vectors between -11 and 9.15. The score plot for this data shows very clear 

separation of the HIS (Figure 3.24B). The data was validated through stratified re-sampling of 

sixteen of the samples. Although only six samples out of sixteen (37.5%) accurately fit within 

the areas of the original data, many of the “unknown” data points fall within a larger area 

surrounding the model data (Figure 3.24C).  

 

3.3.4.5 Experiment 2 plasma CVA 

The Experiment 2 plasma CVA loadings plot shown in Figure 3.25A displays a range of latent 

vectors from -6.56 and 3.35. The score plot shows a clear separation of the dataset into HIS 

groupings (Figure 3.25B). To validate this model, 20% of the samples, seven in total, were 

removed from the Experiment 2 plasma dataset and reintroduced after CVA. However, the HIS 

validation was poor and only able to predict 14.3% (1/7) of the samples (Figure 3.25C).  

 

3.3.4.6 Experiment 1 and Experiment 2 plasma CVA 

The loadings plots of for the CVA of Experiment 1 and Experiment 2 plasma samples (Figure 

3.24A and Figure 3.25A respectively) show very little similarity in both range of latent vector 

values and bin regions presenting the strongest latent vectors. Again it was unlikely that the 

canonical variate loadings from Experiment 1 could predict the HIS of Experiment 2 samples. 

The Experiment 1 loadings were used to calculate the Experiment 2 HIS to confirm this 

assessment. Figure 3.26 shows no obvious clustering of the Experiment 2 plasma dataset with 

HIS, and no association between the two datasets. It is clear that the Experiment 1 plasma HIS 

model cannot predict the HIS of the Experiment 2 plasma dataset. 
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Figure 3.24: CVA of Experiment 1 plasma samples with respect to HIS 

A is a loadings plot showing the magnatude of the latent vectors or loadings for each of the bins. B and C both 

represent score plots of the CVA of the Experiment 1 plasma dataset with the known structure of HIS imposed on 

the data. B: Shows the variation apparent within the Experiment 1 plasma dataset with the imposition of HIS. C: The 

validation of the Experiment 1 plasma HIS CVA model through stratified re-sampling of 20% of the observations.  
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Figure 3.25: CVA of Experiment 2 plasma samples with respect to HIS 

A is a loadings plot showing the magnatude of the latent vectors or loadings for each of the bins. B and C both 

represent the CVA of the Experiment 2 plasma dataset with the known structure of HIS imposed on the data. B: 

Shows the variation apparent within the Experiment 2 plasma dataset with the imposition of HIS. C: The validation 

of the Experiment 2 plasma HIS CVA model through stratified re-sampling of 20% of the observations. 
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Figure 3.26: Experiment 1 and Experiment 2 plasma samples graphed using Experiment 1 plasma CVA 

loadings 

This graphs shows the attempted validation of the Experiment 1 plasma CVA with Experiment 2 plasma samples. 

Experiment 1 and Experiment 2 plasma samples plotted with Experiment 1 plasma HIS canonical variate loadings.  

 

3.3.4.7 Experiment 3 Plasma CVA 

The loadings plot for the CVA of the Experiment 3 plasma samples (Figure 3.27A) shows a 

range of latent vectors between -0.01 and 0.01. Although the magnitude of the latent vectors is 

very distinct from the other two experiments the Experiment 2 and 3 plasma loadings plot shows 

similarities including strong latent vectors in both plots for bins 127 and 157. These bins 

corresponding to the ppm regions of 2.06 to 2.02 and 0.86 to 0.82 respectively. Like the other 

plasma sample sets the Experiment 3 plasma samples show very clear separation between the 

HIS groups presented in Figure 3.27B, although the groupings are not tightly clustered. On 

removal of 20% of the samples and repeating the CVA the “unknown” moderate HIS sample 

was not able to be accurately classified with this model, the “unknown” low HIS samples also 

show no apparent clustering with the appropriate group although they are on the correct side of 

the plot (Figure 3.27C). It is also interesting to note in Figure 3.27C, that the CVA model created 

after removing the validation samples has inverted the positions of the low, moderate and high 

HIS groupings as compared to the full model in Figure 3.27B. 

-2 

0 

2 

4 

6 

8 

10 

12 

-20 -15 -10 -5 0 5 

CVA of Experiment 1 Plasma HIS prediction model 
validated with Experiment 2 plasma  

Exp 1 Low HIS 

Exp 1 Moderate HIS 

Exp 1 High HIS 

Exp 2 Low HIS 

Exp 2 Moderate HIS 

Exp 2 High HIS 



100 

A 

 

B 

 

C 

 

Figure 3.27: CVA of Experiment 3 plasma samples with respect to HIS 

A is a loadings plot showing the magnatude of the latent vectors or loadings for each of the bins. A B and C both 

represent the CVA of the Experiment 3 plasma dataset with the known structure of HIS imposed on the data. B: 

Shows the variation apparent within the Experiment 3 plasma dataset with the imposition of HIS. C: The validation 

of the Experiment 3 plasma HIS CVA model through stratified re-sampling of 20% of the observations. 
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3.3.5 Multiple regression analysis (MRA) 

In order to decide on the best number of PCs to retain for MRA both the Kaiser criterion and the 

scree plot were tested. In both the Experiment 1 urine and plasma PCA the Kaiser criterion 

indicated three PCs compared to two PCs indicated by the scree plot. The data presented in this 

chapter show clearly defined „elbows‟ in the scree plots separating the major and trivial factors, 

reducing the subjectivity of this method. As the Kaiser criterion tends towards retaining too 

many PCs
271

 the scree plot was chosen as the method of PC extraction for the MRA in an 

attempt to create more parsimonious models. 

 

3.3.5.1 Urine MRA model 

Initial testing of the Experiment 1 urine for MRA showed an outlier (FVB 24) in the Residual vs. 

Leverage plot (Figure 3.28). On close inspection there was insufficient evidence in the sample 

handling or preparation to allow removal of this sample thus it was kept in the dataset. 

 

The scree plot (Figure 3.8A) suggested two dimensions as an adequate reduction to incorporate a 

significant portion of the variability at 96.7% of the variation (Table 3.2). The lowest PRESS 

statistic indicated that a 14 bin model was the best fit for prediction, containing the bins outlined 

in Table 3.12. The details and p values associated with the contribution of each bin in the model 

are presented in Table 3.13. Figure 3.28 quality control plots showed no obvious outliers in the 

Experiment 1 dataset. 

 

To test the Experiment 1 urine model, the Experiment 1 and Experiment 2 urine datasets were 

combined and labeled with their study numbers. The combined dataset was tested using an 

analysis of variance (ANOVA) test for differences between the Experiment 1 and Experiment 2 

datasets. Significant differences were observed between the two datasets with a p value of p = 

<0.001.  

 

The final validation was to use the 14 bin model prediction equation to predict the HIS and 

compare the prediction to the measured HIS. Figure 3.29 shows a graphical representation of the 

prediction efficiency of this model on each of the urine datasets. The Experiment 1 urine dataset 

shows a clear linear trend that follows the 100% correlation line, with 81% prediction efficiency. 

The Experiment 2 urine dataset shows no difference among any of the samples all having a 

predicted HIS of between -20.2 and -19.3, so that prediction was not successful for this dataset. 
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Table 3.12: Experiment 1 urine multiple regression model bin list and associated ppm values 

Bins ppm max ppm min 

89 5.46 5.36 

98 4.26 4.18 

103 3.98 3.9 

104 3.9 3.86 

105 3.86 3.78 

106 3.78 3.74 

108 3.62 3.5 

109 3.5 3.45 

113 3.3 3.26 

115 3.22 3.18 

118 3.08 3.01 

121 2.94 2.91 

125 2.78 2.74 

126 2.74 2.7 
 

This table shows the bins associated with the best prediction model through MRA and the corresponding ppm 

values. 

 

 

Table 3.13: Table of the model summary of the Experiment 1 urine multiple regression 

 β values p value 

(Intercept) -20.41 0.055183 

bin89 11.216 0.00164 

bin98 -37.566 4.04E-05 

bin103 -5.392 0.154524 

bin104 -9.027 0.183172 

bin105 4.953 0.002244 

bin106 -16.659 0.000568 

bin108 6.084 0.002668 

bin109 16.835 0.001224 

bin113 -5.705 0.005438 

bin115 36.133 0.021087 

bin118 11.197 0.00243 

bin121 192.292 0.020008 

bin125 -101.865 0.009087 

bin126 36.312 0.100756 

   

Multiple R-squared:  0.813 

F-statistic: p-value:  5.70E-06 
 

This table contains the β values used to create the prediction equation and the associated p values.  
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Figure 3.28: Quality control graphs of the Experiment 1 urine multiple regression model 

The Residuals vs. Fitted plot and the Scale-Location plot both assess the lack-of-fit between the residuals (or 

deviation from each point from the regression line) and the fitted values. These plots are expected to be a random 

distribution of data points. In the Residual vs. Fitted plot the randomly distributed points are optimally scattered 

around zero. The Normality Q-Q plot checks for normality and identifies observations that deviate from the normal 

distribution indicated by the dotted line. The final plot is the Residuals vs. Leverage plot. This plot diagnoses single-

observation influence and thus identifies observations that are significant outliers. Data containing no outliers should 

present an approximate central distribution with no observations crossing the Cook‟s distance cut off indicated by 

the dotted red line. 
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Figure 3.29: The prediction efficiency of the Experiment 1 urine MRA model 

The black line on this graph represents the ideal 100% prediction rate to give a bench mark for the datasets. The 

Experiment 1 urine prediction shows a linear trend in alignment with the 100% correlation line. With a correlation 

between the predicted and measured HIS values of 0.90 and a percentage positive prediction of 81%. The 

Experiment 2 dataset showed no trend with the ideal prediction. The correlation between predicted and HIS of the 

Experiment 2 dataset was 0.04 and the percentage positive prediction was 0.13%.  

 

The MRA was initially performed using the total HIS, including the duodenum, jejunum, ileum, 

and colon. Each of the mouse experiments have shown higher levels of inflammation present in 

the colon compared with the other intestinal tissues (Figure 2.2, Figure 3.6, and Figure 3.7) so 

the MRA was repeated using only the colonic HIS scores. For the urine samples, the colonic HIS 

MRA showed no improvement over the total HIS using the same method. A list of the 14 bins 

that contribute to the model (Table 3.14) and the efficiency plot (Figure 3.30) are shown here. 

The majority of the bins were conserved between the two urine models. The only difference in 

the bins between the total HIS and the colonic HIS models was a substitution of bin126 for 

bin116 in the colonic HIS model.  
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Table 3.14: Table of the model summary of the Experiment 1 urine colonic HIS multiple regression 

  β values p value 

(Intercept) -22.207 0.002706 

bin89 9.6337 2.14E-06 

bin98 -25.7395 2.53E-05 

bin103 -3.6056 0.148733 

bin104 -5.7973 0.26103 

bin105 2.8482 0.008467 

bin106 -10.8412 0.000653 

bin108 4.4914 0.000509 

bin109 10.7289 0.002297 

bin113 -3.8824 0.001347 

bin115 32.0093 0.00252 

bin116 7.2877 0.302575 

bin118 6.6606 0.004943 

bin121 119.3207 0.031925 

bin125 -48.5059 0.023406 

   

Multiple R-squared:  0.79 

F-statistic: p-value:  2.59E-05 

 

 

 

Figure 3.30: The prediction efficiency of the Experiment 1 urine colonic HIS MRA model 

The black line in this plot represents 100% correlation between the predicted and measured HIS, which is equivalent 

to 100% prediction efficiency of a model. The Experiment 1 and Experiment 2 urine data with respect to the colonic 

HIS has a correlation of 0.89 and 0.08 respectively showing no improvement from the total HIS plot.  
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3.3.5.2 Plasma MRA model 

Two dimensions were chosen from the scree plot (Figure 3.14B) for the creation of the 

Experiment 1 plasma multiple regression model, accounting for 97.6% of the variability within 

the dataset (Table 3.6). The PRESS statistic indicated that an eight bin model was the best fit for 

prediction containing bins outlined in Table 3.15.  

 

Figure 3.31 quality control plots showed no obvious outliers in the Experiment 1 dataset. To test 

the Experiment 1 plasma model, the Experiment 1 and Experiment 2 plasma datasets were 

combined and labeled with their study numbers. ANOVA tests were used to check for 

differences between the two datasets. There was a significant difference between the Experiment 

1 and Experiment 2 datasets with a p value of p = 0.013. 

 

This eight bin prediction equation was then used to predict both the Experiment 1 and 

Experiment 2 plasma datasets. Figure 3.32 shows a graphical representation of the prediction 

efficiency of this model on the two plasma datasets. Both of the plasma datasets, Experiment 1 

and Experiment 2, show a linear relationship in the same trend as the 100% correlation line, 

although Experiment 2 HIS are generally over estimated by the model. The correlation of 

Experiment 1 and 2 with the 100% correlation line are 0.95 and 0.78, respectively.  

 
Table 3.15: Experiment 1 Plasma multiple regression model bin list and associated ppm values 

Bins ppm max ppm min 

126 2.1 2.06 

137 1.66 1.62 

143 1.42 1.38 

146 1.3 1.26 

149 1.18 1.14 

155 0.94 0.9 

156 0.9 0.86 

160 0.74 0.7 
 

This table shows the bins chosen with the best predictive value for the Experiment 1 plasma dataset. 
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Figure 3.31: Quality control graphs of the Experiment 1 plasma multiple regression model 

As above the Residual vs. Fitted plot and the Scale-Location plots are used to test for lack-of-fit of the model. The 

Q-Q plot shows the normality of the model. The Experiment 1 plasma data shows strong correlation with normality.  
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Table 3.16: Table of the model summary for the Experiment 1 plasma multiple regression 

Bins β values p value 

(Intercept) 8.467 0.13152 

bin126 17.027 8.50E-07 

bin137 28.755 0.14167 

bin143 -44.278 1.80E-08 

bin146 -4.155 0.01168 

bin149 148.976 3.04E-06 

bin155 10.365 0.00035 

bin156 -6.817 6.79E-05 

bin160 -183.405 2.79E-06 

   

Multiple R-squared: 0.89 

F-statistic: p-value: 2.20E-16 
 

This table contains the β values used to create the prediction equation and the associated p values. The bold section 

shows bin 161 squared has a significant polynomial relationship in this equation. 

 

 

 
 

Figure 3.32: The prediction efficiency of the Experiment 1 plasma MRA model 

The black line on this graph represents a perfect model with 100% correlation between the predicted and measured 

HIS to give a bench mark for the datasets. Both the Experiment 1 and Experiment 2 plasma datasets show a linear 

trend, although the Experiment 2 HIS are generally over estimated by the model. The correlation of the Experiment 

1 and Experiment 2 predicted vs. measured HIS values was 0.95 and 0.78 respectively corresponding to percentage 

prediction efficiency of 89% and 61% respectively. 
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Similar to the urine data the MRA of the plasma data was also run using only the colonic HIS 

values. The ANOVA to test for differences between the two datasets found no significant 

difference between the colonic HIS plasma dataset with a p value of p = 0.06. The optimal 

plasma colonic HIS MRA model was found to have nine bins, shown in Table 3.17. Only the list 

of bins which contribute to the multiple regression model and the prediction efficiency plot 

(Figure 3.33) are shown here. The correlation values, observed in Figure 3.33, were slightly 

improved with respect to the Experiment 2 plasma data, however there was a reduction in the 

overestimation of the predicted HIS values for this dataset. The majority of the bins were 

conserved between the two plasma models although several differences were observed. Bins 137 

and 156 were substituted for bin150 and bin157 in the colonic HIS model and bin162 was added.  

 

Table 3.17: Table of the model summary for the Experiment 1 plasma colonic HIS multiple regression 

Bins β values p value 

(Intercept) 5.0634 0.149957 

bin126 7.7796 0.000853 

bin143 -24.1934 2.28E-07 

bin146 -5.3388 1.89E-10 

bin149 82.6448 0.006899 

bin150 46.4623 0.051019 

bin155 10.8366 2.38E-08 

bin157 -11.038 0.060275 

bin160 -193.7838 7.79E-10 

bin162 70.8193 0.007645 

   

Multiple R-squared:  0.87 

F-statistic: p-value:  
2.20E-16 

 

This table contains the β values used to create the prediction equation and the associated p values.  
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Figure 3.33: The prediction efficiency of the Experiment 1 plasma colonic HIS multiple regression model 

The black line in this plot represents 100% correlation between the predicted and measured HIS. The Experiment 1 

and Experiment 2 plasma data with respect to the colonic HIS show linear trends with the correlation line. The 

correlation values for Experiment 1 and Experiment 2 are 0.93 (R
2
 = 0.87) and 0.82  

(R
2 
= 0.68) respectively.  
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3.3.6 Partial least squares analysis (PLS) 

3.3.6.1 Urine PLS 

The first step in the PLS process is to identify the most appropriate number of PCs for analysis, 

which causes the greatest reduction in the root mean square error of prediction (RMSEP), which 

is usually determined by cross validation
277

. Figure 3.34 shows that 6 PCs are optimal for the 

Experiment 1 urine dataset and Figure 3.35 shows the loadings for each of these PCs. 

 

The mouse urine PLS model, which was calculated using R statistics software based on 

Experiment 1, shows a strong correlation with the 100% correlation line resulting in a correlation 

coefficient of 0.87 and with a coefficient of determination (R
2
) of 0.75 (Figure 3.36). The 

validation dataset Experiment 2 showed no sign of accurate prediction with a correlation 

coefficient of 0.51 and an R
2
 of 0.26. 

 

Figure 3.34: “Leave one out” cross validation analysis of the Experiment 1 urine dataset  

The “Leave one out” cross validation analysis is undertaken to determine the number of PCs required for the 

greatest reduction in the RMSEP. This plot indicates that six PCs are required for the greatest reduction in the 

RMSEP. 
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Figure 3.35: Loadings plot of Experiment 1 urine PLS 

 

 

Figure 3.36: Prediction efficiency plot of Experiment 1 urine PLS model with Experiment 2 validation 

The black line on this plot represents 100% correlation between predicted and measured HIS, perfect prediction 

efficiency. Experiment 1 showed a linear trend with the 100% correlation line and a correlation of 0.87. The 

validation dataset Experiment 2 showed no obvious trend with the 100% correlation line and a correlation of 0.51.  
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The urine PLS was also performed using the urine NMR data with respect to only the HIS from 

the colonic tissue. The calculation of the dimensional reduction to reduce the RMSEP led to the 

same 6 dimensions as the urine dataset with respect to total HIS (Figure 3.37). The colonic HIS 

PLS showed very similar results to the total HIS prediction model with a very similar loadings 

plot (Figure 3.38) and Experiment 1 and Experiment 2 correlation values of 0.84 and 0.67, 

respectively (Figure 3.39).  

 

 

 
Figure 3.37: “Leave one out” cross validation analysis of the Experiment 1 urine colonic HIS dataset 

The “Leave one out” cross validation analysis is undertaken to determine the number of PCs required for the 

greatest reduction in the RMSEP. This plot indicates that six PCs are required for the greatest reduction in the 

RMSEP. 
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Figure 3.38: Loadings plot of Experiment 1 urine colonic HIS PLS 

 

 

Figure 3.39: Prediction efficiency plot of Experiment 1 urine PLS model of colonic HIS with Experiment 2 

validation 

The black line in this plot is representative of 100% correlation between predicted and measured HIS indicating a 

perfect prediction efficiency. The Experiment 1 dataset shows a clear linear trend with the 100% correlation line 

with a correlation value of 0.84 and a R
2
 of 0.71.  
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3.3.6.2 Plasma PLS 

The plasma PLS identified five components that were optimal for Experiment 1 analysis through 

split-sample cross validation (Figure 3.40). The model created using these five PCs showed a 

high level of correlation between both the Experiment 1 and Experiment 2 predicted HIS with 

the measured HIS at 0.93 and 0.70, respectively (Figure 3.42). The percentage prediction 

efficiency for the Experiment 1 dataset was very high at 87%. The prediction efficiency for 

Experiment 2 is weak at 49%. It is important to note that the Experiment 1 and Experiment 2 

datasets have a very slim overlap, where the Experiment 2 HIS are overestimated. The 

Experiment 2 dataset that was used to validate this model is essentially mimicking a dataset with 

unknown HIS. As the HIS of unknown samples predicted from this model will potentially be 

overestimated, this is not a suitable model.  

 

Figure 3.40: “Leave one out” cross validation analysis of the Experiment 1 plasma dataset  

The “Leave one out” cross validation analysis is undertaken to determine the number of PCs required for the 

greatest reduction in the RMSEP. This plot indicates that five PCs are required for the greatest reduction in the 

RMSEP. 
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Figure 3.41: Loadings plot of Experiment 1 plasma PLS  

 

 

Figure 3.42: Prediction efficiency plot of Experiment 1 plasma PLS model with Experiment 2 validation 

As in Figure 3.36 the black line represents 100% correlation and perfect prediction efficiency. Experiment 1 and 2 

data shows strong correlation with the ideal prediction at 0.93 and 0.70 respectively.  
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The PLS was also performed using the plasma data with respect to only the colonic HIS. The 

greatest reduction in the RMSEP is at thirteen components however there is a local minimum in 

the RMSEP at five components which has the potential to create a more parsimonious model 

(Figure 3.43). Therefore five components were retained for the plasma colonic HIS PLS model 

calculation, the loadings plot of these five components is shown in Figure 3.44. The correlation 

of the Experiment 1 predicted and measured colonic HIS values were similar to that of the total 

HIS correlations. Experiment 1 correlation value was 0.91 with an R
2
 of 0.83. However the 

Experiment 2 correlation values were an improvement on the total HIS with a correlation value 

of 0.82 and an R
2
 of 0.67. The Experiment 1 and Experiment 2 datasets, under the colonic HIS 

based model, also show much greater overlap compared with the total HIS model, and provide a 

more reliable prediction.  

 

 

Figure 3.43: “Leave one out” cross validation analysis of the Experiment 1 plasma colonic HIS dataset  

The “Leave one out” cross validation analysis is undertaken to determine the number of PCs required for the 

greatest reduction in the RMSEP. This plot indicates that thirteen PCs are required for the greatest reduction in the 

RMSEP, although there is a local minimum of five components which has the potential to create a more 

parsimonious model. 
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Figure 3.44: Loadings plot of Experiment 1 plasma colonic HIS PLS 

 

 

Figure 3.45: Prediction efficiency plot of Experiment 1 plasma PLS model of colonic HIS with Experiment 2 

validation 

The black line represents 100% correlation between the predicted and measured HIS. The Experiment 1 and 2 

plasma data both show a strong linear trend with the 100% correlation line with correlation values of 0.91 and 0.82 

respectively.  
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3.3.6.3 Common bins between the urine and plasma PLS 

The top ten bins with the largest absolute values from the components with the smallest RMSEP 

for each model were compared to investigate whether there were any clearly important bins (or 

metabolites) indentified by PLS with respect to HIS prediction. The Experiment 1 urine models, 

both total HIS and colonic HIS, contributed six components to the comparison; the Experiment 1 

plasma models contributed five components to the comparison.  

 

The most interesting of the bins in common are those covering the regions 0.9 to 0.86 ppm, 

which are present in all of the PLS models. Followed by the spectral regions 1.38 to 1.3 ppm and 

0.98 to 0.9 ppm which are present in three out of the four models. The spectral region covering 

the relevant bins in both urine and plasma between 1.38 and 1.3 ppm is shown in Figure 3.20B. 

The spectral regions covering the relevant bins binning both urine and plasma between 0.98 to 

0.86ppm are shown in Figure 3.46. Many peaks are present over this region so it is not possible 

to determine which peaks or metabolites are influencing the PLS model without further analysis. 

However as the profiles of the urine and plasma for this region seem to show a different 

combination of peak intensities it is unlikely that the same metabolite is of interest in these 

profiles.  

 

Table 3.18: Table of common bins between the PCA of all four PLS models 

Bin 
max 

ppm 
min 

ppm  
Urine 

Total HIS 
Urine 

colonic HIS Bin 
max 

ppm 
min 

ppm  
Plasma 

Total HIS  
Plasma 

colonic HIS  

162 0.9 0.86 C1 & 4 C1 & 6 156 0.9 0.86 C2, 3 & 5 C2 & 3 

153 1.38 1.3 

 
C3 144 1.38 1.34 C1, 3, 4 & 5 C1, 3, 4 & 5 

161 0.98 0.9 C4, 5 & 6 C4 & 6 154 0.98 0.94 

 
C1 

102 4.02 3.98 C1-5 C2, 3 & 5 114 4.02 3.98 

 
C5 

101 4.1 4.02 C 1 & 4 C1 & 3 112 4.1 4.06 C4 

 156 1.22 1.14 

 
C5  148 1.22 1.18 C2 

 103 3.98 3.9 C2 & 3 C2 115 3.98 3.94   C1 

The ten bins with the largest absolute loadings values from each of the components included in the PLS models have 

been compared to find those common between the urine and plasma PLS models.   
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Urine 

 

Plasma 

 

Figure 3.46: Plots of the urine and plasma spectral regions in common between the PLS models 

This figure shows the comparison between the urine and plasma spectra over the region 0.86 to 0.98 ppm of which 

fall in the top ten bins from multiple PLS models.  
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3.4 Discussion 

This chapter has focused on the identification of biomarkers of intestinal inflammation in mouse 

models of IBD through a multivariate analysis metabonomic approach. This section will discuss 

the work flow from validity of sample choice, through the different NMR data processing 

methodologies and finally through the statistical methods used.  

 

3.4.1 NMR analysis and biofluids 

This chapter has investigated the use of two different biofluid preparations, urine and plasma; 

each with their own distinct advantages and disadvantages.  

 

Plasma and urine samples used in this biomarker analysis are subject to availability of sufficient 

sample quantities. Due to the difficulties associated with gaining blood and urine samples from 

mice, as discussed below, not all mice from the experiment were able to contribute either plasma 

samples or urine samples. These difficulties are likely to be linked to the technical aspects of 

sample collection and not to the disease state of the mouse so it is assumed the differing samples 

will not have a biasing effect on the biomarker analysis. Tables detailing the mouse, strain, age, 

HIS and samples given for each of the experiments 1, 2 and 3 are provided in the appendices 

Table 6.1, Table 6.2 and Table 6.3 respectively. 

 

3.4.1.1 Urine 

Urine is the waste disposal for water soluble metabolic process by-products, effectively enabling 

the containment and concentration of many of the body‟s endogenous and exogenous 

metabolites. Urine potentially provides the most extensive collection of an individual‟s 

metabolome. The concentration and composition of urine is not precisely controlled and is 

influenced by biochemical and physiological differences such as gender, age, diurnal cycles, 

dietary and fluid intake and stress
245-247

. The variability caused by these biochemical and 

physiological changes can be minimised by well designed experimental conditions being 

consistently followed in practice
246

. In addition, normalisation procedures such as the 

probabilistic quotient normalisation approach can account for concentration differences
215

.  

 

Walsh et al. showed that inter-subject variation in 
1
H NMR profiles of healthy human urine 

samples could be reduced by the consumption of a standardised diet on the day before the 

sample collection. This reduction in variation was not observed in the plasma and saliva samples 
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from the same individuals indicating the sensitivity of the urine samples to acute dietary 

intake
245

. Although urine is very sensitive to dietary intake it is important to remember that urine 

is collected and stored in the bladder until secreted from the body. Thus, urine gives a 

retrospective snap shot of the multi-parametric metabolic response to an individual‟s 

environment
158, 247

.  

 

3.4.1.2 Serum vs. Plasma  

This thesis has presented data from mouse plasma. Due to the meticulous maintenance of 

homeostasis in the blood, the variation in the concentration of samples is greatly reduced 

compared to urine thereby reducing the need for an extensive normalisation method
245

. Whole 

blood is not commonly used for metabonomic analysis; it is usually separated into the cell pellet 

and serum or plasma depending on the presence or absence of an anticoagulant.  

 

The collection of blood serum has a distinct benefit in comparison to plasma as it does not 

require the input of any exogenous chemicals that could interfere with downstream processes 

such as gene expression or metabolism. Serum samples require the cellular component of the 

blood sample to clot before the serum can be separated via centrifugation. The time delay 

between the venupuncture and the centrifugation has the potential to introduce variation into the 

NMR spectra as, after the clotting has been completed, there is potential for metabolites to be 

released into the serum from cell leakage and hemolysis
278

. Teahan et al. have investigated the 

time delay before centrifugation and recommend that the time delay between venupuncture and 

centrifugation of blood samples be no longer than 30 minutes, and samples should be stored on 

ice
278

. This gives the serum sample time to clot completely without the associated metabolite 

releases from cell leakage and hemolysis. The minimal impact of this time frame on metabolite 

studies has been supported by Deprez et al.
279

. The consistency of the processing is of most 

importance to reduce possible errors and bias of data output
278

. 

 

Plasma is created by the use of an anticoagulant at blood sampling to inhibit blood clotting. The 

blood is then centrifuged in a similar way to the serum, and the non-cellular fraction (plasma) is 

taken off and kept at -80°C. The anticoagulant is an exogenous chemical added to the blood 

sample which has the potential to be detected in proton NMR spectra. The most commonly used 

anticoagulant for NMR sample preparation is heparin. Teahan et al. has shown little difference 

between serum and plasma created with heparin
278

. EDTA is not commonly used as an 

anticoagulant for NMR as there are 4 introduced peaks in the 
1
H NMR spectra. Two of the peaks 
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correlate to free EDTA and two of the peaks correlate to EDTA complexes with calcium and 

magnesium. The EDTA peaks overlap with peaks of some small metabolites such as citrate so 

these are lost when the EDTA peaks are removed; however, this is negligible when using a 

pattern recognition analysis of a binned dataset. Petersen et al. reported the use of EDTA plasma 

for NMR analysis with the removal of several regions relating to the EDTA peaks
273

. This thesis 

has used the same principle for EDTA plasma analysis.  

 

 

Figure 3.47: 1H NMR spectra of mouse plasma indicating EDTA peaks for removal.  

Modified from Petersen et al.
273

. 

 

In addition to the introduced peaks, Mohri et al. have described the differences observed between 

plasma samples obtained from sheep blood collected in the presence of EDTA, heparin and 

citrate, and serum
280

. Some of the observed significant differences between EDTA plasma and 

serum relate to the levels of urea, creatinine, calcium, magnesium and alkaline phosphatase 

activity. Heparin was reported to show the least significant difference when compared to serum, 

with only albumin levels changing. Citrated plasma showed significant differences in the 

metabolite profiles when compared with serum (by Mohri et al.)
280

. The results from this study 

were supported by multiple other studies performed in man
281

, dog
282

, horse
283

, and sheep
284

. 

Although there are significant differences between detected metabolites in serum and plasma 

reported by Mohri et al., the ranges for most of the metabolites are generally conserved 

indicating that these changes are uniform over the entire dataset
280

. Assuming the differences are 

universal, a pattern recognition analysis approach would not be affected by these significant 

differences between plasma and serum as long as each sample being compared undertook the 

same extraction and processing procedure.  

 

Although heparin is a very commonly used anticoagulant for metabonomic analysis presenting 

the least differences between plasma and serum, it is not practical for use in mouse trial 

experiments where there is a possible need to use the cellular fraction of the blood sample for 



124 

RNA or DNA analysis. Heparin is known to inhibit the amplification of nucleic acids
285

. EDTA, 

however, is an alternative method of anticoagulation as long as its limitations are taken into 

consideration when analysing the data. 

 

Teahan et al. have suggested collecting blood in multiple tubes to provide both serum and 

plasma samples for each individual
278

. Collecting multiple tubes is not practical for mouse blood 

samples due to the small volume of blood that can be taken from a mouse: between 400 µl to 1 

ml approximately depending on the technician.  

 

3.4.2 Sample collection and processing 

The potential non-biological contributors to variation observed in the NMR data are the sample 

collection methods, the sample preparation method, the shimming of the magnetic field and the 

phasing and baseline corrections.  

 

The urine samples were collected using metabolic cages to enable sample collection during the 

natural daily rhythms of the animal. These samples, however, are collected by the technician at 

unknown and potentially variable time periods after urination. The assumption is that since each 

sample is treated in the same manner the standing time will be negligible in the overall data 

analysis. Currently there are few successful options to get relatively large volumes of urine from 

mice without increasing the stress levels of the animal, which can be deleterious for a disease 

such as IBD where stress can modulate inflammatory state
286

.  

 

In the processing of these samples the Experiment 1 urine samples were collected over 24 hours 

without the addition of acid. Experiment 2 urine samples were collected in tubes containing 30 

µl of 1 M hydrochloric acid solution. The acid solution was added to protect the antioxidant 

compounds and their metabolites
287, 288

 for other studies using the same samples. The addition of 

the acid inhibits bacterial activity and reduces further metabolism of compounds within the 

urine. The acidification reduces variability within a sample set and promotes stability of the 

metabolome within samples
287, 289

. The addition of the acid in one of the sample sets and not the 

other could have greatly affected the populations of individual metabolites within the 

metabolomes of these samples, causing irreconcilable differences between the sample sets.  

 

Although the overall variation in the two datasets does not seem to be different according to the 

combined PCA plot (Figure 3.11), all three of the supervised pattern recognition analyses show 
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that these datasets are not comparable. Future urine studies need a more robust and consistent 

sample collection and processing procedure.  

 

The Experiment 1 and Experiment 2 plasma samples also had differing sample collection 

procedures with Experiment 1 plasma samples snap frozen in liquid nitrogen after centrifugation, 

Experiment 2 plasma samples were acidified with 250 µl of 1 M acetic acid before snap freezing. 

The acidification of one of these samples sets seems to have had less of an impact on the 

differentiation between datasets. This could be due to the fact that these samples were directly 

frozen after collection until the time of processing for NMR spectroscopy. Therefore, minimal 

further metabolism of compounds would have occurred in the non acidified samples set 

(Experiment 1) minimising the variation within the datasets. Also, plasma samples have a 

reduced biological variability compared to urine due to the strict homeostasis of blood. The 

MRA and PLS were able to provide good prediction of the Experiment 2 datasets from 

Experiment 1 prediction models. This suggests that, with fine tuning of the sample collection and 

processing procedure to ensure consistency, stronger models could be created.  

 

Another consideration of the handling of these samples is the incubation and centrifugation 

times. Stanley et al. reported an NMR sample preparation method using a 15 minute incubation 

step prior to centrifugation, and centrifuging samples at 2380 rcf for 5 minutes
219

. The method 

presented by Stanley was used for this analysis and continued through all datasets to ensure 

comparability. Beckonert et al. presented another method with no incubation step and the 

centrifugation was performed at 12,000 rcf for 15 minutes at 4 °C. The Beckonert method would 

reduce the further breakdown of metabolites and potentially reduce the variability within the 

samples. 

 

The possibility of shimming increasing the non-biological variation is slight but worth 

mentioning. Shimming refers to fine adjustments made to the magnetic field of the NMR 

machine to ensure a homogenous field around the sample. Inadequate shimming results in wider 

peaks. These slight adjustments in peak widths should be overcome by the binning method, 

although this has not been confirmed within the investigation parameters.  

 

Phasing and baseline correction appear to have a significant impact on the PCA output, as shown 

using the plasma samples in Figure 3.14. This has been addressed by reprocessing all of the 

comparable datasets on the same day by the same technician to enable relatively consistent 

phasing and baseline correction choices. However, it is unclear whether further optimisation and 
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possible automation of the phasing and baseline correction would make an improvement on the 

comparability of the plasma datasets. The large EDTA peaks have a substantial impact on the 

phasing of the samples as the tails of these peaks are wide reaching. When adequately phased the 

EDTA peaks are not likely to have a huge impact on the data, but any slight phasing shift can lift 

the tail and adjust the integrals of all of the neighbouring peaks.  

 

It is important to note though that any optimisation of the sampling handling and storage 

techniques, or phasing and baseline corrections, may result in significant changes to the 

multivariate analysis causing a necessary re-examination of these discussion points. Standard 

operating procedures of sample collection and handling have been drafted with consideration of 

the points discussed here and are presented in section 6.3 

 

3.4.3 The binning method 

The binning method of combining data points into equidistant bins also accommodates the 

chemical shift variations and reduces the human error from selecting peak areas. The binning 

method is able to summarise the whole dataset and look at changes in the pattern of metabolites 

at different metabolic snap shots in time, and more specifically, disease state. When binning was 

first reported, the reduction in data resolution was an advantage as it reduced the computational 

load in multivariate analysis. However, with advances in microprocessing this is no longer 

deemed necessary from a computational stand point
274

, and is now the main disadvantage of the 

binning method. Another disadvantage of the binning method is that small significant peaks in a 

bin that also contains large insignificant peaks will be overlooked. With the bins being assigned 

uniformly, the bin boundaries often dissect NMR peaks reducing data interpretability
212

. Thus, 

reduction in data interpretability means that bins that show statistical significance cannot be 

easily attributed to changes in a specific metabolite. Also variation in the data set is introduced 

by peaks prone to chemical shift variation sitting close to the boundary of a bin, resulting in the 

peak being allocated to different bins depending on its position in the NMR spectra
212

. 

 

Several new options have emerged from the literature in recent years that can help combat the 

disadvantages of both the individual peak-picking method and the binning method. One of these 

is an adaptive binning method described by Davis et al. which uses wavelet transforms to detect 

peaks in a reference spectrum, then each detected peak is integrated in each of the sample 

spectra
212

. Another method, described by Kemsley et al. and Cloarec et al., is based on the 

hypothesis that metabolites at very low concentrations may be the most significant biomarkers of 
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nutritional status in dietary intervention studies. They have made use of the whole data set 

(approximately 32,000 data points) in an NMR spectrum. The number of data points analysed in 

this method is reduced to approximately 22,000, once sections of data points that were identified 

as „baseline‟ were discarded. Kemsley et al. have acknowledged that a few regions of the 

spectrum will suffer from poor peak alignment
274, 290

. The poor peak alignment present in whole 

spectral datasets introduces unsatisfactory errors into the analysis; which would increase the 

complexity of genotype or diet intervention comparisons, so this method was not employed here. 

 

This thesis has used a semi-adaptive binning method where the whole datasets were graphed in 

binned regions to ensure that analogous peaks clustered in the same binned regions. When 

vigorous peak alignment was undertaken, very few bins presented peaks with chemical shift 

variation close to the bin boundaries, for those that did the boundaries were slightly adjusted to 

accommodate the variation. 

 

3.4.4 Multivariate analysis 

As previously mentioned four multivariate analysis methods, PCA, CVA, MRA, and PLS were 

investigated to explain the variation within these datasets and to create predictive rules.  

 

3.4.4.1 PCA 

Urine samples 

The urine PCA showed patterns only with the known variable mouse strain (Mdr1a
–/–

 or FVB) in 

both the Experiment 1 (Figure 3.8) and Experiment 2 (Figure 3.9) datasets. When the datasets 

were combined to check their comparability with one another the Experiment 1 and Experiment 

2 urine samples (Figure 3.11) showed no obvious clustering suggesting that the mouse studies 

were comparable and this was not the source of variation. The variation was also not explained 

by the known variables of NMR run date, mouse strain or HIS.  

 

From the urine PCA it can be concluded that the variation present in the urine NMR spectra is 

best explained by other factors that are not able to be graphed in this manner. Potential factors 

are the storage and handling of the urine samples, as well as phasing and baseline correcting 

samples post NMR data collection. 
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The PCA of the urine samples does not exclude these samples from further multivariate analysis. 

One clear message from this analysis is that the specific mouse study is not a contributing factor 

to variation in the datasets. With the supervised multivariate analysis methods, known structures 

can be put in place to potentially lessen the impact of other causes of variation, thereby gaining a 

clearer picture of the aspects of the NMR spectra that vary with the structures of interest such as 

the mouse strain or the HIS. 

 

Plasma samples 

The PCA of the plasma samples showed much stronger associations than those of the urine 

samples. The Experiment 1 plasma analysis was able to highlight the necessity for accurate and 

consistent phasing of the NMR spectra. Upon re-phasing, the strain and the HIS were able to best 

explain the variation seen in the dataset out of the known variables plotted. 

 

The Experiment 2 plasma samples also showed good separation of the data by strain and HIS. 

The PCA of the plasma samples was able to confirm that the presence or absence of the dietary 

treatment curcumin had no observable effects on the variation present within this dataset. Thus it 

can be assumed that any changes in profile between the diet-treated and non-diet treated mice are 

due to the metabolic response to treatment, whether it be a reduction or increase in inflammatory 

state, rather than dietary metabolites present in the plasma. This is important information when 

investigating methodologies for testing the efficacy of dietary intervention studies, especially in 

the case of human studies where diet is not easily controlled.  

 

The dietary component in the Experiment 2 plasma and urine samples was not deemed to be 

causing any observable variation within the datasets so this variable was ignored and all samples 

from these datasets were used for subsequent analysis and validation of the Experiment 1 

models. 

 

When plotting the two plasma datasets together it is clear that the mouse experiment variable 

(Experiment 1 and Experiment 2) show the best separation with a clear line between the two 

experiments along PC2 (Figure 3.16). However PC2 is plotted on a smaller scale than PC1 so the 

greatest variation within the dataset is explained by the mouse strain along PC1 although this 

trend is stronger in Experiment 2 than Experiment 1. Weaker trends are also observed along PC1 

with respect to HIS.  
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The Experiment 3 PCA illustrated a confounding factor to explaining variation in this dataset. 

The Experiment 3 mice were sampled at age 6 weeks and 12 weeks. At 6 weeks of age 

inflammation of the mice was consistently absent across all mice. At 12 weeks of age, the C57 

mice remained free of inflammation whereas the HIS of the Il10
–/–

 were an even split over the 10 

mice in this group with 3 low HIS, 4 moderate HIS and 3 high HIS. The ages at sampling of the 

mice at 6 weeks and 12 weeks had the greatest impact on the variation but within the age groups 

other factors started to arise. The Experiment 3 dataset may be the most interesting of those 

graphed above, as it seems to follow phenotype rather than genotype. The 6 week old samples 

show no obvious trends between the mouse strain and all were, as previously stated, of a low 

HIS. The 12 week old samples, however, showed a clear separation between the mouse strain 

and HIS. Therefore, this mouse model seems to be a good candidate for an NMR-driven 

prediction model of IBD phenotype. However, the sample size was small and there were no other 

samples from the same mouse model to validate this work so further investigation would be 

required in order to optimise and confirm the usefulness of an NMR prediction model in the 

Experiment 3 mice. 

 

Several of the bins were found to be in common between the five PCA datasets. When 

comparing the spectral regions corresponding to specific bins between the urine and plasma it is 

possible that some of the same metabolites could be causing the variation in both of the sample 

types (Table 3.11 and Figure 3.20). Two dimensional analysis of these bin regions is required to 

identify these metabolites. These bins relate to the overall variation within these datasets as PCA 

is an unsupervised method of pattern recognition and they may not be specific to the intestinal 

inflammation (HIS).  

 

The PCA method is a useful tool to check for any outliers that could contribute to errors in the 

data processing. It is also a helpful method to check for comparability of datasets, and provides 

insights into the contributing factors of the variation within a given dataset. However, PCA is 

only able to show variation on a general scale, it is not able to take into consideration variables 

of interest for prediction purposes. For this a supervised method of analysis is required. The 

supervised multiple variate analysis methods CVA, MRA and PLS were also performed on these 

samples.  
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3.4.4.2 CVA  

The CVA of the urine and plasma samples was very effective at separating the datasets into the 

known structure HIS, imposed by the CVA. The initial validation of the CVA, by removal and 

re-introduction of 20% of the samples, showed limited success with 2 out of the 5 HIS datasets 

predicting over 80% accuracy. The validation of the Experiment 1 urine and plasma datasets by 

attempting to predict the Experiment 2 strain and HIS was particularly unsuccessful. Both the 

urine and plasma validations showed little to no overlap between the two datasets and no 

accurate predictions. The urine loadings plots (Figure 3.21A and Figure 3.22 respectively) did 

show similarities in the bin regions suggesting that the same metabolites may have been 

contributing to the separation between the HIS but the complete model was ineffectual. These 

common regions may indicate metabolites of interest for individual biomarker studies. 

 

There are three possible conclusions that can be drawn from the CVA outcomes. The first 

conclusion is that the Experiment 1 and Experiment 2 datasets for the Mdr1a
–/–

 mouse studies 

are statistically irreconcilable. It is possible that the CVA is a suitable method for prediction of 

inflammatory state in IBD, but these datasets and the current methods of NMR processing are 

not adequately optimised to allow for accurate prediction. This hypothesis is later discredited as 

the MRA and PLS methods are able to show, using plasma data, a strong level of prediction of 

Experiment 2 HIS from the models based on Experiment 1 data. 

 

The second possible conclusion builds on the first and relates to the moderate success in the 

initial validation of the CVA prediction models by removal and re-introduction of samples. The 

inability to validate self indicates that the variation within the dataset is so wide that once 

samples are removed the “best” representation of the variation within the dataset presented by 

the CVA loadings changes significantly and the removed samples are not able to return to their 

original position within the ranks. This conclusion indicates either that the sample sizes are too 

small or an inadequate sample storage and processing protocol to maintain the upmost 

consistency between samples, as discussed above in section 3.4.2. The inconsistencies in sample 

storage and processing are important factors in the urine datasets; however, as stated above, 

these parameters do not seem to have a large impact on the plasma samples due to the success of 

the other multivariate analysis methods in prediction.  

 

For the urine samples there are several areas where non-biological variation may be introduced, 

including contamination with food residues and animal products from metabolic cages, NMR 

sample preparation times, shimming of the NMR machine, and phasing and baseline correction 
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of the NMR spectra post run. The majority of these factors are also possible sources of non-

biological variation within the plasma samples, although the sample collection of the plasma 

samples happens on harvesting of the animal and the samples are immediately introduced into 

liquid nitrogen, so it is unlikely to be an area where significant optimisation can be made. The 

potential areas contributing to non-biological variation are discussed below. 

 

The third possible conclusion is that CVA is not the best method for analysing NMR data. The 

CVA method requires the removal of important information by separating the HIS values into 

three groups. Once separated, the CVA treats these groups as independent and has not taken into 

consideration the continuous nature of the data. Samples on the border of HIS groupings may 

create substantial bias to the weighted loadings and interfere with the predictive ability. The 

current literature uses a PLS discriminate analysis, which is also a supervised multivariate 

analysis method although it uses a different algorithm to acquire the loadings for the prediction 

equation
291

.  

3.4.4.3 MRA 

The MRA analysis of the urine samples based on a model created from the Experiment 1 dataset 

was able to predict the HIS of the Experiment 1 dataset and showed a strong correlation between 

predicted and measured HIS. However, this model was unable to predict the HIS of the 

Experiment 2 dataset with any accuracy. The MRA model that was created using only the 

colonic HIS for the Experiment 1 dataset also showed a strong correlation between predicted and 

measured HIS when predicting self, but was unsuccessful in predicting the HIS of the 

Experiment 2 dataset. This provides further support for the conclusion that the Experiment 1 and 

Experiment 2 urine datasets have irreconcilable differences, potentially caused by discrepancy in 

sample collection procedures.  

 

The MRA model that was created based on the Experiment 1 plasma dataset with respect to the 

HIS showed very little overlap between the Experiment 1 and Experiment 2 predicted datasets 

(Figure 3.32). The Experiment 2 dataset was generally overestimated by the MRA model. The 

Experiment 2 dataset was used as a mock unknown dataset to validate the MRA prediction 

model, any uniform adjustment to the Experiment 1 model would not be able to correct the 

deviation seen here. Therefore this is not an effective model. The plasma MRA was also tested 

using only the colonic tissue HIS. The prediction model of colonic HIS based on plasma NMR 

data showed a much greater overlap between the two datasets and an increased predictive 

efficiency of the Experiment 2 data, thereby improving the strength of the plasma model (Figure 
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3.33). The increased efficiency of the colonic HIS model suggests that for the Mdr1a
-/-

 mice the 

colonic HIS may be a more reliable response variable. Although the colonic HIS are not 

appropriate for all biomarker investigations, for example the sucrose biomarker discussed in 

Chapter 2 which indicates small bowel lesions, it is the most predominant region of 

inflammation for this mouse model.  

 

3.4.4.4 PLS 

The PLS model of the urine Experiment 1 dataset, similar to the MRA model, showed a strong 

correlation between predicted and measured HIS of the Experiment 1 data; however, it was 

unable to predict the Experiment 2 dataset. Also similar to the urine MRA, the colonic HIS 

model was unable to make significant improvements to the prediction of these datasets.  

 

 

The plasma PLS models presented very similar plots to the MRA models. The PLS model based 

on the total HIS of the Experiment 1 dataset showed strong correlations between predicted and 

measured HIS of the Experiment 1 dataset (Figure 3.42). However the Experiment 2 dataset 

showed reduced prediction efficiency compared to the MRA model. There was still very little 

overlap between the two datasets. Again the Experiment 2 dataset was consistently 

overestimated creating an ineffective model.  

 

The colonic HIS plasma PLS based on the Experiment 1 dataset also reduced the divergence 

between the two datasets (Figure 3.45), substantially improving the model. The improvement 

observed in the prediction of the Experiment 2 dataset with the plasma samples was also 

observed in the MRA models. The correlation values of the colonic HIS PLS data were very 

similar to that of the MRA data with prediction efficiencies of 0.67 and 0.68 respectively for the 

Experiment 2 data. 

 

The MRA data showed slight increases in the correlation values and prediction efficiencies over 

the PLS data in both of the plasma models. MRA and PLS essentially create models in a similar 

way, with an initial step of a dimension reduction before calculating the model. The main 

difference is that the MRA uses the PRESS statistic to select a small number of influential bins 

to create the model, whereas the PLS method uses all of the bins in the model. The slight 

increase in correlation values with the MRA may be due to a reduction in noise from non-

influential bins.  
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There is a strong agreement between the most influential bins from the PCA and PLS loadings 

values including the spectral regions between 3.9 and 4.1 ppm and 1.3 and 1.38 ppm. Further 

analysis into the metabolites responsible for peaks in these regions is required. These metabolites 

may be candidates for individual biomarkers of intestinal inflammation in mouse models of IBD, 

or may be candidates for a panel of biomarkers. 

3.5 Conclusion 

The urine data presented in this chapter shows significant differences between Experiment 1 and 

Experiment 2. With optimisation of the sample collection, processing procedures and 

introduction of a standard operating procedure, significant improvement in data quality would be 

expected. Slight adjustments to the post NMR data collection processing do not seem to have 

had a large effect on these datasets, and data processing and analytical techniques seem optimal. 

It is important to note that the MRA and PLS models were able to show strong correlation values 

between the urine Experiment 1 dataset prediction and measured HIS scores, so with uniform 

operating procedures, urine has the potential to be a useful tissue for biomarker discovery.  

 

The data presented in this chapter has shown that CVA is not a successful method for pattern 

recognition analysis in NMR data with a continuous response variable such as HIS. The plasma 

data presented here confirms the use of PCA, MRA and PLS as appropriate multivariate analysis 

tools to characterise the variation observed in the datasets and create successful prediction 

models. The MRA and PLS modeling methods have shown very similar results with the 

correlation values of the plasma datasets and the urine Experiment 1 dataset. However, the MRA 

modeling method showed consistently stronger correlation values over the PLS method.  

 

The plasma sample collection and processing, like that of the urine samples, also needs to be 

optimised to confirm these results. However, promising prediction models were created with the 

MRA and PLS multivariate analysis methods. Pattern recognition analysis of NMR 

metabonomic data provides a relatively cost effective and time efficient tool for biomarker 

analysis of biofluids.  
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4 Mouse transcriptomics 

4.1 Introduction 

This chapter has investigated transcriptomic biomarkers in an Il10
–/–

 mouse model of IBD and 

techniques for biomarker identification that can be used in human studies. This chapter has used 

a complementary RNA (cRNA) microarray platform for a genome-wide investigation. 

 

Transcriptomics is a branch of biochemistry that aims to comprehensively measure the total 

complement of messenger RNA (mRNA) in a biological system (individual cells or tissues) at a 

given time
151, 292

. This mRNA complement is referred to as the transcriptome and is a template 

for protein synthesis and subsequent cellular function
293

. This technique can be used as a 

genome-wide profiling tool, analysing thousands of potential biomarkers simultaneously, and is 

an effective tool in the first round of discovery highlighting transcripts of interest for further 

investigation
150

. 

 

4.1.1 Commercial platforms available 

There are several different approaches to transcriptomic research such as genome-wide 

expression array platforms, boutique array platforms, which are more focused and used for 

specific pathway or gene family studies, and quantitative reverse transcribed polymerase chain 

reaction (qRT-PCR) approaches for targeted gene expression studies. For the purpose of this 

study, a genome-wide expression platform (microarray) was used.  

 

The basic steps for a microarray experiment are to extract total RNA from a sample, label the 

RNA using fluorescent dyes and hybridise labeled targets onto the array. The arrays are then 

scanned, and the fluorescent signals are measured. Figure 4.1 illustrates an example of the basic 

steps involved in the array platform used in this study. There is a range of computer software 

available to analyse this data
294

. The details of each of these steps vary with the specific array 

platforms. 
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Figure 4.1: Brief summary of basic steps for the Agilent two-colour, reference design, microarray experiment 

used in this study 

Figure modified from the two-colour microarray-based gene expression analysis manual, part number G4140-90050, 

version 5.5, dated February 2007. 
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There are many different commercial array platforms currently on offer, each boasting their own 

efforts to increase specificity, sensitivity and high throughput, while reducing margins of error. 

To name a few popular candidates in the market place there are Agilent gene expression arrays, 

Affymetrix GeneChip®, Roche‟s NimbleGen gene expression arrays, Applied Microarrays 

Codelink
TM

 Bioarrays and Illumina Gene Expression BeadChips. There are several main points 

of difference between each microarray platform such as the length of the probes, the 

hybridisation, labeling and production methods, the inbuilt controls (such as numbers of 

replicates for each probe) and the number of arrays that can be run on one slide. An overview of 

several array platforms and their points of difference are provided in Table 4.1. 

 

Probe length has an impact on both sensitivity and specificity. The longer the probe, the more 

sensitive the array at reducing the non-specific binding thus improving the signal to noise 

ratio
152

. Platforms using longer probe lengths are NimbleGen (60-mer)
295

, Agilent (60-mer)
296

, 

and Illumina (50-mer)
297

. The shorter the probe the greater the discrimination between related 

sequences hence leading to an increase in specificity
152

. Platforms that use the shorter probe 

lengths include Affymetrix (25-mer)
296, 297

and Codelink (30-mer)
296

. All the array platforms 

described here used oligonucleotide probes. The oligonucleotide probes are reliably annotated 

and identified through commercially available libraries, they also have consistent hybridization 

characteristics
298

. Limitations in the efficiency of the oligonucleotide arrays, as described by 

Mah et al., relate to the vulnerability to single nucleotide changes either caused by 

polymerisation or sequencing errors in the original design sequence; this is also dependent on the 

length of array probe, which differs between platforms. However, the single nucleotide changes 

are more likely to be an issue when using match and mismatch pairs
299

. In comparison, the 

complementary DNA (cDNA) probes demonstrate a high level of precision across technical 

replicates, but show low concordance with other platforms
298

. The main disadvantages of the 

cDNA probes are the different optimal melting temperatures due to the variable probe length and 

guanine and cytosine content, cross-hybridisation of closely related sequences, the inability to 

discriminate splicing variants and the presence of overlapping genes
299

. 
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Table 4.1: Overview of popular gene expression array platform options on the market and their points of 

difference 

 Agilent Gene 

expression 

arrays 

Affymetrix 

Genechip 

Roche  

Nimblegen 

Gene expression 

arrays 

Applied 

Microarrays  

CodeLink
TM

 

Bioarrays 

Illumina 

Gene Expression 

Beadchip 

Probe length 60 mer 25 mer 60 mer 30 mer 50 mer 

Samples per 

array 

2 1 1 1 1 

No. arrays per 

chip 

Up to 8 1 Up to 12 1 Up to 8 for mice 

and 12 for humans 

Number of 

probes per 

array 

244,000 

probes on 

single array 

chip 

15,000 probes 

on 8 array chip 

~ 1 million 

probe sets for 

exon arrays.  

385,000 probes 

single array chip and 

135,000 probes on 12 

array chip 

35,587 probes 

per array 

45,281 probes on 6 

array mouse chip, 

25,697 probes on 8 

array mouse chip. 

48,804 probes on 

12 and 6 array 

human chips 2526 

probes on 8 array 

human chip 

Inbuilt 

controls 

11 pairs of 

match and 

mismatch 

probes per 

gene 

Approximately 

4 probes per 

exon and 40 

probes per 

gene 

From 3 to 9 probes 

per gene 

1 probe per gene 1 specific probe 

per gene but up to 

30 technical 

replicates per 

probe 

Additional 

controls 

Spike-in kit 

containing 

control RNA 

Exon-level 

analysis can 

detect 

alternative 

splicing events 

Sample tracking 

controls added to 

each sample to 

ensure correct array 

hybridisation and 

Alignment 

oligonuleotide mix 

for optimal data 

extraction from 

arrays.  

Control spots: 

300 positive, 

320 negative 

and ~50 

housekeeping 

probes 

Random microbead 

binding to array 

reduces probe 

location bias  

All the array platforms presented in this table use oligonucleotide probes 

 

The presence of inbuilt controls can provide useful information to aid in the normalisation of 

array data, and to identify the level of noise present in the data. There are many different 

approaches to inbuilt controls implemented by the different platforms. Affymetrix uses multiple 

probes spanning the whole gene, including approximately 4 probes per exon and 40 probes per 

gene
300

. The Illumina platform uses technical replicates to limit the effect of noise and increase 

data quality; this platform uses 30 replicates per probe within their arrays
297

. However, there is 

only one specific probe per gene. Agilent uses 11 pairs of match and mismatch probes per gene 

to control against non-specific hybridisations
296

.  

 

Several array platforms also allow for the application of two samples onto the same array. The 

two-colour array systems involve the hybridisation of two differently labeled samples to each 

array. The samples are labeled with different coloured dyes such as the cyanine-3-CTP (Cy3) 

and cyanine-5-CTP (Cy5), which fluoresce at a wavelength corresponding to green and red in the 

light spectrum, respectively
301

. The two-colour arrays were initially introduced to reduce the 
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variability between slides caused by the manufacturing process such as spot size and 

conformation. The two-colour arrays also introduced variability through probe-specific dye 

biases and slide biases; recently developed statistical methods can effectively remove these 

biases, for example Lu et al. developed LMGene, an R package available from Bioconductor
302

. 

The availability of high quality arrays on the market has increased in recent years, bringing 

effective data equality to the one- and two-colour array platforms. The one- and two-colour array 

platforms both maintain beneficial features in the current market, although cost, experiment 

design, and personal preference are the strongest contributing factors to platform choice now that 

the variability in quality is no longer such a significant factor
303

. 

 

Other forms of internal control are also implemented in the form of Spike-In kits which are used 

in the Agilent platform, and sample tracking and alignment oligonucleotide controls used in the 

Nimblegen platform. Due to the multistep nature of the microarray procedures there are 

numerous opportunities for human error and variation between samples. By incorporating the 

Spike-In kit control RNA into each sample prior to amplification, labeling and hybridisation, 

Agilent provides a positive control throughout the experiment. Kits contain 10 transcripts which 

are in vitro synthesised and polyadenylated, derived from non-mammalian adenovirus E1A
304

. 

These transcripts hybridise to complementary probes in Agilent assays. The Roche Nimblegen 

platform incorporates a Cy3 labeled sample tracking oligonucleotide 48 mer to each sample, 

with the ability to distinguish 12 different samples. The sample tracking oligonucleotides attempt 

to minimise the human error and ensure that each sample is accurately hybridised to the correct 

array. The alignment oligonucleotides also provided by the Nimblegen platform are a mixture of 

Cy3 and Cy5 labeled 48 mer oligonucleotides that bind to specific locations on the array to 

optimise array data extraction from the scanned image
305

.  

 

The price of microarrays is a large factor when planning the size and nature of a microarray 

experiment. To reduce costs and improve throughput, companies are now producing multi-array 

chips. The Agilent platform offers up to 8 arrays on one chip ranging from 244,000 probes on the 

single array chip to 15,000 probes per array on the 8 array chips
304

. The NimbleGen array 

platform offers up to 12 arrays on one chip starting with a single array chip containing 385,000 

probes, moving towards a 12 array chip with 135,000 probes per array
305

. The Illumina platform 

also offers multi-array chips with 6 and 8 array chips available in the mouse genome arrays, and 

6, 8 and 12 array chips in the human arrays
306

. 
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In 2006 the Microarray Quality Control (MAQC) Consortium found a high level of intra- and 

inter-platform reproducibility between the 6 human genome microarray platforms from 

companies including Applied Biosystems, Affymetrix, Agilent, GE Healthcare, Illumina and 

Eppendorf. The MAQC consortium reported intra-platform consistency across the three test sites 

for each platform as well as a high level of concordance between array platforms with regard to 

the identification of differentially expressed genes
307

. Within the MAQC project, Patterson et al. 

discussed the performance comparison between the one-colour and two-colour format. These 

authors concluded that due to the equality of data between one- and two-colour arrays, 

experimental microarray design decisions no longer had to factor in variability as a primary 

concern
303

. Another comparative study by Yauk et al. corroborated the reproducibility between 

platforms, and the high quality of arrays to choose from in the current market
308

.  

 

This thesis used the Agilent two-colour whole genome array platform, which was used for all 

initial transcriptomic investigations of mouse tissue by investigations of Nutrigenomics New 

Zealand. The benefits of the Agilent system are: a high level of specificity with 60-mer length 

probes, efficient comparison across array experiments using a common reference sample across 

all arrays, and cost effectiveness. The use of 4 array chips did not compromise the number of 

genes investigated as they still contained 44,000 probes. The Agilent system also provides a 

Spike-In kit with positive and negative controls to allow for quality control of each step of the 

microarray process from amplification to scanning.  

 

The aim of this chapter was to investigate the use of RNA microarray analysis as a first round of 

discovery to identify biomarkers of intestinal inflammation in surrogate tissues. This chapter also 

aimed to investigate pattern recognition analysis of transcriptional data for the identification of 

biomarkers. In order to correlate gene expression changes with HIS analysis of transcriptomic 

data by the pattern recognition method MRA (described in Chapter 3) was performed.  
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4.2 Methods 

4.2.1 Sample preparation  

4.2.1.1 RNA extraction from blood 

Blood samples from Experiment 3 were extracted for microarray analysis; the samples were 

collected following the procedure documented in Chapter 3 section 3.1.1.3. RNA was extracted 

from blood using the RiboPure
TM

 blood extraction kit. 300 µl of RNAlater® suspended blood 

cell pellet was used from each sample for the extraction. The samples were initially centrifuged 

for 1 minutes at 16,000 g, the supernatant (RNAlater®) was poured off, discarded and the tube 

was blotted against a paper towel to remove all residual liquid. RNA extraction was performed 

using the RiboPure
TM

-Blood kit (Cat # AM1928) following the manufacturer‟s instructions 

(Manual 1928M Revision B dated 2 May 2007). RNA was eluted in 100 µl of Elution Solution. 

The quality of the extracted RNA was measured using an Agilent Technologies 2100 

Bioanalyzer and RNA 600 nano bioanalyzer chips. The quality and quantity of the extracted 

RNA samples was measured using a Nano-drop ND-1000 UV-VIS spectrophotometer. 

 

4.2.1.2 Spleen sampling 

Spleen samples were harvested from the Il10
–/–

 mouse study detailed in section 3.2.1.3 under the 

heading Il10
–/– 

mouse sampling, referred to as Experiment 3. Two mouse strains were studied; 

the Il10
–/–

 IBD mice on a C57 genetic background, a well established model of human IBD, and 

the C57 control mouse, harvested at 6 and 12 weeks of age. A summary of the relevant 

measurements of each mouse at sampling are shown in Table 4.2, including the treatment group 

and age of sampling, HIS of the GI tissue, and the final body weight on sampling.  

 

Frozen tissue, on dry ice, was placed in a ten times volume of pre-chilled (to -80 °C) 

RNAlater®-ICE (Applied biosystems) and incubated at -20 °C for 16 hours. Tissues in 

RNAlater®-ICE are stable at -20 °C for up to 6 months, but when not in use they were 

transferred to -80 °C for storage.  
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Table 4.2: Summary of the mouse samples including the treatment groups, HIS of the GI tissue of the mice 

and their final body weight on sampling 

Mouse number Treatment group HIS Final body weight (g) 

20 C57 6 weeks 0.5 16.7 

30 C57 6 weeks 1 14.6 

35 C57 6 weeks 1.5 19.4 

28 C57 6 weeks 1.5 15.7 

22 C57 6 weeks 0 16.3 

26 C57 6 weeks 0 14.5 

16 Il10
–/–

 6 weeks 1.5 18.3 

2 Il10
–/–

 6 weeks 1 20.4 

7 Il10
–/–

 6 weeks 1 20.1 

18 Il10
–/–

 6 weeks 2 17.8 

9 Il10
–/–

 6 weeks 1.5 18.1 

14 Il10
–/–

 6 weeks 1 17.6 

25 C57 12 weeks 1.5 21.5 

21 C57 12 weeks 1 21.6 

29 C57 12 weeks 1.5 20.4 

31 C57 12 weeks 0.5 25.7 

24 C57 12 weeks 1 21.4 

32 C57 12 weeks 0 24 

12 Il10
–/–

 12 weeks 4 19.6 

17 Il10
–/–

 12 weeks 6 22.8 

10 Il10
–/–

 12 weeks 1.5 21.5 

13 Il10
–/–

 12 weeks 2 22.3 

1 Il10
–/–

 12 weeks 4.5 23.8 

15 Il10
–/–

 12 weeks 9.5 22.1 

 

4.2.1.3 RNA extraction from mouse spleen  

RNAlater®-ICE was removed from sample tube and replaced with 750 µl of TRIzol® reagent 

(Invitrogen). Samples were homogenised for 45 seconds with an Omni TH-02 tissue 

homogeniser. 150 µl of chloroform was added to the tube and incubated at room temperature for 

3 minutes. Samples were then spun at 16,000 rcf for 5 minutes and the aqueous phase was 

transferred to a new tube. An equal volume of 70% ethanol was added and the samples were then 

applied to the Qiagen RNeasy mini column and processed following the manufacturer‟s protocol. 

Samples were eluted in 100 µl of RNase free water. Extracted samples were quality checked 

using an Agilent Technologies 2100 Bioanalyzer and RNA 600 nano bioanalyser chips. RNA 

integrity numbers over 8 were accepted as high quality RNA; samples below 8 were cleaned (to 

remove any impurities that may reduce the sample quality such as phenols from the TRIzol® 

reagent) using the Qiagen RNeasy mini clean up protocol, and processed following the 

manufacturer‟s instructions, or re-extracted. Extracted samples were quantified using a Nano-

drop ND-1000 UV-VIS spectrophotometer samples and those under 60 ng/µl were re-extracted.  
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4.2.1.4 GLOBINclear
TM

 

The GLOBINclear
TM

 kit initially captures the globin RNA with biotinylated capture 

oligonucleotides which then bind to streptavidin magnetic beads. Once the globin RNA is bound 

to the beads they are confined by a magnetic stand and the GLOBINclear
TM

 RNA is removed. 

The GLOBINclear
TM

 RNA is then itself bound to magnetic beads for a purification step to wash 

and elute the GLOBINclear
TM

 RNA. Due to magnetic bead-based technology and stringent 

washing steps, RNA samples were able to go straight to GLOBINclear
TM

 (Cat # AM1980) 

without prior cleaning steps. The optimal range of RNA input into the GLOBINclear
TM

 kit is 

between 1 and 10 µg of total RNA at a maximum volume of 14 µl. Samples below 70 ng/µl were 

processed through the glycogen precipitation step outlined in the GLOBINclear
TM

 manual 

(1981M Revision B dated 11 December 2007) in order to concentrate the sample. Samples were 

processed through the GLOBINclear
TM

 kit following the manufacturer‟s instructions in Manual 

1981M. RNA samples were quality and quantity tested using Agilent Technologies 2100 

Bioanalyser and the Nano-drop, respectively, as described above. Samples with 260 nm/280 nm, 

or 260 nm/230 nm absorbance ratios below 1.8 were cleaned using Qiagen RNeasy mini clean 

up protocol, and processed following the manufacturer‟s instructions. 

 

4.2.1.5 Linear amplification and dye incorporation 

500 ng of RNA was from each sample was used for the linear amplification step. Cy3 dye was 

added to mouse RNA samples together with Spike-In mix A, and Cy5 dye was added to 

reference RNA samples together with Spike-In mix B. The amplification process followed the 

manufacturer‟s instructions from the two-colour microarray-based gene expression analysis 

manual, part number G4140-90050, version 5.5, dated February 2007. Amplified and labeled 

samples were quality checked using Agilent Technologies 2100 Bioanalyzer and RNA 600 nano 

bioanalyser chips. The samples were also quantified using a Nano-drop ND-1000 UV-VIS 

spectrophotometer set on the microarray function. Samples with dye incorporation values (dye 

incorporation = (dye pmol/µg / RNA ng/µl) *1000) under 8, or total RNA of less than 825 ng, 

were re-amplified and labeled.  
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4.2.1.6 Hybridisation 

Samples were hybridised against a reference RNA sample on the Agilent 4 x 44K mouse arrays. 

Six slides were used, each containing four arrays, giving 24 arrays in total. Table 4.3 shows the 

design and layout of the spleen microarray experiment. There were four groups and six arrays 

per group enabling a simple arrangement of one randomly chosen sample from each sampling 

group on each slide. 

 

A list of the materials used for this study is documented in the Appendix section 6.1. 

 
Table 4.3: Array design and layout 

Slide array 1 array 2 array 3 array 4 

1 A = 20 D = 12 B = 16 C = 25 

2 D = 17 A = 30 C = 21 B = 2 

3 B = 7 C = 29 A = 35 D = 10  

4 C = 31 A = 28 B = 18 D = 13 

5 B = 9 D = 1 C = 24 A = 22 

6 C = 32 B = 14 D = 15 A = 26 
 

The letter associated with each sample relates to the treatment group they belong to. This is to ensure that each array 

has one sample from each grouping and that they are not always in the same location on each array. A = C57 mice at 

6 weeks of age; B = Il10
–/–

 mice at 6 weeks of age; C = C57 mice at 12 weeks of age; and D = Il10
–/–

 mice at 12 

weeks of age. The numbers associated with each letter refer to the individual mouse sample applied to each array. 

 

825 ng each of the sample and the reference sample were hybridised onto the arrays according to 

placements illustrated in Figure 4.2. Hybridisation was performed following the manufacturers 

guidelines detailed for the 4 x 44K arrangement from the two-colour microarray-based gene 

expression analysis manual, part number G4140-90050, version 5.5, dated February 2007. 

Samples were placed in the hybridisation oven and incubated for 17 hours at 65 °C. Once 

removed from the hybridisation oven the slides were washed using the washing protocol from 

the „preventing ozone-related problems‟ section of the same manual.  

 

 

Figure 4.2: Schematic of an Agilent whole mouse genome 4 x 44k microarray slide 

This figure is a schematic representation of the whole mouse genome 4 x 44k microarray slide, with the 4 arrays 

labeled with their position in relation to the barcode at the bottom of the slide. 
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4.2.1.7 Data acquisition and feature extraction 

The Aligent microarray slides were scanned together after washing, using an Agilent microarray 

scanner, SureScan High-Resolution Technology, and a 48 dock carousel (model G2505B, serial 

number US81303224). The scan area was set to 61 x 21.6 mm, with dye channels set to Red and 

Green and the photo multiplier tube setting for these channels set to 100%. The scan resolution 

was set to 5 µm for both high and low intensity scans. The remaining settings were left as 

default.  

 

The microarray features were extracted using Agilent Feature Extraction software version 9.5. 

The feature extraction protocol used was GE2_V5_95_Feb07_2 with the grid file 

012097_D_F_20060815; these were automatically selected by the feature extraction protocol 

from the barcode on the slides. The feature extraction provided quality control reports on each of 

the arrays as well as text files containing the raw intensity data from each spot and annotations 

such as gene name, probe name, systematic name and gene description.  

 

The microarray data analysis was performed using the statistical analysis programme R 2.10.1 

with the linear models for microarray analysis (Limma) package by Marcus Davy. No 

background correlation was used for this data as homogeneous hybridization deemed it 

unnecessary
36, 309

. Locally estimated scatterplot smoothing (loess) normalisation was performed 

on the intensity ratios of all microarray spots to reduce the within-slide variation
309

. No between-

slide normalisation was used. 

 

The microarray data was used either as raw data or in the M or A form calculated using Equation 

3 and Equation 4 as follows,  

 

M = log2(R) - log2(G) 

Equation 3: M equation of the difference between reference and sample dyes on Aglient two coloured arrays 

R = red dye (Cy5), G = green dye (Cy3)  

 

A = (log2 R + log2 G) / 2 

Equation 4: A equation of the average abundance of signal from each spot 

Where M is the difference between the reference sample dye (Cy5, red) intensity and the sample dye (Cy3, green) 

intensity, as shown in Equation 3. A is the average intensity of each spot calculated using Equation 4.  
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4.2.1.8 Array quality control analysis 

Further quality control analysis was performed to rule out the possibility of technical errors in 

the array processing and to validate the removal of poor quality arrays. The first of the quality 

control analyses was a set of box plots that showed the spread of relative expression (Equation 3) 

of the raw data from the Spike-In RNA, positive controls, and negative controls, the overall 

genes on the array and a randomly selected gene with multiple probes.  

 

The second quality control analysis that was performed used combined within-spot standard 

deviations of the array set to perform a “leave-one-out” analysis. The pooled standard deviations 

of the whole array set were plotted against the pooled standard deviations of all but one array. 

This was performed for each array to identify any specific outlying arrays causing a dramatic 

effect on the standard deviation.  

 

PCA was also performed. As described in Chapter 3, PCA is an unsupervised multivariate 

analysis method that identifies variation within the dataset. This was also used to check for any 

specific outlying arrays and to confirm the results given by the previous quality control tests. 

 

The outlying arrays were removed and a subsequent power analysis was performed to ensure that 

the removal of the outlying arrays would not significantly compromise the power of any one 

treatment group or comparison. The power analysis was calculated using a false discovery rate 

(FDR) of 0.1 with the statistics programme R 2.10.1. 

 

4.2.1.9 Gene expression comparisons 

Gene expression comparisons were calculated to find the statistical significance of the changes in 

gene expression levels (measured by the average difference between the M values) between the 

different treatment groups. The treatment groups were C57 mice at 6 weeks of age, C57 mice at 

12 weeks of age, Il10
–/–

 mice at 6 weeks of age, Il10
–/–

 mice at 12 weeks of age, and the general 

groupings of all C57 mice, all Il10
–/–

 mice, all 6 week old mice, and all 12 week old mice. The 

gene expression comparisons are presented in Table 4.4. As well as the statistical significance 

the fold change of gene expression and average intensity values of each gene probe were also 

calculated using R 2.10.1.  
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Table 4.4: List of gene expression comparisons and treatment groups involved 

Gene expression comparisons 

C57 12 weeks - C57 6 weeks 

Il10
–/–

 12 weeks - Il10
–/–

 6 weeks 

Il10
–/–

 6 weeks - C57 6 weeks 

Il10
–/–

 12 weeks - C57 12 weeks 

Il10
–/–

 - C57 (all ages) 

12 weeks - 6 weeks (all strains) 

 

4.2.1.10  Correlation analysis 

Correlation analysis was performed using all 19 good quality arrays against the HIS. The gene 

expression values (M data) for all gene probes (not including positive and negative controls, 

landing lights, bright corners or dark corners) were correlated independently against the HIS 

using the statistical analysis programme SAS® with the correlation procedure (proc corr), giving 

a correlation coefficient and a p value. The p values were of insufficient decimal places to allow 

for adequate FDR calculations so a general linear model analysis (proc glm) was used to obtain a 

more accurate p value. The Benjamini and Hochberg FDR was used to reduce the likelihood of 

false positives due to the large number of gene probes being tested (43,379 gene probes)
310

. The 

FDR cut off for this analysis was set at an FDR value of 0.1. The gene probes with a FDR of 

lower than 0.1 were considered statistically significant.  

 

Once a list of significant gene probes was established the gene expression values for each array 

was graphed with respect to the HIS. Gene probes corresponding to the same genes as those 

considered statistically significant were also graphed to check that the gene expression profile 

was unlikely to be an error. 

 

A heat map was also created for each of the significant gene probes in relation to HIS of the 

mouse arrays to provide an alternative visualisation of the data.  

 

4.2.1.11  Multiple regression analysis 

The MRA method is similar to that described in Chapter 3 (section 3.2.4.2). However due to the 

small number of probes that fit the selection criteria a PC reduction was not necessary and all 

probes were included in the MRA model leaving out the step calculating PRESS statistic. The 

majority of the assumptions remain the same in both methods; however, as the probes included 

in this model were chosen by correlation analysis and not the PC reduction and PRESS statistic 
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the limitations regarding the lack of independence between these probes is not a factor in this 

dataset.  

4.3 Results 

4.3.1 RNA preparation 

Table 4.5 shows the nanodrop results of RNA extracted from blood from the Experiment 3. The 

first box shows RNA after extraction and DNAse treatment. All samples except two were 

eligible to continue to the GLOBINclear
TM

 step. In order to be eligible, samples required a 

concentration of equal to or greater than 70 ng/µl. Although it is not necessary to input clean 

RNA into the GLOBINclear
TM

 kit, 15/22 of the samples were of high enough quality to progress 

straight to amplification. After the GLOBINclear
TM

 step all of the samples failed to reach the 1.8 

260/230 cut off. Samples were then precipitated to clean and concentrate. Only one of the 

samples reached the 1.8 cut off values for 260/280 and 260/230 ratios; however, the 

concentration was too low to continue. No further blood samples were available. So the spleen 

was then used as a surrogate tissue as it is a reservoir of blood
311

, produces high levels of good 

quality RNA, and was available. When extraction procedures were optimised for RNA quality 

and quantity, small sections of spleen produced high quantities of good quality RNA. With 

ample RNA to work with, it became evident from the data presented in Table 4.6 that no amount 

of cleaning of the RNA through glycogen precipitation or RNeasy clean up protocols could 

restore the 260/230 ratio of absorbance to over 1.8 which is the required quality for a microarray. 

The GLOBINclear
TM

 kit was then removed from all further RNA processing. The full 

complement of splenic RNA was used in the microarray hybridisation, this has the potential to 

cause reduction in the sensitivity of the arrays and bias in the amplification of RNA, but as the 

same procedure was used for all samples this would be universal. A study by Wang et al. has 

shown RNA microarray from whole blood without globin reduction produces a high level of 

pairwise correlations between replicates
312

. 





 

Table 4.5: Table of blood RNA quality after extraction, GLOBINclear
TM

 globin transcript removal and purification through glycogen precipitation 

 

  RiboPure Dnase RNA extraction GLOBINclear
TM

 Glycogen precipitation 

Sample Volume (µl) ng/µl 260/280 260/230 Volume (µl) ng/µl 260/280 260/230 Volume (µl) ng/µl 260/180 260/130 

1 100 201.7 1.47 0.8 30 26.8 1.6 0.36 12 N/A   

2 100 58 2.14 1.59 30 48.8 1.62 0.94 12 N/A   

7 100 143.3 1.89 0.31 30 43.7 1.94 0.32 12 56.1 1.75 2.69 

9 100 98.2 2.08 1.85 30 36.5 1.93 0.29 12 N/A   

10 100 112.2 1.84 1.3 30 33.7 1.82 0.38 12 N/A   

12 100 110.9 2.11 1.8 30 38 1.91 1.02 12 46 1.9 2.46 

13 100 112.4 2.11 1.63 30 45.4 1.91 0.45 12 68.5 1.79 2.15 

14 100 82.1 2.14 1.83 30 47.6 1.78 0.63 12 57.4 1.63 1.22 

15 100 102.1 2.14 1.83 30 68.6 1.61 0.67 12 N/A   

16 100 127.8 2.19 1.94 30 81.1 1.67 0.59 12 80 2.02 1.62 

17 100 107 2.08 1.59 30 36.8 1.88 0.45 12 N/A   

18 100 169.6 2.16 2.12 30 65.4 1.91 0.69 12 96.8 1.75 1.51 

21 100 164.4 2.11 1.81 30 58.3 1.9 0.74 12 98.4 1.71 1.18 

22 100 145.4 2.18 2.16 30 87.8 1.76 0.62 12 103.8 1.69 1.52 

24 100 115.2 2.12 1.84 30 45.3 1.79 0.44 12 N/A   

25 100 126.7 2.11 1.87 30 53.5 1.97 0.51 12 N/A   

26 100 160.3 2.19 2.1 30 73.8 1.89 0.2 12 N/A   

28 100 176.56 2.2 2.17 30 79.1 1.94 0.99 12 N/A   

30 100 158.8 2.13 1.92 30 64.5 1.85 0.56 12 41.2 1.74 1.47 

31 100 76.73 2.03 1.97 30 30.9 1.72 0.3 12 N/A   

32 100 97 2.08 1.76 30 35 1.82 0.56 12 49 1.7 2.09 

34 100 126.8 2.09 1.86 30 40.4 1.85 0.56 12 N/A     



 

Table 4.6: Spleen RNA quality after extraction, GLOBINclear
TM

 treatment and several RNA cleaning steps, glycogen precipitation and RNeasy clean up at 60 and 

30 µl elution volumes  

 

  Trizol extraction (100 µl elution) GLOBINclear (30 µl elution) 
Glycogen precipitation  

(30 µl elution)  
RNeasy clean up  

(60 µl elution) 
RNeasy clean up  

(30 µl elution) 
Sample ng/µl 260/280 260/230 RIN ng/µl 260/280 260/230 RIN ng/µl 260/280 260/230 ng/µl 260/280 260/230 ng/µl 260/280 260/230 

1 952.87 2.06 2.27 9 262.8 2 1.1        93.56 2.14 1.25 
2 448.86 2.12 1.86 9.2 173.34 2.16 1.34 8.4 173.4 1.75 2.12 49.02 2.25 0.81 70.8 2.11 1.25 
7 302.15 2.11 2.19 9.3 134.7 2.07 1        62.74 2.22 0.13 
9 285.12 2.11 1.96 9.4 108.8 2.1 0.67 8.7 107.9 1.69 1.61 32.14 2.14 1.36 44.3 2.1 0.21 

10 339.67 2.1 2.15 9.7 147.6 2.06 1.16     34.33 2.17 1.25 46 2.22 0.9 
12 277.64 2.05 2.12 9 64.6 1.99 0.7 8.2          
13 424.06 2.11 1.8 9.4 191.7 2.11 1.15 9 149.9 1.68 2.01       
14 214.91 2.15 1.89 9.8 126.19 2.08 0.36 9          
15 479.6 2.06 2.15 9.8 187.3 2.08 1.75 9.3       106.18 2.04 0.98 
16 491.33 2.09 2.19 8.8 188.3 2.14 0.98 8.2    56.15 2.17 1.78 81.1 2.13 1.1 
17 819.47 2.07 1.85 9 254.24 2.02 0.42 7.9          
18 414.38 2.11 1.5 9.8 217.7 2.03 0.086        104.03 2.07 1.1 
20 683.48 2.1 2.27 9.7 296.9 2.13 1.46 9.3          
21 412.81 2.1 2.19 9 168.2 2.14 1.45 7.5       84.93 2.15 0.52 
22 544.88 2.1 2.18 9.8 293.5 2.11 1.19 9.2 220 1.74 2.22       
24 321.65 2.14 1.77 9.6 162.8 2.07 1.72        79.33 2.1 0.99 
25 515.18 2.09 2.21 9.5 215.9 2.13 1.75 8.9       113.45 2.08 1.1 
26 378.94 2.07 2.1 8.5 130.27 2.07 0.85 8    32.17 2.26 1.89 53.7 2.02 0.36 
28 512.68 2.08 2.21 9.7 225.2 2.13 1.79 9.1          
29 284.45 2.09 2.07 9.8 100.61 2.12 0.99 9.2          
30 628.89 2.1 2.27 9.8 546.5 2.08 1.75 8.7    57.85 2.2 0.65 77.1 2.09 1.78 
31 335.64 2.12 1.44 9.2 147.7 2.08 1.35 8          
32 371.59 2.09 2.13 9.6 160.5 2.09 1.09 9          
34 158.22 2.12 2.18 9.4 77.3 2.11 0.85           
35 512.17 2.09 2.21 9.7 253.3 2.09 0.97               130.35 2.08 1.01 
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4.3.2 Microarray – quality control 

The initial quality control summary from the Agilent feature extraction software detailed the 

efficiency of the Spike-In RNA (positive control) amplification, labeling, and hybridisation 

indicating the overall success of each array. An example of the graphical output of the Spike-In 

quality control analysis is shown in Figure 4.3. Out of the 24 arrays, 19 showed high R
2
 values 

and sufficient hybridisation efficiency (Table 4.7). Further quality control analyses were 

performed to confirm the 5 low R
2
 arrays as outliers of poor quality so they could be confidently 

removed from further analysis. Poor quality arrays can be caused by poor sample quality, 

inefficient sample hybridisation, or scanning errors for example.  

 

A: Mouse 20 B: Mouse 2 

  

Figure 4.3: Agilent Spike-Ins: Expected Log Ratio vs. Observed Log Ratio from feature extraction  

Quality control plot of two mouse spleen arrays. A: Successful hybridisation of positive controls with an R
2
 of 

0.977. B: Poor hybridisation efficiency of positive controls with an R
2
 of 0.025.  
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Table 4.7: Mouse spleen arrays and the R
2
 values associated with the Spike-In quality control analysis  

Mouse Sample Barcode Position R
2 

32 251486819418 Slot 1_1 0.980 
14 251486819418 Slot 1_2 0.968 
15 251486819418 Slot 1_3 0.963 
26 251486819418 Slot 1_4 0.972 
9 251486819852 Slot 2_1 0.979 
1 251486819852 Slot 2_2 0.978 
24 251486819852 Slot 2_3 0.985 
22 251486819852 Slot 2_4 0.980 
31 251486819853 Slot 3_1 0.977 
28 251486819853 Slot 3_2 0.967 
18 251486819853 Slot 3_3 0.968 
13 251486819853 Slot 3_4 0.986 
20 251486819856 Slot 4_1 0.977 
12 251486819856 Slot 4_2 0.025 
16 251486819856 Slot 4_3 0.203 
25 251486819856 Slot 4_4 0.978 
7 251486819854 Slot 5_1 0.983 
29 251486819854 Slot 5_2 0.975 
35 251486819854 Slot 5_3 0.980 
10 251486819854 Slot 5_4 0.000 
17 251486819855 Slot 6_1 0.976 
30 251486819855 Slot 6_2 0.974 
21 251486819855 Slot 6_3 0.003 
2 251486819855 Slot 6_4 0.025 
The samples that are underlined (mice 12, 16, 10, 21, and 2) all have very low R

2
 values suggesting poor quality 

arrays.  

 

Box plots were used to investigate the within-array variation for each array. The internal Agilent 

control elements such as the Spike-In positive control RNA, the negative control spots and the 

bright and dark corners were plotted as well as the overall variability within the general spots 

(marked “Genes” in Figure 4.4), and a randomly chosen gene with 10 identical probes spotted 

across the array (Tgfb1). 

 

The Spike-In RNA is expected to be expressed at set ratios which should have an overlapping 

range with the general spots. This was observed in the first two plots shown in Figure 4.4 

representing the randomly selected good quality arrays of mice 7 and 26. The following 5 plots 

shown in Figure 4.5, representing the arrays of mice 2, 10, 12, 16 and 21, show an overall lack of 

overlap between the Spike-In spots and the general spots with mouse 16‟s array showing a high 

level of variability within the Spike-In spots. These results support the poor quality of these 5 

arrays already observed in the feature extraction quality control output.  
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Figure 4.4: Box plots, of two good quality array examples, showing the variability observed in the Spike-In 

control spots compared to the gene spots on the Agilent arrays 

This figure shows limited variability in the Spike-In controls and all of the control values clustering around the 

median of the gene spots.   
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Figure 4.5: Box plots, of the poor quality arrays, 

showing variability observed in the Spike-In control 

spots compared to the gene spots on the Agilent arrays.  

This figure shows inconsistent patterns of Spike-In controls 

when compared to Figure 4.4. The Spike-In control 

values in most cases here are significantly higher than the 

genes.  Mouse 16 specifically shows a high level of 

variation within the Spike-In controls. All of these samples 

are deemed poor quality. 
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“Leave-one-out” analysis was performed to check the impact of each of the arrays on the overall 

variation within the dataset. The within-spot standard deviation across all of the 24 arrays was 

plotted against a reduced dataset with one array missing. The ideal plot would be a straight line 

through a 45 degree angle from zero. Figure 4.6 shows the plots associated with the two 

randomly selected arrays of mouse 7 and 26. These show minimal deviation from the 45 degree 

angle on the removal of the mouse 7 and 26 arrays. Figure 4.7 shows that the removal of mouse 

arrays 2, 10, 12, 16 and 21 lead to a much greater deviation of the within spot standard 

deviations from the 45 degree angle. 

 

 

Figure 4.6: “Leave-one-out” analysis, of two good quality arrays, reporting the difference in the within spot 

standard deviation of all 24 microarrays and the within spot standard deviation after removing individual 

arrays 
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Figure 4.7: “Leave-one-out” analysis, of the poor 

quality arrays, reporting the difference in the within 

spot standard deviation of all 24 microarrays and the 

within spot standard deviation after removing 

individual arrays 
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PCA was the final quality control analysis performed showing the variation between arrays 

within the dataset. The PCA provided another confirmation of the need to remove the 5 poor 

quality arrays from further analysis. This analysis showed a great deal of variation within this 

dataset, taking 11 PCs to explain 91 % of the variation within the dataset. As it is not possible for 

humans to visualise variation within 11-dimensional space, only the first 3 dimensions were 

plotted explaining 61.7 % of the variation within the dataset. Within the 3 PCs, it is clear that 

there are 5 outlying arrays, which do not cluster due to HIS, age, strain or array slide (age and 

mouse strain PCA plot shown in Figure 4.8). These 5 arrays correspond to the initial 5 outlying 

arrays from the feature extraction quality control report (representing mice 2, 10, 12, 16 and 21), 

which also show anomalies in the box plot (Figure 4.4 and Figure 4.5) and “leave-one-out” 

analysis (Figure 4.6 and Figure 4.7).  

 

 

 

 

Figure 4.8: PCA of the variation between spleen microarray data for each sample, allowing identification of 

outlying arrays  

  

C57 6 week array 

Il10
-/-

 6 week array 

C57 12 week array 

Il10
-/-

 12 week array 

      Outlying arrays 
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Power analysis was performed to ensure that the removal of the outlying arrays would not 

significantly compromise the power of any one treatment group or comparison. Power is defined 

as the proportion of correctly identifying true differences in the data
313

. Two arrays were 

removed from the Il10
–/–

 6 week and Il10
–/–

 12 week groups leaving these groups with 4 arrays 

each, and one array was removed from the C57 12 week group leaving this group with 5 arrays. 

The C57 6 week group remained intact with 6 arrays.  

 

To check the power of each comparison an estimation of the proportion of genes that did not 

change between the treatment groups (π0) was calculated (Table 4.8). Figure 4.9 was used as a 

reference, for the power readings of specific π0 values, to check that each of the calculated π0 

values reached the optimal power cut off value of 0.8, commonly used in statistics and 

considered a high level of power
313, 314

. All of the comparisons (excluding the poor quality 

arrays) are above the 0.8 power threshold.  

 

Table 4.8: Estimation of the proportion of gene probe expression levels that did not change between 

treatments (π0) for each comparison  

Comparison Estimated π0  
C57 12 weeks - C57 6 weeks 0.537 
Il10

–/–
 12 weeks - Il10

–/–
 6 weeks 0.754 

Il10
–/–

 6 weeks - C57 6 weeks 0.646 
Il10

–/–
 12 weeks - C57 12 weeks 0.610 

Il10
–/–

 - C57 0.970 
12 weeks - 6 weeks 0.737 
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Figure 4.9: Required sample size for adequate analysis power given specific π0 values 

 

4.3.3 Gene expression comparisons 

Comparisons of the gene expression profiles between different treatment groups were performed. 

These comparisons were not directly relevant for the identification of biomarkers of intestinal 

inflammation but enabled the formation of an overall picture of the differences in gene 

expression levels between the spleens of the C57 and Il10
–/–

 mice at 6 and 12 weeks of age.  

 

The number of significantly differentially expressed genes for each genotype and age 

comparison is presented in Table 4.9. It is important to note the unexpectedly large number of 

differentially expressed genes in the comparison between C57 12 week and C57 6 week spleen 

samples, in contrast to the unexpectedly low numbers of differentially expressed genes in the 

Il10
–/–

 12 week and Il10
–/–

 6 week spleen comparison. To ensure that the number of differentially 

expressed genes detected in the C57 spleen samples were not due to technical errors, several 

further quality control analyses were performed. These investigations included the ratio of 

intensity of red and green dye channels within groups, the proportion of up- and down-regulated 

genes within each comparison, and the overall variation observed within groups. 
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Table 4.9: Number of significantly differentially expressed genes for each treatment comparisons and the 

proportion of these significantly differentially expressed genes that were up- and down-regulated 
Comparison Number of significant genes  

(p value < 0.05) 
Ratio of up- : down-regulated 

genes 
C57 12 weeks - C57 6 weeks 10,309 49.7 : 50.3  
Il10

–/–
 12 weeks - Il10

–/–
 6 weeks 209 73.2 : 26.8  

Il10
–/–

 6 weeks - C57 6 weeks 3,927 37.3 : 62.7 
Il10

–/–
 12 weeks - C57 12 weeks 976 71.3 : 28.7 

Il10
–/–

 - C57 (all ages) 335 81.2 : 18.8 
12 weeks - 6 weeks (all strains) 4,030 36.4 : 63.6 

 

On investigation into the overall within-spot variation for each treatment group, possible 

explanations arise as to the large significant differences between C57 mice compared to the 

small significant differences in Il10
–/–

 mice. Figure 4.10 shows the within-spot standard 

deviations for each of the treatment groups, which indicate the overall variation present in the 

groups. The C57 treatment groups show comparatively small within spot standard deviations and 

thus variability between samples, as compared with the Il10
–/–

 treatment groups. Thus, smaller 

fold changes in gene expression between the C57 6 week and 12 week mice could be found 

statistically significant at a FDR cut off value of 0.05, potentially contributing to the large 

numbers of differentially expressed genes within this comparison (Table 4.9). In contrast, the 

Il10
–/–

 6 week and Il10
–/–

 12 week treatment groups show a higher level of within spot standard 

deviation, which was more pronounced in the 12 week old mice. So, differences between the 

gene expression levels of the Il10
–/–

 mice and any other comparison would have to be larger to 

show strong statistical significance compared to the C57 mouse groups. The variation within 

these arrays is likely to be a contributor to the numbers of differentially expressed genes. This 

analysis used a pooled standard deviation (Figure 4.11) for the calculation of the gene lists. It is 

unclear whether the pooled standard deviations would have aided in smoothing out the 

differences between the groups, or exacerbated the issue.  
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Figure 4.10: Histogram plots of the within spot standard deviation for each of the treatment groups 
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Figure 4.11: Histogram plots of the pooled standard deviation across all arrays 

The pooled standard deviation, of all 19 good quality arrays, was used to calculate the gene lists 

 

The difference of intensities between the red and green dye channels from the raw data was 

compared between each of the treatment groups by plotting the M and A values (defined by 

Equation 3 and Equation 4). If the difference of red to green dye was skewed in either direction 

for one treatment group independently from the other groups this may cause a perceived increase 

in uni-directionally differentially expressed genes in these comparisons. Figure 4.12 shows MA 

plots from the raw data of two randomly selected arrays for each of the 4 treatment groups. 

There is no striking difference between the red and green dye channels across the different 

samples as seen from the M values (y axis), or in the average abundance of signal seen from the 

A values (x axis). The results of the MA analysis show relative levels of red and green dye is not 

contributing to the extreme gene lists. This is supported by the ratio of up- and down-regulated 

genes observed in Table 4.9 where the C57 12 weeks and C57 6 weeks comparison shows a 

nearly equal ratio of up- and down-regulated genes. The other treatment comparisons, for 

example Il10
–/–

 - C57 (all ages) from Table 4.9, do not show balanced ratios between the up- and 

down-regulated genes. However, due to the small number of genes significantly differentially 

expressed, between these two mouse strains, the degree of accuracy is expected to be reduced.  
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C57 6 weeks  

  

Il10
–/–

 6 weeks  

  

Figure 4.12: Raw data MA plots of each treatment group, plotting gene expression (M) against signal 

abundance (A) for each probe 

The MA plots show the gene expression, calculated by Equation 3, on the y axis and the abundance of signal, 

calculated by Equation 4, on the x axis. Specific definitions of M and A are presented in Equation 3 and Equation 4. 

Two randomly selected samples were taken from each treatment group to illustrate any significant differences 

between the groups that could impact on the gene lists.  
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C57 12 weeks  

  

Il10
–/–

 12 weeks  

  

Figure 4.12 Continued: Raw data MA plots of each treatment group, plotting gene expression (M) against 

signal abundance (A) for each probe 
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After confirming that known technical errors were not major contributors to the large gene list 

numbers, a literature search was performed to check the functional biological relevance of the 

top differentially expressed genes for each comparison. Table 4.10 and Table 4.11 present the 

known biological functions for the top ten genes, where available, for the C57 12 week and C57 

6 week comparison, and the Il10
–/–

 12 week and Il10
–/–

 6 week comparison. These lists were 

ranked by the lowest FDR (cut off at FDR < 0.05) from all of the genes that showed an absolute 

differential expression greater than 1.3. Biological function tables for the other 4 comparisons 

are presented in appendix section 6.4. 

 

The functions of the top 10 significantly differentially expressed genes (Table 4.10) for the C57 

12 and 6 weeks comparison showed a variety of different gene functions from up-regulated 

pathogen recognition and down-regulated apoptosis, epithelial polarisation, spermatogenesis and 

cellular growth genes.  

 

The Il10
–/–

 12 and 6 week comparison showed only 4 genes were still significantly differentially 

expressed at the 0.05 FDR and 1.3 biological fold change cut offs described above. Table 4.11 

details the relevant functions of these genes found in the literature, with three genes directly 

related to antigen production and immune response.  
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Table 4.10: Table of the reported functions of the top ten significantly differentially expressed genes from 

C57 12 week and C57 6 week comparison 

Gene symbol GeneBank 

accession No. 

Gene regulation Gene description and reported functions 

Clec4g NM_029465 Up-regulated Mediating viral and bacterial pathogen 

recognitions
315

Also known as LSECtin a C-type lectin-

like gene another possible function as lectin receptor
316

 

 

Mettl7a NM_027334 Down-regulated Encodes methyltransferase-like protein 7a precursor 

localised in the mitochondria. No specific function 

reported
317

 

 

Slc2a4 NM_009204 Down-regulated Encodes member 4 of the solute carrier family 2 

(facilitated glucose transporter), which is 

phylogenetically related to the Slc22
318

 linked to IBD
319

. 

Specific function unknown. 

 

Cachd1 XM_991907 Down-regulated Encodes a cache domain containing 1 protein transcript 

variant 3
320

. Specific function unknown. 

 

4930449E01Rik AK015429 Down-regulated Unknown function 

 

Tlcd1 AK161721 Down-regulated Encodes a protein containing TLC domain 1
321

. 

E2f7 NM_178609 Down-regulated Encodes E2F transcription factor 7, member of the E2F 

family of transcription factors, with a novel function of 

repressing transcription and blocking cellular 

proliferation
322

. 

 

Abcb6 NM_023732 Down-regulated Encodes adenosine triphosphate-binding cassette 

member 6 from sub-family B (MDR/TAP), associated 

with multiple cellular functions including iron 

homeostasis and resistance to cytotoxic agents
323

. 

Conflicting reports suggest localization in either the 

outer mitochondrial and plasma membranes
323

 or the 

Golgi apparatus
324

.  

 

Neil3 AK031027 Down-regulated Encodes DNA glycosylase, with a role in DNA repair, in 

particular 
325

 

 

NAP061492-1 NAP061492-1 Down-regulated Unknown function 
 

Gene lists were based on a biological fold change cut off of 1.3 and an FDR cut off of 0.05. 
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Table 4.11: Table of the reported functions of the top significantly differentially expressed genes from Il10
–/–

 

12 week and Il10
–/–

 6 week comparison 

Gene symbol GeneBank 

accession No. 

Gene regulation Gene description and reported functions 

Igh-VJ558 AK007163 Up-regulated Encodes an immunoglobulin heavy chain,  from the J558 

family. Antigen recognition – antigen receptor 

component
326

 

 

Prok2 NM_015768 Up-regulated Encodes prokineticin 2 peptide highly expressed in 

lymphoid tissue, leukocytes and bone marrow. Possible 

roles in hematopoiesis, inflammation and inflammatory 

processes
327, 328

 

 

Stfa1 NM_001001332 Up-regulated Encodes stefin A1. Inhibitor of papain-like cysteine 

proteases which are involved in protein turnover and 

antigen processing
329

 

 

1100001G20Rik NM_183249 Up-regulated Activated by peroxisome proliferator-activated receptor 

gamma, up-regulated during adipogenesis
330

 
 

Gene lists were based on a biological fold change cut off of 1.3 and an FDR cut off of 0.05. 

 

4.3.4 Correlation analysis 

Although insight into the genes expressed in IBD can be gained from the gene list comparisons, 

the wide range of HIS within the Il10
–/–

 12 week old mice means that it is not possible to link 

these gene expression changes directly to inflammation. A correlation analysis between the 

normalised log2 gene expression values from each mouse compared to the HIS of each mouse 

was performed to identify genes which are differentially expressed in parallel with disease state.  

 

The gene expression data used for this analysis was the difference between the log-scaled red 

and green dyes. The red dye labeled the reference RNA on every array. Therefore the numbers 

referred to in this section are the inverse of what is expected. Positive numbers relate to the green 

dye intensity being lower than the red dye intensity so the more positive the number the lower 

the expression value. Table 4.12 contains the list of gene probes that were found to be 

differentially expressed with HIS; reported functions for these genes are described in Table 4.13. 

 

Each of the probes was graphed along with other probe sequences from the same genes on the 

array that were not significantly correlated to check against false positive correlation events 

(Figure 4.13). Although the correlations are not as marked in all of the probes for each gene, the 

trends are still apparent.  

 

Figure 4.14 provides an alternative view of the gene expression levels of each of the eight 

significantly correlated probes for the 19 arrays through a heat map. Each probe is graphed in 

order of ascending HIS from left to right.  
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Pathway analysis and gene ontology analysis through Gather, gene annotation tool to help 

explain relationships open source website
331

, showed that none of the eight identified gene 

probes shared common pathways or gene ontology. 

 
Table 4.12: List of probes that showed high correlation with HIS 

Gene symbol Probe Name Correlation 

Trend with 

HIS p value FDR 

Average 

abundance of 

signal 

Steap4 A_52_P182919 -0.89521 Positive 2.30E-07 0.009977 7.591453 

Il22 A_52_P177054 -0.85597 Positive 2.95E-06 0.060875 6.653059 

Nup155 A_52_P357587 -0.84939 Positive 4.21E-06 0.060875 9.467489 

Prok2 A_52_P158476 -0.83577 Positive 8.37E-06 0.083529 6.689434 

4930518F03Rik A_52_P96542 -0.82887 Positive 1.16E-05 0.083529 6.773831 

Steap4 A_51_P143893 -0.82428 Positive 1.43E-05 0.083529 8.790429 

Gsr A_52_P346738 -0.82143 Positive 1.62E-05 0.083529 11.95496 

5133401H06Rik A_51_P187346 -0.81987 Positive 1.73E-05 0.083529 9.769618 

Tifp39 A_52_P622042 0.81028 Negative 2.60E-05 0.086324 8.256119 

Slfn4 A_51_P183812 -0.80825 Positive 2.83E-05 0.086324 10.31431 

Mtus1 A_52_P202895 -0.80814 Positive 2.84E-05 0.086324 9.129513 

9430083B18Rik A_52_P754615 0.80691 Negative 2.99E-05 0.086324 6.410454 

Rad52 A_52_P113591 0.8296 Negative 1.12E-05 0.083529 8.661275 

Prok2 A_51_P429252 -0.81182 Positive 2.44E-05 0.086324 6.953954 

Slfn3 A_51_P228768 -0.89521 Positive 2.30E-07 0.009977 9.568489 
 

The correlation analysis used a FDR cut off of 0.1%. The average abundance of signal is a measure of the signal 

abundance for each probe, and is calculated as an average of A from Equation 4 across all of the samples. 

Abundance measures below 8.5 are considered noise.  
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Figure 4.13: Plots of the normalised gene expression 

(M) of significantly correlated probes with respect 

to HIS, and other probes of the same genes 

This figure shows the significantly correlated probes 

and their expression for each treatment group. This 

figure also graphs non-significantly correlated probes 

from the same gene to see if there is consistency in the 

gene expression across the different probes. The graphs 

are labelled with the Gene name: Probe name, and 

whether or not they are significantly correlated with 

HIS. The M values represent the gene expression 

difference between the reference and the sample on a 

two coloured array. M is calculated by Equation 3. The 

probes represented here are those whose signal 

abundance was above noise.  
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Figure 4.13 Continued: Plots of the normalized gene expression (M) of significantly correlated probes with 

respect to HIS, and other probes of the same genes. 
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Table 4.13: Reported functions of the genes identified as highly correlated with HIS 

Gene Names 

GeneBank 

accession 

No. 

Direction of 

Gene 

Regulation 

Reported Functions 

Steap4 NM_054098 Up regulated Encodes six transmembrane protein known as six-

transmembrane epithelial antigen of prostate 4 (Steap4) and 

six-transmembrane protein of prostate 2 (STAMP2), is 

expressed in adipose tissue after stimulation by TNF-α, IL6 

and peroxisome proliferator-activated receptor γ. 

Plays a role in systematic metabolic homeostasis, and the 

modulation of pro-inflammatory effects of Il-1β
332

. 

 

Il22 NM_016971 Up regulated Encoding Interleukin 22 cytokine, Il22 has been reported to 

both promote inflammation
333

 and protect tissues against 

inflammatory dammage
334

 depending on the inflammatory 

context
335

. Both functions associated with IBD. 

 

Nup155 NM_133227 Up regulated Encodes nucleoporin 155 protein, a major component of the 

nuclear pore complexes which regulate the transport of 

cellular macromolecules bidirectionally between the cytosol 

and the nucleus. In particular messenger RNA and proteins
336

.  

 

Prok2 NM_015768 Up regulated Encodes prokinecticin 2 peptide highly expressed in lymphoid 

tissue, leukocytes and bone marrow. Possible roles in 

hematopoiesis, inflammation and inflammatory processes
327

 

 

4930518F03Rik NM_177191 Up regulated Unknown function 

 

Gsr NM_010344 Up regulated Encoding glutathione reductase gene 1 which plays a major 

role in the cellular defense against oxidative injury
337

. 

 

5133401H06Rik AK017223 Up regulated Unknown function 

 

Tifp39 NM_053256 Down regulated Encodes neuropeptide tuberoinfundibular peptide of 39 

residues. Localised in the brain Tifp39 is and its receptor 

parathyroid hormone receptor 2 regulate endocrine and 

nociceptive (pain sensitivity) regulation
338

.  

 

Slfn4 NM_011410 Up regulated Encodes schlafen 4 protein. Localised to the cytoplasm and 

detected in spleen, lymph nodes, bone and hematopoietic stem 

cells. Function of schlafen protein family has not yet been 

validated in literature
339

. 

 

Mtus1 NM_178902 Up regulated Encodes a family of angiotensin 2 receptor-interacting 

proteins
340

. 

9430083B18Rik AK020503 Down regulated Unknown function 

 

Rad52 NM_011236 Down regulated Homologous recombination and DNA repair double stranded 

breaks
341

  

 

Slfn3 NM_011409 Up regulated Encodes schlafen 3 protein. Function of schlafen protein 

family has not yet been validated in literature
339
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Figure 4.14: Heat map of the eight gene probes significantly correlated with HIS  

This figure shows the relative gene expression levels of each of the eight probes that are correlated with HIS with 

signal intensities above the noise level, with respect to each mouse spleen array. The mouse arrays along the x axis 

are ordered by their histology scores from left (0) to right (9.5) and labeled with their sample number and treatment 

group: C57 6 week (C6), C57 12 week (C12), Il10
–/–

 6 week (I6), and Il10
–/–

 12 week (I12). Each probe is labeled 

with the probe name and the gene name in brackets.  
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4.3.5 Multivariate analysis – MRA 

The aim was to use multivariate analysis to identify a pattern of gene expression, from the spleen 

microarray data, that correlates with HIS. Combining the correlation data analysis with MRA, 

which was identified from Chapter 3 as an effective method for pattern recognition modeling, a 

prediction model was created.  

 

The MRA presented below follows a similar protocol to the NMR multiple regression analysis 

presented in Chapter 3. However, with only eight probes found to be highly correlated with HIS 

with signal intensities above the noise level, it was not necessary to reduce the initial data 

through limiting the dimensions or PCs. Also a full model using all of the eight highly correlated 

gene probes was calculated in an attempt to create a more robust model that was able to 

accommodate a wider range of transcriptomic variability.  

 

The quality control plots (Figure 4.15) confirmed that the data was randomly distributed in the 

Residuals vs. Fitted plot and the Scale-Location along the y axis, with a straight line through the 

center of the Q-Q plot indicating a normal distribution. The Residual vs. Leverage shows one 

outlier outside the Cook‟s distance. No known technical complications were observed for this 

outlier, which exhibited the highest level of inflammation, so was not removed for analysis. 

Another two mice were outside the first Cook‟s distance cut off of 0.5, although again there was 

no technical reason for these samples to be removed so they were not.  

 

The multiple linear regression model was used to calculate the predicted HIS compared to the 

measured HIS from these spleen samples. The results are presented in Figure 4.16, which shows 

a correlation coefficient of 0.78 compared to an adjusted R
2
 of 0.60 shown in Table 4.14.  
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Figure 4.15: Quality control plots for multiple linear regression analysis 

The Residuals vs. Fitted plot and the Scale-Location plot both assess the lack-of-fit between the residuals (or 

deviation from each point from the regression line) and the fitted values. These plots are expected to be a random 

distribution of data points. In the Residual vs. Fitted plot, the randomly distributed points are optimally scattered 

around zero. The Normality Q-Q plot checks for normality and identifies observations that deviate from the normal 

distribution indicated by the dotted line. The final plot is the Residuals vs. Leverage plot. This plot diagnoses single-

observation influence and thus identifies observations that are significant outliers. Data containing no outliers should  

approximate a central distribution with no observations crossing the Cook‟s distance cut off values indicated by the 

dotted red line. 
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Table 4.14: Multiple linear regression model for prediction of GI HIS from spleen transcription changes 

 β values p values 

Intercept 9.5675 0.106 

Slfn4 0.3934 0.849 

Steap4 0.2021 0.953 

Nup155 -1.392 0.678 

5133401H06Rik -2.3723 0.57 

Mtus1 -1.1276 0.835 

Gsr 0.8382 0.792 

Rad52 6.0867 0.406 

Slfn3 -1.3147 0.553 

   

Adjusted R
2
 0.6039  

F- statistic: p value 0.000000317  

 

 

 

Figure 4.16: The GI HIS prediction efficiency from a spleen RNA MRA model of microarray data 

The black line represents 100% correlation between the predicted and measured HIS. The spleen RNA dataset 

shows a linear trend following the 100% correlation line with correlation coefficient of 0.78.  
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4.4 Discussion 

4.4.1 GLOBINclear
TM

 

For the purposes of biomarker analysis, whole blood is one of the most easily accessible and 

available biological samples for analysis, particularly when investigating gene expression. 

Globin RNA in the forms of α and β globin account for up at 70% of the RNA contained in 

whole blood. This over abundance of globin transcripts can cause RNA amplification bias, 

reduce the sensitivity of the arrays to transcripts of low abundance, decrease comparability 

across technical replicates (or call concordance
342

), and increase signal variation
343, 344

.  

 

The GLOBINclear
TM

 Kit from Ambion was initially used to reduce the globin RNA in the blood 

samples and improve the sensitivity of the microarray. The GLOBINclear
TM 

kit uses beads 

bound with biotinylated DNA to bind to the globin RNA and with a further streptavidin magnetic 

bead binding step the globin RNA is removed from the sample on a magnetic stand
345

. The 

process has been reported to remove up to 95% of the globin transcripts in the blood sample 

potentially reducing the total RNA by a maximum of 66.5%. Due to the large reduction in total 

RNA caused by the removal of globin transcripts and loss of RNA through transfer between 

multiple tubes, only small amounts of RNA were recovered after globin RNA removal (Table 

4.5). The next processing step was the RNA amplification protocol which required an input of 

500 ng of RNA. Each of the globin-removed RNA samples had enough RNA present to move 

onto RNA amplification, but the very low 260 nm/230 nm absorbance ratios indicated poor 

quality RNA. RNA clean-up reduced the RNA levels below that necessary for amplification and 

did not show any improvement in the 260 nm/230 nm ratios. Due to the low amounts of poor 

quality RNA retrieved from the blood RNA samples after globin reduction these samples could 

not be used for microarray.  

 

Spleen samples were available from animals of a similar mouse experiment and were used for all 

further analysis as they provided a larger amount of RNA per sample. As the spleen is a reservoir 

for blood, globin reduction was also tested. As was found for blood, several RNA cleaning steps 

could not return the samples to their original good quality, leaving them with very low 260/230 

absorbance ratios.  

 

The NanoDrop 2000/2000c Spectrophotometer V1.0 User Manual suggests possible carry 

through of buffers and reagents from the purification process containing flurophores that could 

interfere with the 260 nm/230 nm absorbance ratios. Because it was unclear whether the 
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contaminants would inhibit amplification in globin-reduced samples, globin was not removed 

from spleen RNA samples prior to microarray. The literature reports reduced sensitivity of 

microarrays and potential bias in amplification of low abundance RNA from whole blood
345

. 

However, the literature also suggests that there is a high level of correlation between technical 

replicates from whole blood RNA so any reduction in sensitivity or amplification efficiency is 

universal for all samples
312

. For this reason as a screening tool for pattern recognition models the 

full RNA complement should not cause significant errors in the data, keeping in mind that the 

reduction in sensitivity of the arrays to less abundant and potentially relevant transcripts may 

reduce the strength of the pattern recognition models.  

 

There are several different methods of globin mRNA reduction, the two most prominent of these 

in the literature are GLOBINclear
TM

 and a Peptide nucleic acids (PNA) oligomer-mediated 

method
344

. The PNA method uses synthetic oligonucleotides homologous to the region of the 

globin transcripts just inside the poly A tail and inhibit reverse transcription during synthesis of 

cDNA. The benefits of the PNA method are that the process is performed in the same tube as 

cDNA amplification and a greater quantity of RNA is recovered after processing
345

. Future blood 

or spleen microarray experiments may benefit from the use of the PNA method. 

 

4.4.2 Spleen tissue surrogate 

In the absence of blood samples, spleen tissue was used as a surrogate for blood RNA markers. 

The spleen has dual functions centered on systemic circulation. The dual functions are separated 

into the two distinct morphological compartments within the spleen organ: the red pulp and the 

white pulp. The red pulp helps to filter the blood of foreign bodies and damaged erythrocytes and 

in rodents is also a site for hematopoiesis. The red pulp also serves as a storage facility for iron, 

platelets and erythrocytes. The white pulp contributes to the lymphatic function of the organ 

making it the largest secondary lymphoid organ in the body. The white pulp houses 

approximately one quarter of the body‟s lymphocyte population, and is the site of initiation of 

immune responses to antigens in the blood
311, 346

.  

 

It is important to note that either spontaneous or engineered genetic mutations in mice which 

involve the body‟s immune response can cause marked effects on the morphology of the spleen 

tissue
311

. It is unknown if this is a factor in the Il10
–/–

 mouse model and to what extent this has 

impacted on the gene expression of these mice.  
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4.4.3 Gene expression comparisons 

The most prominent feature of the data presented in Table 4.9 was the unexpected levels of 

differentially expressed genes that were identified in comparing C57 mice at 12 and 6 weeks of 

age, and Il10
–/–

 mice at 12 and 6 weeks of age. It was imperative that technical errors that could 

cause these dramatic gene lists were removed before continuing with further analysis on this 

data.  

 

A comparison of gene expression data from C57 12 week and C57 6 week mice showed a large 

number of differentially expressed gene probes, at 10,309 out of 44,000. With a calculated 

estimate of π0 (naive estimate of the percentage of unchanging genes
347

) of 0.53 (Table 4.8), 

approximately 50% of the detectable gene probes appear to be significantly differentially 

expressed, which is unusual in normal tissue. To confirm the validity of the level of differentially 

expressed genes, comparative dye intensities (red and green channels) were investigated (Figure 

4.12). Skewing of the dye channels could cause misleading unidirectional differentially 

expressed gene lists. As is evident from the MA plots in Figure 4.12, there was no obvious 

difference between the plots associated with each treatment group and no obvious skewing of the 

dye intensities with this dataset. The ratio of up- and down-regulated genes for the C57 12 week 

and C57 6 week comparison also showed an approximately equal number of genes up- and 

down-regulated, therefore unbalanced dye intensity ratios could not be considered as a technical 

issue for this dataset. 

 

The C57 12 and 6 week comparison also shows a relatively low within-spot standard deviation 

(Figure 4.10), indicating low levels of variation within the treatment groups. The low variation 

suggests that gene expression between the two ages of C57 mice would be detected as 

statistically significant at a FDR cut off of 0.05. Combining the low π0 and low levels of 

variation suggests that there may be too much power when comparing 5 and 6 arrays. If further 

investigation were required then a more stringent p value cut off could be considered.  

 

The large number of differentially expressed genes in the C57 12 and 6 week comparison can at 

least partially be explained by the biology of growing mice. Although the specific stages of 

development of lab mice differ depending on the genetic background it is believed that the age 

difference between 6 and 12 weeks of age spans adolescence. Connoy et al. describe young adult 

mice as being 2 months of age (~9 weeks), and mature mice 6 months of age (~27 weeks)
348

. So 

6 week old mice are likely to be going through puberty as sexual maturity of male mice lies 

somewhere between 4 and 8 weeks of age, and the 12 week old mice are coming of age as young 
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adults according to Connoy et al.
348

. Due to the different developmental stages of growth at 6 

and 12 weeks of age it is logical to expect distinct gene expression profiles in the spleen between 

these ages of sampling. 

 

The literature also reports a linear trend with spleen size to body mass in healthy rodents and 

miniature swine
349

. The mice used in this experiment had final body weights of, on average, 16.2 

and 18.4 grams (g) for the C57 and Il10
–/–

 6 week old mice, respectively, and 22.6 and 22.8 g for 

the C57 and Il10
–/–

 12 week old mice, respectively (Table 4.2). So the spleen sizes for these mice 

were likely to respond accordingly. 

 

The Il10
–/–

 12 week and 6 week comparison showed a relatively low differential gene expression, 

with 209 differentially expressed gene probes, considering the expected disease progression 

(Table 4.9)
18

. For this comparison, like the C57 12 and 6 week mice, it was important to rule out 

technical errors. 

 

The Il10
–/–

 array groupings were reduced to four arrays due to quality control issues, so the 

remaining data was checked to confirm statistical power. The estimated π0 (Table 4.8) for this 

comparison was 0.75, so only 24.6% of the genes are estimated to be differentially expressed. 

Figure 4.9 shows that four arrays is an adequate sample size for this π0 to gain a power of over 

0.8 for the comparison, so power is not an issue. As with the C57 12 and 6 week comparison, the 

skew of the red and green channels could impact on the gene lists with unidirectional gene 

expression. Although the ratio is skewed towards up-regulated genes this is not unexpected with 

such a small gene list and the MA plots (Figure 4.12) show no difference between the Il10
–/– 

and 

C57 treatment groups.  

 

The level of variation within the dataset was also a factor to be considered. Figure 4.10 shows 

that the Il10
–/–

 treatment groups have a comparatively large within-spot standard deviation, 

indicating a higher variation within these treatment groups. So changes in gene expression, 

between the two Il10
–/– 

treatment groups at 6 and 12 weeks of age, would have to be larger to be 

seen as significant. This large variation and low differential gene expression between the Il10
–/–

 

12 and 6 week old mice could have a biological explanation. Table 4.2 shows that the Il10
–/–

 12 

week old mice contain a wide range of HIS, and thus disease states, which overlap with those of 

the Il10
–/–

 6 week old mice. This observation would be expected to reduce observed gene 

expression differences between the two treatment groups and increase the variability observed in 

the Il10
–/–

 12 week arrays, although to what extent is unknown. 
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The biological functions of the four genes reported in Table 4.11 for the Il10
–/– 

12 and 6 week 

comparison also aided in the validation of these gene lists, examples of these follow. As 

described in the Chapter 1, IBD is caused by an overactive immune response to bacterial or 

environmental factors in individuals with a genetic predisposition, resulting in destructive 

inflammation of the GI tract. Although the initial immune response is a function of the innate 

immune system, the destructive chronic inflammation is caused by the adaptive immune 

response, mediated by B and T lymphocytes. B lymphocytes secrete antibodies that detect 

foreign bodies and trigger a continued response
18

. The top differentially expressed gene in the 

Il10
–/–

 12 week to 6 week comparison, Igh-VJ558, encodes a specific heavy chain component of 

antibodies326. During chronic inflammation or an adaptive immune response all components of 

the production of antibodies would be up-regulated.  

 

Gene expression of Stfa1 was also up-regulated in the Il10
–/–

 12 week old mice. The Stfa1 gene 

encodes a protein (stefin 1) which inhibits papain-like cysteine proteases involved in protein 

turnover and antigen processing
329

. Cimerman et al. associated high levels of stefins with another 

inflammatory condition, asthma
350

. Although it is counter intuitive that the inhibitor to antigen 

processing would be up-regulated in an inflammatory state Cimerman et al. suggested that the 

increase in protease inhibitors was a reaction to the dramatic rise in proteolytic activity 

associated with inflammation
350

.  

 

4.5 Conclusion 

Multiple validation steps identified no technical errors in the gene expression comparison 

dataset. Biological variation and reported functions of the most differentially expressed genes 

indicates that these values are biologically relevant.  

 

The multiple linear regression model shows a 60 - 80% rate of prediction for GI HIS from data 

acquired from these spleen RNA samples. This model shows that it is possible to use a surrogate 

tissue such as the spleen to predict the inflammatory state of the GI tract. Due to the large 

proportion of blood cells present in the whole spleen tissue, the same group of differentially 

expressed genes could potentially be detected in the blood.  

 

The future direction of this work would involve validating the model in a biologically distinct 

spleen RNA dataset, and potentially blood samples, through qRT-PCR.  
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5 General Discussion 

 

IBD, including CD and UC, is a socially and physically debilitating disease that is caused by an 

overactive immune response to environmental factors in genetically predisposed individuals. 

This response results in destructive inflammation of the GI tract
4, 5, 6, 7, 14

. After the onset of IBD, 

the condition is present for the rest of the patient‟s life, which is marked by periods of remission 

and active disease
6, 9

.  

 

This thesis represents research that was undertaken as part of the Nutrigenomics New Zealand 

collaboration. The aim of this collaboration was initially to focus on developing a site of 

methods that can be used for the development and validation of gene-specific foods that are 

targeted at preventing and ameliorating symptoms of CD. In order to achieve this goal it is 

imperative that accurate and non-invasive methods of evaluating the disease state are available to 

assess the efficacy of dietary interventions. Current methods of accurately diagnosing and 

monitoring the disease state in IBD are time consuming, invasive to the patient and costly
38, 351

, 

necessitating the identification of a robust set of intestinal inflammation biomarkers. To date, no 

single biomarker or panel of biomarkers has proved effective enough to eliminate the 

requirement of invasive and costly tests
40

. 

 

Robust and effective non-invasive biomarkers of intestinal inflammation are essential for 

developing effective treatments of IBD, studying disease progression, and for the early detection 

of inflammatory phenotypes. Biomarkers of IBD also need to be both specific and sensitive, 

maximising the true negative and positive classifications of disease state, respectively
45

.  

 

The principal aim of the study reported here was to identify biomarkers of intestinal 

inflammation in mouse models of IBD in order to determine the efficacy of dietary intervention 

studies. In addition this study aimed to optimise a methodology for subsequent human biomarker 

identification studies. 

 

Several different biomarker approaches have been reported in the literature such as 

transcriptomic
46

, proteomic
47

 and metabonomic
48

 strategies, in order to identify biomarkers of 

intestinal inflammation. However, many of these markers lack the specificity or sensitivity 

necessary to eliminate the need for invasive testing. The most promising marker in the literature 
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to date is faecal lactoferrin reported by Dai et al.
80

; however, it has yet to be validated in a large 

cohort
80

.  

 

For the purpose of this study, biomarker investigations were carried out using metabonomic and 

transcriptomic approaches. As there is a considerable amount of method optimisation, testing 

and validation required for the identification of biomarkers using the above platforms, mouse 

models were studied to optimise these techniques. The mouse models that were used in this 

study were the Mdr1a
–/–

 and the Il10
–/–

 mice. Both of these mouse models are well studied in the 

literature and present phenotypically different intestinal inflammation characteristics, but 

critically, show similarities to human IBD. Mdr1a
–/–

 mice initially present with localised colonic 

and rectal inflammation, similar to human UC, but the discontinuous nature reported by Banner 

et al.
190

 and the presence of inflammatory regions observed in the small intestines (also observed 

in Experiment 1 and Experiment 2 mice, Figure 2.2 and Figure 3.6, respectively) resemble 

human CD. Mdr1a
–/–

 mice also show elevated expression of the downstream inflammatory 

cytokines IFN-γ and IL8, which are also seen in human UC and CD
190

. In the Il10
–/–

 mouse 

model, intestinal inflammation is most prevalent in the colon
263

 (observed in the Experiment 3 

Il10
–/–

 mice, Figure 3.7); however, inflammation is also observed in the duodenum and proximal 

jejunum
193

. Il10
–/–

 mice clearly show a link between IBD-like intestinal inflammation and an 

over-active immune response to intestinal microflora, as mice raised under specific pathogen-

free conditions either do not develop intestinal inflammation
175

 or it is much less aggressive and 

slower to develop
193

. The physiology and biochemistry of the inflammatory events observed in 

Il10
–/–

 mice show similarities to human CD
263

. Although no animal models exactly replicate the 

inflammatory processes observed in human IBD, these two mouse models are extensively 

reported in the literature as useful models that could provide insight into the etiology and 

pathogenesis of IBD, possible therapies, and the identification of disease monitoring techniques 

such as biomarkers
30, 35, 36, 175, 181, 185, 193, 197, 198

.  

 

This thesis had a dual task of investigating metabonomic and transcriptomic biomarkers. The 

metabonomic biomarkers were studied using NMR spectroscopy in both Mdr1a
–/–

 and Il10
–/–

 

mouse models. The focus of the metabonomic investigation was the development of an 

appropriate methodology to identify biomarkers through individual and pattern recognition 

analysis methods. The transcriptomic biomarker approach used microarray investigation as a 

global tool to identify gene probes that correlated with HIS in the Il10
–/–

 mouse model. Again, 

the transcriptomic approach focused on the development of pattern recognition analysis methods 

for RNA-based biomarker identification.  
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5.1 Key findings 

 

This study identified two potential individual biomarkers of intestinal inflammation, 

allantoin and sucrose, in an IBD mouse model.  

 

Of the three supervised pattern recognition methods used, MRA was found to be an 

effective method for pattern recognition analysis of this NMR data. An MRA model has 

been validated using plasma NMR data. 

 

Surrogate tissues, such as the mouse spleen, provided transcriptional biomarkers of 

intestinal inflammation in a mouse model of IBD.  

 

Correlation analysis with HIS proved to be an essential first step in pattern recognition 

analysis of microarray data. This study was able to identified eight probes that should be 

validated using qRT-PCR. MRA was used to create prediction model of HIS using these 

eight probes. 

 

5.2 Future directions 

Each of the two biomarker approaches investigated in this thesis, metabonomics and 

transcriptomics, have their own future directions.  

5.2.1 Metabonomics 

Further validation is required for the metabonomic biomarker approach described here. Chapters 

2 and 3 describe the optimisation of data analysis methodology, and have provided insights into 

adjustments that should be made to the sample collection and processing protocols; a suggested 

standard operating procedure is outlined in section 6.3. However, due to inconsistencies in the 

sample collection protocols, particularly for the urine samples, accurate validation of specific 

pattern recognition models for biomarker analysis was not possible. 

 

The individual biomarker approach described in Chapter 2 initially required the removal of the 

urea peak in order to achieve a more accurate measure of allantoin and sucrose peak intensities. 

Although several methods of urea peak removal are reported in the literature, such as urease 

(urea degrading enzyme) treatment
263, 352

 and presaturation of the NMR signal to remove the 

unwanted peak
353

, there is one method that stands out above the rest for this analysis. The filter 
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diagonalisation method described by Dai and Eads is able to remove unwanted signals from free 

induction decay signal data from the NMR spectrometer
354

. This method requires the user to 

provide information about the parameters of the unwanted peak. The free induction decay signal 

for the unwanted peak is then modeled and subtracted from the original free induction decay 

signal for the sample. The resulting signal can then be subjected to Fourier transformation, to 

create the phase and baseline corrected spectral output. The main benefits of the filter 

diagonalisation method over others reported in the literature are that it can be performed 

retrospectively and it does not affect the original sample in any way, which is potentially 

problematic for the urease method. The filter diagonalisation method could also be used to 

remove EDTA peaks from plasma samples to improve the resolution of surrounding peaks. 

 

The plasma samples used in this thesis showed a clear prediction capability using MRA of 

binned NMR data. However, the principal disadvantage of using plasma in mouse experiments is 

that large volumes are needed, which would require the mouse to be euthanased. In contrast, 

urine samples can be collected at multiple time points throughout the period of study enabling 

closer monitoring of their condition. A clear future direction of the metabonomic pattern 

recognition analysis is to identify and validate mouse urine MRA of NMR data from consistently 

collected urine samples. This urine MRA model has the potential to predict HIS of mice during a 

study, enabling early prediction of dietary effects. The ability to predict the effects of dietary 

intervention studies without euthanasing the mice can reduce time course of mouse studies, 

thereby reducing the costs of dietary intervention studies and increasing the throughput of dietary 

components.  

 

In their current state, the urine and plasma NMR datasets are isolated pieces of work. The 

binning and pattern recognition analysis does not require identification of the metabolites 

contributing to variation within the datasets. In order to compare the plasma and urine spectra 

with each other, the specific metabolites causing the spectral variation need to be identified. 

There are several software packages on the market to allow for rapid and effective identification 

of multiple peaks within the spectra from 2D analysis. Three such software packages are 

Chenomx (www.chenomx.com), AMIX by Bruker (www.bruker-biospin.com/amix) and SIMCA 

P
+
 (www.umetrics.com/simca). Both of the Chenomx and AMIX packages provide an integrated 

set of tools to process NMR data. Chenomx can identify and quantify metabolites from 

metabolic spectra from almost all biofluids, and AMIX is reported to provide integrated 

statistical and spectroscopic analysis methods. SIMCA-P+ is a statistical software package which 

enables multivariate analysis of large datasets such NMR data, using current methodology.   
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To compare the NMR data with the differentially expressed genes identified from the 

microarrays will also require identification of the specific metabolites contributing to the 

variation. Samples from the same Il10
–/–

 mouse model, Experiment 3 mice, have been used in 

both the NMR multivariate analysis and the transcriptomic microarray analysis. Therefore, the 

first step would be to validate the Experiment 3 NMR models with a test dataset from plasma 

samples of another Il10
–/–

 mouse study. The next step would involve identifying the metabolites 

contributing to the pattern recognition model and to compare these with the transcripts found to 

be significantly correlated with HIS from the microarray study.  

 

As the Il10
–/–

 and Mdr1a
–/–

 mouse models manifest rather different disease presentations 

(observed in Figure 2.2, Figure 3.6 and Figure 3.7), it would be important to compare samples 

from the same individual mice in order to create linkages between the metabolite and transcript 

studies.  

 

5.2.2 Transcriptomics 

5.2.2.1 Biomarker identification and validation using the Il10
–/–

 

mouse model 

The microarray analysis used a training dataset to create a model for the prediction of HIS from 

gene expression profiles of Il10
–/–

 and C57 mice. Two separate questions need to be answered in 

order to validate the biomarkers identified from the work described here, so that they could be 

used as predictors of intestinal inflammation from accessible tissue.  

1. Can this prediction model be validated in a test dataset?  

2. Can this prediction model be validated in blood as a non-invasive accessible sample?  

 

To answer the first question and validate the prediction model, qRT-PCR analysis of the eight 

gene transcripts that were found to be highly correlated with HIS is required. This analysis 

would involve isolating RNA from more spleen tissues of Il10
–/–

 mice that are biologically 

distinct from the initial sample set. This second, or test, set would require more mice than were 

used in the study described here. Virtanen et al. have reported that the standard deviations and 

coefficients of variation are large up to a sample number of 30, after which the degree of 

variation reduces. Virtanen et al. have suggested that 70 samples represent the minimum sample 

size to obtain appropriate reference limits and confidence intervals for regression analysis
355

.  
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On validating the spleen gene expression profiles, investigating blood as a suitable accessible 

tissue for biomarker analysis would be obvious. As the spleen is a reservoir for blood it is 

possible that the transcripts identified in Chapter 4 are actually from white blood cells rather than 

spleen tissue. In order to resolve this matter, qRT-PCR analysis of these genes could be 

undertaken using circulating white blood cells and cells of the white pulp, red pulp and 

margninal zone of the spleen.  

 

5.2.2.2 Global transcriptomics biomarker approaches 

Microarray analysis is able to provide a global, non-directed, approach to transcriptional 

biomarker identification. The recent developments in microarray analysis have led to increased 

sample numbers per slide and a significant coverage of known transcripts within commonly 

investigated genomes such as those of humans and mice. The modern microarray scanners 

provide a highly automated system for scanning, and quality control analysis of multiple slides. 

Well established bioinformatic approaches have been developed to deal with the data output 

from microarray analysis. There are several disadvantages to this methodology. There is a need 

to have prior knowledge of each of the transcript sequences, only moderate sensitivity (as 

measured by the signal to noise ratio) is obtained, and there is limited information regarding the 

impact of allelic differences on gene expression, the quantitation of splice variants and the 

impact of alternative promoters.  

  

An alternative transcriptional approach, which is likely to supersede microarray analysis in the 

near future, is next-generation sequencing. The next-generation sequencing platforms are, at 

present, provided by Applied Biosystems (SOLiD), Illumina (Genome Analyser II), Roche (454 

GS FLX), and Pacific Biosciences (Helicos). While the technical details behind these platforms 

are considerably different, the aim is the same: to enable sequencing of the entire transcriptome 

within a given cell or sample. Next-generation sequencing approaches require no prior 

knowledge of the transcriptome of a cell or tissue sample, allowing for the non-biased discovery 

of novel transcripts. Other benefits of next-generation sequencing are its ability to provide 

quantitative gene expression information comparable to that of microarrays with additional 

information on splice variants, allelic differences and alternative promoters
356, 357

. There are 

several limitations of next-generation sequencing that are currently mitigating the benefit of this 

methodology over microarrays. These limitations are the high cost per sample and the massive 

quantities of data, compared to microarray platforms, which require significant storage and 

computational power, and bioinformatic expertise which has not yet been well established
356, 358

. 
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Next-generation sequencing offers a wider global investigation of a cell‟s entire transcriptome 

instead of just the known transcripts. The ability to identify the differences in splice variants and 

mutations or polymorphisms within the transcripts is potentially very important for biomarker 

investigations.  

 

Next-generation sequencing could provide specific benefits to the sample set described in this 

thesis. An example of this is the ability to distinguish different length fragments of the same 

transcript. Section 6.4: Table 6.5, Table 6.6, and Table 6.7 show that the Il10 gene transcript is 

still detected as significantly up-regulated in the Il10
–/–

 mice even though a gene-targeted 

mutation has eliminated the functional protein product. 

 

5.2.3 Mouse studies 

Nutrigenomics New Zealand currently studies IBD dietary intervention in two mouse models, 

Il10
–/–

 and Mdr1a
–/–

, with further mice planned in future studies. To accurately monitor each of 

these mouse studies, tailored pattern recognition models need to be created for each group of 

mutant mice. The methodology for pattern recognition analysis has been established in this thesis 

for both metabonomic and transcriptomic approaches. For each mouse model, strong training 

and test datasets of at least 70 individuals, need to be obtained
355

. 

 

A comparison of the contributing biomarkers across the mouse models may be able to identify 

specific metabolites or transcripts that change with HIS regardless of the genetic background. If 

present these markers could be directly tested in human studies.  

5.2.4 Human studies 

The work described in this thesis principally focused on optimising the methodology to identify 

biological markers which could be applied to humans. A validated set of biomarkers for human 

IBD would reduce the discomfort of disease monitoring to the patient and enable non-invasive or 

minimally invasive studies into IBD in a human cohort. 

 

The biomarkers identified here require further validation before they could be applied to human 

studies. However, given sufficient sample numbers, some of the methodology that has been 

discussed in this thesis, specifically the NMR pattern recognition analysis, could be immediately 

applied to human samples in order to identify human specific biomarkers of intestinal 

inflammation. 
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The fundamental direction of this research is towards the study of biomarkers of IBD in humans. 

The optimal study of humans for biomarker research would provide accessible tissues (e.g. blood 

and urine) taken at the same time as endoscopic investigation of the current state of disease 

inflammation in the GI tract. It is important that these samples are collected at the same time to 

ensure the profile observed in the transcriptome and metabolome are consistent with the state of 

intestinal inflammation. It is also important to gain a food and drug diary of at least the 

immediate 48 hours prior to endoscopy and sampling to determine whether any significant 

differences between subjects, especially within the metabolome, are a function of their diet.  

 

The mouse studies reported here show a wide range of variability in inflammatory state and 

transcript and metabolite profiles even though they were of the same age, sex, genetic type and 

housed under exactly the same biological conditions. The human IBD population comes from a 

variety of genetic backgrounds, environments, ages, and both sexes, so the variation within this 

population is expected to be greater. For this reason the sample size of the human cohort for this 

study would need to be much greater than that of the mouse experiments. Without a clear idea of 

the level of variation within the metabolome or the transcriptome of human patients with IBD, 

specifically CD, it is not possible to give an estimate of the number of samples required for 

adequate power in this analysis. Preliminary studies would be necessary to predict the sample 

number required for analysis. The accumulation of human samples is a lengthy and expensive 

process, so collaboration between multiple groups either throughout New Zealand or 

internationally would be desirable. 

5.3 General conclusion 

This study has developed and validated several biomarker analysis strategies that could be 

applied to human studies. Overall, MRA was found to be a valuable tool for biomarker pattern 

recognition identification and analysis. Both metabonomics and transcriptomics have proved to 

be useful screening tools to identify biomarkers in IBD mouse models. The most important 

future direction of this study is to take the methodology that has been optimised here and apply it 

to human accessible tissues to support dietary intervention studies. 
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6 Appendix  

6.1 Samples 

Table 6.1: Experiment 1 sample specifications 

Mouse Strain 
Age 

(weeks) 
HIS Samples 

NMR run date 
Urine 

NMR run date 
Plasma 

1 FVB 29 2.5 Urine and Plasma 1/06/2006 21/02/2008 

2 FVB 9 4 Plasma 
 

20/02/2008 

3 FVB 25 2.5 Urine and Plasma 1/03/2007 20/02/2008 

4 FVB 22 4.5 Urine and Plasma 1/06/2006 21/02/2008 

6 FVB 16 2 Urine 8/01/2008 
 7 FVB 25 1.5 Urine and Plasma 1/06/2006 22/04/2008 

8 FVB 25 4 Plasma 
 

30/04/2008 

9 FVB 27 2.5 Plasma 
 

30/04/2008 

10 FVB 16 1.5 Plasma 
 

20/02/2008 

11 FVB 29 3 Urine 1/06/2006 
 12 FVB 27 5 Plasma 

 
30/04/2008 

13 FVB 9 7 Plasma 
 

23/04/2008 

14 FVB 27 2 Plasma 
 

22/04/2008 

15 FVB 22 4 Urine and Plasma 1/06/2006 30/04/2008 

16 FVB 16 2.5 Plasma 
 

9/01/2008 

18 FVB 9 2 Plasma 
 

23/04/2008 

19 FVB 27 3 Plasma 
 

30/04/2008 

20 FVB 22 4 Plasma 
 

20/02/2008 

21 FVB 27 3 Plasma 
 

21/02/2008 

22 FVB 25 2 Urine and Plasma 8/01/2008 20/02/2008 

24 FVB 29 2.5 Urine and Plasma 1/06/2006 23/04/2008 

26 FVB 29 2.5 Urine and Plasma 1/06/2006 9/01/2008 

27 FVB 27 2 Urine and Plasma 8/01/2008 30/04/2008 

28 FVB 25 3.5 Urine and Plasma 8/01/2008 21/02/2008 

29 FVB 16 4.5 Plasma 
 

22/04/2008 

30 FVB 29 2.5 Plasma 
 

20/02/2008 

31 FVB 12 4 Urine and Plasma 8/01/2008 21/02/2008 

32 FVB 29 5.5 Plasma 
 

23/04/2008 

33 FVB 29 3 Urine and Plasma 8/01/2008 22/04/2008 

34 FVB 22 5 Plasma 
 

21/02/2008 

35 FVB 22 5.5 Plasma 
 

23/04/2008 

36 FVB 29 3 Plasma 
 

22/04/2008 

38 FVB 12 6 Plasma 
 

21/02/2008 

39 FVB 12 2.5 Plasma 
 

23/04/2008 

40 FVB 29 3.5 Plasma 
 

30/04/2008 

41 FVB 16 4 Urine and Plasma 1/06/2006 20/02/2008 

42 FVB 25 4 Urine and Plasma 1/06/2006 23/04/2008 

43 FVB 16 1.5 Urine 8/01/2008 
 44 FVB 9 5.5 Plasma 

 
30/04/2008 

45 FVB 9 1 Plasma 
 

30/04/2008 
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Mouse Strain 
Age 

(weeks) 
HIS Samples 

NMR run date 
Urine 

NMR run date 
Plasma 

46 FVB 9 3 Plasma 
 

21/02/2008 

47 FVB 29 1 Plasma 
 

22/04/2008 

48 FVB 22 3 Urine and Plasma 1/06/2006 30/04/2008 

49 FVB 29 1 Plasma 
 

23/04/2008 

1 mdr1a 22 30 Plasma 
 

23/04/2008 

2 mdr1a 22 27.5 Plasma 
 

22/04/2008 

3 mdr1a 20 38 Plasma 
 

20/02/2008 

5 mdr1a 12 3 Plasma 
 

22/04/2008 

7 mdr1a 12 3 Urine and Plasma 8/01/2008 9/01/2008 

9 mdr1a 25 12 Urine 8/01/2008 
 10 mdr1a 9 6 Plasma 

 
22/04/2008 

11 mdr1a 22 10 Urine and Plasma 1/06/2006 23/04/2008 

12 mdr1a 22 17.5 Urine and Plasma 1/06/2006 22/04/2008 

13 mdr1a 16 4 Urine and Plasma 1/06/2006 20/02/2008 

14 mdr1a 9 2.5 Plasma 
 

30/04/2008 

15 mdr1a 16 7.5 Urine and Plasma 8/01/2008 21/02/2008 

16 mdr1a 16 2.5 Plasma 
 

30/04/2008 

17 mdr1a 25 25 Plasma 
 

20/02/2008 

18 mdr1a 12 3.5 Urine and Plasma 8/01/2008 30/04/2008 

19 mdr1a 22 34 Plasma 
 

30/04/2008 

21 mdr1a 27 9.5 Urine and Plasma 1/06/2006 23/04/2008 

22 mdr1a 9 4 Plasma 
 

21/02/2008 

23 mdr1a 9 4 Plasma 
 

21/02/2008 

24 mdr1a 9 3 Urine and Plasma 8/01/2008 20/02/2008 

25 mdr1a 29 24 Urine and Plasma 8/01/2008 22/04/2008 

26 mdr1a 9 4.5 Plasma 
 

23/04/2008 

28 mdr1a 22 5.5 Urine and Plasma 1/06/2006 20/02/2008 

29 mdr1a 25 16.5 Urine and Plasma 8/01/2008 23/04/2008 

30 mdr1a 27 26 Urine and Plasma 8/01/2008 23/04/2008 

31 mdr1a 25 28 Plasma 
 

23/04/2008 

34 mdr1a 29 19 Urine and Plasma 8/01/2008 30/04/2008 

35 mdr1a 16 19.5 Urine and Plasma 8/01/2008 9/01/2008 

36 mdr1a 29 20.5 Plasma 
 

20/02/2008 

37 mdr1a 27 15.5 Urine and Plasma 1/06/2006 20/02/2008 

39 mdr1a 22 6.5 Plasma 
 

21/02/2008 

40 mdr1a 16 4.5 Urine 1/06/2006 
 41 mdr1a 29 5.5 Plasma 

 
22/04/2008 

42 mdr1a 21 24 Plasma 
 

21/02/2008 

44 mdr1a 12 3.5 Urine and Plasma 8/01/2008 20/02/2008 

45 mdr1a 29 27.5 Urine and Plasma 1/06/2006 23/04/2008 

46 mdr1a 12 5 Urine and Plasma 1/06/2006 22/04/2008 

47 mdr1a 12 3 Urine and Plasma 1/06/2006 21/02/2008 

48 mdr1a 25 26 Plasma 
 

22/04/2008 

49 mdr1a 22 15 Urine and Plasma 8/01/2008 21/02/2008 

50 mdr1a 25 16.5 Plasma 
 

30/04/2008 
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Table 6.2: Experiment 2 sample specifications  

Mouse Strain 
Age 

(weeks) 
HIS Diet Samples 

NMR run date 
Urine 

NMR run date 
Plasma 

1 FVB 21 3.5 curcumin Urine and Plasma 14/05/2009 11/11/2009 

7 FVB 24 1 curcumin Urine 29/07/2009 
 11 FVB 24 2.5 AIN-76a Urine 14/05/2009 
 12 FVB 24 4 AIN-76a Urine 14/05/2009 
 15 FVB 24 2.5 AIN-76a Urine 7/05/2009 
 16 FVB 21 2 curcumin Urine 14/05/2009 
 19 FVB 21 2.5 AIN-76a Urine 14/05/2009 
 22 FVB 24 2 curcumin Urine and Plasma 21/05/2009 11/11/2009 

23 FVB 21 3 curcumin Urine 14/05/2009 
 24 FVB 24 1.5 AIN-76a Urine and Plasma 29/07/2009 19/11/2009 

26 FVB 21 2 AIN-76a Urine and Plasma 14/05/2009 11/11/2009 

29 FVB 21 2.5 curcumin Urine 21/05/2009 
 35 FVB 24 2.5 curcumin Urine and Plasma 23/07/2009 19/11/2009 

36 FVB 21 2.5 AIN-76a Urine 23/07/2009 
 38 FVB 21 1.5 AIN-76a Urine and Plasma 29/07/2009 11/11/2009 

39 FVB 21 3 curcumin Urine and Plasma 23/07/2009 11/11/2009 

41 FVB 24 1 AIN-76a Urine and Plasma 29/07/2009 26/11/2009 

42 FVB 24 3.5 curcumin Urine and Plasma 29/07/2009 19/11/2009 

45 FVB 21 1.5 curcumin Urine and Plasma 23/07/2009 19/11/2009 

48 FVB 24 1 AIN-76a Urine 7/05/2009 
 55 FVB 21 2.5 AIN-76a Urine and Plasma 23/07/2009 26/11/2009 

57 FVB 24 1 curcumin Plasma   11/11/2009 

58 FVB 21 0.5 AIN-76a Urine and Plasma 23/07/2009 19/11/2009 

60 FVB 24 2 curcumin Urine and Plasma 23/07/2009 19/11/2009 

75 mdr1a 21 25.75 curcumin Urine and Plasma 14/05/2009 11/11/2009 

76 mdr1a 21 2 curcumin Urine and Plasma 23/07/2009 19/11/2009 

77 mdr1a 21 9.5 AIN-76a Urine and Plasma 14/05/2009 19/11/2009 

78 mdr1a 24 14 AIN-76a Urine and Plasma 29/07/2009 26/11/2009 

79 mdr1a 21 7.5 curcumin Urine and Plasma 23/07/2009 11/11/2009 

82 MDR1a 21 13 AIN-76a Plasma   19/11/2009 

86 mdr1a 24 13.5 AIN-76a Urine and Plasma 23/07/2009 19/11/2009 

87 mdr1a 24 3 curcumin Urine and Plasma 21/05/2009 19/11/2009 

88 mdr1a 24 14.5 curcumin Urine and Plasma 7/05/2009 11/11/2009 

93 mdr1a 21 7 curcumin Urine and Plasma 14/05/2009 19/11/2009 

95 mdr1a 24 14.5 AIN-76a Urine and Plasma 29/07/2009 11/11/2009 

97 mdr1a 21 14 curcumin Urine and Plasma 14/05/2009 11/11/2009 

100 mdr1a 21 14.75 AIN-76a Urine and Plasma 23/07/2009 19/11/2009 

110 mdr1a 24 4 curcumin Urine 29/07/2009 
 111 mdr1a 21 5 curcumin Urine and Plasma 23/07/2009 26/11/2009 

117 mdr1a 21 2.5 AIN-76a Urine and Plasma 23/07/2009 26/11/2009 

124 mdr1a 24 2.5 curcumin Urine and Plasma 23/07/2009 11/11/2009 

125 mdr1a 21 5 AIN-76a Urine and Plasma 23/07/2009 19/11/2009 
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Table 6.3: Experiment 3 sample specifications 

Mouse Strain 
Age 

(weeks) 
HIS Sample NMR run date 

Microarray 
hybridisation 

date 

1 IL10-/- 12 4.5 Plasma and Spleen 6/11/2008 9/06/2009 

2 IL10-/- 6 1.0 Plasma and Spleen 5/11/2008 8/06/2009 

3 IL10-/- 6 1.5 Plasma 6/11/2008 
 4 IL10-/- 12 4.5 Plasma 6/11/2008 
 5 IL10-/- 6 0.0 Plasma 5/11/2008 
 6 IL10-/- 12 3.0 Plasma 5/11/2008 
 7 IL10-/- 6 1.0 Plasma and Spleen 5/11/2008 8/06/2009 

8 IL10-/- 12 0.5 Plasma 5/11/2008 
 9 IL10-/- 6 1.5 Plasma and Spleen 5/11/2008 9/06/2009 

10 IL10-/- 12 1.5 Plasma and Spleen 5/11/2008 8/06/2009 

11 IL10-/- 12 8.0 Plasma 6/11/2008 
 12 IL10-/- 12 4.0 Plasma and Spleen 6/11/2008 8/06/2009 

13 IL10-/- 12 2.0 Plasma and Spleen 6/11/2008 9/06/2009 

14 IL10-/- 6 1.0 Plasma and Spleen 5/11/2008 9/06/2009 

15 IL10-/- 12 9.5 Plasma and Spleen 6/11/2008 9/06/2009 

16 IL10-/- 6 1.5 Plasma and Spleen 5/11/2008 8/06/2009 

17 IL10-/- 12 6.0 Plasma and Spleen 6/11/2008 8/06/2009 

18 IL10-/- 6 2.0 Spleen 
 

9/06/2009 

19 IL10-/- 6 1.0 Plasma 6/11/2008 
 20 C57BL/6 6 0.5 Plasma and Spleen 6/11/2008 8/06/2009 

21 C57BL/6 12 1.0 Plasma and Spleen 5/11/2008 8/06/2009 

22 C57BL/6 6 0.0 Plasma and Spleen 6/11/2008 9/06/2009 

23 C57BL/6 6 1.0 Plasma 5/11/2008 
 24 C57BL/6 12 1.0 Plasma and Spleen 5/11/2008 9/06/2009 

25 C57BL/6 12 1.5 Plasma and Spleen 5/11/2008 8/06/2009 

26 C57BL/6 6 0.0 Plasma and Spleen 5/11/2008 9/06/2009 

27 C57BL/6 6 0.5 Plasma 6/11/2008 
 28 C57BL/6 6 1.5 Plasma and Spleen 6/11/2008 9/06/2009 

29 C57BL/6 12 1.5 Plasma and Spleen 5/11/2008 8/06/2009 

30 C57BL/6 6 1.0 Plasma and Spleen 5/11/2008 8/06/2009 

31 C57BL/6 12 0.5 Plasma and Spleen 6/11/2008 9/06/2009 

32 C57BL/6 12 0.0 Spleen 
 

9/06/2009 

33 C57BL/6 12 0.5 Plasma 5/11/2008 
 34 C57BL/6 12 0.0 Plasma 6/11/2008 
 35 C57BL/6 6 1.5 Plasma and Spleen 5/11/2008 8/06/2009 
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6.2 Materials 

6.2.1 General Lab products 

6.2.1.1 Equipment 

Biolab 

Biofuge Fresco Heraeus Refrigerated Centrifuge  

Grant Bio PV-1 Vortex Mixer 

Sartorius Electronic analytical balance 1702 MP8 

 

Enviroequip 

TPS Aqua pH meter 

 

6.2.1.2 Consumables 

Applied Biosystems 

Non-stick Rnase - Free 1.5 mL microfuge tubes  

RNAlater®  

RNAlater® - Ice  

RNaseZap®  

 

Becton Dickinson  

15 ml Falcon tubes 

 

Invitrogen 

TRIzol® Reagent  

Ultra Pure
TM

 DNase/RNase-Free Distilled Water 

 

Sigma-Aldrich® 

Diethyl pyrocarbonate (DEPC) 

 

Tarsons® 

Cryovials 1.8 mL  
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6.2.2 Nuclear magnetic resonance spectroscopy 

6.2.2.1 Equipment 

Bruker 

Bruker AVANCE 600 NMR spectrometer 

 

Sigma-Aldrich® 

WILMAD® NMR tubes, 5mm, 600 MHz, 7 inch length, 535-pp 

 

6.2.2.2 Consumables 

Sigma-Aldrich® 

Deuterium oxide (D2O) 

Sodium Azide 

3-(trimethylsilyl)-3,3,2,2-tetradeutero propionic acid sodium salt (TSP) 

 

6.2.3 Transcriptomics – general  

6.2.3.1 Equipment 

Agilent 

2100 bioanalyzer 

 

Biolab 

Nano-drop ND-1000 UV-VIS spectrophotometer 

 

6.2.3.2 Consumables 

Pacific Laboratory Products 

RNA 6000 Nano Kit  

RNA 6000 Nano Reagents  

 

Applied Biosystems 

RiboPure™-Blood Kit 

GLOBINclear™ Kit  

Qiagen 
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RNeasy® mini kit 

RNeasy® plus mini kit 

 

Sigma-Aldrich® 

Chloraform 

Absolute Ethanol 

 

6.2.4 Transcriptomics – microarray 

6.2.4.1 Equipment 

Agilent 

Microarray Hybridisation Oven 

Hybridisation oven rotator rack 

Hybridisation chamber kit 

Microarray Scanner (G2534A) 

 

Merck Ltd NZ 

Glass slide holders 

Handle for glass slide holder 

Glass washing dishes 

 

6.2.4.2 Consumables 

Pacific Laboratory Products 

General: 

RNA Spike-In Kit Two Colour  

Pack of 5 backing arrays, 4 x 44k format  

Gene Expression Hybridization Kit 

Gene Expression Wash Buffer Pack 

Stabilisation and Drying Solution 

Mouse: 

Low RNA Input Linear Amplification Kit, Two-colour 

Human: 

Quick-Amp Labeling Kit, Two Colour 

4 x 44 GE Array, AMADID 014850 (Human Genome) 
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6.3 Standard operating procedure for NMR spectroscopy of urine and plasma 

samples for biomarker analysis 

This standard operating procedure covers the sample collection, handling, storage and processing 

procedures related to the analysis of urine samples by NMR spectroscopy for biomarker analysis.  

6.3.1 Equipment 

Bruker 

Bruker AVANCE 600 NMR spectrometer 

 

Biolab 

Biofuge Fresco Heraeus Refrigerated Centrifuge 

Grant Bio PV-1 Vortex Mixer 

Sartorius Electronic analytical balance 1702 MP8 

 

Enviroequip 

TPS Aqua pH meter 

 

Sigma-Aldrich® 

WILMAD® NMR tubes, 5mm, 600 MHz, 7 inch length, 535-pp 

 

6.3.2 Consumables 

Applied Biosystems 

Non-stick Rnase - Free 1.5 mL microfuge tubes  

 

Becton Dickinson  

15 ml Falcon tubes 

 

BD (Becton, Dickinson and Company)  

BD Vacutainer® Heparin Tubes 

BD Vacutainer® EDTA Tubes 

 

Tarsons® 

Cryovials 1.8 mL  
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6.3.3 Reagents 

6.3.4 Deuterium oxide (D2O) 

Supplier: Novachem Pty Ltd 

6.3.4.1 Composition 

99.9% D2O 

6.3.4.2 Preparation 

Ready to use 

6.3.4.3 Precautions 

Possible irritant, may be harmful if inhaled, swallowed or absorbed through skin. No specific 

precautions provided. Wear gloves.  

6.3.4.4 Storage and stability 

Store at room temperature away from light and moisture  

 

6.3.5 Phosphate buffer (0.2M Na2HPO4/0.2M NaH2PO4, pH 7.4) 

Supplier: Sigma-Aldrich® 

6.3.5.1 Composition 

Disodium hydrogen phosphate (Na2HPO4) Molecular weight = 141.96 

Sodium dihydrogen phosphate (NaH2PO4) Molecular weight = 119.98 

6.3.5.2 Preparation 

Dissolve 0.12 g of NaH2PO4 in 5 ml D2O in a 15 ml falcon tube. Dissolve 0.14 g of Na2HPO4 

in 5 ml D2O in another 15 ml falcon tube. Slowly pipette ~100 – 200 µl aliquots of NaH2PO4 

into the tube containing the Na2HPO4 and test pH between aliquots with the TPS Aqua pH meter, 

continue till the pH is at 7.4. 

6.3.5.3 Precautions 

Weigh under hood. Wear gloves.  

6.3.5.4 Storage and stability 

Room temperature away from moisture 
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6.3.6 Sodium azide 

Supplier: Sigma-Aldrich® 

6.3.6.1 Composition 

Sodium Azide (NaN3) Molecular weight = 65.0 

6.3.6.2 Preparation 

Dissolve 0.1% weight/volume in autoclaved deionised water, according to desired volume. 

6.3.6.3 Precautions 

Sodium azide is very toxic by inhalation, in contact with skin and if swallowed. Sigma suggests 

personal protective equipment: Eyeshields, Faceshields, full-face particle respirator type N100 

(US), Gloves, respirator cartridge type N100 (US), type P1 (EN143) respirator filter, type P3 

(EN 143) respirator cartridges 

6.3.6.4 Storage and stability 

Room temperature away from moisture 

6.3.7 3-(trimethylsilyl)-3,3,2,2-tetradeutero propionic acid sodium salt (TSP) 

Supplier: Merck Chemicals NZ 

6.3.7.1 Composition 

TSP. C6H9D4NaO2Si. M = 172.27 g/mol.  

6.3.7.2 Preparation 

Dissolve 1 mg/ml of TSP in autoclaved distilled water, according to desired volume. 

6.3.7.3 Precautions 

Irritant. Wear gloves.  

6.3.7.4 Storage and stability 

Room temperature away from light and moisture 

 

http://www.sigmaaldrich.com/labware/labware-products.html?TablePage=20009868
http://www.sigmaaldrich.com/labware/labware-products.html?TablePage=20009870
http://www.sigmaaldrich.com/catalog/Lookup.do?N5=S_ID&N3=mode+matchpartialmax&N4=msaadvantageseries1000fullfacerespirator1234598765+OR+msaultratwinfullfacerespirator1234598765&D7=0&D10=NULL&N25=0&N1=S_ID&ST=RS&F=PR
http://www.sigmaaldrich.com/catalog/Lookup.do?N5=S_ID&N3=mode+matchpartialmax&N4=msaadvantageseries1000fullfacerespirator1234598765+OR+msaultratwinfullfacerespirator1234598765&D7=0&D10=NULL&N25=0&N1=S_ID&ST=RS&F=PR
http://www.sigmaaldrich.com/labware/labware-products.html?TablePage=9577418
http://www.sigmaaldrich.com/catalog/Lookup.do?N5=S_ID&N3=mode+matchpartialmax&N4=msaairpurifyingsupercartridges1234598765&D7=0&D10=NULL&N25=0&N1=S_ID&ST=RS&F=PR
http://www.sigmaaldrich.com/catalog/Lookup.do?N5=S_ID&N3=mode+matchpartialmax&N4=3mdustmistandfumerespirator1234598765&D7=0&D10=NULL&N25=0&N1=S_ID&ST=RS&F=PR
http://www.sigmaaldrich.com/catalog/Lookup.do?N5=S_ID&N3=mode+matchpartialmax&N4=3m60007000seriesfilters1234598765&D7=0&D10=NULL&N25=0&N1=S_ID&ST=RS&F=PR
http://www.sigmaaldrich.com/catalog/Lookup.do?N5=S_ID&N3=mode+matchpartialmax&N4=3m60007000seriesfilters1234598765&D7=0&D10=NULL&N25=0&N1=S_ID&ST=RS&F=PR
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6.3.8 Method 

6.3.8.1 Sample collection: Urine 

Collect 24 hour mouse urine sample in metabolic cages into collection tubes containing 0.1% 

w/v of sodium azide. Where possible collect samples over ice. Transfer urine into cryotube, store 

at or below -40 °C and replace with fresh collection tube (containing sodium azide) at consistent 

time intervals during the 24 hour period. For example twice a day 12 hours apart at 7am and 

7pm. 

 

6.3.8.2 Sample collection: Plasma 

Collect blood by cardiac puncture. If DNA or RNA extraction for amplification is required from 

the cell pellet use an EDTA BD vacutainer or equivalent, if not use a heparin BD vacutainer or 

equivalent. Centrifuge samples at 2000g for 10 minutes at 4 °C. Transfer the supernatant, 

plasma, to a 2 ml cryotube, freeze in liquid nitrogen. Store at -80 °C.  

 

6.3.8.3 Sample processing for NMR 

Thaw samples on ice. Add 100 µl of sample to 400 µl of phosphate buffer (0.2M Na2HPO4/0.2M 

NaH2PO4, pH 7.4) in D2O. Centrifuge samples at 12,000g for 5 minutes at 4 °C. Transfer as 

close to 500 µl as possible into a new 1.5 ml eppendorf tube. Repeat centrifuge again at 12,000g 

for 5 minutes at 4 °C. Transfer as close to 500 µl as possible into a 5 mm NMR tube containing 

50 µl of 1 mg/ml of TSP. (For plasma samples the 5 mm NMR tubes should contain 50 µl of 1 

mg/ml of TSP and 1 mg/ml of sodium azide). Keep samples on ice, remove and aclimatise to 

room temperature a few minutes before NMR run.  

 

6.3.9 Standard operating procedure references 

 

Beckonert, O.; Keun, H. C.; Ebbels, T. M. D.; Bundy, J.; Holmes, E.; Lindon, J. C.; Nicholson, J. 

K., Metabolic profiling, metabolomic and metabonomic procedures for NMR spectroscopy of 

urine, plasma, serum and tissue extracts. Nat. Protocols 2007, 2, (11), 2692-2703. 

 

Stanley, E. G.; Bailey, N. J.; Bollard, M. E.; Haselden, J. N.; Waterfield, C. J.; Holmes, E.; 

Nicholson, J. K., Sexual dimorphism in urinary metabolite profiles of Han Wistar rats revealed 

by nuclear-magnetic-resonance-based metabonomics. Anal Biochem 2005, 343, (2), 195-202. 
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6.4 Gene descriptons and reported functions of genotype comparisons  

All of the differential gene expression comparison lists are based on a biological fold change cut 

off of 1.3 and a FDR cut off of 0.05. 

 

Table 6.4: Table of top ten significantly differentially expressed genes from age related comparison between 

all 12 week old and 6 week old mice 

Gene symbol GeneBank 

accession No. 

Gene regulation Gene description and reported 

functions 

Clec4g NM_029465 Up regulated Mediating viral and bacterial pathogen 

recognitions
315

. Also known as 

LSECtin a C-type lectin-like gene 

another possible function as lectin 

receptor
316 

ENSMUST000001

01328 
ENSMUST000001

01328 
Up regulated Similar to Ig kappa chain V-V region 

MOPC 173 – Agilent gene description 
Igj NM_152839 Up regulated Encodes an immunoglobulin joining 

chain. Antigen recognition – antigen 

receptor component
326 

Igh-VJ558 AK007163 Up regulated Encodes an immunoglobulin heavy 

chain,  from the J558 family. Antigen 

recognition – antigen receptor 

component
326 

Ffar2 NM_146187 Up regulated Encodes free fatty acid receptor 2 

expressed predominantly in immune 

cells. Potentially involved in the 

activation of neutrophils and 

leukocytes
359

. Gene and protein 

expression detected in human 

ascending colon
360 

Cd14 NM_009841 Up regulated Encodes CD14 antigen. Microbial 

receptor linked to IBD
361 

Fxyd6 NM_022004 Up regulated Encodes phosphohippolin protein 

which maintains cation homeostasis 

by modulating activity of sodium and 

potassium-ATPases. Primarily 

expressed in brain
362

.  
X75105 X75105 Up regulated mRNA for ASWU1 antibody light 

chain variable region – Agilent gene 

description 
AI324046 AK131185 Up regulated Unknown function. Categorised under 

Immunoglobulins (Antigen 

recognition) by Lewis et al.
363

   
Igh-1a AK007918 Up regulated Encodes immunoglobulin heavy chain 

1 (serum IgG2a). Antigen recognition 

– antigen receptor component
326 
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Table 6.5: Table of top ten significantly differentially expressed genes from genotype related comparison 

between all Il10
–/–

and C57 mice 

Gene symbol GeneBank 

accession No. 

Gene regulation Gene description and reported 

functions 

Slc25a37 AK034948 Down regulated Encodes mitochondrial membrane 

solute carrier
364

 

Ap1s3 NM_183027 Up regulated Encodes adaptor-related protein 

comples AP-1, sigma 3. Adaport 

protein complex 1 in yeast has 

been reported to maintain the 

integrity of the trans-Golgi network 

and early endosomes by mediating 

the transport of proteins between 

these compartments
365

 

Il10 NM_010548 Up regulated Encodes anti-inflammatory 

cytokine interleukin 10. Anti-

inflammatory activity
366

 

Rab6b NM_173781 Up regulated Encodes small GTPase, key 

regulator in brain intracellular 

membrane traffic
367

 

Wdfy1 AK165554 Up regulated Encodes WD repeat and FYVE 

domain containing 1 – Agilent 

gene description. Unknown 

function 

S74315 S74315 Up regulated Unknown function 

AK038254 AK038254 Down regulated Unknown function 

AK019700 AK019700 Down regulated Adult male testis cDNA, 

mitochondrial solute carrier protein 

– Agilent gene description 

5430435G22Rik NM_145509 Down regulated Encodes a small GTPase with 

unknown specific cellular 

function
368

 

Stk25 NM_021537 Down regulated Encodes serine/threonine kinase, 

required for migration of 

fibroblasts in two-dimensional 

wound healing assays
369
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Table 6.6: Table of top ten significantly differentially expressed genes from the comparison between Il10
–/– 

12 

week old and C57 12 week old mice 

Gene symbol GeneBank 

accession No. 

Gene Regulation Gene description and reported 

functions 

Il10 NM_010548 Up regulated Encodes anti-inflammatory cytokine 

interleukin 10. Anti-inflammatory 

activity
366

 

Slc25a37 AK034948 Down regulated Encodes mitochondrial membrane 

solute carrier
364

 

5430435G22Rik NM_145509 Down regulated Encodes a small GTPase with 

unknown specific cellular function
368

 

Ap1s3 NM_183027 Up regulated Encodes adaptor-related protein 

comples AP-1, sigma 3. Adaport 

protein complex 1 in yeast has been 

reported to maintain the integrity of 

the trans-Golgi network and early 

endosomes by mediating the 

transport of proteins between these 

compartments
365

 

Rab6b NM_173781 Up regulated Encodes small GTPase, key 

regulator in brain intracellular 

membrane traffic
367

 

Hdc NM_008230 Up regulated Encodes histidine decarboxylase. 

Histamine forming enzyme
370

 

B230208H11Rik AK045519 Up regulated Unknown function 

Dfna5h NM_018769 Up regulated Implicated in autosomal dominant 

hearing loss when mutated, down 

regulated in human breast cancer
371

 

1100001G20Rik NM_183249 Up regulated Activated by peroxisome 

proliferator-activated receptor 

gamma, upregulated during 

adipogenesis
330

 

4930418G15Rik NM_145692 Up regulated Unknown function 
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Table 6.7: Table of top ten significantly differentially expressed genes from the comparison between Il10
–/– 

6 

week old and C57 6 week old mice 

Gene symbol GeneBank 

accession No. 

Gene Regulation Gene description and reported 

functions 

Slc25a37 AK034948 Down regulated Encodes mitochondrial membrane 

solute carrier
364

 

Ap1s3 NM_183027 Up regulated Encodes adaptor-related protein 

comples AP-1, sigma 3. Adaport 

protein complex 1 in yeast has been 

reported to maintain the integrity of 

the trans-Golgi network and early 

endosomes by mediating the 

transport of proteins between these 

compartments
365

 

AK019700 AK019700 Down regulated Adult male testis cDNA, 

mitochondrial solute carrier protein 

– Agilent gene description 

Il10 NM_010548 Up regulated Encodes anti-inflammatory cytokine 

interleukin 10. Anti-inflammatory 

activity
366

 

AK038254 AK038254 Down regulated Unknown function 

Rab6b NM_173781 Up regulated Encodes small GTPase, key 

regulator in brain intracellular 

membrane traffic
367

 

4930429M06Rik NM_026250 Down regulated Unknown function 

5430435G22Rik NM_145509 Down regulated Encodes a small GTPase with 

unknown specific cellular function
368

 

1700112E06Rik AK007175 Down regulated Hypothetical Leucine-rich 

repeat/Immunoglobulin/major 

histocompatibility complex 

containing protein – Agilent gene 

description 

Mpst NM_138670 Down regulated Encodes mercaptopyruvate 

sulfurtransferase. Role in cysteine 

degradation and cyanide 

detoxification
372
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7 Files from CD accompanying printed thesis 

 

7.1  R-script: Permutation testing for NMR analysis used in chapter 2 

# Author:  Brian Browning  

test <- function(v, exact=T) { 

  a <- wilcox.test(v[case.indices], v[control.indices], exact=exact) 

  a$p.val 

} 

 

med <- function(v, indices) { 

  median(v[indices], na.rm=T) 

} 

 

variance <- function(v, indices) { 

  var(v[indices], na.rm=T) 

} 

 

cor.value <- function(v1, v2, indices) { 

  v1 <- v1[indices] 

  v2 <- v2[indices] 

  r <- cor(v1, v2, method="pearson", use="pairwise.complete.obs") 

  r 

} 

 

cor.p.value <- function(v1, v2, indices, n) { 

  v1 <- v1[indices] 

  v2 <- v2[indices] 

  r2 <- cor(v1, v2, method="pearson", use="pairwise.complete.obs")^2 

  r2.vec <- numeric(n+1) 

  for (x in 1:n) { 

    v2 <- sample(v2) 

    r2.vec[x] <- cor(v1, v2, method="pearson", 

use="pairwise.complete.obs")^2 

  } 

  r2.vec[n+1] <- r2 

  obs.rank <- rank(-r2.vec, ties="random")[n+1] 

  p.val <- obs.rank/(n+1) 

} 

 

setwd("E:/p drive 28-02-2010/NMR/Newly phased original/permutation 

testing") 

data.file <- "T2U.csv" 

out.file <- "T2U.results.csv" 

d <- read.csv(data.file) 

n.perms <- 50000 

 

control.indices <- (d$Strain=="FVB") 

case.indices <- (d$Strain=="mdr1a") 

dd <- d[-c(1:2)] 

 

case.control.p <- apply(dd, c(2), test) 

control.median <- apply(dd, c(2), med, indices=control.indices) 

case.median <- apply(dd, c(2), med, indices=case.indices) 

control.sd <- sqrt(apply(dd, c(2), variance, indices=control.indices)) 
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case.cor <- apply(dd, c(2), cor.value, v2=dd$Histology, 

indices=case.indices) 

control.cor <- apply(dd, c(2), cor.value, v2=dd$Histology, 

indices=control.indices) 

case.cor.p <- apply(dd, c(2), cor.p.value, v2=dd$Histology, 

indices=case.indices, n=n.perms) 

control.cor.p <- apply(dd, c(2), cor.p.value, v2=dd$Histology, 

indices=control.indices, n=n.perms) 

 

results <- data.frame(control.median, case.median, control.sd, 

case.control.p, case.cor, case.cor.p, control.cor, control.cor.p) 

write.csv(results, out.file) 
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7.2 Bin Boundaries used in chapter 3 

This table presents the urine and plasma bins used for multivariate analysis of NMR data. The 

minimum and maximum parts per million (ppm) values for each bin are also presented in the 

table to indicate its location along the NMR spectra.  

 

Urine Bins ppm max ppm min Plasma bins ppm max ppm min 

1 10.02 9.98 1 10.02 9.98 
2 9.98 9.94 2 9.98 9.94 
3 9.94 9.9 3 9.94 9.9 
4 9.9 9.86 4 9.9 9.86 
5 9.86 9.82 5 9.86 9.82 
6 9.82 9.78 6 9.82 9.78 
7 9.78 9.74 7 9.78 9.74 
8 9.74 9.7 8 9.74 9.7 
9 9.7 9.66 9 9.7 9.66 

10 9.66 9.62 10 9.66 9.62 
11 9.62 9.58 11 9.62 9.58 
12 9.58 9.54 12 9.58 9.54 
13 9.54 9.5 13 9.54 9.5 
14 9.5 9.46 14 9.5 9.46 
15 9.46 9.42 15 9.46 9.42 
16 9.42 9.38 16 9.42 9.38 
17 9.38 9.34 17 9.38 9.34 
18 9.34 9.3 18 9.34 9.3 
19 9.3 9.26 19 9.3 9.26 
20 9.26 9.22 20 9.26 9.22 
21 9.22 9.18 21 9.22 9.18 
22 9.18 9.14 22 9.18 9.14 
23 9.14 9.1 23 9.14 9.1 
24 9.1 9.06 24 9.1 9.06 
25 9.06 9.02 25 9.06 9.02 
26 9.02 8.98 26 9.02 8.98 
27 8.98 8.94 27 8.98 8.94 
28 8.94 8.9 28 8.94 8.9 
29 8.9 8.86 29 8.9 8.86 
30 8.86 8.82 30 8.86 8.82 
31 8.82 8.78 31 8.82 8.78 
32 8.78 8.74 32 8.78 8.74 
33 8.74 8.7 33 8.74 8.7 
34 8.7 8.66 34 8.7 8.66 
35 8.66 8.62 35 8.66 8.62 
36 8.62 8.58 36 8.62 8.58 
37 8.58 8.34 37 8.58 8.54 
38 8.34 8.3 38 8.54 8.5 
39 8.3 8.26 39 8.5 8.46 
40 8.26 8.22 40 8.46 8.42 
41 8.22 8.18 41 8.42 8.38 
42 8.18 8.1 42 8.38 8.34 
43 8.1 8.06 43 8.34 8.3 
44 8.06 8.02 44 8.3 8.26 
45 8.02 7.98 45 8.26 8.22 
46 7.98 7.94 46 8.22 8.18 
47 7.94 7.9 47 8.18 8.14 
48 7.9 7.86 48 8.14 8.1 
49 7.86 7.78 49 8.1 8.06 
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Urine Bins ppm max ppm min Plasma bins ppm max ppm min 

50 7.78 7.74 50 8.06 8.02 
51 7.74 7.71 51 8.02 7.98 
52 7.71 7.65 52 7.98 7.94 
53 7.65 7.62 53 7.94 7.9 
54 7.62 7.58 54 7.9 7.86 
55 7.58 7.54 55 7.86 7.82 
56 7.54 7.5 56 7.82 7.78 
57 7.5 7.46 57 7.78 7.74 
58 7.46 7.38 58 7.74 7.7 
59 7.38 7.3 59 7.7 7.66 
60 7.3 7.26 60 7.66 7.62 
61 7.26 7.18 61 7.62 7.58 
62 7.18 7.14 62 7.58 7.54 
63 7.14 7.08 63 7.54 7.5 
64 7.08 7.02 64 7.5 7.46 
65 7.02 6.98 65 7.46 7.42 
66 6.98 6.95 66 7.42 7.38 
67 6.95 6.9 67 7.38 7.34 
68 6.9 6.86 68 7.34 7.3 
69 6.86 6.82 69 7.3 7.26 
70 6.82 6.78 70 7.26 7.22 
71 6.78 6.74 71 7.22 7.18 
72 6.74 6.7 72 7.18 7.14 
73 6.7 6.66 73 7.14 7.1 
74 6.66 6.62 74 7.1 7.06 
75 6.62 6.58 75 7.06 7.02 
76 6.58 6.54 76 7.02 6.98 
77 6.54 6.5 77 6.98 6.94 
78 6.5 6.46 78 6.94 6.9 
79 6.46 6.42 79 6.9 6.86 
80 6.42 6.38 80 6.86 6.82 
81 6.38 6.34 81 6.82 6.78 
82 6.34 6.3 82 6.78 6.74 
83 6.3 6.26 83 6.74 6.7 
84 6.26 6.22 84 6.7 6.66 
85 6.22 6.18 85 6.66 6.62 
86 6.18 6.14 86 6.62 6.58 
87 6.14 6.02 87 6.58 6.54 
88 5.5 5.46 88 6.54 6.5 
89 5.46 5.36 89 6.5 6.46 
90 5.36 5.34 90 6.46 6.42 
91 5.34 5.3 91 6.42 6.38 
92 5.3 5.22 92 6.38 6.34 
93 4.5 4.46 93 6.34 6.3 
94 4.46 4.42 94 6.3 6.26 
95 4.42 4.4 95 6.26 6.22 
96 4.4 4.3 96 6.22 6.18 
97 4.3 4.26 97 6.18 6.14 
98 4.26 4.18 98 6.14 6.1 
99 4.18 4.14 99 6.1 6.06 

100 4.14 4.1 100 6.06 6.02 
101 4.1 4.02 101 6.02 5.98 
102 4.02 3.98 102 4.5 4.46 
103 3.98 3.9 103 4.46 4.42 
104 3.9 3.86 104 4.42 4.38 
105 3.86 3.78 105 4.38 4.34 
106 3.78 3.74 106 4.34 4.3 
107 3.74 3.7 107 4.3 4.26 
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Urine Bins ppm max ppm min Plasma bins ppm max ppm min 

108 3.62 3.5 108 4.26 4.22 
109 3.5 3.45 109 4.22 4.18 
110 3.45 3.38 110 4.18 4.144 
111 3.38 3.34 111 4.144 4.1 
112 3.34 3.3 112 4.1 4.06 
113 3.3 3.26 113 4.06 4.02 
114 3.26 3.22 114 4.02 3.98 
115 3.22 3.18 115 3.98 3.94 
116 3.18 3.1 116 3.06 3.02 
117 3.1 3.08 117 3.02 2.98 
118 3.08 3.01 118 2.98 2.94 
119 3.01 2.98 119 2.94 2.9 
120 2.98 2.94 120 2.9 2.86 
121 2.94 2.91 121 2.86 2.82 
122 2.91 2.86 122 2.82 2.78 
123 2.86 2.82 123 2.78 2.74 
124 2.82 2.78 124 2.18 2.14 
125 2.78 2.74 125 2.14 2.1 
126 2.74 2.7 126 2.1 2.06 
127 2.7 2.66 127 2.06 2.02 
128 2.66 2.62 128 2.02 1.98 
129 2.62 2.58 129 1.98 1.94 
130 2.58 2.5 130 1.94 1.9 
131 2.5 2.46 131 1.9 1.86 
132 2.46 2.38 132 1.86 1.82 
133 2.38 2.3 133 1.82 1.78 
134 2.18 2.15 134 1.78 1.74 
135 2.15 2.1 135 1.74 1.7 
136 2.1 2.06 136 1.7 1.66 
137 2.06 2.02 137 1.66 1.62 
138 2.02 1.97 138 1.62 1.58 
139 1.97 1.94 139 1.58 1.54 
140 1.94 1.9 140 1.54 1.5 
141 1.9 1.86 141 1.5 1.46 
142 1.86 1.82 142 1.46 1.42 
143 1.82 1.74 143 1.42 1.38 
144 1.74 1.7 144 1.38 1.34 
145 1.7 1.66 145 1.34 1.3 
146 1.66 1.62 146 1.3 1.26 
147 1.62 1.58 147 1.26 1.22 
148 1.58 1.54 148 1.22 1.18 
149 1.54 1.5 149 1.18 1.14 
150 1.5 1.46 150 1.14 1.1 
151 1.46 1.42 151 1.1 1.06 
152 1.42 1.38 152 1.06 1.02 
153 1.38 1.3 153 1.02 0.98 
154 1.3 1.27 154 0.98 0.94 
155 1.27 1.22 155 0.94 0.9 
156 1.22 1.14 156 0.9 0.86 
157 1.14 1.1 157 0.86 0.82 
158 1.1 1.06 158 0.82 0.78 
159 1.06 1.02 159 0.78 0.74 
160 1.02 0.98 160 0.74 0.7 
161 0.98 0.9 161 0.7 0.66 
162 0.9 0.86 162 0.66 0.62 
163 0.86 0.82 163 0.62 0.58 
164 0.82 0.78 164 0.58 0.54 
165 0.78 0.74 165 0.54 0.5 
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Urine Bins ppm max ppm min Plasma bins ppm max ppm min 

166 0.74 0.7 166 0.5 0.46 
167 0.7 0.66 167 0.46 0.42 
168 0.66 0.62 168 0.42 0.38 
169 0.62 0.58 169 0.38 0.34 
170 0.58 0.54 170 0.34 0.3 
171 0.54 0.5 171 0.3 0.26 
172 0.5 0.46 172 0.26 0.22 
173 0.46 0.42 173 0.22 0.18 
174 0.42 0.38 174 0.18 0.14 
175 0.38 0.34 175 0.14 0.1 
176 0.34 0.3 176 0.1 0.06 
177 0.3 0.26    
178 0.26 0.22    
179 0.22 0.18    
180 0.18 0.14    
181 0.14 0.1    
182 0.1 0.06    
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7.3  Truncated version of SAS code for binning of NMR spectral data used in 

chapter 3 

/* Author: Bobo Hu */ 

 

libname align "F:\p drive 28-02-2010\NMR\Newly phased original\T1 urine"; 

title "Job run /on &sysdate &systime"; 

options LS=200 PS=62 NOCENTER PAGENO=1 OBS=MAX cleanup;  

 

proc sort data=align.t1urine; 

by ppm; 

run; 

 

data test;           

set align.t1urine;         

  

  

if  ppm<= 10.02082923 and  ppm>= 10.01986202  then bin=

 10.02082923 ;  

if  ppm<= 10.01986202 and  ppm>= 10.0188735  then bin=

 10.01986202 ;  

 

/* Repeated for each spectral region within this range */ 

 

  

if  ppm<= 0.061606465 and  ppm>= 0.060628584  then bin=

 0.061606465 ;  

if  ppm<= 0.060628584 and  ppm>= 0.059650704  then bin=

 0.060628584 ;  

 

run;  

           

proc sort data=test out=bin222;       

    

by bin;           

run;           

           

%macro bin_sum(var,tmp,sum);        

   

proc univariate data=bin222 noprint;      

     

var &var;           

by bin;           

output out=&tmp   n=n sum=&sum;        

    

run;           

%mend bin_sum;           

           

%bin_sum( f3 , tmp1 , f3 );     

%bin_sum( f11 , tmp2 , f11 );     

%bin_sum( m28 , tmp3 , m28 );     

%bin_sum( f1 , tmp4 , f1 );     

%bin_sum( f26 , tmp5 , f26 );     

/* Repeated for every sample in this dataset */    

           

%macro micebin(sum,sheetname);       

    

PROC EXPORT DATA= &sum         
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            OUTFILE= "C:\Documents and Settings\pgra048\Desktop\8G flash 

drive 10-09-09\NMRBinning\Bincreation\t1urine_NewBins"    

        

            DBMS=EXCEL REPLACE;       

    

     SHEET="&sheetname";         

   

RUN;           

%mend micebin;           

*Note: "t1urine_NewBins.xls is the name of the Excel file";  

         

%micebin ( tmp1 , f3 );      

%micebin ( tmp2 , f11 );      

%micebin ( tmp3 , m28 );      

%micebin ( tmp4 , f1 );      

%micebin ( tmp5 , f26 );      

/* Repeated for every sample in this dataset */  
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7.4  R-script: Graphical visualisation of NMR spectra used in chapter 3 

# Author:  Marcus Davy  

 

# 0) -------------------------- Globals Setup ----------------------------

----- # 

  

 # Flag for script debugging 

 DEBUG <- FALSE 

  

  if(.Platform$OS.type == "windows") { 

      setwd("F:/p drive 28-02-2010/NMR/Newly phased original/T1 

Plasma/code") 

   dataDir    <- "F:/p drive 28-02-2010/NMR/Newly phased original/T1 

Plasma" 

   graphDir   <- "F:/p drive 28-02-2010/NMR/Newly phased original/T1 

Plasma/GRAPHS" 

    

 

  } else { 

   # Code and dataset directories 

    dataDir    <- "../INPUT" 

    graphDir   <- "../GRAPHS" 

    dir.create(graphDir) 

  } 

  

 rmExt <- function(fname){ 

   extMatch <- regexpr("\\.[[:alpha:]]{1,}$",   fname) 

   if(extMatch!=-1) { 

     fname <- substr(fname, 0, extMatch-1) 

   } 

     return(fname) 

 } 

  

  

 objSize <- function(x, units="Mb"){ 

   Name <- deparse(substitute(x)) 

   unitsList <- list("Kb"=1e3, "Mb"=1e6, "Gb"=1e9) 

   return( cat("[ Object:", Name, "]\n[ Size:", 

object.size(x)/unitsList[[units]], units, "]\n")) 

 } 

  

 # Screen resolution 

 screenResX <- 1280 

 screenResY <- 1024 

 # Screen dots per inch  

 dpi        <- 96 

 # X11 device Size 

 sizeTweak  <- 0.95 

 X11Size    <- sizeTweak*(screenResX/dpi) 

  

 # Logical for plotting the PDFs 

 plotPDF       <- TRUE 

  

 # 1) ---------------------------- Read in datasets ----------------------

------- # 

 # Specify which dataset option you want here 

  

 option <- 1 
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 if( option == 1 ) { 

   txtFileName <- dir(dataDir, pattern="plasma\\.txt$", ignore.case=TRUE) 

 } else if (option == 2){ 

   txtFileName <- dir(dataDir, pattern="urine\\.txt$", ignore.case=TRUE) 

 } else if (option == 3){ 

   txtFileName <- dir(dataDir, pattern="human\\.txt$", ignore.case=TRUE) 

 } else { 

   stop("[ option:", option, " is not an option]\n") 

 } 

  

 cat("[ loading dataset:", txtFileName, "using option", option, "]\n") 

 print(system.time({ 

   dset <- read.table(file.path(dataDir, txtFileName), sep="\t", 

header=TRUE, check.names=FALSE) 

 })) 

  

 objSize(dset) 

  

 # Create GRAPHS subdirectory based on input file 

 dir.create(file.path(graphDir, rmExt(txtFileName))) 

  

    

 regionsFileName <- dir(dataDir, pattern="Regions\\.txt$") 

  

 config <- read.table(file.path(dataDir, regionsFileName), sep="\t", 

header=TRUE) 

  

 for( i in 1:nrow(config)) { 

   max      <- config$ppmMax[i] 

   min      <- config$ppmMin[i] 

   vlines   <- c(config$vline1[i],config$vline2[i])   

    

   fileName <- as.character(config$filename[i]) 

   cat("[ range:", max, " to ", min, "]\n") 

   # Extract the row positions to subset from: min < ppm < max 

   ind <- which(with(dset, (min < ppm) & (ppm < max))) 

   tmp <- dset[ind,] 

  

 #}   

  

 if(!plotPDF) { 

   X11(width=X11Size, height=X11Size) 

   par(mfrow=c(2,2), ask=TRUE) 

 } 

  

 # Extract first column (ppm) 

   ppm <- tmp$ppm 

 # Remove first column from dataset 

   tmp <- tmp[,-1] 

  

 # 3) Subset 

   nSamples <- 10 

   for( j in seq(1, ncol(tmp), by=nSamples)) { 

     if( DEBUG ) {  #    if( j == 78) { browser()} 

       cat("[ j:", j, ", nSamples:", nSamples, ", ncol(tmp):", ncol(tmp), 

"]\n") 

     } 

  

     if( (j + nSamples -1 ) > ncol(tmp)) { 

       jMax <- ncol(tmp) 

     } else { 
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       jMax <- (j+nSamples-1) 

     } 

     tmpSub <- tmp[j:jMax] 

  

     if (DEBUG) { 

       cat("[ The value of j is:", j, "to", jMax, "]\n") 

     } 

     graphName <- paste( fileName, "_vars", j, "_", jMax, ".pdf", sep="") 

     cat("[ GraphName:", graphName, "]\n") 

  

 # 4) Graphs 

     if( plotPDF ) { 

       pdf(file.path(graphDir, rmExt(txtFileName), graphName)) 

     } 

 # ------------------------------- Matplot -------------------------------

------ # 

     cols <- rainbow(length(1:10)) 

     with(tmpSub, { 

       matplot(ppm, tmpSub, type="l", lty=1, col=cols, ylab="NMR") 

     }) 

      

     bins <-   seq(round(min(ppm), 2),round(max(ppm), 2), by=0.04) 

     abline(v=vlines , lwd=2) 

     columnMatch <- regexpr(".+\\s?\\d+", colnames(tmpSub), perl=TRUE) 

     txt <- substr(colnames(tmpSub), columnMatch, 

attributes(columnMatch)$match.length) 

      

     xtweak <- 0.875 

     ytweak <- 0.975 

     xpos <- diff(par()$usr[1:2]) * xtweak + par()$usr[1] 

     ypos <- diff(par()$usr[3:4]) * ytweak + par()$usr[3] 

  

     if(DEBUG) { 

       cat("[ legend labels: '", paste(txt, collapse=", "), "' ]\n", 

sep="") 

     } 

     legend(xpos, ypos, txt, col=cols, lwd=2, bty='n' , xjust=0.5) 

     plotTitle <- paste(as.character(fileName), j, "to", jMax) 

     

     title(plotTitle,  cex.main = 1,   font.main= 4, col.main= "blue") 

     if( plotPDF ) { 

       dev.off() 

     } 

   } 

  

   if( FALSE ) { 

   # open all files 

     for(k in file.path(graphDir, dir(graphDir))) { 

       browseURL(k) 

     } 

   # remove files 

     unlink(file.path(graphDir, dir(graphDir, pattern="\\.pdf$"))) 

   } 

  

 } 
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7.5  R-script: R code for NMR spectral alignment used in Chapter 3 

# Author:  Marcus Davy  

 

# 0) -------------------------- Globals Setup ----------------------------

----- # 

graphics.off() 

 

DEBUG <- FALSE 

 

# Functions 

rmExt <- function(fname){ 

  extMatch <- regexpr("\\.[[:alpha:]]{1,}$",   fname) 

  if(extMatch!=-1) { 

    fname <- substr(fname, 0, extMatch-1) 

  } 

    return(fname) 

} 

 

objSize <- function(x, units="Mb"){ 

  Name <- deparse(substitute(x)) 

  unitsList <- list("Kb"=1e3, "Mb"=1e6, "Gb"=1e9) 

  return( cat("[ Object:", Name, "]\n[ Size:", 

object.size(x)/unitsList[[units]], units, "]\n")) 

} 

 

 if(.Platform$OS.type == "windows") { 

   setwd("F:/p drive 28-02-2010/NMR/8G flash drive 10-09-09 uni comp desk 

top/NMRbinning/CODE") 

   dataDir    <- "F:/p drive 28-02-2010/NMR/8G flash drive 10-09-09 uni 

comp desk top/NMRBinning/INPUT - T2 plasma" 

   graphDir   <- "F:/p drive 28-02-2010/NMR/8G flash drive 10-09-09 uni 

comp desk top/NMRBinning/GRAPHS/T2 plasma" 

 } else { 

  # Code and dataset directories 

   dataDir    <- "../INPUT" 

   graphDir   <- "../GRAPHS" 

   dir.create(graphDir) 

 } 

 

# Screen resolution 

screenResX <- 1280 

screenResY <- 1024 

# Screen dots per inch  

dpi        <- 96 

# X11 device Size 

sizeTweak  <- 0.95 

X11Size    <- sizeTweak*(screenResX/dpi) 

 

# Logical for plotting the PDFs 

plotPDF    <- TRUE 

 

option     <- 1 

 

if( option == 1 ) { 

  txtFileName <- dir(dataDir, pattern="plasma\\.txt$") 

} else if (option == 2){ 

  txtFileName <- dir(dataDir, pattern="urine\\.txt$") 

} 
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# 1) --------------------------- Load datasets ---------------------------

----- # 

 

#ow <- options("warn", "show.error.messages") 

#options(warn = -1, show.error.messages=FALSE) 

 

#if(class(try(get("dset"))) =="try-error") { # test if object already 

loaded 

#  print(system.time({ 

dset <- read.table(file.path(dataDir, txtFileName), sep="\t", header=TRUE, 

check.names=FALSE) 

pCols <- ncol(dset)-1 

                                        #    save.image() 

#  })) 

#} 

 

#options(ow) 

 

objSize(dset) 

 

regionsFileName <- dir(dataDir, pattern="Regions\\.txt$") 

config <- read.table(file.path(dataDir, regionsFileName), sep="\t", 

header=TRUE) 

 

# 3) --------------------------- Dataset to subset -----------------------

----- # 

 

fileName <- "bin156_158" 

i <- match(fileName, config$filename) 

 

Max      <- config$ppmMax[i] 

Min      <- config$ppmMin[i] 

 

vlines   <- c(config$vline1[i],config$vline2[i])  # c(3.17, 3.16)  

cat("[ range:", Max, " to ", Min, "]\n") 

# Extract the row positions to subset from: Min < ppm < Max 

index <- which(with(dset, (vlines[2] < ppm) & (ppm < vlines[1]))) 

 

tmpVlines <- dset[index,(1:pCols)+1] 

 

ppm <- dset[index, "ppm"] 

cols <- rainbow(length(1:pCols)) 

 

# -------------- matplot -------------- # 

matplot(ppm, tmpVlines, type="n", lty=1, ylab="NMR", main="Before 

alignment") 

abline(v=vlines, lwd=2, lty=2) 

if(pCols <= 10) { 

  xtweak <- 0.775 

  ytweak <- 0.975 

  xpos <- diff(par()$usr[1:2]) * xtweak + par()$usr[1] 

  ypos <- diff(par()$usr[3:4]) * ytweak + par()$usr[3] 

  legend(xpos, ypos, colnames(tmpVlines), col=cols[1:pCols], lwd=2, 

bty='n' , xjust=0.5) 

} 

for(k in 1:ncol(tmpVlines)) { 

  points(ppm, tmpVlines[,k],col=cols[k], pch=4) 

  curve(splinefun(ppm, tmpVlines[,k],  method="periodic")(x), add=TRUE, 

col=cols[k], n=501) 

} 
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ind <- c() 

maximums <- apply(tmpVlines, 2, max, na.rm=TRUE) 

for(column in 1:ncol(tmpVlines)) { 

  # match the maximum[i] vs tmpVlines[,i], for the ppm of interest 

  ind[column] <- match(maximums[column], tmpVlines[,column]) 

} 

ppms <- ppm[ind] 

 

if(DEBUG) { 

  maximums[column] 

  cbind(ppm, tmpVlines[,column]) 

} 

 

# Summary statistics 

if( length(ind) > 30 ) { # draw histogram only if >30 data points 

  X11(xpos=0,ypos=550) 

  hist(ind, breaks=30) 

  Sys.sleep(3) 

  dev.off() 

} else { 

  stem(ind) 

} 

print(summary(ind)) 

 

alignTo  <- round(median(ind)) 

ppmThres <- median(ppm[ind]) 

 

offsets <- c() 

for(column in  1:ncol(tmpVlines)) { 

  offsets[column] <- match(ppms[column], ppm) - match(ppmThres, ppm) 

} 

# Name each offset with dataset column names 

names(offsets) <- colnames(tmpVlines) 

 

 

if( DEBUG ) { 

  offsets2   <-(ind - alignTo) 

} 

# Extract the row positions to subset from: Min < ppm < max 

index <- which(with(dset, (vlines[2] < ppm) & (ppm < vlines[1]))) 

#index <- which(with(dset, (Min < ppm) & (ppm < Max))) 

tmpVlines <- dset[index,(1:pCols)+1] 

 

# Remove first column from dataset 

 

for(column in 1:(ncol(tmpVlines))) { 

  offset <- offsets[column] 

 

  indToShift <- (1:nrow(tmpVlines) + offset) 

  indToShift <- which(seq(nrow(tmpVlines))%in%indToShift) 

 

  if(sign(offset) == 1 ) {         # positive add offset 

    tmpVlines[,column] <- c(tmpVlines[indToShift, column], rep(NA, 

offset)) 

  } else if(sign(offset) == -1 ) { # negative subtract offset 

    tmpVlines[,column] <- c(rep(NA, -offset), tmpVlines[indToShift, 

column]) 

  } 

  cat("[ shifting column:", column, "]\n") 

} 
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if( DEBUG ) { 

  offsets 

  tmpVlines[1:5,] 

  tmpVlines[(nrow(tmpVlines)-5):nrow(tmpVlines),] 

} 

 

X11(xpos=550) 

cols <- rainbow(length(1:pCols)) 

 

# -------------- matplot -------------- # 

matplot(ppm, tmpVlines, type="n", lty=1, ylab="NMR", main="After 

alignment") 

abline(v=vlines, lwd=2, lty=2) 

abline(v=ppm[alignTo], lwd=1, lty=1) 

if(pCols <= 10) { 

  xtweak <- 0.775 

  ytweak <- 0.975 

  xpos <- diff(par()$usr[1:2]) * xtweak + par()$usr[1] 

  ypos <- diff(par()$usr[3:4]) * ytweak + par()$usr[3] 

  legend(xpos, ypos, colnames(tmpVlines), col=cols[1:pCols], lwd=2, 

bty='n' , xjust=0.5) 

} 

for(k in 1:ncol(tmpVlines)) { 

  points(ppm, tmpVlines[,k],col=cols[k], pch=4) 

  curve(splinefun(ppm, tmpVlines[,k],  method="periodic")(x), add=TRUE, 

col=cols[k], n=501) 

} 

 

# -------------------- Save a text representation of offsets -------------

----- # 

# This file is ready to be read back in by the other script 

offsets 

dump("offsets", "t1.urine.TSP.offsets.Rdump") 

 

 

if( DEBUG ) { 

# --------------------------- loess smoothing example --------------------

----- # 

  X11(xpos=550, ypos=550) 

  plot(ppm, tmpVlines[,6]) # --choosing a column without NAs 

  for(k in seq(0.05, 1.1, by=0.1)) { 

    lines(ppm, predict(loess(tmpVlines[,6] ~ ppm, span=k, degree=2))) 

  } 

   

# -------------------------- splines smoothing example -------------------

----- # 

  plot(ppm, tmpVlines[,1]) 

  methods <- c("fmm", "periodic", "natural", "monoH.FC") 

  for(k in methods) { 

    Col <- match(k, methods) 

    curve(splinefun(ppm, tmpVlines[,1], method=k)(x), add=TRUE, col=Col, 

n=1001) 

  } 

   

  xtweak <- 0.875 

  ytweak <- 0.975 

  xpos <- diff(par()$usr[1:2]) * xtweak + par()$usr[1] 

  ypos <- diff(par()$usr[3:4]) * ytweak + par()$usr[3] 

  legend(xpos, ypos, methods, col=1:pCols, lwd=2, bty='n' , xjust=0.5) 

} 
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7.6 R-script: Example R Code for PCA of NMR Experiment 2 mouse urine 

used in Chapter 3 

# Author:  Dr Dug Yeo Han 

 

detach(Data) 

Data<-read.csv(file.choose(),header=T) 

attach(Data) 

Data[1:2,] 

 

Data2 <- Data[-1] 

Data2[1:2,] 

 

Data.t <- t(Data2)#transpose of x 

Data.t[1:2,] 

 

Data.t.pca <- prcomp(Data.t ) 

Data.t.pca.R <- Data.t.pca$rotation 

Data.t.pca.S <- Data.t.pca$x 

Data.t.pca.S [,1] 

Data.t.pca.S 

 

summary(prcomp(Data.t)) 

 

ev.cov <- eigen(cov(Data.t)) 

ev.cov$values 

 

library(pls) 

loadings(prcomp(Data.t)) 

par(mfrow=c(1,2)) 

plot(prcomp(Data.t), "Scree plot",type="lines") # shows a line screeplot 

biplot(prcomp(Data.t)) 

par(mfrow=c(1,1)) 

plot(prcomp(Data.t), "Scree plot") # shows a histogram screeplot  

 

 

#### plot with symbols according to known paramenters #### 

 

#### Experiment 2 Urine codes #### 

 

Data.t.pca.m <- Data.t.pca.S[grep("m",rownames(Data.t.pca.S)), c(1,2)] 

Data.t.pca.f <- Data.t.pca.S[grep("f",rownames(Data.t.pca.S)), c(1,2)] 

 

Data.t.pca.L <- Data.t.pca.S[grep("L",rownames(Data.t.pca.S)), c(1,2)] 

Data.t.pca.M <- Data.t.pca.S[grep("M",rownames(Data.t.pca.S)), c(1,2)] 

Data.t.pca.H <- Data.t.pca.S[grep("H",rownames(Data.t.pca.S)), c(1,2)] 

 

Data.t.pca.E <- Data.t.pca.S[grep("E",rownames(Data.t.pca.S)), c(1,2)] 

Data.t.pca.G <- Data.t.pca.S[grep("G",rownames(Data.t.pca.S)), c(1,2)] 

Data.t.pca.H <- Data.t.pca.S[grep("H",rownames(Data.t.pca.S)), c(1,2)] 

Data.t.pca.J <- Data.t.pca.S[grep("J",rownames(Data.t.pca.S)), c(1,2)] 

Data.t.pca.K <- Data.t.pca.S[grep("K",rownames(Data.t.pca.S)), c(1,2)] 

 

Data.t.pca.c <- Data.t.pca.S[grep("c",rownames(Data.t.pca.S)), c(1,2)] 

Data.t.pca.a <- Data.t.pca.S[grep("a",rownames(Data.t.pca.S)), c(1,2)] 

 

Data.t.pca.b <- Data.t.pca.S[grep("b",rownames(Data.t.pca.S)), c(1,2)] 

Data.t.pca.d <- Data.t.pca.S[grep("d",rownames(Data.t.pca.S)), c(1,2)] 
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#### Score plot 2D #### 

 

#### Experiment 2 Urine graphs #### 

  

#### Strain #### 

plot(Data.t.pca.S[,1], Data.t.pca.S[,2], xlab="PC1", ylab="PC2", 

col="white", cex.lab=1.2) 

 

points(Data.t.pca.m, pch=17, col="red", cex = 1.5) 

points(Data.t.pca.f, pch=17, col="blue", cex = 1.5) 

 

#identify(Data.t.pca.S) 

 

txt<-c('Mdr1a-/-', 'FVB') 

legend("topleft", txt, col=c("red", "blue"), pch=c(17), bty='o', cex = 1.5 

) 

title('Score Plot of Experiment 2 urine mouse strain variation',   

cex.main = 1.3,   font.main= 2, col.main= "black") 

 

####    NMR run date #### 

 

plot(Data.t.pca.S[,1], Data.t.pca.S[,2], xlab="PC1", ylab="PC2", 

col="white", cex.lab=1.2) 

 

points(Data.t.pca.E, pch=17, col="purple", cex = 1.5) 

points(Data.t.pca.G, pch=17, col="green", cex = 1.5) 

points(Data.t.pca.H, pch=17, col="black", cex = 1.5) 

points(Data.t.pca.J, pch=17, col="red", cex = 1.5) 

points(Data.t.pca.K, pch=17, col="blue", cex = 1.5) 

 

#identify(Data.t.pca.S) 

 

txt<-c('7/05/2009', '14/05/2009','21/05/2009', '23/07/2009','29/07/2009') 

legend("topleft", txt, col=c("black", "purple","red", "blue","green"), 

pch=c(17), bty='o', cex = 1.3 ) 

title('Score Plot of Experiment 2 urine NRM run variation',   cex.main = 

1.3,   font.main= 2, col.main= "black") 

 

##### sampling age ##### 

plot(Data.t.pca.S[,1], Data.t.pca.S[,2], xlab="PC1", ylab="PC2", 

col="white", cex.lab=1.2) 

 

points(Data.t.pca.b, pch=17, col="blue", cex = 1.5) 

points(Data.t.pca.d, pch=17, col="black", cex = 1.5) 

 

#identify(Data.t.pca.S) 

 

txt<-c('21 weeks of age', '24 weeks of age') 

legend("topleft", txt, col=c("blue", "black"), pch=c(17), bty='o', cex = 

1.3 ) 

title('Score Plot of Experiment 2 urine age at sampling variation',   

cex.main = 1.3,   font.main= 2, col.main= "black") 

 

###### HIS #### 

 plot(Data.t.pca.S[,1], Data.t.pca.S[,2], xlab="PC1", ylab="PC2", 

col="white", cex.lab=1.5) 

 

points(Data.t.pca.L, pch=17, col="Black", cex = 1.5) 

points(Data.t.pca.M, pch=17, col="blue", cex = 1.5) 

points(Data.t.pca.H, pch=17, col="red", cex = 1.5) 
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txt<-c('Low HIS', 'Moderate HIS', 'High HIS') 

legend("topleft", txt, col=c("black", "blue", "red"), pch=c(17),bty='o' , 

cex = 1.3) 

 

title('Score plot of Experiment 2 urine HIS variation',  cex.main = 1.3,   

font.main= 2, col.main= "black")  

 

##### diet ##### 

plot(Data.t.pca.S[,1], Data.t.pca.S[,2], xlab="PC1", ylab="PC2", 

col="white", cex.lab=1.2) 

 

points(Data.t.pca.a, pch=17, col="blue", cex = 1.5) 

points(Data.t.pca.c, pch=17, col="black", cex = 1.5) 

 

#identify(Data.t.pca.S) 

 

txt<-c('AIN76a control diet', 'curcumin diet') 

legend("topleft", txt, col=c("blue", "black"), pch=c(17), bty='o', cex = 

1.3 ) 

title('Score Plot of Experiment 2 urine diet variation',   cex.main = 1.3,   

font.main= 2, col.main= "black") 
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7.7 R-script: R code for MRA used in Chapter 3 and Chapter 4 

# Author:  Arwa Alzuabi 

# Editors: Dug Yeo Han and Philippa Dryland 

 

       detach(T1plasma.df) 

T1plasma.df<-read.csv(file.choose(),header=T) 

attach(T1plasma.df) 

xx<-(T1plasma.df) 

x<-(xx[,-c(1:3)]) 

 

T1plasma.df  

 

pc=prcomp(x) 

summary(pc) 

 

#PC reduction of bins 

r=cor(x,pc$x[,1:5]) 

R2=r^2 

s_R2=rowSums(R2) 

s_R2 

dummat=R2[order(R2[,1]),] 

dummat 

 

##### variable selection 

library(leaps) 

press.leaps <- function(x,y,which){ 

        apply(which, 1, function(w,x,y){ press(x[,w],y) }, 

x=x, y=y ) 

}                                                                                                     

 

press <- function(x,y){                                                                                    

        ei <- lsfit(x,y)$residuals 

        hi <- hat(x) 

        sum( (ei/(1-hi))^2 ) 

} 

 

dum=leaps(x=x,y=Histology,names=names(x)) 

PRESS=press.leaps(x=x,y=Histology,which=dum$which) 

results=cbind(dum$which,PRESS) 

dummat=results[order(PRESS),] #SORTS RESULTS BY PRESS SCORE 

fix(dummat) 

dummat 

    

full.reg<-lm(Histology~.,data=x) 

summary(full.reg) 

sub.model<-lm (Histology ~  bin78+ bin86+ bin111+ bin145+

 bin161, data = x) 

summary(sub.model) 

par(mfrow=c(2,2)) 

plot(sub.model) 

source("http://www.stat.auckland.ac.nz/~lee/330/R330.txt") 

par(mfrow=c(3,4)) 

influence.plots(sub.model) 

 

 ###for testing model  

  detach(T2plasma.df) 

T2plasma.df<-read.csv(file.choose(),header=T) 

attach(T2plasma.df) 

xx<-(T2plasma.df) 
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x<-(xx[,-c(1:3)]) 

 T2plasma.df  

  

 id=rep(1,nrow(T1plasma.df)) 

 id 

 id2=rep(2,nrow(T2plasma.df)) 

 id2 

 ID=as.factor(append(id,id2)) 

 dat=rbind(T1plasma.df,T2plasma.df) 

 names(T1plasma.df) 

 

### ANOVA to check for significant differences between datasets 

sub.model1<-lm (Histology ~ ID* (  bin78+ bin86+ bin111+

 bin145+ bin161), data = dat) 

sub.model2<-lm (Histology ~  bin78+ bin86+ bin111+ bin145+

 bin161, data = dat) 

anova(sub.model1,sub.model2) 

 

### Prediction of Test dataset 

lm.HIS <-lm(Histology~  bin78+ bin86+ bin111+ bin145+

 bin161, data = T1plasma.df) 

prdTest <- predict.lm ( lm.HIS, T2plasma.df, se.fit=T, 

interval=c("prediction"),level=0.95,type="response") 

prdTest 

 

### Prediction of training dataset 

prdTraining <- predict.lm ( lm.HIS, T1plasma.df, se.fit=T, 

interval=c("prediction"),level=0.95,type="response") 

prdTraining 
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7.8 R-script: R code for PLS used in Chapter 3 

# Author:  Arwa Alzuabi and Marcus Davy  

# Editors: Dug Yeo Han and Philippa Dryland  

    

    ## Setup 

library(pls) 

 

createDF <- function(dframe, pattern="bin", response="Histology") { 

  ## Function to create dataframe of the form: data.frame(y=vector, x=matrix) 

  x    <- as.matrix(dframe[, grep(pattern, colnames(dframe))]) 

  dset <- with(dframe, data.frame(y=get(response),x=I(x))) 

  return(dset) 

} 

 

## 1) Real data 

T1P<-createDF(read.csv(file.choose(),header=TRUE)) 

## Sanity check: 

print(colnames(T1P)) 

print(colnames(T1P$x)) 

 

T1P.pls <-plsr(y ~ x,data=T1P,ncomp=20,validation="LOO") 

summary(T1P.pls) 

T1P.pls$loadings 

 

plot(RMSEP(T1P.pls),legendpos="topright",xlab="Number of Components",main="") 

explvar(T1P.pls) 

plot(T1P.pls,ncomp=5,asp=1, line=TRUE) 

plot(T1P.pls, "loadings", comps=1:5, legendpos="topleft",xlab="bin") 

explvar(T1P.pls) 

R2(T1P.pls,ncomp=13,estimate="all") 

 

## Prediction test dataset 

T2P<-createDF(read.csv(file.choose(),header=T)) 

t2p.predict <- predict(T1P.pls, ncomp = 5, newdata = T2P) 

t2p.predict 

 

## Prediction training dataset 

t1p.predict <- predict(T1P.pls, ncomp = 5, newdata = T1P) 

t1p.predict 
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