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Abstract

The tremendous progress in medical science over the twentieth century has had

a profound effect on the global population, evident in the rate at which it is

ageing. Currently a patient with suspected Alzheimer’s disease has to undergo

rigorous physical, psychiatric and neurological examinations, after which

experienced clinicians are less than 90% confident, the only definitive test being

possible at post-mortem.

Ramanscatteringis the inelastic scattering of light, in which the excitation of a
sample by an incident photon can promptan energytransfer within the vibrational

states of the medium. In this way the technique is sensitive to the molecules

present and the environment in which they are situated. Hence the change in

energy between the incident and the scattered photon can provide important

information regarding the sample composition.

This thesis represents a feasibility study, assessing the potential of Raman

spectroscopy and multivariate analysis in the characterisation of post mortem

brain tissue taken from Alzheimer’s sufferers. In doing so it is intended that the

ability to differentiate the condition from healthy control subjects will be tested

alongside other neurodegenerative diseases acting as additional controls. The

technique will be tested on two parts of the brain, one that readily exhibits the

pathological changes of Alzheimer’s disease and onethathas verylittle symptom

association. In this way the thesis will represent the justification for further

development towards a clinical technique, and demonstrate its potential to be

tested as an adjunct of pathological analysis.

The overall bivariate conclusions describe the increase of both lipid and protein

content in Alzheimer’s disease tissue, with the former being by far the most

dominant. This is of no surprise when studying tissue that has undergone

significant neurodegeneration. This is more specifically identified in univariate

approaches, where peaks correspondingto vibrations within the phospholipids are
particularly evident, thought to be due to the biochemical’s key role in the

neuronal membrane bilayer. Inspections of the protein changes have indicated
that Raman spectroscopy is also sensitive to the change in protein secondary
structure, brought about by the key Alzheimer’s peptide, beta amyloid.

Ultimately the potential of multivariate approaches to delineate different

pathologies has been tested, progressing from small models to larger models

consisting of thousands of spectra for four different pathologies. The use of PCA

as an untrained classification technique has demonstrated through its loading

spectra the ability to classify tissue type consistent with the Raman variations seen

in univariate analysis. Linear Discriminant Analysis (LDA) has been used to

refine the PCA models, feeding class information with PCA scores to produce

definitive models on both the frontal and occipital lobes. The results of this study

clearly show that the potential of Raman spectroscopy to identify the subtle

biochemical differences between Alzheimer’s and control tissue on a large scale.

This is shown bythe correct classification of 98%, 95% and 85% of frontal lobe

spectra on two, three and four group models respectively.



Acknowledgements

I would like to thank all my supervisors for their help, support, and

contributions to this work. Particularly to Dr Caroline Sudworth and Dr Chris

Russell for their day to day guidance and helpful discussions. Thanks also to Dr

Nick Stone for ‘adopting me’ and continuing my guidance, as well as helping to

inspire me with someof the more fundamental parts of the project. Thanksalso to

my supervisors in the School of Clinical Sciences: to Dr Richard Black, Dr Rachel

Williams, and Dr Thien Howfortheir advice. Special thanks should be reserved

for Rachel for pushing me through the final furlong. Each and every supervisor

mentioned here has played a very important role in enabling me to continue my

research when adversity arose, and for that I am immensely grateful.

I would like to pay thanks to Prof. David Mann at Salford Royal Hospital, for

collecting the tissue and letting me useit in this research. I would also like to

thank him for all the neurological background and advice he provided throughout

the four years. In addition to this I would also like to thank the histology

department at Gloucestershire Royal Hospital, for making themselves available to

cut tissue, and provide advice on tissue processing techniques.

I would like to congratulate the people at Lasers for Life and the Biophotonics

Research group for putting up with me and providing me with stimulating

discussion. I would also like to take this opportunity to thank Lasers for Life for

financial backing, andall the additional hard work that the office girls contributed

to make that possible for as long as they could. I would also like to thank the

University of Liverpool for continuing that funding for the second half of my

studies.

Finally a massive thank you should be given to my girlfriend Catherine, my

family, and all my friends. They are the ones who havekept going, kept me sane,

and kept me happy;all whilst suffering my neglect. They will never know how

muchI appreciated it, especially whilst writing up.

ili



Publications

iV

Sudworth CD, Archer JKJ, Mann D, Near Infrared Raman

Spectroscopy for Alzheimer’s Disease Detection. Proc. SPIE, 2005;

5862: 12-19

Archer, JKJ., Black, RA, Mann, D, and Sudworth,D; Principal

Components Analysis of Raman Spectra to Aid the Diagnosis of

Alzheimer's Disease; Lasers in Medical Science, 2005, vol. 20, pp. B10

Sudworth CD, Archer JKJ, Mann D, The Potential of Raman

Spectroscopy for the Diagnosis of Alzheimer’s Disease. Proc. SPIE,

2005; 5969: 312-321

Sudworth CD, Archer JKJ, Mann D, Advances in Raman

Spectroscopy for Diagnosis of Alzheimer’s Disease, SPIE, 2006; 6093:

0OK1-0K8

Archer JKJ, Sudworth CD, Mann D, Black RA, Stone N,

Improvements in Alzheimer's disease diagnosis using principal

components analysis (PCA) in combination with Raman spectroscopy;

Proc. SPIE, 2007; 6628,62810.



Table of Contents

 

 

ADSUraCt oeeceeeeeeeeseeesceseeseesecsecsecsecsecsseseeseesecsecssssasasesessecsecsessacsaseascseesecsesaseaseaeeaes 1

PCTLECIS ase nensans snscaess.unsonsn a sues 548aS AAAS TA ia htsindaindnitnainsndnnannemenmenegnennnann ill

PUubLiCations........eee eeeeeeecesecesecseceseceseceeeeseeesecesecesecseesseeeseceecseceseceaeeseseseeeseeeseenaes iv

Table of Contents 0.0... eececeesceseceseceeeeeeceseceseceseeseeeaeeesecaeeeeeaecesesaeeeeeaeeeseenseeeeees Vv

LAGE OT FUGUES csscisis xansiasninins inentaronnonanoneanveansisnanteasenataneaenaenacanecensnensis1neenageuesuvnounvewene 1x

Tot OFTaorca cesenczcsmmcannsenencamanmarssmnnteasiwensnteneas msn essmensanaawannnessansaeswlsanien exams ess XVil

List of Abbreviations... ececeseesseesceseeseeseeseeseeseceseeseeseesecseeseeeseeeeaeeseeeesaeeaeens XIX

Chapter 1: Introduction _ 1

1.1 PATA ARTIS WYOLcrs erasers scence an nceiNAhSLaRnadannbnnonenmnemcrs 1

1.2 Alzheimer’s Disease and Dementia ..............ccccccescesseeesecesseeeseeeeseeesseeesseeeses 4

1.2.1 Prevalence ...... eee eeseeeseceseeeseceseeceaeeeseeceeeceseeeeeceaeeeeseeneeeeeeeeseeesseeesees 4

1 Dec DSTIOIcaceansecssss ese avenesnsnASACRBAERend 5

1.2.3 Treatment ...... ec ceeeececsecessecesceesseeesseceeeceseeceeeeeseeesseceseeeeseeeeseessaeeeseeensees 8

1.2.4 Current Diagnosis ......... ce ceeeeseeseceseeeseeeeeeeeceseceseceeeeseeeseeeseeeseeeesseeeaeenes 10

1.2.4.1 DSM-IV-TR Criteria (American Psychiatric Association, 2000). 11

1.2.4.2 NINCDS-ADRDACriteria (McKhann, 1984) .0.....0ceeeeee 12

1.2.5 An Historical Perspective..........cccccccescccesssceesseeeeseeeseseesesseeeesseeeeesseeeees 13

1.3 AOE Reaceaseeentreeeetmepeace 14

LS. THe Ae BAGmassa nscss.oxaca.m ses ccnsmar snctisnsn oss a ciao eeu AAtcanc 18

1.3.2 The Pathogenesis of Alzheimer’s disease ............eeeeeeeseeeteeseeeeeeeeeeees 19

1.4 Raman Spectroscopy.......eceecessccssecsseeseesseceseeseceseeeseeseeeaeeeseeeeeeeeeaeeeaeeeeeeeees 23

12 BUN ecemorsseserancecmnenes mnmanecommecmmnarsesenecn uncenmTERRneamenaneNnasebuEmaamaneRD 27

Chapter 2: Overview of the Literature sees 29

ATErecsecersecetseecenesaees easesarneeeGemreneeEERsORaR: 29
2], Potential Plasima-Based TCSts swsssiscnnisaseacamemanmsmeonsameomnasncnasws stenmns cvtsnowasi 29

2.1.1 Enzyme Linked ImmunoSorbent Assays (ELISAS) .........e eee eeeeeeee 30

2.1.2 PrOtCOMICS .......eeecceseeceseeeseeceeeeseeceseeeeseeeseceeseceseeeeaeceseeceaeeeeeceeeeeaeeesaes 30

2.2 Potential Competing Technologies.............cccceecsceeeseeeeeseeeeeeeeeeeseeeeeneeeeeaeees 31

Jeol Position Emission, TOMOCtapy sxsisanesarennnessnanau avesscesupunucacrsncacomains 31

2.2.2 Nuclear Magnetic Resonance (NMR)...........:::cccsseeceeseeeeeteeeeeneeeeeneeeeees 32

2.2.3 Computed Tomography (CT).........ceeeeeeseesseceeeeeseeeeseeeseeeeeeeeseeenaeeeaees 34

Zo Ouastelastie Light. Scqettg pceccrueseserscessxsacoomecraesemmmmenescmmnenemeeane ee

2x2o0 NANOSENSOr TCCNHOLOSY vis acces cccmemacme ramenomensroa 35

2.2.6 Single Photon Emission Computed Tomography (SPECT)................ 36

2.2.7 Fluorescent Specific Dyes...eee ceceeceseesseeeseeseeesesseeeseesseeneeesseeseenaes 36

2.3 Biomedical Applications of Raman Spectroscopy.........ceeesesseeseeseeeseeeees a7

Da A. PURIMOOSOMERSsnsanSesh0AAaSESNeSRANATAGNSE 37

2.3.2 ONCOLOGY «00... eeeeeecceeceeeseeeseeeseeesseeeseeeeaeecsaeeeseecsaeesseecsseeesesesaeeeeseeaeeesaees 38



2D CUAAMairehrc cchaeyeevtsnservsgerssnntnapesssisintbinss cased cocvovasnvxanves 39

 

 

DBAichiteen na cg incn nc tes ere ite np er rcare ev vereereereeeee 40

2.4 Adaptations of Raman Spectroscopy.........scscscsessecererseesseseeessssesssseseseesesees 40

2.4.1 Surface Enhanced Raman Spectroscopy (SERS).........cccscsseesessereeeeeees 40

24.2 Resonance Enhanced Raman SPeCWOSCOPy..ccsecuss.corcsssosconssrersvaseesoeenes 41

2.4.3 Coherent Anti-Stokes Raman Spectroscopy (CARS).........:scseseeeeees 42

2.5 Vibrational Spectroscopic Applications to Cerebral Tissue...........:e 43

2.5.1 Transmissible Spongiform Encephalopathies................ssscssssserearseess 44

D2aaaooreses casera chen wee so esivroyearmnsviverrensorevaneyssggioss 45

Di DMD RONG coos, saa sce censssnsiasunntnokn tourer vicensnuresehnpannilinercsvvenceneners 46

2.5.4 Infrared Spectroscopy of Alzheimer’s Diseased Tissue............1100++ 49

2.5.5 Raman Spectroscopy of Alzheimer’s Diseased Tissue...........:1ee 52

DASycasoos ns owsinsvianv raves Seeennn dvanavens vhesbeascerpeees yn teiees 54

Chapter 3: Theory of Raman Spectroscopy a7

D1 Vine SCSassacirecees es erverncevereoverepil vw endeancdemnnntannianasespavees a7

BDCaSeicso csacnsnsousers covensovoeyeenvnntnapactsnerseeqteregsnssvesvertntnerenes 39

5S COAETURERN TANtoocyba pn cs revs savnrinsnsias anes enlntesnesevnbesenctepeneiscnevettetseaos 62

AURITE stosesnwves en pnnn none ssndlbsa indo ns an banana ican ts SaveNNInbeRenrsonnD 66

Chapter 4: Materials and Methods 69

Ttceeatener asp aseoepcnveeie oy na doryn snag consStave 69

ATT Breil VigSs PiaGSiS 5 .cncecisascsesssasaenesseanenetanascaenyneerscertensneevecnd enepauivoee 69

ALY 2 BoiWiSletN 6.0t cd sssscscnstnssnceves sipersemseevsssaneensueyentnurnasenntensens 69

AES SCC eileeIDocseen ct nw cemnsnvenetonranessesaaanasiensfatsuannigaaseasnnntoes 70

4.1.4 Application Of NEO-PIx Pixative.........crcccsessccsnssrerssesssvesonsessssonsensens 71

AD Remishiaw Raia SpeeM1OMICUCL«cis csnccsnvenssevounrcspsaveeenoencsespuenesressssverestsy snows Ve

4.2.1 Renishaw Raman Spectrometer - System 1O00...........ccccccsnoecsoseronrens de

4.2.2 Renishaw StreamLine™ Plus Raman Spectrometer.............ccccesseeeeees fe)

4.2.3 Sources Of Noise in Raman Spectroscopy «oc... ccciccecosssereseevenerernrseonseves 76

CRaceaactvs sav pans vars ip tn redeslonsronseonieslvnsernsasereetawsnss 78

TF EINgooyietssehln a unas ase pace cantind eadaaneoesinounaennins 80

4.3.1 1200 Lines mm’ Optical Grating Point Spectra Acquisition............... 80

4.3.2 300 Lines mm”Optical Grating ACquiSitiOn ............:sesseseseseesteeeenes 81

4.3.3 Alzheimer’s Brain Tissue and Biomarker Mapping...............:0:sceeee 83

4.3.4 The Use of MATLABand Multivariate Analysis .............cceceeeeeeeeeee 84
43.4.1 PRimerl ©OMBONCIT ANALYSIS .....;-cévcces.neenvigecersooschvocenesevogsennensents 85

4:34.2 Linear Discriminant Analysis (LDA) .ccpccca-cncosecsssscunssatarestarvenesen ces 87

Chapter 5: A Feasibility Study Using High Spectral Resolution Brain Tissue

 Spectra 89

Tagegelaseren jap enen en cerns navies evasanivsnicnen em 89

5.1 Raman Spectra of Cerebral Tissue: A Frontal vs. Occipital Lobe
COTASCioeacco ptiterctencni pun peeves ned cainnd sntnndnshanercedadintiaecs 89

S11 Beetecracks prenetnn en vensaneenenpen en cove rest teerenrneveenansenpenepacs 89

vi



5.1.2 Normalisation to Lipid CHz Deformation Peak (~14400m")veces 92

5.1.3 Unit Mean Normalisation... eeeeseeseeeceeeeeeseeseeceeecseeseeeeseeseeseeeens 95

5.1.4 Effect of Fixation on Tissue Samples.........:cccecceseeseeseeseeseeeeeeeeeseeseens 96

5.2 An Initial Comparison of Alzheimer's and Control Tissue Spectra Using a

High Spectral Resolution Optical Grating System..........cccceeeeeeeeeeteeseeteeees 99

5.2.1 Univariate Comparison of Alzheimer’s and Healthy Control Spectra. 99

5.2.2 PCA to Discriminate Alzheimer’s and Control Spectra of Brain Tissue

Teeny TROt TG Feel TAIscescssestxqexmncmesnanzan snnsinan.anguan sa sannaen shisha batictndonnon 101

5.2.3 PCA to Discriminate Alzheimer’s and Control Spectra of Brain Tissue

Taken from the Occipital Lobe... eeeeceseesceseeseceeeeseeseeseesecseeeeseeeaseneeaes 107

i) LASEROH sd cen ssesiscrasiumuzisssstisnnstcir ia XA NVRAAASA Sh RAASR Th Shan SA Adon nniinhanineemnmomenes 110

5.3.1 Raman Brain Tissue Spectra ........cccccccessccssccesscessecesseeesseessecesseeesseees 110

5.3.2 Potential Raman Differences Between Disease and Healthy Tissue. 114

5.3.3 Capability of Multivariate Analysis in Tissue Characterisation........ 115

Chapter 6: The Formation of Comprehensive Multivariate Models........... 117

INtrOdUCtiON 2.0... eee eeeeceeeeeceseeseeeeeesaeeeseeseeeseeeaeeeaecaeeseeeseeeaeseaeceaeeaeeeaeeeaeenaeeneees 117

6.1 The Potential Use of a 300 Lines mmOptical Grating and Its Effect on

WSFehTIsareso norccarrnen cnn oeraceessunmemimreaineseaerreaatiamasmnenirannis anima 117

6.2 Alzheimer’s Vs. Healthy Control: Multivariate Frontal Lobe Model....... 120

6.2.1 Univariate Analysis... ceccecceeeeseesseeeeeeseeeseeseeeeeseeseseceeseseeeseseseesaees 121

Outed, BIWAEgle FInrsccunusesessarsonerminexoerinennomarencmamancernonnasamennmmeacrs 124

6.2.3 Initial Frontal Lobe Two Group PCA 1.0... eeceeeeceeteeeseeteeeseeeeeeneeeseees 125

6.2.4 Initial Frontal Lobe Two Group PCA-fed LDA Model.................... 130

6.3 DISCUSSION ........cccceeeescesseeseceseeseeeseeeaeesseceessecesecsaecsaeeaeseaeeaeeeseaeeeaeseaeeeeed 133
6.3.1 Implications of a 300 lines mm’ Optical Gratinisi ssvccsmcavesansacnea reves 133

6.3.2 Characterising the Different Tissues with this Optical Grating......... 135

6.3.3 Delineating Diseased and Healthy Tissue Multivariately.................. 136

Chapter 7: A More Rigorous Test of the Application and the Frontal Lobe

 Model 139

BUeaeerroecargacee seen oeeemsommeesmenesaeinesamenaereanmeewnee 139
7.1 Alzheimer’s Vs. Healthy Control: Multivariate Occipital Lobe Model 139

DacDacL TIDYGREES PAYBU sucess liens ca cans os semen cn aa ens sa saeenae McaneNE sa pimaU dasan end 141

7.1.2 Bivariate AnalySis ..........ccccccccccessecesseeeeeseeeeeeeceseeeeeseeeeeeeeeeeaeeeesaeeeees 143

7.1.4 Initial Occipital Lobe Two Group PCA ..0....eeeeceecceeeteceteeeeteeeteeeeeeees 144

7.1.5 Initial Occipital Lobe Two Group PCA-fed LDA Modéel.................. 148

7.2 Addition of Neurodegenerative Control Conditions to Form Multi Group

Models...eeeeeeceesceseeseesecssceeesecsscssecseesececsecesesseesessecseseseeeeaseeeeeeesesaeeeeseeseaees 151

7.2.1 Addition of Huntington’s Disease Tissue: A Three Group Model.... 152

7.2.2 Addition of New Alzheimer’s Samplesto the Frontal Lobe Model .. 163

7.2.3 UnknownStatus Frontal Lobe Samples 9620 and 0313.0... 165

7.2.4 Leave One Out Cross Validation ......... eee eeeeseesseeeeeeeesseeseeeaeesseenes 167

7.2.5 Addition of Lewy Body Disease Frontal Lobe Spectra... 169

Pik IRISOY cs neiccsseqctancaseieevelenacessiemsec sce neus attests ean ntanelnentesieaa aa RoROREN 175

7.3.1 Testing of the Technique Using Occipital Lobe Tissue.............0.00.. 175

7.3.2 Models Tested with the Addition Huntington’s Tissue ................0 179

vil



7.3.3 Initial Attempts at Independent Testing..............ccscssscssssserseseesenerees 180

7.3.4 Testing with the Inclusion of a Similar Dementia: A Four Group Model

«scones nviegoabes EeMMOredSeca20areachspeYeeOeomen 181

Chapter 8: Rapid Raman Mapping of Alzheimer’s Tissue............+sssss0eeeee0e 183

TifRREasaalga deren sseneorene es ieanaencgeeorrauen ciexavenvennevedienyeeres 183

8.1 Grey Matter vs. White Matter Delineation..............ceereseeeeecesssesessoens 183

8.2 Beta Amyloid Depostion ..,...1s.sessevsvreecesinseerenceniarenereenensorsrngresuenwsnsennsaness 188

OhSEWNaesianaisesccnnsinociwoms bene ererynrenoneerdena pune reomesnnnciings 191

8.3.1 The Ability of Raman Mappingto Distinguish Grey and White Matter

Beecacen meeeTewaeectlis eerieeen esparg 191

8.3.2 Identifying the Progress of Raman Pathology with Raman Mapping 192

 Chapter 9: Conclusions and Future Work 195

9.1 Contribution 10 BGCoescecscsacasnstsvandsonsorapssnovsetseanedeuseoaswasincuuanasees 196

9.1.1 Univariate and Bivarialc ObServations.....................scssssnesneoerssennaviensans 196

9.1.2 Two Group Classification MOdeIS.....cs..cvoresscsensnessvevensatsonssesneesoicnnennes 197

OTB Dt Gri MOSScn cc seca ssnvvicentsnvanvonavarvansnesnsveceessessousereaveneverserygoere 198

9.1.4 Implications of Occipital Lobe WoK.............ssssseseecsseerseseeeneseeeens 199

9.1.5 Rapid Raman Mapping of Alzheimer’s Frontal Lobe Tissue............. 199

OIaeerdrg dane ocec ere sawrrensen averse tenyecceorencerteygeonrai 200

9.2.1 Improving the Multivariate Models...............scssssessreresesreesseessssseseeees 200

9.2.2 Working Towardsa Potential Clinical Technique............:::sseceeeeees 201

REPETETCES 2c.deseeeeePecisva ies sav cnc os cts Uansbnsesis covsvenvunceadsvoncsecoseauesdsenesusedlcendetedesom 205

APPeNndix.........ssesesesscesssesesesssesessssscsescseseseseseseseseaeseseneneseseneseneasusususususosucnssssssesssesasassssessnesceceseseneneaeaes I

PYIZEScs cates ciscaiEeENosoAas aat Nasa ea bana ve ne ose uous TTeGucebawedensesonnsesunsssgnavonnanconsgenessteoels I

COMPETENCES scsscscasccesdacecteesccs ese seee Gain cee ssa es Pun Sng UES gh a See ts so aeadeneaeaedaten test shede vbesend ge ruebasea deste dyuteassresese I

Vili



List of Figures

Figure 1.1.1: Current and projected transformation of the global population pyramids over a

hundred year period between 1950 and the year 2050 (Population Division, United Nations, 2002).

2

Figure 1.1.2: Global populations of people aged 60 years or older for over the period from 1950-

2000 (Population Division, United Nations, 2006). 3

Figure 1.1.3: Global population projections for those aged 60 or over between now and 2050

(Population Division, United Nations, 2006). 3

Figure 1.2.1: Pie chart demonstrating the breakdown of the dementia subtypes within the United

Kingdom (KnappandPrince, 2007). 4

Figure 1.2.2: Projected number of people with dementia in developed and developing countries

(Ferri, 2005). 5

Figure 1.3.1: The Brain: (a) the cerebral cortex; (b) the cerebellum;(c) the brain stem. 15

Figure 1.3.2: Typical structure of a neuron 16

Figure 1.3.3: Microtubule Associated Protein, Tau, in the Axon. 17

Figure 1.3.4: Illustration of plaque formation process from APP chain. 20

Figure 1.3.5: Histopathogic image of senile plaques seen in the cerebral cortex in a patient with

presenile onset of Alzheimer disease, using the Congo Red stain (Adapted from:

http://library.med.utah.edu/WebPath/TUTORIAL/CNS/CNSDG005.html). 20

Figure 1.3.6: Illustration of the tangle formation process, where the Tau protein becomes detached

from the microtubule, changing chemically and pairing up with other Tau chains. 21

Figure 1.3.7: (a) Nissl stained brain section from female patient Auguste Deter, 1907. (b)

Bielschowsky stained neurofibrillary tangle found by Alois Alzheimer in 1907. (c) Diagrams of

neurofibrillary tangles found by Alzheimer in 1907. (Adapted from:

http://scienceblogs.com/neurophilosophy/2007/1 1/alois_alzheimers_first_case.php) 22

Figure 1.4.1: Typical Raman spectrum from brain tissue, with common peak assignments. 25

Figure 2.2.1: Energy difference of spin energy states with increased applied magneticfield. 33

Figure 2.4.1: Diagram of scattering processes and how whentheincidentradiation lies within the

optical absorption range of the molecules the intensity of the Raman band maybe increased by a

factor of 10° to 10° in the case of Resonance Raman. 42

Figure 4.1.1: Cutting of bulk tissue samples used in this study, cut with a scalpel from a large

sample block after the discarding of outertissue. 70

Figure 4.1.2: Consecutive sectioning for mapping study, illustrating the fixed

immunohistochemistry stained section for biomarker identification and fresh frozen section for

spectroscopy. 71

Figure 4.2.1: Renishaw Raman Microspectrometer, System 1000 with customised microscope

enclosure. [http://resources.renishaw.com/en/search/documents/inViatRaman+microscope#] 72

Figure 4.2.2: Laboratory setup of Renishaw Raman microspectrometer, Leica Confocal

microscope, and the control PC. 72

1X



Figure 4.2.3: Schematic plan of Renishaw System 1000 Raman microspectrometer, (Renishaw,

2002) 74

Figure 4.2.4: Illustration of the frequency and intensity encoding, spatially on the CCD detector.

75

Figure 4.2.5: Raman spectrum of a sample of Silicon, featuring a prominent peak at 520.05cm".

79

Figure 4.3.1: Positioning of sample and nature of random point spectra acquisition. 81

Figure 5.1.1 (a) Typical Ramanbrain spectrum acquired over 10 seconds oflaser exposure and(b)

24 hour photo-bleached brain spectrum showing underlyingsignal. 90

Figure 5.1.2: Background subtracted mean spectra for each sample,the thick black line is the mean

brain spectrum overall. 91

Figure 5.1.3: Key Raman bands and peaks within the fingerprint region between 800 cm' and

1800cm', displayed for the mean braintissue spectrum. 92

Figure 5.1.4: Background subtracted mean spectra of control tissue taken from the frontal (red)

and occipital (green) lobes. 93

Figure 5.1.5 Background subtracted mean spectra of Alzheimer’s tissue taken from the frontal

(red) and occipital (green) lobes. 93

Figure 5.1.6: Amide I region of background subtracted mean spectra for Alzheimer’s tissue on

frontal (red) and occipital (green) lobes. Theoriginal spectrum of the band (a) is comparedto the

inverted second derivative of the band (b). 94

Figure 5.1.7: Amide I region of Alzheimer’s tissue mean spectra on frontal (red) and occipital

(green) lobes, without background subtraction. The original spectrum of the band (a) is compared

to the inverted second derivative of the band (b). 94

Figure 5.1.8: Sample matched comparison of background subtracted spectra from the frontal and

occipital lobes. 95

Figure 5.1.9: Mean spectral comparison of all four tissue types, including frontal (red) and

occipital (green) lobes for both control (dashed) and Alzheimer’s (solid)tissue. 96

Figure 5.1.10: Mean spectra of fixed and fresh tissue across frontal and occipital lobes, for

Alzheimer’s and control pathologies. This has been performed for samples 9430 (control) and

9712 (Alzheimer’s). 97

Figure 5.1.11: Spectra of fixed (green) and fresh (magenta) tissue from sample to sample: (a)

Frontal lobe 9430; (b) Frontal lobe 9712; (c) Occipital lobe 9430; and (d) Occipital lobe 9712. 98

Figure 5.1.12: Principal component analysis of fresh and fixed tissue is capable of identifying

differences between fresh (magenta) and fixed (green) tissue. 98

Figure 5.1.13: Loadings on principal components 3 (a) and 4 (b) describing how the scores,

observedin figure 5.1.12, separate fresh and fixed tissue spectra. 99

Figure 5.2.1: Comparison of mean Alzheimer’s and healthy control spectra on the frontal lobe,

looking particularly at the fingerprint region (800cm'-1800cm’'). 100

Figure 5.2.2: Comparison of mean Alzheimer’s and control spectra acquired from occipital lobe

brain tissue. 100



Figure 5.2.3: Plot of eigenvalues for the first ten PCs, equivalent to the variance covered by each.

102

Figure 5.2.4: Loadings spectra generated from PCA of preliminary Alzheimer’s and healthy

control data. Shown for PCs 1(a); 2(b); 3(c); 4(d); and 5(e). 103

Figure 5.2.5: Scores plots for healthy control model set and Alzheimer’s dataset. The blue circle

represents 95% variance from the modelset. 104

Figure 5.2.6: PCA scores of an Alzheimer’s brain tissue sample, 9913, omitted from both models,

plotted against (a) Healthy control model data and (b) Alzheimer’s model data. The blue circle

represents 95% variance from the modelset. 105

Figure 5.2.7: Plot of scores from all data both control and Alzheimer’s. In this case control scores

occupy the role of the model data set, 95% variance from which (blue circle) will class as a

positive result. 106

Figure 5.2.8: (a) Scores from Huntington’s disease spectra plotted against healthy control model

data set. (b) Alzheimer’s scores plotted against Huntington’s model data set. 107

Figure 5.2.9: Alzheimer’s sample 9712 PCA scores, plotted with the model data scores being

attributed to healthy control spectra. The blue circle represents 95% variance from the modelset.

107

Figure 5.2.10: Scores plots for healthy Alzheimer’s model set and control dataset based on spectra

truncated to the 800 cm™-1800cm' wavenumberrange. Thebluecircle represents 95% variance

from the modelset. 108

Figure 5.2.11: Plot of scores from all data both Alzheimer’s and control. In this case Alzheimer’s

scores occupythe role of the model data set, 95% variance from which(blue circle) will class as a

positive result. 109

Figure 5.2.12: (a) Scores from Huntington’s disease spectra plotted against healthy control model

data set. (b) Alzheimer’s scores plotted against Huntington’s modeldata set. 110

Figure 6.1.1: Background subtracted mean spectra of control tissue acquired using a (a) 1200 lines

mmand (b) 300 lines mm” optical grating. Arrows indicate spectral regions where key peaks

have beenresolvedbetter in figure (a). 118

Figure 6.1.2: Background subtracted mean spectra for beta Amyloid 42 peptide, acquired using a

(a) 1200 lines mm’! and(b) 300 lines mm’! optical grating. 119

Figure 6.1.3: A 24 hour photo bleached spectrum compared to the signal obtained observing the

loadings of PC3, when PCAwasapplied to 3,721 normaltissue spectra using 300 lines mm. 120

Figure 6.2.1: Subtraction of mean control spectrum from healthy control spectrum, for norrmalised

spectra without backgroundsubtraction. 122

Figure 6.2.2: Background subtracted mean spectra for Alzheimer’s and control spectra acquired

with the 300 lines mm” 122

Figure 6.2.3: Difference spectrum for background subtracted mean spectra, accounting for

Alzheimer’s to control differences. 123

Figure 6.2.4: Ratio ofrelative intensities of 1443cm'' (lipid) to phenylalanine (protein) peak, after

normalisation of background subtracted spectra. 124

Figure 6.2.5: Ratio of relative intensities of 1443cm'! (lipid) to 1665cm' AmideI (protein) peak,

after normalisation of background subtracted spectra. 125

XI



Figure: 6.2.6: ANOVAresults of scores generated over 25 PCs from raw normalised frontal lobe

spectra. 126

Figure 6.2.7: Initial 2 group PCA scores plot on PCs 2 and 3. Consisting of 12,056 Alzheimer’s

and 6,654 control spectra. 126

Figure 6.2.8: Loadings spectra describing the score separation observed in figure 6.2.7,

correspondingto (a) PC 2 and (b) PC 3. 127

Figure 6.2.9: Scores on PCs1 and 2 forthe first derivative spectra. The blue line has been added

as an approximate distinction to help interpret the loadings spectra. The respective datasets

consisting of 12,056Alzheimer’s and 6,654 Controlspectra. 128

Figure: 6.2.10: ANOVAresults of scores generated over 25 PCs from first derivative normalised

frontal lobe spectra. 128

Figure 6.2.11: First derivative loadings spectra for PCs(a) | and (b)2. 129

Figure 6.2.12: Combined PC/LDAscores for (a) Model A: Normalised raw spectra and (b) Model

B: First derivative spectra. The hashed blue square indicates the optimum PCstobefed into the

LDA modelfor each case. 130

Figure 6.2.13: Two-dimensional LDAresults, based on models for (a) Model A: normalised raw

spectra and (b) Model B: normalisedfirst derivative spectra. 131

Figure 6.2.14: The LDF function for the first derivative PCA-fed LDA model of Alzheimer’s

versus healthy control spectra. £33

Figure 6.2.15: Analysis of protein secondary structure from the Amide I band of the mean sample

second derivative spectra. 135

Figure 7.1.1: Scores on PCs 2 and 3 for Alzheimer’s healthy control samples taking from the

occipital lobe. 140

Figure 7.1.2: Scores plots for 50% power 30 second exposure spectra showing separation on PC2

whenplotted against PCs(a) 3 and (b) 7, for Alzheimer’s healthy control samples. 141

Figure 7.1.3 (a) Unit normalised mean raw spectra for Alzheimer’s and control tissue and (b) the

corresponding difference spectrum betweenthe two. 142

Figure 7.1.4: Quintic polynomial fitted background subtracted mean spectra for Alzheimer’s and

controltissue. 142

Figure 7.1.5: Peak ratio comparisonto the relative lipid concentration of the CH2 deformation peak

at 1443cm" for protein peaks corresponding to x axis: phenylalanine (1009cm"); and y axis:

AmideI at 1669cm”. 144

Figure: 7.1.6: ANOVAresults of scores generated over 25 PCsfrom occipital lobe spectra. 144

Figure 7.1.7: Scores contributions from PCs 7 and 12 for for Alzheimer’s healthy control occipital

tissue samples. 145

Figure 7.1.8: Loading spectrum corresponding to PC 7, in which the positive features help to

distinguish Alzheimer’s from control spectra. 146

Figure 7.1.9: Loading spectrum corresponding to PC12, in which the negative features help to

distinguish Alzheimer’s from control spectra. 146

Xii



Figure 7.1.10: Loadings spectra corresponding to (a) PC | and (b) PC 3 for occipital lobe tissue of

Alzheimer’s and control pathologies. 147

Figure 7.1.11: LDA scores for all PCs in the occipital lobe PCA model. 148

Figure 7.1.12: Combined scores after occipital lobe PCA-fed LDA. The hashed red squares

indicate PCs that have been identified to be removed to improve the LDA model. 149

Figure 7.1.13: Optimised LDAscores for the PCA-fed LDA occipital lobe model, minus variation

due to tissue background. 150

Figure 7.1.14: Linear discriminant function for optimised PCA-fed LDA model. 151

Figure 7.2.1: Mean spectral differences between Huntington’s control and Alzheimer’s disease

brain tissue from the frontal lobe. 152

Figure 7.2.2: Difference spectrum between Alzheimer’s and Huntington’s meanspectra for frontal

lobe tissue. 153

Figure 7.2.3: Results of an ANOVAofthe scores generated for 20 PCs, displaying the observed

variance between pathologies on the frontallobe. 153

Figure 7.2.4: Scores contributions from PCs 2 and 3 for Alzheimer’s; healthy control; and

Huntington’s frontal lobe tissue samples. 154

Figure 7.2.5: Results of an ANOVAof the scores generated for 20 PCs, displaying the observed

variance betweenpathologies on the occipital lobe. 154

Figure 7.2.6: Scores contributions from PCs 4 and 6 for Alzheimer’s; healthy control; and

Huntington’s occipital lobe tissue samples. 155

Figure 7.2.7: Combined scores values from all PCA derived PCs using weightings from linear

discriminant function 1. 156

Figure 7.2.8: Combined scores values from all PCA derived PCs using weightings from linear

discriminant function 2. 156

Figure 7.2.9: Linear discriminant scores contributions for Alzheimer’s; healthy control; and

Huntington’s frontal lobe tissue samples. 157

Figure 7.2.10: Linear discriminant function one, corresponding to the positive distribution of

Huntington’s and healthy control scores on this axis, as well as the negative distribution of

Alzheimer’s scores. 158

Figure 7.2.11: Linear discriminant function two, corresponding to the positive distribution of

Huntington’s and a negative distribution of healthy control scores on this axis. Peaks that are

descriptive of Alzheimer’s tissue spectra are spread across both. 158

Figure 7.2.12: Linear discriminant scores contributions for Alzheimer’s; healthy control; and

Huntington’s occipital lobe tissue samples. 161

Figure 7.2.13: Linear discriminant function one, corresponding to the positive distribution of

Huntington’s and Alzheimer’s scores on this axis, as well as the negative distribution of healthy

control scores. 161

Figure 7.2.14: Linear discriminant function two, corresponding to the negative distribution of

Huntington’s and healthy control scores on this axis. Peaks that are descriptive of Alzheimer’s

tissue spectra are distributed positively. 162

xii



Figure 7.2.15: Linear discriminant scores contributions including the additional Alzheimer’s

samples; the healthy control; and Huntington’s frontal lobe tissue samples. 164

Figure 7.2.16: Changes in values of sensitivity and specificity in the three group frontal model

with the addition of new Alzheimer’s samples. 165

Figure 7.2.17: Linear discriminant scores contributions for Alzheimer’s; healthy control,

Huntington’s and 0313 unknownstatus frontal lobe tissue samples. 166

Figure 7.2.18: Linear discriminant scores contributions for Alzheimer’s; healthy control;

Huntington’s and 9620 unknownstatusfrontal lobe tissue samples. 166

Figure 7.2.19: Relative distance between classes on the LDA model containing unknown sample

9620. The important bars in determining the status of tissue sample 9620are indicated by the

asterisk (*). 167

Figure 7.2.20: Training performances of three group modelafter the removal of each sample

shown,oneby one. 168

Figure 7.2.21: Mean spectra of four group frontal model inclusions for (a) Alzheimer’s; (b)

Healthy control; (c) Huntington’s; and (c) Lewy Body dementia pathology groups. 169

Figure 7.2.22: Second derivative analysis of the Amide I band across 4 tissue pathologies:

Alzheimer’s; Healthy control; Huntington’s; and Lewy body dementia. 170

Figure 7.2.24: 2D LD Histogram, showing the multivariate separation between Alzheimer’s and

LBDtissue. 94.8% of the spectra within this model wereclassified correctly. 172

Figure 7.2.25: Linear discriminantfunction describing the multivariate delineation of Alzheimer’s

and LBDtissue spectra. 173

Figure 7.3.1: Zero and second order derivative spectra of the Amide I region for Alzheimer’s

occipital sample 9913. 176

Figure 8.1.1: White light montageof the whole tissue section acquired with x5 objective lens. The

image clearly shows two different regions oftissue within the section. This has been studied

further by way of a smaller image of improvedspatial resolution, identified above by the red box.
184

Figure 8.1.2: White light montage of the small area encapsulated by the red box in figure 8.1.1.

This has been acquired using the same x50 ULWDobjectivelens, as has been used for acquiring

spectra. 184

Figure 8.1.3: Equivalent Raman map of the white light montage featured in figure 8.1.2,

displaying the clear PC delineation of the types of tissue observed within the sample. It is

constructed from the scores calculated on PCS. 185

Figure 8.1.4: Difference spectrum corresponding to mean spectra from regions in both Area A and

Area B of the Raman mapin figure 8.1.3. 186

Figure 8.1.5: Loading spectrum corresponding to the discrimination of scores on PC 5 as

demonstrated by figure 8.1.3. 187

Figure 8.2.1: White light montage of the whole tissue section acquired with x5 objective lens. The

tissue section contains a large amount of holes, borne out of the cutting process and the physical

condition ofthe tissue. 188

XIV



Figure 8.2.2: PC scores on PC2 observed through the application of a Jet false colour map. The

white patches were calcium fluoride spectra that have been removed from the dataset. The areas

marked ‘1’ and ‘2’ have been identified for comparison. 189

Figure 8.2.3: Loadings on PC2 describing the positively scored areascircled in figure 8.2.2. 189

Figure 8.2.4: Inverted second spectra of the Amide I region, taken from the mean of regions 1 and

2 identified in figure 8.2.2. 190

Figure 8.2.5: Reproduction of scores map from figure 8.2.2, but limiting the Jet colourmap to the

middle 90% ofcolours. 191

Figure 9.2.1: Raman probeaccessto the olfactory system (Taken from Hanlon, 2000). 202

XV



List of Tables

Table 1.2.1: Key chromosomesand genetic mutations in early onset Alzheimer’s disease. 6

Table 1.2.2: Literature review oflifestyle risk factors borne out of vascular disorders being a risk

factor for Alzheimer’s disease: '(Kivipelto, 2005), ?(Meyer, 2000), *(Whitmer, 2007), “(Morse,
2006), * (Kivipelto, 2001), °(Kivipelto, 2002), 7(Casserly, 2004), *(Sjogren, 2006), °(Kalmijn,
1997), '°(Luchsinger, 2004), ''(Oksman, 2006), '*(Friedland, 2003), '\(Huang, 2005), '“(Kalmijn,
1997a), ‘Morris, 2005), '°(Martins, 2006), ‘Leahey, 2007), 'S(Petrovitch, 2005), '(Razay,
2006), *°(Rovio, 2005), 7!(de Leeuw,2006). 7

Table 1.2.3: Available treatments and NICE recommendations (‘NICE, 2005; °NICE, 2007), and

corresponding scores on Mini-Mental State Examination (MMSE). 9

Table 1.2.4: NINCDS-ADRDAcriteria classes for Alzheimer’s disease (Mckhann, 1984).The

Pathology of Dementia 13

Table 2.5.1: Amide I and III band peak assignments indicative of the secondary structure of

proteins (Dong, 2003). 53

Table 4.3.1: Comparison of the acquisition time reduction when using a 300 lines/mm optical

grating. 82

Table 5.1.1: Tentative Raman peak assignments of the spectral features observed in a photo-

bleached brain tissue sample. 91

Table 5.2.1: The variance covered by each PC intheinitial frontal lobe model, both in terms of

individual and cumulative contribution. 101

Table 5.2.2: Quantitative descriptions of the delineation of Alzheimer’s and control scores, in

terms of sensitivity and specificity. 106

Table 5.2.3: Quantitative descriptions of the delineation of Alzheimer’s and control scores, in

termsof sensitivity and specificity. 109

Table 5.1.2: Lipid, phospholipids and fatty acid components of Ramanbrain tissue spectra. 111

Table 5.2.4 Quantitative description of initial PCA application to frontal and occipital lobe brain

tissue. 116

Table 6.2.1: Summary of univariate observations of changes exhibited in the spectra of frontal lobe

brain tissue when comparedto healthy controltissue. 123

Table 6.2.2: Breakdown of LDAscoreclassification for (a) Model A: normalised raw spectra and

(b) Model B: normalisedfirst derivative spectra. 132

Table 6.2.3: Derived values of sensitivity and specificity for (a) Model A: normalised raw spectra

and (b) ModelB: normalisedfirst derivative spectra. 132

Table 6.2.4: Peaks specific to Alzheimer’s tissue spectra observed through the describing the

multivariate analysis. 138

Table 7.1.1: Summary of univariate observations of changes exhibited in the spectra of occipital

lobe brain tissue when comparedto healthy controltissue. 143

Table 7.1.2: Derived values of sensitivity and specificity for the optimised occipital lobe PCA-fed

LDA model. 150

XVil



Table 7.2.1: Common peaks between LDFs 1 and 2 for frontal lobe tissue corresponding to the

distribution of Huntington’s disease tissue. 159

Table 7.2.2: Classification of frontal lobe spectra using the three group linear discriminant model.

160

Table 7.2.3: Values of sensitivity and specificity for the three group linear discriminant model of

frontal lobe spectra, taking each group asthe positive result in turn. 160

Table 7.2.4: Classification of occipital lobe spectra, using values from the three group LDA

model. 162

Table 7.2.5: Values of sensitivity and specificity for the three group PCA-fed LDA model of

occipital lobe tissue spectra. 163

Table 7.2.6: Classification of additional Alzheimer’s tissue frontal lobe model using values from

the three group LDA model. 164

Table 7.2.7: Values of sensitivity and specificity for the additional Alzheimer’s tissue frontal lobe

three group model. Each pathology group wastreated as the positive result in turn. 165

Table 7.2.8: PCA-fed LDAclassification results for four group frontal lobe model. 174

Table 7.2.9: Valuesofsensitivity and specificity for the four group frontal lobe model. 174

Table 7.3.1: Bias in terms of pathology of the principle lipid peaks observed in the loadings

spectra for PCs 1 and 7. 177

Table 8.1.1: Lipid increases observed in the difference spectrum and PC 5 loadingsof Areas A and

B from the Raman mapin figure 8.1.3. 187

Table 9.1.1: Performance of frontal lobe multi group models in this thesis, sensitivity and

specificity values are given whenclassifying an Alzheimer’s sampleis the positive result. 198

Table 9.1.2: Performance of frontal lobe multi group models in this thesis, sensitivity and

specificity values are given whenclassifying an Alzheimer’s sampleis the positive result. 199

XViil



List of Abbreviations

ADDL

ADL

AFM

ANN

ANOVA

APES

APP

AB
BMP

BSE

CaF

CARS

CCD

CSF

CT

DNA

DSM-IV-TR

ELISA

FT

FT-IR

GUI

HCC

HIV

LBD

LD

LDA

LDF

MAPS

MCI

MMSE

MRI

NICE

NINCDS-ADRDA

NIR

NMR

PCA

PC

PET

PIB

SERG

SERS

SIMCA

SNR

SPECT

TSE

ULWD

Amyloid Derived Diffusible Ligand

Activities of Daily Living

Atomic Force Microscopy

Artificial Neural Networks

Analysis of Variance

3-Aminopropyltriethoxysilane

Amyloid Precursor Protein

Beta Amyloid

Basic Metabolic Panel

Bovine Spongiform Encephalopathy

Calcium Fluoride Slide

Coherent Anti-Stokes Raman Scattering

Charged Couple Device

Cerebrospinal Fluid

Computed Tomography

Deoxyribonucleic Acid

Diagnostic and Statistical Manual of Mental Disorders, fourth edition

Enzyme Linked ImmunoSorbent Assay

Fourier Transform

Fourier Transform Infrared Spectroscopy

Graphical UserInterface

Hierarchical Cluster Analysis

Human Immunodeficiency Virus

Lewy Body Dementia

Linear Discriminant

Linear Discriminant Analysis

Linear Discriminant Function

Microtubule Associated Proteins

Mild Cognitive Impairment

Mini-Mental State Examination

Magnetic Resonance Imaging

National Institute of Clinical Excellence

National Institute of Neurological Disorders and Stroke in collaboration

with the Alzheimer's Disease and Related Disorders Association

NearInfrared region of the electromagnetic spectrum

Nuclear Magnetic Resonance

Principal Component Analysis

Principal Component

Positron Emission Tomography

Pittsburgh Compound B

Surface Enhanced Raman Geneprobe

Surfaced Enhanced RamanSpectroscopy

Soft Independent Modelling of Class

Signal to Noise Ratio

Single Photon Emission Computed Tomography

Transmissible Spongiform Encephalopathy

Ultra Long Working Distance Objective Lens

XIX



Chapter 1: Introduction

This thesis represents the work performed in an extensive in vitro study into

the application of Raman spectroscopyto cerebral tissue and the proof of concept

of Raman spectroscopy as a potential diagnostic tool in the diagnosis of

dementias. This work is presented with a focus on Alzheimer’s disease; the

results of statistical analysis are presented alongside those of expert pathological

post mortem review. This chapter demonstrates the global requirement for an

improved method in diagnosis of Alzheimer’s disease. The number of

Alzheimer’s sufferers is continually increasing, with the only treatments available

being expensive symptom inhibiting drugs. Given that the nature of the current

gold standard diagnosis is essentially a symptom-based process of elimination; an

early diagnostic test is an ever increasing priority in the field of neurology. The

onset and subsequent development of Alzheimer’s disease and other dementiasis

discussed, in parallel with the typical symptom development, comparing the

common observable results of neurodegeneration across the conditions. This

concludes with a description of how the inelastic scattering of light has the

potential to act as a diagnostic device, in the form of Raman spectroscopy. As

muchas the aging of the global population is testament to the success of medical

science, the induced responsibilities and new challenges are proving difficult to

overcome, requiring an interdisciplinary approach drawn together in the chapter

summary, identifying a potential way forward and the objectives that need to be

met to ensure this potentialis realised.

1.1 An Aging World

The last hundred years has borne witness to someterrific leaps in medical

science ranging from the discovery of penicillin, and its subsequent

implementation as an antibiotic in 1938, to pioneering methods of directly

interacting and repairing the body, such as the first heart transplant in 1967.

Recently other disciplines, such as physics have been introduced to medicine,

enabling us to image the inner echelons of the human body in terms of bone,

tissue and function, including the introduction of ultrasound in the late 1970s,

proving an indispensable tool in the monitoring of a successful pregnancy. The



effect of such advances are now being felt and are evident in the age of humans

across the world, as longevity amongst people increases year on year.
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Figure 1.1.1: Current and projected transformation of the global population pyramids over a

hundred year period between 1950 and the year 2050 (Population Division, United Nations, 2002).

The first major report into the aging of the global population was

commissioned by the United Nations as a contribution to the World Assembly on

Aging (Population Division, United Nations, 2002). Figure 1.1.1 illustrates the

streamlining of the global age population pyramid over a fifty year period

between 1950 and 2000, subsequently followed by a projection of how this trend

is set to continue over the next fifty years. The report broke downthefiguresit

collected into three regions: more developed regions comprising of Europe,

Northern America, Australia, New Zealand and Japan; less developed regions,

comprising of Africa, Asia (excluding Japan), Latin America, the Caribbean and

the regions of Melanesia, Micronesia and Polynesia; and finally the least

developed regionsare the countries defined as such by the United Nations. Figure

1.1.2 illustrates how in thefifty year period from 1950 to the year 2000 the major

contribution to global aging has come from the more developed countries, with

little impact from the less and least developed countries. Observations, such as

those in figure 1.1.2, suggest that the developments in medical science, applied

more readily within more developed regions, have hada significant effect on the

world’s population getting older.
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Figure 1.1.2: Global populations of people aged 60 years or older for over the period from 1950-

2000 (Population Division, United Nations, 2006).

The report was re-published in 2006, presenting absolute figures for 228

countries and areas, regions, and the world as a whole (Population Division,

United Nations, 2006). The report quoted a global increase in the number of

people 60 or over from 11% in 2006 to 22% by the year 2050.
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Figure 1.1.3: Global population projections for those aged 60 or over between now and 2050

(Population Division, United Nations, 2006).

This projection (figure 1.1.3) contains a dramatic increase in influence from the

less developed regions, as the developments in medical science become more



accessible to those countries. This implies that by the year 2050, 1 in 5 people

will be aged over 60, extrapolating further leaves the world facing the prospectof

1 in 3 people being over 60 by the year 2150. In many waysthese figures should

be celebrated, but they do leave medical science with massive challenges, in the

form of dementia which the current understanding of, in terms of the disease

mechanisms, diagnoses, and treatments is extremely vague. This sets the

requirementofthe field of neurology to look further a field to other disciplines in

order to provide urgent answers.

1.2 Alzheimer’s Disease and Dementia

1.2.1 Prevalence

The mostrecentstatistics are those published for the Alzheimer’s Society in a

study commissioned through King's College, London; and the London School of

Economics; providing a detailed picture of the prevalence and economic impactof

the various types of dementia in the UK (Knapp and Prince, 2007). The report

estimates that almost two thirds (62%) of dementia sufferers in the UK have

Alzheimer’s disease, the next major contributor being Vascular Dementia,

accounting for 17% of those with dementia (Figure 1.2.1).
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Figure 1.2.1: Pie chart demonstrating the breakdown of the dementia subtypes within the United

Kingdom (KnappandPrince, 2007).

The report clearly accepts the population aging predictions, discussed in

section 1.1, and provides an indication as to how this will affect the United

Kingdom, speculating that the current figure of 700,000 will rise to over 1.7



million dementia sufferers in the UK by 2051. The anticipated effect of

population aging on the numberof cases of dementia has also been highlighted on

a global scale (Ferri, 2005), predicting that the figure of 24.3 million sufferers

worldwide will double every twenty years, indicating that there will be 81.8

million by the year 2040.
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Figure 1.2.2: Projected number of people with dementia in developed and developing countries

(Ferri, 2005).

Figure 1.2.2 demonstrates the fact that the number of increased cases of

dementia in the world in 2040 is going to be driven by the developing nations,

correlating with the prediction of increased longevity that will be witnessed in

those areas. Thus, it can be seen that the principal catalyst for population aging

and increased cases of dementia is the accessibility to new innovations in medical

science, a school that now has to evolve and adapt new disciplines to meet the

subsequent challenges of the twenty-first century.

1.2.2 Aetiology

There is not one particular known factor responsible for causing Alzheimer’s

disease; it is more likely to be a combination of what are knownas‘risk factors’.

These risk factors can include age, genetic inheritance, environmental factors, diet

and overall general health, howeverit is important to note that Alzheimer’s is not



an inevitable part of aging, nor an accelerationofit, it is a true disease in itself.

That said, age is the biggest risk factor associated with the disease, which

currently affects 1 in 14 of the over 65 population of the UK,a figure rising to one

in 6 for the those over 80 years of age (Knapp and Prince, 2007).

Cases where age has clearly played a significant role in the disease

development are more common and usually described as late-onset Alzheimer’s

disease. Early onset Alzheimer’s disease is the rarer form of the condition and

accountsfor those suffering from the disease below the age of 65, such asthefirst

recognised patient in 1907. It is estimated that there are 15,000 people falling into

this category in the UK (Knapp and Prince, 2007), who probably have positive

family history (Van Dujin, 1994). A positive family history is the second most

important risk factor, accounting for 40% of early onset cases (Tanzi, 2001;

Thinakaran, 1999). The genetic mutations that act as risk factors in early onset

Alzheimer’s occurare listed in table 1.1, below.

 

 

Chromosome Effect Reference

1 AbnormalPresinilin 2 production Sherrington, 1995

14 AbnormalPresinilin 1 production Levy-Lahad, 1995

21 Abnormal APP production. Goate, 1991
 

 

Table 1.2.1: Key chromosomesand genetic mutationsin early onset Alzheimer’s disease.

Over 400 genes have been tested for their association with late onset

Alzheimer’s disease (Waring, 2008; Li, 2008), featuring the ¢4 allele of the

apolipoprotein E gene (ApoE) found on chromosome19, which has been found to

be a risk factor in 50% of cases when associated with infection by the type |

Herpes simplex virus (HSV-1) (Carter, 2007; Itzhaki 2008). This genetic

mutation differs from those mentioned in the case of early onset Alzheimer’s asit

is not a familial inheritance, just a risk factor that is connected with the production

of a protein that can bind to beta amyloid and makeit insoluble.

Varying prevalence rates of Alzheimer’s disease amongst the fields of sex,

ethnicity and geographic region suggest an important role for environmental risk

factors. The most commonly Alzheimer’s associated environmentalrisk factoris

that of aluminium, an abundant metal that is common in modern life and could

enter the body from the environment, diet or medication. Concerns regarding



aluminium have grown since it was demonstrated that it could possibly be a

neurotoxicant over one hundred years ago (Déllken, 1897). The research pace into

aluminium’s association with Alzheimer’s picked up in the 1970s when it was

demonstrated for the first time that aluminium levels were heightened in the

brains of Alzheimer’s patients, particularly those regions containing

neurofibrillary tangles (Crapper, 1973). Whilst a number of subsequent studies

have confirmedthis observation, a significant numberof studies have reported no

association, however the World Health Organisation maintain their stance that

those with a positive association cannot be totally discounted, and levels of

aluminium in drinking water should be kept below 0.2mg/litre (World Health

Organisation, 1997). Other transition metals such as copper, zinc, manganese and

iron have also been associated with the neuropathology of Alzheimer’s disease

(Huang, 2004). A lot of research has been performed demonstrating that vascular

disorders such as hypertension and atherosclerosis are risk factors for Alzheimer’s

disease (de la Torre, 1993, 2004), highlighting the importance oflifestyle risk

factors such as exercise and diet, illustrated in table 1.2, overleaf.

Aetiology plays a significant role in the current diagnosis of Alzheimer’s

disease, discussed in section 1.2.4. A patient’s risk factors are assessed in

determining whether or not they satisfy high risk criteria and subsequently

whether it is likely or not that the patient has developed Alzheimer’s disease.

However a lot of the risk factors discussed above can be perceived as being

generic to a substantial amount of the current UK population, with only the

genetic risk factors providing a specific inclination.

 

 

Lifestyle Risk Factors

Smoking 1-4

Alcoholism 5-8

Highintake of saturated fat 9-15

Sedentarylifestyle 16

Overweight 3,4,17-21
 

 

Table 1.2.2: Literature review of lifestyle risk factors borne out of vascular disorders being a risk

factor for Alzheimer’s disease: '(Kivipelto, 2005), *(Meyer, 2000), *(Whitmer, 2007), “(Morse,

2006), > (Kivipelto, 2001), °(Kivipelto, 2002), ’(Casserly, 2004), ‘(Sjogren, 2006), °(Kalmijn,
1997), '°(Luchsinger, 2004), ''(Oksman, 2006), '*(Friedland, 2003), (Huang, 2005), '*(Kalmijn,
1997a), ‘Morris, 2005), '°(Martins, 2006), '’(Leahey, 2007), '*(Petrovitch, 2005), '*(Razay,
2006), (Rovio, 2005), *'(de Leeuw, 2006).



1.2.3 Treatment

There is no curative treatment for Alzheimer’s disease; however there exists a

range of treatments designed to inhibit the various symptoms of Alzheimer’s

disease. These drugs essentially prevent the breakdown of neurotransmitter

chemicals, which control the electrical signals transmitted through specific

neurons. One example is acetylcholine, a neurotransmitter that is broken down by

an enzyme known as acetylcholinesterase, as such all acetylcholinesterase

inhibitors try to reduce the action of the enzyme in order to improve levels of

acetylcholine. In this way each type of inhibitor is specific, meaning that each

inhibitor concentrates on some neurtotransmitters, and subsequently symptoms,

more than others, some positively and some negatively.

The effectiveness of the drugs is currently subject to debate, especially given

the cost of the drugs to the National Health Service (NHS). One example is

Galantamine, an inhibitor often used to slow the processes causing aggression and

agitation; unfortunately it only seems to affect half of the patients that are

administered it. The effect shown in some patients can occasionally be an

improvement; but more often than not the response is merely to delay the effects

of Alzheimer’s disease. It is the debate into their effectiveness that led to the

National Institute of Clinical Excellence (NICE) reviewing the guidelines

regarding the drugs in March of 2005 (NICE, 2005). In a report NICE

recommended that Memantine, usually prescribed as a latter stage treatment,

should no longer be funded for the latter stage due to doubts regardingits clinical

benefit. In the same report NICE also announced that Donepezil, Rivastigmine

and Galantamine would only be funded if a patient was at a moderate or mild

stage of the condition.



 

 

Drug Commercial Name Mechanism NICE

Reccomendations'”

Donepezil Aricept Promoteslevels of acetylcholine Mild to moderately

by inhibiting acetylcholinesterase. severe.

[10 < MMSE< 20]

Rivastigmine Exelon Promotes levels of acetylcholine and Mild to moderately

butyrylcholine by inhibiting severe.

acetylcholinesterase and [10 <MMSE < 20]

butyrylcholinesterase respectively.

Galantamine Reminyl Promoteslevels of acetylcholine Mild to moderately

by inhibiting acetylcholinesterase. severe.

Also acts on nicotinic neuronal [10 < MMSE< 20]

receptors in the body, prompting

acetylcholinerelease.

Memantine Ebixa Prevents the release of excess Notto be used for

Glutamate from neurons. anything
worse than

moderately severe.
 

 

Table 1.2.3: Available treatments and NICE recommendations (‘NICE, 2005; NICE, 2007), and

corresponding scores on Mini-Mental State Examination (MMSE).

The benefits of the acetylcholinesterase inhibitors (Birks, 2006) and memantine

(McShane, 2006) have been demonstrated in double blinded clinical trials.

Although the effects reported can only be small and vary with disease state, there

are other factors that have influenced NICE’s decision to recommend the

restriction of these treatments. The dominant factor is the current inability to

diagnose the condition without the onset of the very symptomsthe treatments are

meant to inhibit. This has led to a delicate balancing act, reflected in NICE’s

recommendations, that has to ensure the drugs are administered to people

specifically suffering from Alzheimer’s disease without letting the symptoms

progress to the stage where the efficacy of the treatments is reduced again. This

sets up a subsequent conflict in terms of how to determine whatdisease stage a

patient is at, given the lack of accuracy in simply identifying the condition in the

first place. A method suggested by NICE is to use the Mini-Mental State

Examination (MMSE), a test that is already part of the current diagnosis,

discussed in section 1.2.4. The test is not specific to Alzheimer’s disease, nor

does it give a diagnosis of any form but can provide an idea of a patient’s

cognitive ability and an insight into their symptoms. The use of the MMSE was



the only method recommended for assessing disease state (NICE, 2005) which

proved impractical for a patient who is not fluent in the language ofthe test,

suffers from a learning disability or has a sensory impairment. Asa result of a

judicial review in 2007, NICE were forced to amend their recommendations

(NICE, 2007), and place a bit more of the judgement back into the hands of

clinicians.

NICE are expected to review the report in September 2009, howeverit is

extremely unlikely that there will be many major changes. Since the initial report

in 2005, the issue has courted controversy, and featured heavily in the media

given the emotive nature of the recommendations to the families of those who

suffer from Alzheimer’s disease. However, an early diagnostic test, which does

not rely on the observation of symptoms, would go someway to making the drugs

more cost effective to the NHS, and more importantly, to making them more

beneficial to patients.

1.2.4 Current Diagnosis

Currently a patient with suspected Alzheimer’s disease cannot undergo a single

definitive test for diagnosis, but must undergo a set of rigorous physical,

psychiatric and neurological examinations, based on eliminating other conditions.

This process of elimination is responsible for eliminating other potential causes of

the observed symptoms. Not only must a GP compare other forms of dementia,

but must eliminate causes dueto infection, vitamin deficiency, thyroid problems,

brain tumours, head injury and the side effects of drug abuse and depression. For

research purposes, any potential diagnostic technique is often compared to two

accepted sets of diagnostic criteria: those set out in the Diagnostic and Statistical

Manual of Mental Disorders, fourth edition [DSM-IV-TR] (American Psychiatric

Association, 2000); and the criteria assembled by the National Institute of

Neurological Disorders and Stroke in collaboration with the Alzheimer's Disease

and Related Disorders Association, often simply referred to as NINCDS-ADRDA

(McKhann, 1984). Both methods are two stage diagnostic mechanisms that

initially determine whether the patient is suffering from dementia, before

eliminating other dementias by comparison to the clinical features of the

Alzheimer’s disease phenotype. As such, the currently accepted criteria only
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contribute to a probabilistic outcome, with the only definitive criteria outlined in

terms of histopathological examination at post mortem.

1.2.4.1 DSM-IV-TR Criteria (American Psychiatric Association, 2000)

The fundamental criterion of the DSM-IV-TR is that the symptoms must

present obvious memory impairment and impairment in at least one cognitive

domain, from:

e Aphasia: Language disturbance.

e Apraxia: Impairment of ability to perform motor activities despite

motor function beingintact.

e Agnosia: Failure to recognise or identify objects despite intact sensory

function.

e Disturbance in executive functioning: Unable to plan or sequence

efficiently.

The clinical characteristics that satisfy both fundamental criteria also have to

interfere with activities of daily living (ADL), as defined in DSM-IV-TR, now

seen as thresholds for any diagnosis of dementia. A clinician can perform a

various number of neuropsychological tests to assess the symptoms and the

progression. The most commonly performed test in this context is the Mini

Mental State Examination (MMSE)(Pasquier, 1999). The MMSEisa test that

asks questions of the patient’s memory, attention, mathematical calculation and

language, getting every answercorrect results in a score of thirty points. Thetest

is the recommendedstandard of the National Health Service (NHS), on the advice

of NICE, for dictating the treatment available to an Alzheimer’s sufferer. For

example, for an Alzheimer’s sufferer to begin a course of donepezil, rivastigmine

or galantamine then they must score twelve or less on the MMSE. It must be

remembered though that the MMSEis not a diagnostic test in itself, people

suffering from all types of dementia can take it, however it provides a greater

insight into the specific symptomsbeing suffered. Once the cognitive state of the

patient has been established using this method, the elimination of other dementia

begins, initially by assessing the cognitive information that has been gathered.
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The next criterion governs the fundamental nature of dementia, in that the

onset must be gradual, and the cognitive symptoms progressively worsen. The

criteria then sets out three groups, for which the cognitive deficits observed

cannotbe dueto, theseare:

1. Other central nervous conditions that cause progressive cognitive

and memorydeficits, such as: cerebrovascular disease, Parkinson’s

disease, Huntington’s disease, subdural haematoma, normal pressure

hydrocephalus, or brain tumours.

2. Systematic conditions that are known to cause dementia, such as:

hypothyroidism, vitamin Bj deficiency, folic acid deficiency,

hypocalcaemia, neurosyphilis or HIV infection.

3. Substance induced conditions.

In eliminating these conditions a clinician can employ a numberof tests and

technologies, including blood tests for certain conditions (Waldemar, 2007), such

as the thyroid function test and the vitamin Bj2 test. The thyroid functiontest

analyses the blood level of certain hormones that are secreted by the thyroid,

looking for a condition known as hypothyroidism, where levels of the thyroid

hormone are low. Hypothyroidism is a condition that is common amongst the

elderly and, in some cases, causes dementia. The vitamin Bj)» test is the most

common test, as vitamin Bj, deficiency amongst the elderly is commonly

associated with being a cause of dementia. Various imaging modalities are also

available to the clinician, again looking for other possible causes of cognitive

defects such as tumours and accumulations of blood. The established modalities

in the diagnostic process are magnetic resonance imaging (MRI) and computed

tomography (CT), which mayalso be used to assess for any structural damage

casing cognitive deficiency, such as head injury.

1.2.4.2 NINCDS-ADRDACriteria (McKhann,1984)

The NINCDS-ADRDAcriteria (McKhann, 1984) are very similar to those of

the DSM-IV-TRin that they require the presence of a cognitive impairment and a
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suspected dementia syndrome, but with a focus on neuropsychological testing.

The output from the implementation of these criteria is a set of classes, listed in

table 1.4, which describe a clinician’s confidence as to whether the patient is an

Alzheimer’s sufferer or not, providing the basis for what the DSM-IV-TRcriteria

expand upon.

 

 

Class Criteria

Definite e Patient meets the criteria for probable AD.

e Patient has histopathological evidence after autopsy.

Probable e Dementia has been established by neuropsychological and clinical

examination.

¢ Cognitive impairments must be progressive and present in 2 or more

cognitive areas.

¢ Onset of cognitive deficits must have taken place between the ages of 40

and 90.

e¢ Mustbe an absenceof other diseases causing a dementia syndrome.

Possible e There is a dementia syndrome with an atypical onset, presentation or

progression.

e The syndromeis without knownaetiology.

e No co-morbid diseases capable of producing dementia are believed to be in

the origin of the syndrome.

Unlikely The patient presents a syndrome with a suddenonset.

e With focal neurological signs, seizures or gait early in theillness.
 

 

Table 1.2.4: NINCDS-ADRDAcriteria classes for Alzheimer’s disease (Mckhann, 1984).The

Pathology of Dementia

1.2.5 An Historical Perspective

The background to the discovery of Alzheimer’s disease not only provides

valuable information on the first detection of the neuropathological changes, but

also provides an insight into the nature of dementias and how they can differ, and

the evolution of this thinking to the current definitions.

Dementia is defined as being associated with the progressive loss of cognitive

and intellectual functions, without impairment of perception of consciousness;

often caused by a variety of disorders including severe infections and toxins, but

commonly associated with structural brain diseases (Jacobs, 2005). This

definition is quite specific by nature, and contradicts the common misconception

that dementia is merely an effect of age, even though it has a tendencyto effect

the older generations, as well as often being confused with Mild Cognitive
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Impairment (MCI). Indeedit was this differentiation that Alois Alzheimerfailed

to make in 1907, when observing the neuropathological changes in the post

mortem brain of a 51 year old female patient (Stelzmann, 1995). In the early

twentieth century it was believed that any form of mental dilapidation was an

effect of age, with no consideration of specific progressive disorders that we now

know as the dementias. It was this school of thought that drove Alzheimer, a

clinician, and his academic partner Emil Kraepelin, in a quest to discover the

pathological reason for any mental instability, also in an attempt to disprove

Freud’s theory of psychoanalysis. It was the age of the female patient which

made this case particularly unique; being considerably young for someone to

suffer from ‘senile dementia’. Alzheimer postulated that some people maybe

susceptible to brain atrophy at a younger age, due to a genetic weakness in the

central nervous system. However it took Emil Kraepelin, an established

academic, two years later in his famous textbook Psychiatre (Kraepeilin, 1909), to

make the academic world take notice of these unique observations, and

subsequently suggest that there wasa set of specific progressive disorders, and the

newly named Alzheimer’s disease wasthefirst one to be identified.

1.3 The Brain

The majority of the brain’s volume is held within the cerebral hemispheres,

which contain billions of neurons connected by a central network of nerves known

as the corpus callosum. The largest part of the brain is the cerebrum, which is the

typical folded surface often associated with any image of the brain, a folding

pattern which is unique to every individual and forms connectionsto all parts of

the body. The cerebrum is composed of two layers, the outer one being the

cerebral cortex, a layer often referred to as grey matter, that follows the folds and

bulges of the cerebrum andis about 3-Smm thick (Houston, 2007).
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Figure 1.3.1: The Brain: (a) the cerebral cortex; (b) the cerebellum;(c) the brain stem.

The cerebral cortex processes sensory information, controls voluntary

movement and regulates conscious thought. Smaller islands of grey matter also

exist deeper within the cerebrum; these and the cerebral cortex primarily consist

of nerve cells. The paler white matter forms the bulk of the cerebrum and mainly

consists of nerve fibres and axonsthat haveelectrically insulating myelin layers to

speed up transfer of electrical signals along fibres. Myelin is a fatty substance

knownas a phospholipid, a substance which is quite commonin the brain. This

insulating layer is known as the myelin sheath and gives the tissue its ‘white’

colour, differentiating it from grey matter (Pearce, 1989). Hence it is expected

that white matter should contain elevated levels of phospholipid, specifically

myelin.

The central nervous system consists of two general types of cells, glia and

neurons, the former outnumberingthe latter by a ratio of ten to one. Even though

they are so heavily outnumbered by glia, there are over one hundred billion

neurons in the brain, and it is these cells that are responsible for the unique

functions of the brain. These functions can be generalised as: detecting

environmental changes, communicating these changes to other neurons, and

commanding the body’s response to these changes (Bear, 2001). The size of

neuronsandglia is beyond the resolution of the naked eye, and hence can only be

studied using a microscope,first performed in the late seventeenth century. As

light from under the sample was necessary in early microscopes only thin slices
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could ever be used, causing a problem asthe slices were not firm enough, which

led to the birth of fixation in the early nineteenth century. Fixation, coupled with

the invention of the microtome for cutting thin tissue slices opened up the area

now knownas histology. This is the current gold standard used for identifying

diseases in tissue sections. One sizeable obstacle to the particular field of

neurohistology is that the brain has no pigmentation allowing for identification of

different cells, unlike other organs within the body. This was overcome by the

arrival of staining lead by the work of Franz Nissl, a co-worker of Alzheimer and

Kraepelin, the key figures in the classification of dementias. In the late nineteenth

century, Nissl stained the material surrounding the nuclei of neurons, these

clumpsare now knownas Niss| bodies, enablinga distinction to be made between

neurons and glia. These advances have enabled neurohistology to advance our

understanding of the central nervous system, and the cells found there, especially

the neuron.

The neuron consists of two main structural parts, the soma and the neurites.

The somais the swollen, almost spherical section of the neuron mainly consisting

of the nucleus and the cytoplasm. Leading out of the soma are ‘wires’ that carry

electrical impulses knownas neurites, of which there are two types.
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Figure 1.3.2: Typical structure of a neuron

Thefirst type is an axon, identifiable as it has a relatively uniform diameter,

and there is usually only one coming from the soma. There are far more of the
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second neurite, the dendrite, branching off from all over the soma. Unlike axons,

dendrites are not uniform in diameter, tapering off to a point, and are much shorter

than axons. The neuronal membraneis the barrier that surrounds the perimeter of

the neuron, excluding specific substances, whilst remaining porous to other

substances. The neuronal membraneis supported by a cytoskeleton, a principal

structure which the membrane is ‘draped’ around. The cytoskeleton is not fixed

though, it is a dynamicstructure, constantly adapting to continual motion.

   
Microtubule
A.

 

  

  
Microtubule sub-units

Tau (MAP)

Axon

Figure 1.3.3: Microtubule Associated Protein, Tau, in the Axon.

The cytoskeleton consists of three essential parts that act as ‘scaffold’ in

supporting the structure, these are microtubules, neurofilaments and

microfilaments. Microtubules are particularly responsible for the structure of the

neurites, like the other essential parts, they have a pipe-like structure, the diameter

of which being approximately 25 nanometres. The pipes consist of braided

strands, each strand being a polymer of tubulin molecules. The polymerisation

and depolymerisation of the tubulin molecules is governed by various proteins

known as microtubule associated proteins (MAPS) (Bear, 2001).

Neuronsplay a crucial role in communicating instructions to different parts of

the brain, andto the rest of the body, for every activity we do. An axon transmits

electrical signals from the somato other cells. Transmission to other cells at the

end of the axon occurs as the electrical signal prompts the release of a chemical

known as a neurotransmitter to a dendrite of the receiving cell across a small gap

knownas a synapse. The neurotransmitter can bind to a specific receptor site on

the dendrite which opens a channel in the cell membrane, allowing transmission

to the cell’s interior. Neurons differ from normal cells in the body, in that they

can live for up to one hundred years, due to this they have a tendency not to be
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replaced like normal cells. This implies that once a neurondies,it is lost forever,

and the network that controls every activity we do suffers. This is due to the fact

that axons also supply the cells with vital glucose and oxygen to function; a

disconnection due to cell death can have a knock on effect on the neurons it was

previously connected to causing a chain reaction and a progressive loss of brain

function. Glucose and oxygenare particularly importantin the life of a neuron, as

to maintain their long life a neuron has to continually remodelitself; if this

metabolic process is slowed the neuron coulddie.

1.3.1 The Aging Brain

As a humangets older changes take holdin all parts of the body, and the brain

is no exception. The most commonfeature of an aging brain is the shrinkage of

neurons; this tends to affect the larger ones primarily, those playing key roles in

learning, memory, planning and other complex mental activities. As has been

previously mentioned, disconnection of neuron can prompt neuronal death andthe

subsequentchain reaction.

The reactive nature of any atom is governed by its electronic structure, and

when an atom loses an electron, leaving an unpaired electron in its outermost

shell, the atom becomes an extremely reactive species knownas a free radical. At

a time when most people refused to conceive the mere existence of free radicals in

a biological environment, the ‘Free Radical Theory of Aging’ (Harman, 1956)

was suggested as a mechanism for decreased mental capabilities amongst the

older population. This theory describes how cells in the body are constantly

producing free radicals due to certain positive traits such as killing infection.

Howeverthe extremely reactive nature of these particles means they can easily

react with molecules, possibly having a detrimental effect on the health ofa cell,

constant radical damage can kill a cell, and when enough cells are killed, the

organism ages. This is applicable to the neuronsin the brain, where DNAin the

neuronal membraneisparticularly susceptible to the oxidation reaction a molecule

undergoes whenit reacts with a free radical. The knock on effect of this reaction

is two fold:
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e The delicate mechanismsthat govern the control of what can enter or

leave the cell can be mutated, which given the high metabolic rate

required from a neuron, could kill thecell.

e From everyfree radical reaction, more free radicals are generated as a

by-product, meaning a chain reaction of oxidations within the neuron.

Finally the formation of plaques and tangles also occurs naturally as humans

age, but only in small amounts compared to those at the onset of Alzheimer’s

disease.

1.3.2 The Pathogenesis of Alzheimer’s disease

The understanding of what prompts the onset of Alzheimer’s diseaseis still

very limited, however the process of what actually happens to the brain is

understood to begin between 20 and 30 years before the very first visible

symptoms (Davies, 1988). It is at this phase when the hallmarks of Alzheimer’s

begin to take hold of the brain without symptomatic impact, until a threshold

plaque and tangle load is reached and the condition manifests itself as Mild

Cognitive Impairment (MCD),a condition often regarded as the transitional phase

between age induced dementia and Alzheimer’s disease (Peterson, 2004). On a

gross scale, the effects of the condition can be observed in the atrophy of the

effected areas of the brain, from this understandingit is believed that Alzheimer’s

begins in the entorhinal cortex, followed by the neighbouring hippocampus, and

accompanied by the enlargementof the ventricles. On a microscopic scale there

are two principal biomarkers that appear in areas of brain following the

occurrence of gross atrophy.

The ‘Amyloid Cascade Hypothesis’ proposes that the onset of Alzheimer’s is

attributed to a protein responsible for helping neurons in the crucial process of

repairing themselves (Hardy, 2002). Amyloid precursor protein (APP) is a

protein associated with the neuronal membrane, however on production exists

both partially in and outside the cell. Beta amyloid (AB) formation occurs as a

result of enzymes ‘snipping’ the protein chain that is outside the neuron, it is

believed that this effect on the delicate balance between the production and

clearance of Af dictates the pathogenesis of Alzheimer’s disease, and the

subsequent appearanceofthe different pathological hallmarks of the condition. It
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is understood that once AB comesout of the APP, it undergoes a conformational

change from an alpha helix to a beta pleated sheet secondary structure as amyloid

fibrils are formed (Ohnishi, 2004). The amyloid fibrils can accumulate and

aggregate in between neurons forming roughly spherical insoluble lesions

throughoutthe cerebral cortex. These accumulations form senile plaques, largely

consisting of AB (Masters, 1985) which continually grow until they take over a

neuron and promptits death (Bear, 2001).
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Figure 1.3.4: Illustration of plaque formation process from APP chain.

The term ‘senile plaque’ is the term generally used to cover a wide range of

lesions that contain extracellualar amyloid, specific ones include: ‘neuritic plaque’

to describe those with prominent neuritic elements; and ‘amyloid plaque’ to

describe those exclusively composed of amyloid (Dickson, 1997). Alzheimer

recorded the presence of senile plaques, when studying the cerebral cortex of a

female patient in 1907, noting “miliary foci...which represented the site of

decomposition of a peculiar substance in the cerebral cortex” (Stelzmann, 1995).

Several reports (Mckee, 1991; Markesbery, 1993) clearly state that the abundance

of these biomarkers correlate with the severity of the dementia in Alzheimer’s

disease.

 

Figure 1.3.5: Histopathogic image of senile plaques seen in the cerebral cortex in a patient with

presenile onset of Alzheimer disease, using the Congo Red stain (Adapted from:

http://library.med.utah.edu/WebPath/TUTORIAL/CNS/CNSDG005.html).
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The formation of the second pathological hallmark of Alzheimer’s disease is

believed to occur as a knock on effect on the formation of senile plaques (Hardy,

2002), but differs from the senile plaque in that it forms within a neuron’s interior.

The processes that account for its formation havetheir basis in the substructure of

the neuron, knownas the cytoskeleton, commented on in section 1.3.2. The part

of the cytoskeleton that is particularly relevant to Alzheimer’s disease is the

microtubule; microtubules form the substructure of one of the most fundamental

parts of the neuron, the axon, as illustrated in figure 1.3.6. Formation of the

neurofibrillary tangle can be tracked back to the detachment of the MAP

associated with the axon, known as the Tau protein, as it undergoes

polymerisation with other Tau molecules. This prompts the microtubules to lose

their structure and accumulate in the soma, and a subsequent two tailed

mechanism of neuronal death. Thefirst is that of tangle formation, progressively

increasing in size and eventually overcoming the cell. Both mechanismsresult in

the neuron becoming disconnected from the nervous system, none more so than

the effect on the primary connective structure, the axon. The disassembly of the

microtubule inhibits the axonal flow, not only in the transmission of signals but in

the provision of the cells key metabolites.

Microtubule Microtubule

cesub-units ‘Microtubule sub-units

Tau (MAP)

 

Figure 1.3.6: Illustration of the tangle formation process, where the Tau protein becomes detached

from the microtubule, changing chemically and pairing up with other Tau chains.

The residual tangles are primarily composed of hyperphosphorylated tau

protein (Grundke-Iqbal, 1986; Nukina N, 1986); long fibrous proteins braided

together forming paired helical filaments as opposed to the pipe like structure of

the original microtubules (Bear, 2001). In 1907 Alois Alzheimer used a silver

stain to observe neurofibrils that had arranged themselves parallel and had

become thick and impregnable. Alzheimer reported that other fibrils appeared to

have degenerated further and formed dense bundles within the neuron.
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Subsequent observations suggested further stages of degeneration were also

reported as other neurons showed bundles of fibrils inside them getting larger

towards the surface of the neuron, some neurons having disappeared completely

leaving a large dense bundle. Another key point made by Alzheimer wasthatthe

silver stain that he had applied successfully to pigment fibrils that had undergone

some degree of degeneration, had not pigmented normal neurofibrils, leaving

Alzheimerto conclude that during the process of degeneration, the substance that

é
Figure 1.3.7: (a) Nissl stained brain section from female patient Auguste Deter, 1907. (b)

Bielschowskystained neurofibrillary tangle found by Alois Alzheimer in 1907. (c) Diagrams of

neurofibrillary tangles found by Alzheimer in 1907. (Adapted from:

http://scienceblogs.com/neurophilosophy/2007/1 1/alois_alzheimers_first_case.php)

makesupthefibrils changes biochemically (Stelzmann, 1995).

  
A

Significantflawsin the current clinical diagnostic criteria could be attributed to

the considerable overlap in neuropathology with other dementias, such as Lewy

Body dementia (Lopez, 2002). In fact it is anticipated that less than a third of

people diagnosed with definite Alzheimer’s disease have pure Alzheimer’s

pathology (Lim, 1999). The hyperphosphorylation process which is fundamental

in converting tau protein into paired helical filaments and subsequently tangles is

common to a group of neurodegenerative conditions including Alzheimer’s,

known as taupathies (Alonso, 2001). This also presents an overlap in pathology

as taupathies can also exhibit neurofibrillary tangles; these conditions include

progressive supernuclear palsy, corticobasal degeneration, frontaltemporal

degeneration and Pick’s disease.
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1.4 RamanSpectroscopy

Vibrational spectroscopy (infrared and Raman) has significant advantage

over other physical techniques and spectroscopies in the analysis of biological

molecules, in that there is a large range of Raman andinfrared active transitions

arising from the specific functional groups of biological molecules. In

comparison to other spectroscopic techniques, vibrational methods are slightly

less invasive in the sense that they do not require extrinsic probe molecules such

as spin labels or fluorescent probes, making the technologies particularly

attractive to application in medicine.

As a tool in the diagnosis of neurodegeneration, Raman spectroscopy must

satisfy a numberofcriteria, generic to any approach, which define improvement

over what is currently available. A fundamental requirement in neurological

diagnosis is not only the ability to differentiate healthy control from diseased

State, but to demonstrate delineation between the different forms of

neurodegeneration. This is especially difficult in the current clinical diagnosis of

the dementias due to the considerable overlap of symptoms. It also represents

problems in all currently researched potential diagnostic approaches, which

almost exclusively focus on the identification of pathological biomarkers. In

actual fact there is also a considerable overlap in pathology, as discussed in

section 1.3.4. In this sense Raman spectroscopy must prove to be an objective

approach, being ableto classify a tissue sample without the need for results to be

analysed subjectively, and should therefore be able to identify biochemical

changes that occur throughout the tissue, in addition to the presence of

pathological markers. It is of no surprise that, given the increased difficulty of

differentiating other dementias, a successful technique that demonstrates

significant progress is one that is specific in distinguishing other dementiaasit is

sensitive to identifying Alzheimer’s disease, to a degree of 80% or more (The

National Institute on Aging Working Group, 1998). Any technique should also be

reliable, reproducible, non-invasive, simple to perform and inexpensive.

Ramanis the junior of the two vibrational spectroscopies, the effect itself being

born out of a numberof publications by Chandrasekhara Venkata Ramanin 1928,

almost 128 years after the discovery of the infrared region of the electromagnetic

spectrum by William Herschel. In 1917 Raman wasoffered the Sir Taraknath
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Palit Professorship in Physics at Calcutta University, a position that required him

to travel back and forth to Europe. This would have a huge impacton his future

work on two fronts: the first of which was working with Lord Rayleigh; and

secondly the observations he made whilst on the ships that carried him to and

from Europe. Raman spent a lot of time contemplating Rayleigh scattering of

light, as he observed the blueness of the ocean as reflection of the sky onits

surface. Raman could not understand whyhe observed opalescencein icebergsas

well as the deeper sea, and undertook a mini study aboard the ship, a mini study

that led to an obsession with the process of scattering. Although Raman proposed

the theory in 1922, it was several years later in 1928 when Raman, aided by

students looking at scattering from many different materials, first observed a faint

green glow in glycerine and reported it. It was confirmed independently by

Russian scientists Grigory Landsberg and Leonid Mandelstam, whoironically

observed it a week earlier but did not report it. Raman described the faint green

glow as being due to a “secondary radiation” and subsequently proof

demonstrating his theory behind the opalescence he observed in icebergs. The

effect, now known as the Raman Effect, and all his work on the scattering oflight

earned him the Nobel Prize for Physics in 1930, becomingthe first Indian to earn

the prestigious accolade.

Ramanspectroscopyis essentially the inelastic scattering of light, described by

the collision and exchange in energy between an incident photon and a molecule

of the target material. Upon collision with a molecule an incident photon will

excite the molecule into a modeof vibration that is dependent on the arrangement

of the atomic nuclei and chemical bonds within the molecule. This vibration can

be described by the specific energy the molecule exchanges with the incident

photon, a subtle exchange that is evident in the scattered photon due to the

conservation of energy. The changes in energy can mosteasily be observed in the

change of wavelength of the scattered photon that occurs as a result. Hence a plot

of the intensity of scattered photons with respect to the change in energy from the

monochromatic incident beam provides a molecular fingerprint in the shape of a

Raman spectrum. The change in energy is referred to as the Ramanshift,

measured in wavenumbers (cm), and the zero point on the Raman shift axis

implies no energy change, being the energy of the excitation photon. Raman

peaks are specifically narrow, corresponding to the vibration mode of
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corresponding bonds, and hence the intensity of a peak relates to how Raman

active that particular bond or molecule is.
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Figure 1.4.1: Typical Raman spectrum from brain tissue, with common peak assignments.

The first application of the Raman Effect as a spectroscopic tool wasits use in

determining that amino acids are dipolar ions (Edsall, 1936). This work was also

significant in that it was performed on molecules in aqueous solution,

demonstrating Raman’s significant advantage overinfrared at that time, being less

susceptible to the effects of water, an omnipresent feature in biological materials.

However Raman spectrometers did not become a commonfeature in analytical

laboratories due to certain technical obstacles such as the requirement of long

acquisition times There was also subsequent development of Fourier transform

infrared spectroscopy (FT-IR) in the late 1970s which resolved someof the water

issues that traditional dispersion infrared failed to cope with.

The implementation of Raman spectroscopy wasoriginally held back dueto its

technological inadequacies in relation to tissue media. Biological tissue is an

incredibly heterogeneous medium, implying that many spectra, across a

sufficiently large area need to be acquired in order to describe the tissue

accurately, something which proved difficult with the long integration times

required by the someof the early spectrometers. In addition to this, biological

tissue readily absorbs light, resulting in large amounts of fluorescence if

illuminated by visible light, again employed by the early spectrometers. Recent

technical advancements addressing these issues have contributed to optimising the
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delicate balance that is essential to making a good Raman measurement. This

balance is described by the trade off between exploiting a relatively weak Raman

signal to distinguish changesin low concentration molecular constituents against a

required limitation of laser power densities, so as not to adversely affect the

tissue. The advent of lasers sources in the early 1960s enabled Raman

spectroscopy to take advantage of the near-infrared (NIR) region of the

electromagnetic spectrum. This was one of the most fundamental technological

advancements in observing a Ramanscatter, due to the inability of NIR radiation

to induce electronic absorption in tissue chromophores, substantially reducing the

effect of fluorescence on a Raman signal. Similarly the holographic notchfilter

provided a method of removing light with the same wavelength as the excitation

beam from the scattered radiation, a result of Rayleigh scattering. The other

fundamental development that helped transform Raman spectroscopy into an

essential analytical tool was the charged couple device (CCD) that when paired

with the solid state laser, has enabled high signal-to-noise (SNR) spectra within

short integration times.

The capability of Raman to overcometraditional technological obstacles in the

analysis of tissue coupled with developments of potential in vivo technology

through the advancementoffibre optics has prompted extensiveinvestigation into

the potential of the technique on multiple tissues and in the diagnosis of various

medical conditions. The most significant advancements have beenin the field of

oncology, wherethe potential of Raman spectroscopyis beingrealised not only as

a diagnostic tool, but a method of pathological assessment of disease progression

(Stone, 2002; Kendall, 2003). Such studies have showngreat potential on tissue

from the larynx, tonsil, oesophagus, stomach, bladder and prostate taken during

endoscopic or routine surgical processes. Raman application to brain tissue is

limited; however the momentum carried by Raman application to cancerous tissue

has begun to betransferred to the various forms of brain tumour. Even though

Ramanspectroscopy plays a minorrole to infrared spectroscopy in the brain, a

wide range of Raman techniques are being applied to human and animaltissue.

Techniques such as Coherent Anti-Stokes Raman Scattering (CARS) have been

applied to animal tissue in order to differentiate brain structures (Evans, 2007);

whereas high wavenumber Raman spectroscopy has shown that this is also

possible on humantissue (Koljenovic, 2005). Attempts to use classical Raman
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are limited but have proved successful, both in the case of animal (Amharreff,

2007) and human (Krafft, 2006). This shows potential for the expansion into the

full realm of neurodegenerative conditions and to rival the dominance of infrared

in this field. Raman spectroscopystill has the advantage of beingless sensitive to

water, but it is in analysing the smaller tissue constituents where Ramanhas the

potential to excel. The spectrally narrow peaks commented on earlier, differ

greatly to the wider peaks of infrared making Raman especially good at

determining specific compounds and concentrations of the resulting tissue

constituents.

1.5 Summary

This introduction chapter quite clearly demonstrates that dementia is going to

become an increasing priority over coming years, particularly in the case of the

most common form of dementia, Alzheimer’s disease. Unfortunately medical

science is currently unprepared for this increase, not just in terms of the diagnosis

itself but also in terms the current availability of treatment. The nature of the

limited treatments and the cost of funding a course of such drugs mean an early

diagnostic test could be of benefit not only to the patient and clinician, but also to

the NHS.

The objective of this thesis is to lay the foundations of the successful

application of Raman spectroscopy in the diagnosis of dementia with a focus on

Alzheimer’s disease. It identifies the key biochemical and morphological Raman

observations in brain tissue that differentiate the condition, which could

eventually be expanded into less invasive tissue areas, and pre-clinical cases.

Given the recent momentum in the field of Raman diagnostics, it is somewhat

surprising that the vibrational applications to cerebral tissue are very limited, and

usually dominated by infrared spectroscopy, as well as focused on cancerous

tissue. Hence this thesis must present an understanding of Raman spectra

obtained from brain tissue and the subsequent differences across the frontal and

occipital lobes. Ultimately the aim ofthis thesis is to rigorously demonstrate the

potential of Ramanspectroscopy in vitro, and subsequently establish classification

models based on comparison with expert pathological opinion.
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Chapter 2: Overview of the Literature

Introduction

As has been discussed the problem posed by Alzheimer’s is growing

tremendously with time, this only goes to emphasise the difficulties involved in

treating the condition without an early diagnostic test. This has been coupled with

the presentation of the idea that Raman spectroscopy could provide a potential

solution. This chapter assesses whatis required in a successful diagnostic test and

in the processcritically reviews more traditional plasma based ideas, as well as

those facilitated by the development of competing technologies.

Having presented the potential advantages that Raman spectroscopy has to

offer in this application, a review ofits use in the medical field and on biological

media is conducted. This has then been further investigated with specific

attention paid to the applications of vibrational spectroscopy on cerebral tissue,

highlighting its limited use particularly in the field of Raman. Ultimately this

overview of the literature will present Raman spectroscopy as a justifiable and

novel approach to Alzheimer’s diagnostics

2.1 Potential Plasma-Based Tests

The most common form of diagnostic test is usually a blood one, often a

simple operation providing a definitive decision. It is quite often the long term

goal of any Alzheimer’s diagnosis research, regardless of the tissue being studied

in the short term. Current blood-based research builds on the foundations of more

traditional bloodtests, including the introduction of more novel technologies and

methods. The most fundamental blood tests make up the basic metabolic panel

(BMP), looking at blood concentrations of the key constituents. These include

sodium, potassium, chloride, and bicarbonate; blood urea nitrogen; creatine;

glucose; and calcium. The range of conditions that can specifically be identified

through these eight basic components is quite limited; hence the forefront of

plasma research approachesdiagnosis in one of two ways:

e Analysing levels of the less abundant disease specific compounds,

such as the beta amyloid peptides in the case of Alzheimer’s disease.
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e Applying new technologies to open up the remit of chemical

components that can be analysed into the hundreds, especially

covering the many formsof proteins.

2.1.1 Enzyme Linked ImmunoSorbent Assays (ELISAs)

An Enzymelinked imunosorbent assay (ELISA)is a biological technique from

the field of immunology, used to detect the presence of antigens or antibodies.

Simply, an unknown amount of antigen can be detected by forming a complex

with a specific antibody. The antibody is specific on two levels: to bind with the

target antigen, and to form an enzymesensitive complex that can produce some

detectable signal. The advantage of ELISA is that the technique is extremely

sensitive to the less common components of plasma,ideal for the identification of

diseases not directly associated with blood. Using a double antibody ELISA,it

has been shownthat concentrations of two forms of beta amyloid are seen to vary

from Alzheimer’s to control (van Oijen, 2006). The Rotterdam study is an

ongoing prospective cohort study looking at conditions encountered bythe elderly

through to morbidity. Based on this study, researchers identified assessed the

levels of two isomers of the beta amyloid peptide: 1-40 and 1-42. It was reported

that increased levels of the beta amyloid-1-40 peptide indicated an increased

chance of dementia. This was reflected in the ratio of 1-42 to 1-40, also

influenced by the lack of beta amyloid-1-42 protein. Amyloid-1-42 is thought to

be the major constituent of plaques in the brain, which do not cross the blood

brain barrier.

2.1.2 Proteomics

In contrast to the highly specific nature of an ELISA proteomics is, by

definition, the analysis of a whole range of proteins present. The word

‘proteomics’ is derived from the term ‘proteome’ referring to the whole protein

content of a genome, however it is a lot more dynamic than a genome varying

from cell to cell. This means methodsof protein separation and quantification are

an essential tool in the field. Separation is usually performed using gel

electrophoresis, as a pre treatment stage to quantification by mass spectrometry.

This presents the best method to study hundreds of proteins and has been
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demonstrated comparing plasma from Alzheimer’s and elderly control patients

(Hye, 2006; Lovestone, 2007). Analysis based on samples from 511 patients

reported clear disease-state based delineation, including when blot of the gel

electrophoresis preparation stage was observed.

Analysis of blood has demonstrated the capability of understanding

neurodegenerative biochemistry and pathology on a less invasive scale. This

provides positive signs for potential diagnostic techniques currently looking at

areas of tissue that clinically would not be minimally invasive to collect such as

the brain. Unfortunately current blood-based techniques are largely based on

complex chemistry-based procedures that can take time to perform, and as such

they are vulnerable to morereal time based techniques.

2.2 Potential Competing Technologies

It is now the responsibility of interdisciplinary research to compliment more

traditional medical methodsin order to tackle twenty-first century problems. The

employment of physics, whether it be nuclear, nano, or the most classical of

physical phenomenais proving to be extremely influential in such a role. This

section summarises those technologies which provide healthy competition, and

sometimes complement Raman spectroscopy in the quest for a real time

diagnostic decision.

2.2.1 Positron Emission Tomography

Positron Emission Tomography (PET) images gamma photons emitted after

the annihilation of a positron, from a radioactive species administered to the body,

with an electron from within the tissue being imaged. The positron emitter can be

a radiolabelled pharmaceutical or a direct radioisotope of a compound required by

the body, either specific to certain organs or processes and hencedirectly imaging

function. It is commonly used for gaining three dimensional mapsofthe brain in

hospitals, and already features in the current diagnostic set up.

Most of the advances in using PET come through the development of new

radioisotopes for labelling, as well as the analytical techniques that process the

images. A new PET marker has been developed, not only for monitoring the

progress of Alzheimer’s, but also for the identification of those likely to get the

disease (Archer H, 2006; Edison, 2007). This marker, known as Pittsburgh
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Compound-B (PIB), binds to the amyloid protein, a pre-cursor to plaque and

tangle formation. The technique is reported to have been tested on 60 people at a

privately run clinic at Hammersmith Hospital, however before it can be even

tested by the NHSthere are a number of obstacles to overcome. Currently the

PIB dyehalflife is only eight minutes, implying that it has to be manufactured on

site requiring a cyclotron, of which there are very few in the UK. To overcome

this, new versions of the radiopharmaceutical will have to be created with longer

half lives. As a result this technique is not usually offered through the NHS, and

is currently a much moreresearch based technique. Another disadvantage to this

approach is that it can only image large concentrations of beta amyloid, and

providesverylittle quantitative information.

The hippocampus, situated within the temporal lobe of the humanbrain, is one

of the first parts of the brain to undergo changes in Alzheimer’s disease, and

subsequently an area of intense research. In Alzheimer’s sufferers the

hippocampus decreases in size (De Leon, 1983) and the fact that every

individual’s brain is different in shape and size has often been a stumbling block

in observing large parts of the brain and how the metabolic rates vary. Scientists

at the New York University’s School of Medicine have developed a computer

program that can analyse the metabolic activity throughout the hippocampus

based on a PET scan. Knownas the ‘HipMask’ (Mosconi, 2005), it has been

developed to enable the acquisition of large scale hippocampus PET scans. Using

HipMask,thirty patients were scanned three times over seven years, in order to

monitor their hippocampal glucose metabolism. A baseline was gained atthefirst

scan, with the next scans three and seven years later. The paper presented

reductions in glucose metabolism ranging from fifteen to forty percent correlating

with twenty five out of the going on to suffer mild cognitive impairment or

Alzheimer’s. This does provide the possibility of an early warning scan for

Alzheimer’s, however it remains to be seen how reproducible the hippocampal

shrinkage is, and how similar it is to that of neurodegenerative conditions.

2.2.2 Nuclear Magnetic Resonance (NMR)

Nuclear Magnetic Resonance (NMR) spectroscopy is a tool for investigating

the structure of molecules by analysing the behaviour of the nuclei in various
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environments. When the spin values of the component nucleons do not

completely pair then the resultant spin, known as the spin angular momentum

number, induces a magnetic moment. In NMR an external magnetic field is

applied which either can oppose or reinforce this magnet field, prompting two

energy configurations:

e Low energy configuration: when the field is parallel to the magnetic

momentand is knownasthe +1/2 spin energystate.

e High energy configuration: when the applied field is anti-parallel to the

magnetic moment, this being the -1/2 spin energystate.

The difference between the configurations is very small, but increases as the

applied field strength is increased, asillustrated in figure 2.2.1.

 

Figure 2.2.1: Energy difference of spin energy states with increased applied magnetic field.

In NMRspectroscopy, an additional oscillating magnetic field is induced on

each nucleon in this environment whenradio wave frequency radiation is incident

upon it. This causes a perturbation in the spin states, evident in magnetic

moment, which is dependent onthe ratio of the nuclear magnetic dipole moment

to its angular momentum, known as the gyromagnetic ratio. In this way NMRis

sensitive to the magnetic moment, providing a probe of molecular structure.

Work has been performed using NMRleading to the discovery of another

possible biomarker (Pastorino, 2006). Using NMR a gene, known asPin1, has

33



been identified as being deficient prior to the dephosphorylation ofthe tau protein,

a key mechanism in the formation of the neurofibrillary tangle. The potential of

identifying a disease pre-cursor as opposed to a biomarker meansthis technique

has lot of potential in a pre clinical diagnosis.

NMR can also be employed as an imaging technique, known as MRI

(Magnetic Resonance Imaging), a clinical name adopted to avoid the negative

connotations associated with the word ‘nuclear’. With human tissue mainly

consisting of fat and water, 63% of the human bodycontains hydrogen atoms. As

hydrogen atoms are susceptible to producing an NMRsignal when placed in a

magneticfield, it proves an ideal method for observing atrophy within braintissue

and monitoring its progress over a period of time. Unfortunately MRI does have

its disadvantages, principally being that the patient has to remain still for long

periods of time within a confined space. MRIis only really effective at imaging

the molecular structure of soft tissue, and is generally used in a format that

presents very little biochemical information. Finally MRI is very expensiveandis

not suitable for all due to the effects of the magnetic field, such as people with

pacemakers for example.

2.2.3 Computed Tomography (CT)

Computed Tomography (CT) is an imaging technique which takes continuous

two dimensional x-ray slices about a single axis of rotation, to form a three

dimensional image. Its best application is imaging the hard structure of the body,

in this way it is used in the current diagnostic criteria to eliminate head injuries as

a cause of the observed symptoms.

As a potential diagnostic technique, CT has been harnessed to image certain

parts of the brain and observe changesin its size. One of the most comprehensive

early studiesof this sort paid particular attention to atrophy in the medial temporal

lobe (Jobst, 1992). When compared to a CT scan performed approximately one

year before death, histopathologically confirmed Alzheimer’s patients observed a

44% reduction in the width of their temporal lobe. This average was a substantial

increase on the 5% reduction observed in age matchedcontrolpatients.

This modality can also be used to resolve softer media, such as veins and

arteries although this usually requires a suitable contrast medium. However,

phase-contrast x-ray computed tomography uses interferometry to calculate the
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phase changes observed in x-rays absorbed by the lighter elements, such as

Carbon, Hydrogen, Nitrogen and Oxygen. The potential of such a technique to

image three dimensional structure within soft tissue has been demonstrated in the

imaging of amyloid plaques in the brains of mice (Noda-Saita, 2006). The

technique provides a direct probe of the density of tissue, indicating that plaques

are denser than the surrounding brain tissue, but the work has also presented a

wide range of densities between the plaques themselves. Whether or not this

technique can be successful on humanbrainisstill a little ambiguous, as the shift

represents a significant change in biochemical composition, and subsequently a

different density profile.

2.2.4 Quasielastic Light Scattering

It has been discovered that B-amyloid proteins, can also be foundin the lens of

the eye where it is deposited in the form of cataracts (Goldstein, 2003). Further

research has lead to the development of two complimentary optical techniques

that could be used in identifying the protein cataracts in the eye as a potential

early diagnostic tool. The first of the two techniques is known as quasielastic

light scattering, scattering whichis notfully elastic, with the loss of a very small

fraction of energy from each scattering photon. This is performed using low

power pulses of incident infrared laser light and used to detect abnormalities in

the lens. This method providesgreat sensitivity, however to make it more specific

a second technique is used, knownasfluorescentligand scanning, which picks out

the specific B-amyloid proteins. This involves the application of an ointment

based fluorophore known as MeX04to the cornea. After a binding time in the

order of a few hours, the fluorophore attaches to the proteins making them

identifiable under a fluorescence process. There are certain hazards associated

with directing lasers towards eyes, and applying ointments to eyes and,as ofyet,

an extensive study on living humansisstill to be carried out.

2.2.5 Nanosensor Technology

A newfield currently being developed that could aid spectroscopyis the area

of nanosensor technology. A nanosensor has been developed to examine

molecules in bodily fluids derived from the protein biomarkers of Alzheimer’s
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disease (Haes, 2005). Amyloid-derived diffusible ligands (ADDLs) are tiny

triangular silver particles with dimensions in the order of 10° metres; covered

with a specific antibody that encourages their binding to corresponding biological

molecules. The nanoparticle itself is capable of absorbing and scattering photons,

allowing an ultraviolet spectrometer to pick out the presence of biological

molecules. In this case it can identify the ADDLsleadingto a potential diagnostic

tool for Alzheimer’s. The most obviousrisks concern the introduction of a metal,

such as silver into the body. However the potential hazards involved in the

general handling of any nanoparticle material are well documented, introducing

such particles directly into the body may provide further complications.

2.2.6 Single Photon Emission Computed Tomography (SPECT)

Like PET, SPECTis a nuclear medicine technique that involves the imaging of

specifically administered radionuclides with a gamma camera. The technique

represents a shift from a two dimensional to a three dimensional imaging

capability analogous to the corresponding shift from x-ray to CT. In this fashion

two dimensional slices are taken, and processed to produce a three dimensional

image of the area of interest. SPECT has also proven to be more reliable and

cheaper than PET, makingit a lot moreviable for clinical application. SPECT has

shownits capability to distinguish Alzheimer’s sufferers in observing the decrease

in cerebral perfusion, the pressure gradient that dictates the flow of blood to the

brain (Johnson, 1998), and more specifically hypoperfusion in the temporal lobe

(Jagust, 2001).

2.2.7 Fluorescent Specific Dyes

In trying to move awayfrom theuseofshort lived isotopes, such as Carbon-13,

a near infra-red fluorescence contrast medium has been developed to specifically

tag beta amyloid aggregates and plaques (Nesterov, 2005). A key specification

upon design of the agent, known as NIAD-4, wasthat it could respond to a wide

range of wavelengths to enable penetration of overlying tissue, and potentially the

skull. Although this technique could possibly lead to a minimally invasive

monitor of Alzheimer’s disease progression, it still involves the injection of

chemicals into the body, and faces quite a challenge in penetrating the skull.
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It can clearly seen that most of the available competing technologies that have

emerged in the last forty years, offer real time solutions to this and other

diagnostic problems. However mostof these technologies rely on the addition of

a stain or marker, which can sometimesbe a metal, or radioactive.

2.3 Biomedical Applications of Raman Spectroscopy

The real time diagnosis offered by competing technologies (section 2.2) is

facilitated by the observation of structure and function. This contrasts with the

slower plasma based analyses which offers a biochemistry based decision. Raman

spectroscopyhasthe advantage of being able to observe the histological hallmarks

of a condition and to obtain biochemical information,in real time.

Raman can theoretically be used for the characterisation of different materials,

dueto its ability to identify different molecules, and the environments they exist

within. The reasonsfor this are discussed in detail in Chapter 3, but it is duetoits

ability to measure the vibrational and rotational motions of molecules under

different energetic conditions, going hand in hand with infrared as vibrational

spectroscopy. However Raman can havedistinct advantages when applied to

media containing a significant amount of water, such as tissue. There are a

significant amount of competing, optical diagnostic applications that are discussed

in the previoussection. It has been shownthat the narrow, spectrally sharp peaks

of Raman are moresensitive to the complex biochemistry of a tissue sample than

techniques such as fluorescence (Mahadevan, 1995). The following section

illustrates how this potential has been realised in the application to tissues from

different parts of the body.

2.3.1 Atherosclerosis

Atherosclerosis is the distribution of lipid deposits within arteries, leading to

the formation of plaques and sudden cardiac events which can be verydifficult to

predict, the diagnoses are symptom based. Understanding the processesthat lead

to the plaque formation has become increasingly difficult and subsequently

prompted researchers to study the chemical composition of the plaques. Initial

work into the chemical composition was performed studying the auto-

fluorescence induced by a 480nmlaser (Kittrell, 1985). Aslittle specific chemical

37



information can be obtained from tissue auto-fluorescence, research has now

turned to Raman spectroscopy (Weinmann, 1998; Romer, 1998; Deinum, 1999).

Fourier Transform Raman systems are now being used on the tissue (Nogueira,

2005) as they operate at longer wavelengths, in this case 1064nm, where the

effects of auto-fluorescence are greatly reduced. Nogueira et al. took spectra of

carteroid artery samples snap frozen at post mortem for their study, and then

performedhistological analysis to match the diseased state to spectral results. An

obvious shift in the peak belonging to the C-H bending mode was reported

between normal and atheromatous spectra along the wavenumberaxis, a shift of

approximately 12cm’'. Principal Components Analysis (PCA) was performed and

the most distinct differences between normal and atheromatous tissue, when

plotting scores, were observed using principal components two and three that

showed direct comparison to the spectral differences when viewing the loadings

spectra.

2.3.2 Oncology

The momentum from the thriving field of cancer research has transferred into

vibrational spectroscopy. Cancer has become the dominant area in optical

diagnostics, as vibrational spectroscopy, being perfectly suited to resolving the

multitude of disease states associated with cancer.

A study was performed in the early 1990s investigating a range of optical

diagnostic techniques that could be used to separate diseased and normal

biological media (Liu, 1992). Looking at tissue from all over the body, Liu used

Fourier-transform Raman (FT-Raman)spectroscopy to observe several distinctive

differences between spectra of cancerous, normal and benign tissues. These

included marked changes in the intensity ratio of Raman bandssituated at

1657cm'! and 1445cm'! and the shifting along the wavenumberaxis of the CH >

bending mode. Liu concluded that tumour growth could be monitored using this

technique in conjunction with an endoscope, the ultimate aim being that of an

early cancer detection system.

When it is considered that the gold standard is excisional biopsy, an often

painful and uncomfortable routine containing significant flaws such as missed

lesions, then it is of no surprise that numerous groups are looking at new and

improved methods of cancer detection. Researchers at Gloucestershire Royal

38



Hospital (Stone, 2002; Kendall 2003) have performed studies on epithelial tissue,

taken from the larynx, tonsil, oesophagus, stomach, bladder and prostate taken

during endoscopic or routine surgical processes and frozen in liquid nitrogen at -

85°C. Stone et al. used near infra-red Raman spectroscopy to assess the disease

status of developing tissue cells, based on the theory that epithelial tissue is the

origin of most malignancies. Raman spectroscopy was shownto be capable of

resolving the three following stages: normal squamous, squamous dysplasia or

squamouscell carcinoma. Thesethree states are part of a condition set in motion

by gastro-oesophageal reflux, also known as Barrett’s Oesophagus. It was noted

that the tissue produced extremely complex spectra, exhibiting only subtle

changes betweentissue states. For this reason multivariate analytical techniques,

such as Principal Component Analysis have been employed to highlight these

differences. Stone et al. successfully demonstrated the ability of Raman

spectroscopy as a tool to distinguish between the three distinct states of epithelial

tissues.

2.3.3 Ocular Application

Ramanspectroscopic investigations of the eye becameanactive research tool

after the first non-destructive investigation was reported in 1987 (Yu, 1987). One

major area wherethis wasfirst employed was studying the hydration of the cornea

(Erckens, 1996), which if becomes dehydrated can cause visual impairment.

Erckenset al. used a fibre optic based Raman system to study the corneas of

rabbits, before applying a dehydrating agent and re-taking spectra. Within the

spectra that were taken, dehydration was monitored from the ratio of stretching

modes between the OH (water ~3100cm'!-3700cm') and CH (protein ~2850cm'!-

3030cm'') groups. This work was furthered using confocal Raman spectroscopy

(Bauer, 1996) as a result of the non-uniform spectral distribution of the level of

hydration across the cornea. Using an ultrasound technique as a comparison the

study demonstrated how the hydration of the cornea does not vary over the depth

to which the cornea is probed. It was also noted that the technique is sensitive

enough to probe many different stage of dehydration across the whole of the

cornea. The technique showed a lot of potential to be developed for human
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application, especially in the clinical setting given that it was successful with a

fibre optic probe.

2.3.4 Nucleic Acids

Surface Enhanced Raman Spectroscopy (SERS) has been developed in such a

way that specific gene sequences and DNA fragments can be identified using a

surface-enhanced Raman gene probe (SERG) (Vo-Dinh, 1994). Most DNA

monitoring systems under development required the detection of a radioactive

label, SERS simply uses a Raman active molecule. The SERG usually comprises

of a metal nanoparticle, acting as the SERS substrate, and a DNA molecule tagged

with the Raman active molecule, acting as a label. More recently this work has

been extended to the screening of the Human Immunodeficiency Virus (HIV)

Type 1 (Wabuyele, 2005). As the Ramanactive molecule is in close proximity to

the silver nanoparticle the Raman spectrum observedis incredibly intense. In this

case, the nanoprobe has been used to screen for a specific DNA sequence

corresponding to HIV Type1, and as such the DNA tagged molecule on the probe

was chosen appropriately. In the absence of the target DNA, the spectrum

maintains its description of the intense scattering, however when the target DNA

is located, hybridisation occurs. This induces a chemical process which physically

separates the silver nanoparticle and the Raman active molecule, inhibiting the

enhancedscattering associated with SERS, and quenching the spectrum. Not only

does this provide advantages in diagnostics for the future, but in many areas of

genome study. However the quantification of a loss of signal is a lot more

difficult task than more conventional approaches.

2.4 Adaptations of Raman Spectroscopy

2.4.1 Surface Enhanced RamanSpectroscopy (SERS)

The mechanisms responsible for Surface Enhanced Raman Spectroscopy

(SERS) werefirst noticed in the late 1970s when Raman spectra of different

compounds absorbed metal on electrodes were measured. One such example was

the spectrum of pyridine on a silver electrode (Fleischman, 1974; Albrecht, 1977),

preceeding its adaptation into a new form of Raman spectroscopy (Jeanmaire,

1977; Moskovits 1985). The process demonstrates that the Ramanscattering
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from a compound,that is absorbed onto a metal surface can be enhanced by a

factor of between 10° and 10°. In somecases it can be as high as 10° and 10"

(Kneipp, 1999), with gold and silver being the most effective metals.

Thefirst of two processes which contribute to SERSrelies on the oscillation of

charge density at the surface of the metal, known as surface plasmons or

Langmuir waves. When light at a wavelength close to that of the surface

plasmonsis incident on the metal electrons in the surface tend to become excited

into an extended surface state, known as surface plasmon resonance. Molecules

close to the surface of the metal experience a larger electromagnetic field,

subsequently vibrational modes of those molecules are greatly increased. This is

the electromagnetic effect of SERS.

The secondary mode of enhancementis due to the creation of a charge-transfer

complex between the metal and the compoundbeingstudied, the transitions of

electrons involvedin this can be observedin the visible part of the spectrum (400-

700nm), resulting in the first (resonance) process being induced. This is the

chemical effect of SERS

This has had a massive impact on the relative signals from the Raman

scattering process that is normally dominated by other mechanisms such as

fluorescence. The effect of fluorescence is usually observed a slowly changing,

broad spectral background that can ‘drown’ the Raman signal. SERS can

overcomethis and subsequently provide an enhancedlevelofsensitivity.

Unfortunately one downfall of SERSis the possible loss of some peaks for two

different reasons. Primarily peaks can be lost in the actual enhancementof the

spectral intensity, minor peaks effectively becoming ‘drowned’ and

indistinguishable. Also, the fact that the analyte has to interact with the metal

surface implies some vibrational modeswill be lost as a result. In addition to this

only the vibrational modesof moleculesclose to the surface will be enhanced.

2.4.2 Resonance Enhanced RamanSpectroscopy

Raman spectroscopy is normally performed with a laser in the green, red or

near infra-red regions of the electromagnetic spectrum, although any part of the

ultraviolet to infrared part of the electromagnetic spectrum will induce Raman

scattering. If the energy of the incident radiation matches that of the first
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electronic transition then this can intensify the vibrations of Raman active

molecules by a factor of between 10° and 10° times. Asthe electronic structure of

all molecules is different this process introduces a certain amountof specificity to

Raman spectroscopy, eliminating signals from certain molecules and

concentrating on the specific molecules of interest (Laserna, 1996; Lewis 2001).
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Figure 2.4.1: Diagram ofscattering processes and how whenthe incidentradiation lies within the

optical absorption range of the molecules the intensity of the Raman band maybeincreased by a

factor of 10° to 10° in the case of Resonance Raman.

2.4.3 Coherent Anti-Stokes Raman Spectroscopy (CARS)

Another technique that employs resonance to enhance the Raman signal of a

particular vibrational mode is Coherent Anti-Stokes Raman Spectroscopy

(CARS). CARS involves the use of two separate laser beams, a constant

frequency pump beam,and a variable frequency Stokes beam. The Stokes beam

usually has a frequency greater than that of the pump beam,and can be adjusted

so that the difference in energy is equal to the vibrational mode ofinterest. This

amplifies the Raman signal received by that particular mode and therefore enables

specificity like Resonance Enhanced Raman Spectroscopy. The frequency of the

re-emitted radiation is higher than that of the incident radiation and is therefore

knownas the anti-Stokes beam (Laserna, 1996). This technique can provide the
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advantages of resonance Raman withoutnecessarily having an incident excitation

wavelength close to that of the specific vibrational mode, just a corresponding

energy difference.

2.5 Vibrational Spectroscopic Applications to Cerebral Tissue

From this it is quite evident that the success of Raman as a biomedical

application to tissue outside of the brain is undoubted. Biochemically the brain

differs greatly when comparedto tissue of other organs. Brain tissue is primarily

composed of water, 70% in white matter and 83% in grey matter. Lipid levels

also vary between white and grey matter, peaking at 15% in the former, and

dipping to 5% in the case of the latter. This is in stark contrast to other tissues

which on average havelipid concentrations less than the grey matter minimum

such as 4% in muscle tissue; 3.1% in the liver; and 2.9% in the lung (Krafft,

2005). The chemistry of tissue from the cerebral regions is extremely complex

and heterogeneous; making it harder to describe in diagnosis. This, combined

with the limited availability of human brain tissue, has left vibrational

spectroscopic applications to the brain extremely limited, especially in the case of

Raman spectroscopy. To this extent, a lot of pioneering brain tissue work is

performed on animals, early brain tissue works identifying the differences

between white and grey matter using FT-IR (Mizuno, 1992 Lewis, 1997) and FT-

Raman (Ong, 1999) on rat and monkey brains. Both applications identified the

potential in extending to a lower wavenumberrange, into the realm oftraditional

Raman spectroscopy. This shift would present extensive regions corresponding to

the proteins andlipids, with sufficient technological development. This has been

taken a stage further with the Raman identification of the three main groups of

lipids found in the brain: neutral lipids, such as cholesterol; phospholipids; and

sphingolipids within both grey and white matter (Krafft, 2004). The following

section summarises the capability of Ramanto identify brain tissue regardless of

its complex chemistry, and how discoveries made using FT-IR can guide the

progression of Raman in a cerebral application. It proceeds to describe the

important role played by the most fundamental brain tissue components, in

obtaining spectral descriptions and describing tissue structures.
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2.5.1 Transmissible Spongiform Encephalopathies

Transmissible Spongiform Encephalopathies (TSEs), also known as prion

diseases, are a set of infectious, symptom progressive conditions that are not

spread by microbes, but a specific protein knownasprion protein. Affecting the

central nervous system of a sufferer, this group of conditions is typified by the

appearance of ‘spongiform’ tiny holes in the cortex, when investigated at post

mortem. Scrapie, a TSE exhibited by animals such as sheep and rodents, has been

established as a model in hamsters to study the pathogenesis and pathology of

prion diseases. It was this model that contributed to the first in situ FT-IR

spectroscopic study on infected brain tissue (Kneipp, 2000). The study took

advantage of a synchrotron source in order to resolve and make a comparison

between infected and control neurons corresponding to the same anatomical

structures in FT-IR maps. This allowed the delineation and classification of

diseased and control spectra using hierarchical cluster analysis. Bulk tissue was

used in addition to sectionedtissue, as an indication to its potential as a diagnostic

tool. This was further enhanced by work distinguishing control and infected cells

at an early clinical, in some cases pre clinical, stage at 90 days post-infection

(Kneipp, 2002). The similarities with Alzheimer’s disease are evident in the

observation of beta pleated proteins present in infected cells (Pan, 1993). To this

extent the Amide I band has been analysed as a key spectra differentiator from

cell to cell (Kneipp, 2004). In the analysis of neurons in hamster dorsal root

ganglia samples, both alpha helix and beta pleated sheet structures were evident in

the second derivative of the Amide I band. In addition to intensity changes

between the peaks, shifts on the wavenumber axis corresponding to those cells

which were infected were observed, then maps were constructed based on these

observations (Kretlow, 2006). Recently the FT-IR observation of beta pleated

structure, evident in ‘scrapie amyloid’ infected cells amongst hamster brains, has

been correlated with metal ion presence, in the form of iron, using an x-ray

fluorescence microprobe (Wang, 2005).
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An alternative animal TSE model, based on the serum of cattle infected with

Bovine Spongiform Encephalopathy (BSE), provides an indication of in vivo

application, comparable to plasma in humans (Lasch, 2003).

2.5.2 Parkinson’s disease

Parkinson’s disease is a neurodegenerative disease that causes problems with

movementdue to an imbalance between the two neurotransmitters that govern the

control of our muscles, dopamine and acetylcholine. This imbalance prompts the

continual death of cells in a part of the brain known as the substantia nigra,

resulting in the symptoms becoming progressively worse (Housten, 2007). The

death of neuronsis thought to be brought about by the abnormal accumulation of

the protein, alpha-synuclein, bound in a complex to ubiquitin. The first Raman

microspectroscopy application to brain tissue set out to identify the differences

between control and diseased cells in monkey brain tissue (Ong, 1999). The paper

successfully identified differences between grey and white matter, and nuclei

spectra compared to surrounding tissue. The differences between diseased and

control nuclei could not be identified due to the overlapping of peaksattributed to

pre treatments. The effects of such as staining and fixation were particularly

evident in the phosphate groups around 1250cm'.

Atomic Force Microscopy (AFM) has been utilised to observe the structural

changes occurring in the formation mechanism of the alpha-synuclein deposits,

and correlate these changes with the Raman biochemical changes at each point

(Apetri, 2006). Raman spectroscopy was able to delineate the contributions of

each type of secondary structure amongst the protein, and the relative shifts in

secondarystructure types that occurred at eachstage.

Synchrotron-sourced FT-IR has also been applied on human substantia nigra

samples, in an assessment of how they vary chemically and morphologically

between control and diseased states (Szczerbowska-Boruchowska, 2007).

Spectral differences were observed between control and Parkinson’s tissue

sections, with key differences featuring at 2930 cm’, 2850 cm’, 1655 cm’, 1380

cm’, 1236 cm’, 1173 cm’! and 1086cm”'. However within a Parkinson’s disease

section itself, no differences were reported between the cell body and surrounding

tissue, implying that in addition to the visual morphological changes, the

biochemical make up ofthe substantia nigra is altered significantly and may have

45



a role in the onset of symptoms prior to the appearance of morphological

biomarkers.

2.5.3 Brain Oncology

The pace of vibrational spectroscopic cancer research in other regions of the

body has recently led to cerebral vibrational spectroscopic studies being

dominated by oncology. The dominance of oncology research, amongst this type

tissue, is particularly evident due to the limited range of alternative applications

being investigated. Initial vibrational studies were led by the application of FT-

IR to discriminate non-functioning andactive pituitary adenomas (Lee, 1995). FT-

Raman wasalso used to resolve spectral differences between sarcomas, white

matter and grey matter (Schrader, 1995).

FT-IR based research picked up pace with the application to the most frequent

brain tumour, the astrocytic glioma (Krafft, 2004). The study demonstrates the

potential of bivariate analysis in differentiating glioma regions from surrounding

tissue, based on lipid to protein ratios, eliminating the need for multivariate

analysis. Krafft et al also recognised the decrease in lipid comparedto protein as

malignancy increases. This work was extended in order to produce a definitive

multivariate classification by way of LDA (Krafft, 2006a). Models were

assembled based on the lipid/protein peak ratio markers identified in previous

work (Krafft, 2004), as well as additional ratios to assess the levels of

haemoglobin (1545cm™/1655cm") and collagen ({1231 cm'+1450 cm'J/1655

cm’), with results fed into ‘an LDA model. This method was able to identify

normal tissue with 100% accuracy, whilst malignant gliomas were assigned with

93% accuracy.

Most brain tumours are in fact secondary intracranial lesions, as opposed to

primary tumours. FT-IR has been used to investigate these tumours in order to

develop a methodofidentifying the primary tumourandin doing so gain a deeper

understanding of the mechanisms that occur during metastasis (Krafft, 2006b).

This classification took advantage of PCA to reduce and separate the data in an

untrained manner. A comparison was then made between subsequent

classification techniques: LDA and a novel technique for this kind of data, known

as Soft Independent Modelling of Class Analogies (SIMCA).
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Raman spectroscopy has also been applied to a range of tumours in

determining the malignancy grade as a guide in stereotactic brain biopsy. One

such example is the distinction of glioblastoma from necrosis, both through the

observation of Raman pseudocolour maps, and the point spectra multivariate

classification using LDA (Koljenovic, 2002). Difference spectra studies

attributed the separation to increased amounts of cholesterol in necrosis tissue. In

a similar fashion this group also looked at the possibility of using Raman as

guidance in the resection of radical tumours amongst dura mater (Koljenovic,

2005). This was based on the knowledge that after resection reoccurrence is

highly likely from local additional unidentified nests of meningioma. An LDA

model wasestablished to obtain classification of dura mater and meningeomas,

based on the spectroscopic observation of increased levels of collagen in dura

matter, and lipids in tumour tissue. The minimum amount of meningeomathat

can be determined by Raman was calculated, hence it was deduced that the

techniqueis a viable candidate for guidancein the surgical resection of tumours.

A three dimensional model, separating control tissue; intracranial tumours; and

gliomas, has been established using cluster analysis of the varying regionsin the

Raman maps of human brain tissue (Krafft, 2005). The key biochemical

differences were again amongst the lipids, using the protein level as a marker.

Howeverin this particular case it was observed that lipid concentrations were

higher in normal tissue. Increased amounts of haemoglobin were once again

associated with (intracranial) tumours, based on the presence of haemorrhage.

However doubt was cast on its role as a biomarker, as spectra could easily show

increased levels of haemoglobin when acquired on, or close, to blood vessel sites

or surgery associated bleeds. The study represented a strong basis for future

Raman brain workin general, paying importantattention to the lipid protein ratios

between white and grey matter, using this basis and the spectroscopic marker to

distinguish normal tissue. In addition to this, the paper also studied the Raman

spectroscopic differences between the main snap frozen study tissue, and a sample

of tissue which had not been frozen. This was done for the purposes of looking

towards future clinical approaches and demonstrated significant changes in the

haemoglobin content after snap freezing and thawing, casting further doubts onits

potential as a biomarker.
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Furthering its potential in clinical application, Raman spectroscopy has been

investigated as a tool for defining tumour margins (Amharref, 2007). Normal,

tumoral, necrotic and edematous rat brain tissues were clearly separated using

hierarchical cluster analysis. Raman mapping also managed to visualise an

additional structure within the periphery of the tumour, thought to govern the

proliferative and invasive characteristics of the tumour. This structure is usually

invisible under haematoxylin and eosin, and requires the use of two separate

immunohistochemical stains corresponding to its two roles for current

visualisation. As a whole the study not only presents the case for the use of

Raman in identification of tumour margins and remnants, but also provides

mechanism information to aid the developmentof novel treatments.

Coherent Anti-Stokes Raman Spectroscopy (CARS), described in section 2.4.3,

has the advantage of being able to be tuned to a vibrational mode of interest,

amplifying the Ramansignal received by that particular mode. In this wayit has

been used to produce three dimensional chemically sensitive images of the mouse

brain (Evans, 2007). This provides a demonstration of the technique’s potentialto

become a fast, minimally invasive, pre-operative technique that can be used to

identify whether tissue is benign or neoplastic prior to biopsy or resection. This

primary proof of concept paper looks specifically at the 2845cmCH)stretching

mode, typical of lipids. In this way it has shown the techniques capability to

resolve white and grey matter at high resolutions, but also presented the potential

to process and combine images tunedto different vibrational modes, such as those

corresponding to protein, RNA, or DNA.

The combination of vibrational spectroscopies has been explored in the

analysis of the three most common intracranial primary tumours: gliomas,

meningeomas and schwannomas(Kraffta, 2005). Each spectroscopic technique

can have different sensitivities to different vibrational modes, hence the

combination of the two can extend the biochemical range analysed. Initial

univariate observations were followed by K-means cluster analysis, cluster

membership being plotted on a pseudocolour map. From this mean cluster spectra

and the subsequent difference spectrum were analysed, again identifying the role

of haemoglobin and cholesterol in the cluster centroids. Hydroxyapatite and

tricalciumphosphate were also seen to have a significant influence at possible

calcification sites. This combination of Raman with FT-IR has led to the
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optimisation of a potential in vivo filtered fibre optic probe, which has been used

for the first time to map pristine mouse brain tissue cryosections (Krafft, 2007).

These maps were compared with FT-IR microscopic maps of the same regions.

Even though the sensitivity and acquisition times are not comparable to FT-IR,

the potential enhancementeffects of Raman far exceed those of FT-IR.

Fibre optic probes, such as this, are often inhibited by the intense signal of the

silica core of the probe material. This normally results in the use of complex

designs, and the use of two fibre optics, as the incident and collected light both

need to befiltered differently. Recently the potential to use high wavenumber

Raman spectroscopy (2400cm''-3800cm''), where silica has no signal, has been

tested, using a simple single fibre probe design (Koljenovic, 2005). The study

comparesthe application to other high wave number Raman microscopy mapsto

demonstrate that essentially the same diagnostic information is obtained, pushing

probe research closer to the clinical edge with the removal of a major

technological hurdle.

2.5.4 Infrared Spectroscopy of Alzheimer’s Diseased Tissue

Infrared tissue work usually pre-dates that of Raman application, a theme

continued in the case of Alzheimer’s disease. Humantissue investigationsreally

began with initial studies comparing and contrasting the spectra of brain tissue, to

those of the key disease peptides, principally beta-amyloid (Fabian, 1993). Using

two control samples as a baseline, spectra taken from one Alzheimer’s sample

were compared to the spectra gained from the beta amyloid peptide. Simple

spectroscopic observations were made, particularly amongst the Amide I band,

which demonstrated a lower wavenumberdistribution, attributed to the loss of

fluidity and increased hydrogen bondingin tissue comparedto the peptide.

Attempts to classify the spectra and establish a two class model were made in a

subsequentpublication (Pizzi, 1995), comparing classification results for PCA-fed

trained analyses, using leave one out cross validation techniques. Principally the

study highlighted that Linear Discriminant Analysis (LDA) was out performed by

Artificial Neural Networks (ANN), the number of correctly classified spectra

being 98% and 100% respectively. This was furthered to a five class model,

introducing the corresponding white matter tissue, and tissue corresponding to

18qdisease, a chromosomedeletion syndrome. Again ANN out performed LDA
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98% to 85% respectively for correctly classified spectra, using leave one out cross

validation. Through focusing on classification technique comparison, there was a

lack of biochemical discussion, especially when considering the study’s potential

to compare Alzheimer’s white and grey matter spectra. This was addressed in the

group’s subsequent publication (Choo, 1995), highlighting the reduction of the

CH) asymmetric and CH3 symmetric stretching vibrations amongst grey matter,

associated with the increased lipid content in white matter. When comparing

control to Alzheimer’s spectra amongst white matter samples,it was reported that

there existed very little spectral differences, unsurprising as Alzheimer’s disease

is often regarded as a disease of the grey matter. Contrary to this, classification

algorithms employed managed to separate Alzheimer’s and control tissue spectra

to varying degrees of success, unfortunately no biochemical understanding was

presented to explain this. The paper also proceeded to introduce an unsupervised

algorithm, in the form of Hierarchical Cluster Analysis (HCC), which was

outperformed by both LDA and ANN duringthecrossvalidation process.

An initial FT-IR study has been performed, demonstrating the spectral

sensitivity to differences between disease states of a probe that could be used in a

clinical setting (Hanlon, 2008). Using temporal lobe tissue from five Alzheimer’s

and four control brains, the transmission and reflection spectra were studied.

Factors, such as the wavelength dependent absorption and reduced scattering

coefficients, were calculated with the latter being able to delineate Alzheimer’s

disease tissue from control specimens. Howeverthe motivations of implementing

probes in any application are to gain access to tissue in vivo, so one has to

question how this group envisage this? The difficulties of reaching the brain

minimally invasively meanthat the limited access routes would leave no choice in

the tissue to be analysed. If relatively unrelated tissue is to be used, then maybe

the advantages of assessing bodily fluids using a high signal to noise ex vivo

spectrometer should berealised.

The IR Amide I band sensitivity to secondary structure was brought into

question, by work addressing the sample handling of cerebral tissue for FT-IR and

Ramanspectroscopy (Sajid, 1997). Deparraffination of tissue is believed to leave

several hallmarks that could provide the spectroscopic illusion of beta pleated

structure amongst the low wavelength shoulders of the Amide I band. The lowest

shoulder, at 1615cm?! was found not to be consistent and not present in control
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tissue, whilst a consistent band at 1628cm’' was consistent but seen to become

more intense after being denatured. Howeverit has been demonstrated that an

integration of the area under the 1628cm"™shoulder is capable of identifying

deposits of the beta amyloid peptide, and the aggregated plaques that form

(Jackson, 1997).

Spectroscopic mapping of tissue is dependent on an efficient staining

technique, essential in brain tissue as it is extremely heterogeneous in terms of

structure and biochemistry. In order to successfully identify plaques and tangles

several stains have been tried such as the Bielschowskysilver stain to facilitate

synchrotron FT-IR mapping of plaque formation in the Hippocampus, notably

beta amyloid accumulation and fibrils (Bromberg, 1999). The Thioflavin-S stain

has also been used to highlight areas of beta amyloid accumulation under

fluorescence, using a fluorescence and FT-IR combined microscope (Miller,

2002). This enabled the FT-IR spectroscopic comparison between these regions

and the surrounding tissue. The work noted the change in secondary structure

within plaques, containing Amide I peaks corresponding to both beta pleated and

alpha helix structure, whereas surrounding tissue had a single contribution, from

the latter. This was advanced with the addition of a third technology into the

microscope, a technology particularly relevant to another feature of Alzheimer’s

plaques, metal binding sites (Miller, 2006). The use of an x-ray fluorescence

microprobe could substantiate claims that the FTIR mapped areas were indeed

plaques, not only imaging the fluorescent stain but the accumulation of metal ions,

such as those of copper and zinc. Images from all three modalities were

combined into a single RGB image, where each ofthe red, green and blue scales

corresponds to one of the modalities. Hence plaque areas will appear white in the

RGB image, as all three components will be at a maximum. The technological

side of this work was advanced further with the introduction of a new sample

substrate containing a gold reference grid, which can be imaged byall three

modalities, producing a more accurate image overlap (Miller, 2007).

A relatively new Alzheimer’s tissue observation, aided by FT-IR, is that of

relatively large creatine deposits shown in Alzheimer’s mice brains and

subsequently shown to be consistent in human hippocampal sections, when

compared to non demented brain (Gallant, 2006). Comparisons were made with

the FT-IR spectra of pure creatine, dominated by a band at 1304cm"', from which
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the integrated intensity was used to assess for the presence ofcreatine deposit in

tissue maps. Vibration spectroscopy played a critical role in the observation of

creatine content as the small soluble deposits would normally be removed by

staining procedures and solvent treatments. This kind of potential biomarker

would have gone unnoticed, especially since creatine does not havea role directly

associated with Alzheimer’s disease pathology.

2.5.5 Raman Spectroscopy of Alzheimer’s Diseased Tissue

Raman spectroscopyas an application to cerebral tissue has been held back by

the relatively late technological development. In this respectit is the junior ofthe

vibrational spectroscopies, something that is quite evident in the literature. Its

first significant application to Alzheimer’s diseased human brain tissue only

comingat the very end of the twentieth century (Hanlon, 1999), as an additional

side study to a fluorescence based paper. The PCA-based binary decision models

provided an indication of the potential Raman had whenused in combination with

fluorescence. The study, based on hippocampustissue from four Alzheimer’s

brains and one control, presented the idea of combining the two technologies in

one microscope. In theory this could prove potentially useful in the fluorescence

identification and subsequent Raman mapping of disease biomarkers. In practice

though,it presents tremendousdifficulties due to the chemical differences staining

has on the tissue. On the back of the required technical developments of Raman

the work has been extended, citing advantages such as Raman being capable to

penetrate to deeper penetration depths (Hanlon, 2000). In this publication the key

areas of cerebral tissue were identified, such as the change amongst

concentrations of phospholipids and proteins. As a result the spectral region

between 1200cm’! and 1700 cm’! was pinpointed as being of key importance.

This did not stop the identification of bands at 940 cm’ and 1150 cm’, which

were linked to the structural changes of cartenoids in Alzheimer’s tissue.

The effect of brain tissue sampling handling procedures on Raman spectra have

been studied (Pappas, 2000), specifically the effects of paraffination and

deparaffination. Special reference was madeto the 1628 cm’ Ramanpeak,often

associated with the presence of beta amylose in Alzheimer’s tissue. It was seen

that this same peak emerged in control tissue as an effect of the deformation

occurring in deparaffination.
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The most comprehensive Raman description of the amyloid plaque was

achieved ex vivo, via the isolation of plaques using fluorescence activated cell

sorting, and other extensive laboratory techniques (Dong, 2003). The role of beta

amyloid in the plaque wasassessed with a direct comparison to the Raman spectra

of synthetic variants of the peptide, where tryptophan peaks seen at 1555cm’' and

760cm' in the peptide were not in the plaque spectra. Ultimately a

comprehensive set of peak assignments describing the plaque composition,

structure and mechanismswasput in place. A summary of the secondarystructure

variations present in the Amide I and III bandsis describedin table 2.1:

 

Amide Band Peak Assignment Secondary Structure

AmideIII 1235cm'! Beta pleated sheet

AmideIII 1254 cm’ Unordered structure

AmideIII 1278cm' Beta pleated sheet

Amide I 1654 cm! Alpha helix

Amide I 1662 cm’ Beta pleated sheet
 

 

Table 2.5.1: Amide I and III band peak assignments indicative of the secondary structure of

proteins (Dong, 2003).

The spectra demonstrated a shift, where outer cores and fibrils consisted of

mixed secondary structure, and inner cores almost exclusively consisted of a beta

pleated structure. Other differences between beta amyloid fibril and plaque

spectra have been due to the metal ions that are attached to the peptide in plaque

form. Increases seen in the presence of metals such as Zinc at 1604cm'! were as

much as 90% in plaque cores compared to fibrils, taking the phenylalanine peak

as an internal standard. Although the Amide I bandis exclusively protein, the

Amide III band contains overlaps due to other contributions, including the peak at

1278cm™ which has also shown evidence of being intensified as a result of the

breathing modeof the histidine side chain when ligated to the Copper (II) ion.

The work demonstrates the key role metals play in maintaining the structure of a
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plaque, compared to amyloid deposits, knowledge that plays an importantrole in

the understanding of potential future treatments.

It is quite clear that the other heavily studied biomedical applications of Raman

spectroscopy are transferable to the brain. The foundations for a Raman

understanding of cerebral tissue have been laid by both vibrational spectroscopies.

Howeverthere are certain questions that remained to be answered in terms of

comparison between neurodegenerative conditions of various types. This kind of

question can only be answered with the study of humantissue, of which there

have been very few traditional Raman studies. Brain tissue is a very difficult

tissue to obtain, and once obtained it has usually been donated spontaneously,

with very little pre-mortem knowledge or extensive symptom history.

2.6 Summary

The biomedical applications of Raman spectroscopy have presented a

technique that can presentreal time observations of tissue biochemistry without

the need for extensive analysis time. Clearly in other area of the body it has

showna well foundedability in tissue classification, and as suchit is justifiable to

apply this methodto braintissue.

Although they entail long and complex chemical procedures, blood basedtests

such as ELISAs or proteomics demonstrate how Alzheimer’s pathology can have

a clear affect on the biochemistry of the blood. This shows encouraging signs in

terms of the information available in the longer term development of a minimally

invasive test on this type of tissue. This can be information based onsingle large

biochemical changes or over a spread of thousands of biochemical changes, as

shownby the implementation of ELISAs and proteomics respectively. If shown

to be feasible within brain tissue, Raman spectroscopy clearly has a potential

advantage over these techniques in its speed and simplicity.

Similarly the work described using the quasi elastic scattering of light has

shownthe potential of minimally invasive Alzheimer’s information available in

the lens of the eye. Although shining light directly through the lens of the eye

immediately raises certain risks, ocular applications of Raman spectroscopy to

inspect the hydration of the cornea have also been reviewed, indicating its

potential and safety towardsthe patient.
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Most of the technological developments have come in the field of radiation

physics, modalities from whichare currently used in the current diagnosis. In this

sense CT, PET and SPECT offer an approach that is sensitive but not very

specific and are used as part of the process of elimination, whetherit is to see the

decrease in metabolic activity or the order and level of atrophy. Attempts have

been reviewed within PET to develop a radiopharmaceutical that is specific to the

Alzheimer’s peptide, beta amyloid. However this technique will not contain

information from a numberof different changes, it also shows deficiencies to

Raman both in terms of economics and logistics. Ultimately all three of these

techniques administer ionising radiation to a patient, which cannotbejustified if

non-ionising approachesare available. As such attempts have been reviewed that

use MRI, but in a similar way to CT are seen to be lacking in specificity. In

addition to this the practicalities of securing an Alzheimer’s sufferer within an

MRIscannerandgetting them to lie still for extended periods of time leave this

approach opento question.

From the review the success of Raman spectroscopy as a_ biomedical

application, especially when combined with multivariate analysis is undoubted. It

can also be seen that its transfer to cerebral tissue has been limited by the

difficulty in obtaining spectra from this kind of tissue, as well as obtaining the

tissue itself. The numbers of applications are extremely limited, and a lot are

animal based. What is more significant is that the number of Ramanapplications

is significantly inferior to FT-IR, due to its relatively late technological

development. This is surprising when it is considered that Raman has the

capability of being less prone to the affects of water, making it more ideal in the

study of tissue. As has been mentioned before the major brain tissue components

are proteins and lipids, from this point of view it is difficult to understand how

few attempts are made using the fingerprint region of traditional Raman

spectroscopy.
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Chapter 3: Theory of Raman Spectroscopy

3.1 The Scattering of Light

A transparent medium is defined physically as a medium that does not absorb

all the photonsof the incident energy when a monochromatic beam of photons is

incident upon it. Rayleigh interactions are observedin the scattering of photons in

all directions, having the same energyas the incident photon. Howeverthere is a

small fraction of photons, usually between 10° and 10° of the Rayleigh

background, that are scattered that have undergone a subtle change in energy,

having undergonethe process of Ramanscattering.

The principal mechanism associated with the interaction of light with matter is

fluorescence, which is an absorption and re-emission process. This contrasts with

scattering where light is not absorbed and hence does not need to be re-emitted,

playing a key role in the transparency of the medium. This is reflected in the

interaction time, in the order of nano-seconds for absorption and re-emission

processes comparedto pico secondsfor a scattering interaction.

 

Figure 3.1.1: An energy level diagram comparing the interactions involved in infrared absorption

and scattering, for both a Rayleigh and Ramanscattering event, given in the context of being from

the zeroth vibrational level of the groundstate (g0).

Raman is a complementary technique to infrared in that they both probe the

vibrational levels of molecules, both techniques are collectively known as

vibrational spectroscopy. However, Raman has the capability of employing a

range of incident wavelengths, and also has lesser susceptibility to the effects of

water. A Raman spectrum is a plot of the scattered intensity of photons as a

function of the difference in energy between the scattered and monochromatic

incident radiation. This energy difference, known as the Ramanshift (v), is
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presented in units of wavenumbers (cm'), based on the energy of a scattered

photonbeing:

Beha”
A

(3.1)

Where E is the energy of the scattered photon, h is Planck’s constant, v is the

frequency ofthe scattered radiation, c is the speed of light and / is the wavelength

of the radiation. In a Raman spectrum the intensity of every energy shift, v is

. ‘ -1
given in wavenumbers (cm), where:

1 1

C
l Il 

incident scattered

(3.2)

This subtle change in energy of the photon afterit is scattered is governed by

the energies of the initial and final vibrational levels of the molecule. These are

specific to the given molecule; its orientation; and the surrounding environment.

The Raman scattering intensity can be simply represented in terms of the cross

section of an inelastic scattering event, defined as the ratio of the total radiated

powerto the incident power density or irradiance (I). The intensity can also be

seen to be proportional to the fourth powerof the frequency:

P= KO=,)Tyhay)

(3)

Where K is a constant; v
Vv
is the vibrational frequency that changes the

polarisability; Jo is the incident light intensity; and a, is the first derivative of the

polarisability component taken with respect to the vibrational coordinate. As

wavelength is inversely proportional to frequency, equation 3.3 implies that the

intensity is maximised by the use of shorter incident wavelengths, particularly

important for Raman asit is a relatively weak scattering event. There is a lot

more scope for the spectroscopist to choose a suitable excitation wavelength in
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Raman compared to infrared, which requires the use of a broadband source.

However, when deciding on an excitation wavelength for the particular

application, one has to optimise the intensity gained against possible adverse

effects. These can include detrimental effects such as damaging the tissue and

increasing the fluorescence, as well as altering the penetration depth into the

tissue.

3.2 Classical Theory

Classically scattering can be described by the dipole moment, P, induced upon

a molecule whenit is subject to the varying electric field, E, of a photon. The

electric field of a photon oscillates sinusoidally with respect to time with

amplitude Eo, following:

E(t) = E,sin(220t)

(3.4)

The application of the electric field is evident as the molecular electron cloud

beginsto oscillate, producing an oscillating dipole. The size of the induced dipole

is dependent on two factors, one being the magnitude ofthe electric field, and the

other being the polarisability of the molecule, a, as shown in equation 3.5. Both

components are Cartesian in nature, implying that the molecular vibration also has

directional properties.

P.=@,,E.+ @,,, Lt, +@,_E.

P, = aE, 7 @,,E, +,.E. Pi = >GE;

P.=@,,E,+@,E,+@,E, ’

(3.5)

Where P is the induced dipole moment, and i and j are the directions of the

induced dipole and applied electric field respectively. The polarisability describes

the tendencyof the electron cloud to being distorted from its equilibrium shape by

an applied electric field or by the presence of a local ion or dipole. It can be seen

from the above equation that an electrical field acting along one axis can cause a

dipole moment on a perpendicular axis, as long as the polarisability for the

corresponding axesis not zero. Thus, it can also be seen that the polarisability, as
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a variable, is a tensor constructed of nine components, each component having

contributions from the incident photon andthe scattered photon:

A.AMH,

a; e a),a),a,

aaa,

(3.6)

As the induced dipole momentis directly proportional to the electric field of

the photon, for a constant polarisability, the dipole moment oscillating with

respect to time can be described by the same sinusoidal form asthe electric field

strength, following:

P(t) =Po sin(2zur)

G7)

Extending equation 3.5 this can be interpreted in terms of the polarisability and

the electric field strength:

P(t) =a E(t) =@E,sin(270v1)

(3.8)

The nature of an oscillating dipole describes charges, and subsequently field

lines that constantly overlap, forming closed loop fields resulting in the

propagation of electromagnetic radiation at the frequency of the dipole oscillation

through space. This electromagnetic radiation is seen as the ‘re-emitted’ photon,

technically defined as a scatter as it is the product of a single quantum process as

opposed to the complete absorption and secondary emission of a photon (Lewis,

2001). Due to the fact that the only time varying component of the dipole

momentis the electric field of the incident photon, the oscillation of the dipole

will be at the same frequency asthis field that induced it. This implies that the

emitted photon has this same frequency and this process is known as Rayleigh

scattering.

Rayleigh scattering only describes the scattering due to the oscillation of the

charge density that surrounds molecule. Should a molecule itself undergo internal
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motions, such as rotation or vibration, then the polarisability of the molecule will

be altered, presenting an additional time varying contribution to the oscillating

dipole. This varying polarisability also follows a sinusoidal function with respect

to time, based on the frequency of the internal oscillation, Vin, and is

superimposed onthe original polarisability of the molecule, a, as follows:

a=a, + Bsin(220,,1)

(3.9)

Where B is the product of the equilibrium position of the atoms, Qo, and the

derived polarisability:

0a

(30).

The derived polarisability is defined as the rate of change of polarisability with

(3.10)

respect to the displacementof the atoms from the equilibrium position, Qo, arising

from the Taylor expansion ofthe polarisability under this condition. Substitution

of equations 3.4 and 3.9 produces:

P(t) =(a, + Bsin(2z0,,t))-(E, sin(2zu1))

(3.11)

Usingthe trigonometric identity:

sin Asin B = 5 (c0s(A — B)-—cos(A+ B))

It followsthat:

p(t)=E,C sin(27ut) + 332) Q) (cos(2a(v —D,,)) —COs(27(V + V,,, )))
uw 2\00 ), +S HY

(3.12)
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From equation 3.12 it can be seen that the dipole moment hasthree different

terms, correspondingto the exciting frequency, v, and frequency variations due to

internal oscillations, V+ Vint:

e » term: a component of the dipole moment oscillating with the same

frequencyas the incident excitation frequency: Rayleigh scattering.

© -Dint term: describing a scattered photon with a frequency that is a

quantum smaller than the incident excitation frequency: Stokes Raman.

© v+Vine term: describing a scattered photon with a frequency that is a

quantum larger than the incident excitation frequency: Anti-Stokes

Raman.

From this it can be seen that the Rayleigh scattering process dominates as the

derived polarisability goes to zero, representative of no internal molecular motion.

Should the magnitude of the derived polarisability be greater than zero, there is a

change in polarisability, and a subsequent difference between the frequency of the

scattered and excited photon, producing a Ramanscatter. Hence a Ramanactive

excitation can be defined as a vibration or rotation being able to change a

component of the molecule’s polarisability. The differentiation between Stokes

and anti-Stokes Raman can also be madein termsof the initial vibrational state of

a molecule, as anti-Stokes corresponds to the molecule being in an excited

vibrational state when the excitation photon is incident uponit.

3.3 Quantum Theory

Quantum mechanics takes advantage of a theory known as wave-particle

duality in understanding the presenceofa particle, such as a photon. As opposed

to describing the particle as a point object in space, travelling along a definitive

trajectory, wave-particle duality describes the particle as being distributed through

space as a wave. Essentially, quantum theory treats electromagnetic radiation as

being corpuscular in nature, whilst having wavelike properties. In satisfying the

laws of quantum physics, the electrons of any molecule occupya set of discrete

levels, based on the rotational and vibrational transitions of the molecule. The
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structure of these levels dictates the specific quantities of energy a molecule can

gain or lose. In terms of Raman scattering, a photon has an energyrelated to the

frequencyofthe radiation,=/v and anytransfer of energy between such a photon

and a molecule must occur at energies specific to the molecule’s allowed energy

states. The differentiation of scattering from absorption can be mostclearly seen

here, as electrons are excited, but without sufficient energy to complete an

electronic transition. Thus the initial Raman interaction between a photon and a

molecule is described by the excitation of electrons into a virtual level, or known

quantum mechanically as a perturbation of the molecule. This perturbation is a

momentary transition that excites electrons out of their original electronic level

into a virtual state, defined by the energyof the incident radiation. The temporary

nature and short period of this transition is due to it being physically forbidden,

resulting in the almost immediate de-excitation back into the original electronic

level, as illustrated in figure 3.3.1:

 

Figure 3.3.1: Quantum mechanical interpretation of the three scattering processes,illustrating the

energystates for (a) Rayleigh; (b) Raman Stokes; and (c) Raman Anti-Stokes.

Figure 3.3.1 presents how even though electrons return to their original

electronic level, changes in energy between the incident and scattered photons can

be attributed to the displacement in terms of the original and final vibrational

levels. This change in vibrational level correspondsto the change in energy of the

molecule, and the nature of the re-emitted photon, scattered in one of three ways:
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e Rayleigh scattering: the final vibrational level is the sameastheinitial,

implying no changein the vibrational energy of the molecule. This results

in the scattering of a photon of the same energy as that of the incident

excitation radiation hog =hvin.

e Stokes radiation: a Stokes shift occurs when the final vibrationallevel is

higher than that of the initial, implying that the molecule has gained

energy, AE. The energy of the scattered photonis then: hus = (hvjn —AE).

e Anti-Stokes radiation: an anti-Stokes shift refers to the final vibrational

level being lower that of the initial, implying that the molecule has lost

energy, AE. The energy ofthe scattered photonis then hog = (hvjn, +AE).

As such the frequency of the scattered radiation (v) can take three forms

dependenton AE:vg, vs, and va.

The Boltzmanndistribution (equation 3.13) dictates that only a small fraction

of molecules are in an excited vibrational state at a finite temperature, indicating

that Stokes is the dominantinelastic scattering mechanism, and the route by which

most Raman spectra are measured.

N E
2 =exp| -—>

ie kT

Nac : : a
Where — is the proportion of molecules in an excited vibrational state, and

0

 

(3.13)

 

E,is the energy ofthis state, k is Boltzmann’s constant and T is the temperature in

Kelvin.

A full quantum mechanical description of the mechanisms responsible for

Ramanscattering would involve the modelling of the incident radiation and the

scattering molecule as quantum particles. Any such description, if performed in

full, must take into accountthe relativistic effects any quantum particle would be

subject to, such as those on the incident photon, doing so would be beyondthe

scope of this thesis. Alternatively, the scattering molecule can be treated as a

wavefunction, an abstract mathematical tool used in quantum mechanics to
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describe a system, such as a molecule. It is wavefunctions that describe any

particle quantum mechanically, providing a handle on where the particle is

distributed in space and howthe system canexist in various states. Even though a

wavefunction is an abstract, mathematical tool, real information can be gained

from the square of the modulus of the wavefunction. For example, if a

wavefunction has a value y at a point x, then the probability that the particle exists

between point x and x + dx is proportional to lwl?dx. In a similar way a

wavefunction can describe a molecule that can exist in various states, such as the

vibrational energies of a molecule, where different parts of the wave function

describe the key vibrational levels. This close approximationis justifiable in the

sense that the fields that make up electromagnetic radiation are small in

comparison to that of the internal Coulombfields of a molecule. As a result, the

changes that need to be madeto the scattering molecule’s wavefunction are only

small, corresponding to the way that an incident electromagnetic wave can be

treated as a perturbation of the scattering molecule’s wavefunction. Using second

order perturbation theory and the time dependent Schrédinger equation, the

polarisation of the molecule can be derived in terms of the wavefunctions, Wo and

Wei, corresponding to the transition from vibrational level go to g; for the Stokes

shift, the dominant inelastic scattering process in Raman spectroscopy. This is

shownbelow for a molecule in the ground electronicstate.

P(t) cog = [Veo , P(t),dT

(3.13)

Where p(t) is the induced dipole moment, integrated over all coordinates

associated with the vibrational transition from level go to gi. This can be written

as the summation overall excited electronic states, r, based on a quantum of

energy difference between vibrational levels of the r'electronic level: rp to raat:

fs MMst

Vin —V;
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(3.14)
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Whereh is Planck’s constant; r is any given electronic state of the unperturbed

molecule; M represents the transition dipole moments for the state denoted by the

subscripts; and the v,,—v,,andv,,,,—U,, terms represent frequencies

correspondingto the difference between states referred to in the subscripts and the

frequency of the incident radiation (vj).

Equation 3.14 has subsequent implications in presenting the ability to calculate

the polarisability tensor, and subsequently the relative intensities and cross

sections of the Stokes and anti-Stokes scatters. The degree of polarisation is

defined as a ratio of light intensity between scattering directions with respect to

the direction in which the incident light has been polarised. Thatis to say thatif

the intensity of light perpendicular to the polarisation direction is Jperp and parallel

is Ipara, then the degree of polarisation(9 ) is described by equation 3.15:

ae eelB

para

(3.15)

3.4 Summary

The scattering of light is a minor contributor to the number of processes

incident light can undergo when interacting with matter, competing against

mechanisms such as fluorescence, phosphorescence, internal conversion and

intersystem crossing. The fraction of the total scattered photons that are re-

emitted inelastically as part of a Raman scatter is even smaller, only accounting

for between 10° and 10° of the Rayleigh scattered background. However these

massive steps downin intensity represent huge gains on an informativelevel.

The theoretical shift from a mechanism such as fluorescence to scattering

describes a shift from a two stage absorption re-emission process, to a one stage

scattering process. Scattering is unique in that the excitation is not great enough

to cause an electronic transition, and subsequent photon absorption, but a short

period excitation and de-excitation back to the original electronic state. The

fundamental advantage of scattering lies in its return to its original electronic

state, as this provides an insight into the constituent vibrational levels, on a

quantum level. Classically it paints a picture of how a molecule’s internal
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motionsaffect the polarisability, effects specifically defined by the atomspresent,

the bonds holding them together, and the environment they exist in. It is this

ability to recognise the most subtle components to differentiate one matter from

another that makes it an advantageous technique in delineating the discrete

biochemical differences of varying tissue types, especially amongst groups of

related conditions that contain considerable overlap, such as oncology or the

dementias.
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Chapter 4: Materials and Methods

4.1 Materials

4.1.1 Brain Tissue Diagnosis

Thirty ethically approved knownpathology tissue samples have been acquired

from Salford Hope Hospital and the University of Manchester, 19 of which from

the frontal lobe and 11 from the occipital lobe. Each tissue sample wascollected

at post mortem, with sample blocks being taken from the partially thawed brain

and flash frozen at -80°C, before being stored at this temperature until they were

used. The time of post mortem for each tissue sample varied from 12 to 120

hours. Eachtissue is identified by a code and is age matched, providing a range

indicative of the normal ageing process. Tissue samples have been collected from

each of the two lobes for Alzheimer’s disease (n=5), healthy control (n=3), and

Huntington’s disease (n=3) pathology groups. In addition to this further frontal

lobe samples have been collected corresponding to further Alzheimer’s (n=5) and

Lewy body dementia (n=3) tissue types. These have been supplemented by 2

tissue samples taken from the frontal lobe, the pathological status of which was

unknownpriorto analysis.

The dementia and control tissue spectra were pathologically diagnosed based

on the criteria set out by the Neuropathology Task Force of the Consortium to

Establish a Registry for Alzheimer’s disease (CERAD) (Mirra, 1991). This

protocol pays specific attention to a practical diagnosis of Alzheimer’s disease,

and through its developmenthas standardised the protocol for delineating control

samples whether healthy or not. In doing so it introduces definitions of such

terms as “definite Alzheimer’s disease”; “probable Alzheimer’s disease”;

“possible Alzheimer’s disease”; and “normalbrain”.

4.1.2 Bulk Tissue Preparation

In this study many measurements have been made on what havebeenreferred

to as “bulk tissue” samples. For the purpose of this study “bulk tissue” samples

are defined as small samples cut by way of a scalpel from the main tissue block.

This is to say they are not uniformly thin, as the cryotome cut samplesreferred to
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as “section tissue” in the following section are. Figure 4.1.1 below illustrates the

method by which bulk tissue samples have been cut from the maintissue block.

Discarded Tissue  
Bulk Tissue Sample

Figure 4.1.1: Cutting of bulk tissue samples used in this study, cut with a scalpel from a large

sample block after the discarding of outertissue.

Before cutting a block tissue sample from a sample block, the outer layer of

tissue wascut off and discarded. Although tissue was stored to minimisepotential

contamination, and effects of air exposure this step was taken to guarantee the

acquisition of good quality Raman spectra. The remaining block was replaced

back into the -80°C cold store, and the cut sample was allowed to thaw and dry

passively at room temperature for an hour. This was done as the presence of

water can degrade the quality of the spectra obtained. Each sample was mounted

on Calcium Fluoride (CaF) slides ahead of spectral acquisition.

4.1.3 Section Tissue Preparation

The term ‘section tissue’ in this study refers to tissue that has been cut on a

microtome, with a relatively uniform slice thickness. This has been performed for

the mapping study towards the end of the project. Two sections have been

obtained from each sample for histology and spectral analysis, as shown in figure

4.1.2. As can be seen from the figure below, sections are taken for

immunohistochemistry and for spectroscopy; this is done to employ the stained

section in biomarker location which can then be spectroscopically analysed in the

fresh section. The reasons for this surround the negative effects on tissue spectra

that applying a fixative and stain can have on a Ramanbrain spectrum, the former

of these two effects has been touchedon in section 5.1.4.
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     Immunohistochenically Stained Fresh Frozen Section    
(AT8 Mouse Monoclonal Antibody)

|es)(eee)[on

Figure 4.1.2: Consecutive sectioning for mapping study, illustrating the fixed

immunohistochemistry stained section for biomarker identification and fresh frozen section for

spectroscopy.

The microtomed sections for immunohistochemistry were cut to 10um thick

and mounted with 3-Aminopropyltriethoxysilane (APES) on coated glass slides

and fixed using formal acetic acid vapour. Consecutive fresh frozen sections were

cut to 15m thick, and mounted on calcium fluoride (CaF2) slides.

The fixed sections have been stained using an immunohistochemistry

technique for plaques and tangles, specifically employing the AT8 mouse

monoclonal antibody (Division of Medicine and Neurosciences, Salford Royal

Hospital). This antibody uses an anti-mouse secondary antibody kit (Vectastain

Kit - Elite PK-6102 Mouse IgG).

4.1.4 Application of NEO-Fix Fixative

For the fixation study a formalin free, alcohol based fixative has been used to

fix tissue samples (NEO-Fix, Merck Pharmaceuticals). This specific fixative has

been designed to accelerate fixing of frozen biopsy samples, without the risk of

formaldehyde fumes and with limited damageto the tissue DNA sequence.

For the purpose of this study fresh frozen tissue has been cut following the

methodin section 4.1.2, and then soaked for a minute in the fixative.
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4.2 Renishaw Raman Spectrometer

4.2.1 Renishaw RamanSpectrometer - System 1000

The system predominantly used in this study is that of a Renishaw System

1000 microspectrometer, as shownin figure 4.2.1, customised to enable the rapid

acquisition of high quality signal to noise spectra.

 

Figure 4.2.1: Renishaw Raman Microspectrometer, System 1000 with customised microscope

enclosure. [http://resources.renishaw.com/en/search/documents/inVia+Raman+microscope#]

The laboratory setup is shown in figure 4.2.2 illustrating the spectrometer

positioned on a work bench in a temperature controlled Raman laboratory.

Although the system was equipped with microscope housing, the lights were

switched off during spectral acquisition.

 

 

 

  
 

  

       
 

Leica
PC Control Confocal Mcroscope

CccD
Detector

Renishaw System 1000

Raman Mcrospectrometer

*| 830nm
 
 

 

 

Figure 4.2.2: Laboratory setup of Renishaw Raman microspectrometer, Leica Confocal

microscope, and the control PC.
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A high power near infrared diode laser was used employing two diffraction

gratings to reject spontaneous emissions, ultimately producing a wavelength of

830 nm and generating a power of 300mW. This wavelength has been chosen for

a numberof reasons:

e The use of radiation in this region is seen to undergolittle electronic

absorption within the tissue. Hence the amount of fluorescence is

minimised with respect to the Ramansignal.

e NIR light is also seen to have significant penetration in tissue,

facilitating spectral acquisition from increased depths, significant when

picking out biomarker biochemistry.

e It also optimises the Raman cross section, which increases inversely

with the fourth power of excitation wavelength.

e Howeverit also maintains good quantum efficiency within the CCD

detector, which decreases with extended wavelength.

Figure 4.2.3 below illustrates the schematic view of the system 1000

spectrometer, attached to the Leica microscope, and the laser entering the

spectrometer at point A. The beam then interacts with the alignment adjustment

mirrors (B and C), before becoming incident on the fixed mirror at D, reflecting

the light into the Leica microscope. It is on the microscope stage (E) where the

sample is placed and illuminated bythe laser, after passing through the x50 ultra

long working distance objective lens (Leica). The stage position can be altered

via the PC control in all three dimensions, although for the purpose of this study

the effect of depth has not been studied. Hence the z axis position of the stage has

remained unaltered, and assigned to the position of laser focus throughout. A

digital camera is positioned at the top of the microscope, to facilitate the

observation of transmission white light images. The images obtained from this

camera maybeusedas a rough observation of the sample and guide whensetting

up spectral acquisition. Back scattered signal is collected and re-enters the

spectrometer system, with the edgefilter at point F to attenuate any radiation that

has been scattered during the collection process. Holographic notch filters are

also employed to attenuate the radiation at the same wavelength as the incident
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beam. This is the elastically scattered radiation which forms the dominant

componentof back scattered radiation.

  

 
   
 

 

 

 

 

    
Figure 4.2.3: Schematic plan of Renishaw System 1000 Raman microspectrometer, (Renishaw,

2002)

Atpoint G the Ramanshifted light is refocused onto the monochromator entry

slit. This slit is introduced filter the majority of light that has been scattered from

parts of the sample that are out of focus with respect to the laser line. This

improvesspatial resolution in terms of maximising the amountof signal collected

from the point of incidence. The slit also removes fluorescent contributions to

some extent, and based on the fluorescence induced by tissue sample has been

optimised to a width of SOum. Light incident on the grating is dispersed into its

component wavelengths at the optical grating (H), having been reflected to and

collected from the grating by the prism (I).
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Figure 4.2.4: Illustration of the frequency and intensity encoding, spatially on the CCD detector.

After collecting the dispersed wavelengthsthe prism reflects the light through a

focussing lens (J) and onto the CCD (K). The operation of the CCD detector

manipulates the photoelectric effect, converting incident photons to electrons.

The use of the dispersive grating facilitates the spatial encoding of detected

wavelengths on the detector,as illustrated in figure 4.2.4.

The whole system is controlled using the Windows based Raman Environment

(WiRE)software installed on the control PC. This software is integrated with the

GRAMS/32software (Galactic Industries) to provide somespectral analysis upon

completion of acquisition. The remaining analysis was performed in the

MATLAB programme, whilst using functions from the PLS Toolbox

(Eigenvector Research). The analysis will be discussedlater.

4.2.2 Renishaw StreamLine™ Plus Raman Spectrometer

One part of the study requires an understanding of how tissue spectra vary

across the sample, due to intra sample pathological changes or even the specific

biochemistry of disease biomarkers. In order to make this successful and address

both these goals, large areas of tissue will need to be covered whilst maintaining a

good spatial resolution.

The Streamline Plus system represents a significant development in Raman

spectroscopy and has seen the facilitation of rapid Raman mapping through

technological advancesin signal acquisition and CCD readout. Forthis reason the

high speed Renishaw Streamline Plus system will be used (section 4.2.2),

enabling the x50 ULWDobjective to be used over a wide area without being too
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limited by time constraints. This technology is described below by comparison to

‘conventional’ Raman mapping approaches.

Conventional mapping approachesare particularly time consuming, even those

requiring minimal acquisition times are limited by the time taken forthe stage to

move as well as the CCD readout time. This approachis further inhibited by the

opening and closing of the CCD shutter before and after sample exposure for

every spectrum. This mechanism of acquisition is followed for both point

mapping and line mapping techniques. Line mapping acquisition wasinitially

facilitated by the adventof cylindrical lenses that enabled the laser to be focused

onto the sample as a line, from which the development of rapid Raman mapping

was borne.

The mechanism of acquisition followed by the StreamLine plus system differs

from conventional systems in that the opening and closing of the detector shutter

is at the beginning and end of the experiment. This is to say that during map

acquisition the shutter is permanently open, enabling the simultaneous operation

of stage translation with CCD readout. As a result a sample may be rastered

through the laser line, implying that the final spectrum gained from a sample

voxel is the accumulation of spectra acquired acrossthe laser line. This represents

a significant shift from point and line Raman mapping, due to the effect of

intensity fall off from the centre of the focus that is observed in conventional

approaches. The distribution of intensities across the line follows a Gaussian

distribution meaning spectra of different intensities are easily obtained for

different positions along the laser line. It prompts variations in signal-to-noise

ratio (SNR) across the laser line and is very difficult to artificially correct for.

However the nature of Streamline acquisition overcomes this to some extent by

providing a summation of components acrossthe line for each voxel. This has a

secondary implication, as the resultant power density is lower when compared to

conventional mapping, there is less chance oftissue burning effects.

4.2.3 Sources of Noise in Raman Spectroscopy

Noise contributions in Raman spectroscopy can be attributed to systematic or

random events. Systematic noise arises from sources such as the instrumentation,

and will be constant for each acquired spectrum. That is to say that if one was to
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acquire x accumulations, the final spectrum being the summation, then the

systematic noise will be x numberof times greater than a spectrum acquired over

one accumulation. Although minimising the number of accumulations may

reduce systematic noise, it reduces the possibility of smoothing out random

fluctuations such as cosmic ray detections, so a balance hasto be met.

Shot noise is the dominant form of noise observed in Raman spectra, and

describes how the detected wavelength of a photon incident on a detector is

probabilistic. This could be illustrated by the variation in detected wavelengths

that would be seen if a beam of monochromatic light was targeted at the CCD.

The average of the detected wavelengths will be equal to that of the incident beam

with the dominant intensity being heavily weighted towards this wavelength;

howeverthere will be a small spread either side. In this way the signal to noise

can be governed by the Poisson distribution, such that for n detected counts Vn

will be classed as shot noise. This implies that as more counts are detected, be it

through higher powers or longer acquisitions, more shot noise will be exhibited,

but as a fraction of the total signal: it will decrease.

Another form of noise present in Raman spectra is that due to background

light, it is for these reasons that the laboratory light has been minimised

throughout the experimental setup. A form of noise that is not random, but not

systematically constant is that arising from temperature. Temperature noise is

often evident in a spectrum baseline shift, or a changed in CCDsensitivity. It is

very difficult to correct for these changes, and as such the best practice is to

maintain the temperature of the laboratory to be as constant as possible using a

suitable air conditioning system.

Fluorescence is often considered as noise, howeverit must be noted that it can

sometimes contain information specific to the sample. Fluorescence often

manifests itself as slowly varying spectral features, none more so obvious than the

background observed on a raw Raman spectrum (figure 1.4.1). For this reason

analytical methods that can either remove fluorescence or extract the signal from

the raw data are required.
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4.2.4 Calibration

The interests of this study dictate that the results of every spectral acquisition

carry diagnostic information. This information is in the form of subtly changing

spectral features, making calibration of the spectrometer key to the project. This

can be considered from several perspectives:

e The response of the CCD detector to a standard sample has to be

calibrated, as small shifts on the wavenumber axis could present a

sample being classed as a different species.

e As well as the position on the wavenumber axis, the intensity of

spectral constituents is a key parameter in identifying a tissue sample.

From this point of view the intensity response of the CCD detector to a

standard sample must also be monitored.

e The powerof the light incident on the sample will vary if the beam is

misaligned, it will also cause noise if part of the sample is out of focus.

As a result regular checks on laser alignment must be made.

¢ Ultimately the incident light poweris dictated by the power emitted by

the laser itself; this must also undergo routine checks.

From the point of view of this project the calibration must ensure precision

throughout, evenif it is to the detriment of accuracy. It is more important for the

instrumentation to be calibrated to the same consistent standard to justify intra

model comparison, even if this sacrifices obtaining the perfect individual result.

Howeverif the calibration standard was altered mid project or calibration was not

performed, it could compromise the viability of the model and result in incorrect

predictions. This need for calibration has been identified in the literature, with

considerable effort focussed on the optimum methods required. (Shim, 1997;

Frost ,1998).

The CCD detector is split into various wavenumber channels, spatially

accounting for the spread of different wavelengths after dispersion at the
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diffraction grating. In this model the calibration of a Raman system for

wavenumberinvolves gaining spectra of a known standard. This known standard

usually consists of a sample that produces well known emission lines, and hence

the respective position on the wavenumber axis when illuminated by a specific

wavelength. In achieving this two standards have been used to monitor and

calibrate wavenumberona daily basis.

The first sample was that of a sample of silicon (Pelletier, 2001) which

produces a Raman spectrum containing one specific band between 519 cm” and

521 cm’as shownin figure 4.2.5. Using GRAMS/32 software a polynomialfit

was applied to the band to obtain an accurate measured value of peak location on

the wavenumber axis. This provides a correction factor, for which the system

could be adjusted and subsequently re-tested for reproducibility. This

measurement was made using 100% powerthrough a x50 ULWDobjective, over

a 0.1s exposure time, and across a range of detectable wavenumbervalues centred

on 1150cm”.
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Figure 4.2.5: Raman spectrum of a sampleof Silicon, featuring a prominentpeak at 520.05cem'.

The intensity of this peak was also monitored daily for any variations, due to

powerloss or misalignment. More recently in the study additional samples have

been used to asses the calibration over a wider range of wavenumbers, these

includea plastic pipette tip and the output of a Neon-Argon lamp.

In addition to the daily calibration with a silicon sample, drift in the

wavenumber values has been monitored using a sample of spectroscopy grade
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cyclohexane within a UV grade quartz cuvette. Again the spectrum was centred

at 1150cm" and producedpeaksat 801cm’!, 1027 cm”, 1264 cm™ and 1441cm’.

The goal of this was to ensure the drift of all the peaks was consistent and in the

same direction implying that drift in calibration did not vary within the

wavenumber range. Subsequently any drift would more than likely be due to

variation in the excitation wavelength.

4.3 Methods

4.3.1 1200 Lines mm’ Optical Grating Point Spectra Acquisition

This part of the study represents an initial assessment of the feasibility of

multivariate analysis in delineating the spectra obtained from frontal and occipital

lobe brain tissue. Alzheimer’s (n=5) and healthy control (n=3) samples from both

the frontal and occipital lobes were obtained from the Greater Manchester

Neurosciences Centre at Salford Royal Hospital after being collected as detailed

in section 4.1.1, then stored at -80°C prior to analysis. The two pathology types

were classified using the standards discussed in 4.1.1, and supplied as tissue

blocks with a unique identification code. They were cut using the bulk tissue

method(section 4.1.2), mounted on calcium fluoride slides (CaF), and allowed to

thaw for 1 hour prior to measurements being made(figure 4.3.1).

A customised Renishaw Raman system 1000 spectrometer using a 1200 lines

mm’! holographic dispersion grating was used to acquire tissue spectra. The use

of this particular grating ensured optimal spectral resolution, at the cost of shorter

wavenumber coverage. This required that scans in the 200cm™ to 2000cm”

wavenumberrange be obtained using the extended scan mode. The implications

of spectral acquisition in extended scan mode are mainly temporal, due to the fact

that the range of wavenumber values covered by static optical grating is

inversely proportional to its line density. In this case it results in one signal

accumulation being split into three orientations of the optical grating.
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Figure 4.3.1: Positioning of sample and nature of random point spectra acquisition.

The tissue has been illuminated for 10 seconds through a x50 ultra long

working distance (ULWD)objective lens with a near infrared laser (830nm), the

corresponding spot size being approximately 15um x 2 um. Samplescattered

photons were collected in confocal mode, elastically scattered light then being

attenuated with holographic notch filters. Three spectra were acquired in each of

five randomly selected and relatively flat positions on the sample. Before each

acquisition the sample focus wasoptimised: first with white light illumination and

then by the fine tuning of the laser line. The cosmic ray function was also

enabled, which repeats each measurement in an averaging approach to deal with

cosmic rays. Data were analysed using the Matlab programme, employing the

graphical user interface version of the PLS toolbox (Eigenvector Research Inc.).

This method wasapplied to both tissue taken from the frontal and occipital lobes.

4.3.2 300 Lines mm" Optical Grating Acquisition

The goal of this part of the study is to extend the previous work by overcoming

its limitations, providing a more rigoroustest of its potential and subsequently a

more complete classification model. The primary limitation was that of the

numberof spectra, due to the length of time required to facilitate an extended

acquisition. Hence an objective of this part of the study is to acquire quicker

spectra using an optical grating with a smaller line density operating over an

increased wavenumber range. The ability of this quicker technique to delineate

different tissue pathologies will be evaluated with respect to its potential

disadvantages in offering poorer spectral resolution.
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Based on: 61 x 61 matrix Grating A Grating B

(3721 spectra) 1200 lines‘mm 300 lines/mm

WiRE Time Estimation 55h46m44s 12h24m12s
55.78 hours 12.40 hours
 

 

Table 4.3.1: Comparison of the acquisition time reduction when using a 300 lines/mm optical

grating.

Table 4.3.1 is an estimation of the temporal benefits of using an optical grating

with increased wavenumbercoverage for an arbitrary 61 by 61 matrix of spectra.

These values have been calculated for single spectra (1 component acquisition)

and with the cosmic ray feature turned off. As can be seen from this table, using a

300 lines/mm optical grating offers the potential to increase the numberof spectra

acquired over a specific period of time by approximately 4.5 times, whilst

maintaining a tissue exposure time of 10 seconds. This is slightly more than

expected, when it is considered that the three step acquisition of the extended scan

has been replaced bya single step static scan. However CCD dead time between

the grating realignment and acquisition; as well as the physical process of turning

the grating must also factored into the time.

The decision has also been taken to no longer use three acquisitions nor the

cosmic ray function; this also contributes towards making the acquisition

conditions less ideal, as well as reducing the time further. Using the WiRE

software, the estimated acquisition time for a 61 x 61 matrix of 10 second

exposure spectra over three accumulations and with the cosmic ray function

turned on wascalculated. The time for this using the 1200 lines/mm grating was

approximately 286.4 hours; just over 23 times the time required using the 300

lines/mm for a single acquisition without the cosmic ray function. This is to be

expected as both these functions repeat the total acquisition 6 times, hence

multiplying this time by a similar factor.

The above time implications coupled with the mapping approach for acquiring

point spectra has facilitated the acquisition of increased numbers of spectra per

sample, in the order of thousands as opposed to tens (approximately 75). As has

already been hinted at in the timing estimation, spectra in this part of the study

were obtained using a mapping setup. Thisis to say that spectra were collected in

82



a square (or rectangular) matrix across the tissue sample, with a 10um step

between each spectrum. This has been optimised to provide an adequate

description of the sample, but also not to exhibit too much variation in sample

height during the data collection.

This study also overcomes further limitations in testing the potential of this

technique in a less ideal situation. The focus of the laser is no longer refined for

every acquisition, something that would also prove impractical for the number of

spectra within this study. The laser is only focussed for the first acquisition

through the same x50 ULWDobjective lens, and as such it will have the same

spot size at the beginning of the study (15um x 2 um). Similarly someareas of

the matrix will be more focussed than others. When it is considered that some

parts of the sample within the matrix will be exposed multiple times as the laser

rasters from pixel to pixel then there is an increased chance oftissue burning. For

this reason the feasibility of the technique to operate at a lower power (50%) has

been tested. Initially spectra from both lobes were acquired with the sample being

exposed to the laser for 10 secondsat each pixel within the matrix.

This has allowed an increase in the numberof spectra per sample but also the

inclusion of further samples. This includes 3 frontal and occipital lobe samples

taken post mortem from patient’s suffering from Huntington’s disease, enabling

the construction of three group models on both brain regions. In addition to this

the success of the frontal lobe model will be tested with 5 additional Alzheimer’s

samples, 3 samples from patients suffering from Lewy body dementia (LBD), and

2 samples whosepathological classification was unknownpreviousto analysis.

4.3.3 Alzheimer’s Brain Tissue and Biomarker Mapping

The goals here lie in assessing the ability of Raman spectroscopic map to

delineate characteristic areas of brain tissue, particularly to those corresponding to

the two biomarkers of Alzheimer’s disease: the plaque and the tangle. The tissue

used in this section was that of the second batch of frontal lobe Alzheimer’s

samples, a decision taken due totheir relative age since post mortem being much

shorter. One benefit of using this tissue is that it limits the numberofice crystals

formed within the tissue which is particularly relevant when one is Raman

mapping a sample area, for example.

83



Tissue sections stained as discussed in section 4.1.3 were analysed for

interesting neauropathological features. This was accompanied byan analysis of

the white light montage of the fresh tissue, obtained through the same objective

x50 ULWDlensthat is employed in spectral acquisition. Based on this analysis

setup details such as the step size of acquisition was optimised on a map by map

basis, and these details will be detailed with the corresponding mapin the results

section. A map represents the scores on a single PC, which areillustrated after

being normalised and applied a pseudo-colour, using the Jet colourmap.

4.3.4 The Use of MATLABand Multivariate Analysis

As has previously been mentioned, the MATLAB programmehas been chosen

to facilitate spectral analysis. Principally two versions of the PLS Toolbox

(Eigenvector Research) have been used to employ multivariate statistical

approaches. Early work relied on the limited function of a graphical user interface

(GUI) version, which proved very limited and not very flexible in terms of data

manipulation, pre-processing and normalisation. A step back to the commandline

driven interface, and manipulation of the scripts that run them overcame these

issues and provided the ideal platform for multivariate analysis. In this way the

toolbox provided the script that carried out the analytical operations, however

these had to be incorporated into scripts that could manipulate the data such that

the analysis was appropriate. This included writing MATLABscripts that could

manipulate the data matrices such that (for example):

e A large amountof data could be loaded in from a number of

samples, and assigned with information such as disease state

and brain region.

e Various normalisation techniques could be applied and

comparedeasily.

e Data sets could be truncated on the wavenumberaxis.

e Background subtraction or other pre-processing could be

performed, including cosmic ray removal.

e Matrices of spectra/scores could be shaped into maps, and

artificial maps made up from the combination of two.
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e Scores plots and maps could be composedto bestillustrate

the results of multivariate analysis.

e Spectra/regions of maps could be removed from the data set

from specific regions, such as calcium fluoride or burned

areas.

e Multivariate differences could be explored throughthe direct

observation of underlying spectra.

e The results of LDA can be optimised, through the

identification of the most effective linear discriminant

function.

Multivariate analysis is often referred to as chemometrics, a term that reflects

its foundations in analytical chemistry; however the techniques encompassed by

the term have since been expanded outside of the boundaries of chemistry. A

commonly accepted definition of chemometricsis:

“the science of relating measurements made on a chemical system

to the state of the system via application of mathematical or

statistical methods and of designing optimal experiments for

investigating chemical systems” (Wise, 2004).

This is to say that a model may be established from raw chemical data,

maximising the useful information available and allowing certain information to

be predicted, whilst providing the description of the prediction. It has foundits

way into spectroscopy, due to the nature of certain information being displayed in

multiple places. That is to say that for each vibrational mode witnessed in a

Ramanspectrum itis likely to be evident in other peaks, this feature is known as

collinearity.

4.3.4.1 Principal Component Analysis

Principal Component Analysis (PCA) wasfirst described in 1901, howeverit

took a number of years until significant advances could be made thanks to the

advent of computers capable of handling the data manipulation and complex
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calculations involved (Jackson, 1991). PCA is a popular tool in modern day

chemometrics dueto the ever increasing size of data sets as technology advances.

For example a Raman spectrum acquired using a 1200 lines/mm optical grating

between 200cm’! and 2000cm’! can bein excess of 2000 data points long. When

it is considered that multiple acquisitions, sometimes thousands, are made in

every study this constitutes a large amountof data.

PCA addresses this by assessing the abundance of data in a spectrum and

compressing it, maintaining key elements. Sets of variables knownasprincipal

components, described by loadings spectra, are formed that pick out the key

elements. The method picks out these elements based on how muchvariance they

contribute to the data set, that is to say that the first principal component (PC1)

describes the most variance, and PC2 will describe the second largest amount of

variance, and so on. Toascertain the full original spectrum an infinite number of

principal components would have to be combined in a weighted linear sum.

Hence this technique acts as a data reduction technique, allowing the data

employed to be optimised. This is done by removing the high frequency spectral

components allowing a sample species to be described in as little as twenty

principal components (PCs).

Uncorrelated data points known as weights or scores are then formed for each

PC as a linear sum ofthe correlation factors between the corresponding points in

the original spectrum and the respective PC. It is important to stress that scores

are uncorrelated when analysed between PCs,this is to say that each PC formedis

orthogonal, making this approach fundamentally different to regression. However

by identifying different spectral features common to some sample classes and

some that are different between classes, grouping maybe observed ona scatter

plot of scores value. Interpretation of PCA results, whetherit is cluster analysis or

interpretation of loadings, is very subjective and as such a method of

quantitatively analysing which PCs offer optimal grouping is required. This

technique mustbe able to analyse the optimal classification specifications of: (1)

maximal variance between groups; and (2) minimal variance within groups. This

means that emphasis is placed on commonfeature and distinguishing features for

each group, and the best approach to address this is analysis of variance

(ANOVA)providing an ‘F Ratio’ value that describesthisratio.

86



4.3.4.2 Linear Discriminant Analysis (LDA)

The principal difference between PCA and LDAisthat the formeris untrained

and the latter is trained. The cluster analysis of scores in PCA is limited and can

fall down when moving to multi group models. Like PCA, LDA attempts to

maximise the inter group variance whilst minimising the intra group variance.

However, using a priori knowledge, such as class information, it can assign a

weighting factor to emphasise clustering. This then begs the question as to what

purpose PCAserves, if the facility to perform LDAis available? This can be

answered through the observation of LDA performance breaking down if the

number of input variables (wavenumbers per spectrum)is greater than or equal to

the number of samples. This criterion is impossible to achieve under these

circumstances, unless a data reduction technique is available. Hence this has been

resolved by feeding PC scores (as opposed to spectra) into LDA,essentially

shifting from wavenumber space to PC space (Downey, 1990). In this sense LDA

can assess the PCs and deduce which offer the maximal inter to intra sample

variance ratio. LDA will also overcome the problems exhibited by PCA when

handling multiple (”) groups, deducing the optimal PCs within n-/ directions.
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Chapter 5: A Feasibility Study Using High Spectral

Resolution Brain Tissue Spectra

Introduction

This chapter acts as an introduction to the main Raman brain peaks, and

subsequently the areas that are expected to vary between tissue types. A

customised Raman spectrometer fitted with a 1200 lines/mm optical grating has

been used to collect spectra with optimal spectral resolution on the wavenumber

axis. This will ultimately maximise the information attainable from each

spectrum, deemednecessary for the subtle changes observedin biologicaltissue.

Spectra of this type take considerable time to acquire, and as such numbers are

limited. However this chapter proceeds to test the potential of Principal

Component Analysis (PCA), assessing whether it is capable of picking out the

differences betweentissue types.

5.1 Raman Spectra of Cerebral Tissue: A Frontal vs. Occipital
Lobe Comparison

The aim ofsection 5.1 is to display and discuss Ramanspectra originating from

two different areas of the brain: the frontal and occipital lobes. This comparison

of similar tissues types will prepare a baseline for further observations,

particularly when analysingtissues of different pathologies.

5.1.1 Brain Tissue Peaks

Raman spectra have been obtained from frontal lobe tissue using the high

resolution, short wavenumber range optical grating. Three healthy samples,

acting as control tissues, and five samples showing Alzheimer’s disease pathology

have been selected. Three spectra were acquired in five positions of each

individual specimen, using a 1200 lines mm’' optical grating, as described in

section 4.3.1.
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Figure 5.1.1 (a) Typical Raman brain spectrum acquired over 10 secondsof laser exposure and (b)

24 hour photo-bleached brain spectrum showing underlying signal.

Figure 5.11a illustrates the typical raw spectrum obtained over a typical 10

second acquisition time of a bulk tissue sample from a frontal lobe control sample.

The term ‘bulk tissue sample’ constitutes a sample that has been cut with a

scalpel, millimetres thick as opposed to a micrometer section. The result of this is

an increased tissue backgroundin the spectrum,leadingto difficulty in identifying

even the most basic tissue peaks. Figure 5.11b illustrates the underlying peaks,

obtained after exposing the tissue to the laser for 24 hours prompting the photo-

bleaching process. From this it can be seen that the principal cerebral tissue peaks

are proteins and lipids, some of the most prominentare detailed in table 5.1.1.
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Wavenumber(cm) Peak Assignment

702 CH, Rocking/NH Deformation/Cholesterol

720 Amide V (NH Bending)/Lipid (CH, Rocking)

835 Tyrosine

856 Tyrosine

878 Phosphatidylcholine / Sphingomyelin

964 CH, Symmetric Rock

1007 Phenylalanine

1067 Skeletal C-C Stretch in Lipids

1087 C-C and C-N Stretch

1133 C-C, and C-N Stretch

1266 AmideIII (Alpha Helix)

1304 AmideIII (Alpha Helix)

1448 CH, Deformation

1662 AmideI

1743 Ester
 

 

Table 5.1.1: Tentative Raman peak assignments of the spectral features observed in a photo-

bleached braintissue sample.

Each spectrum in the study cannot be acquired with a twenty four hour photo-

bleaching period. An alternative method is to apply a quintic polynomial fit, this

has been performed within the WiRE software and the result of which is the

exposed signal observedin figure 5.1.2.
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Figure 5.1.2: Background subtracted mean spectra for each sample, the thick black line is the mean

brain spectrum overall.
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Figure 5.1.3 illustrates the main part of the above spectrum corresponding to

the protein andlipid peaks observedin biological tissue, knownasthe fingerprint

region. The mean brain spectrum from figure 5.1.2 has been used inthis case,

labelling the regionsof interest in Ramanspectra of the brain.
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Figure 5.1.3: Key Raman bands and peaks within the fingerprint region between 800 cm' and

1800cm’', displayed for the mean brain tissue spectrum.

5.1.2 Normalisation to Lipid CH: Deformation Peak (~1440cm")

The CH, deformation peak at 1440cm™ is a dominant peak within cerebral

tissue and describes both lipid and protein content within this tissue. This peak

wastaken as the intensity based normalisation point, and was performedafter the

removal of background signal via the WiRE quintic point polynomial fit. Firstly

this was performed in the assessment of the regional variation of healthy control

status tissue, as shown in figure 5.1.4. It is of no surprise that the spectra are

extremely similar, the only variations being the intensifying of the Amide regions

within frontal lobe tissue, however no significant changes in width were observed.
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Figure 5.1.4: Background subtracted mean spectra of control tissue taken from the frontal (red)

and occipital (green) lobes.

The same method hasbeen applied to Alzheimer’s spectra in figure 5.1.5. The

Alzheimer’s samples demonstrate increased inter lobe spectral variation when

compared to the corresponding control tissue comparison demonstrated in figure

5.1.4.
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Figure 5.1.5 Background subtracted mean spectra of Alzheimer’s tissue taken from the frontal

(red) and occipital (green) lobes.

The differences observed between frontal and occipital tissue for Alzheimer’s

tissue may be due to the temporal variation of disease onset between the two

regions of the brain. The frontal lobe mean spectrum beginsto indicate elevated
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lipid andprotein content, as well as additional peaks, such as the peak at 956cm’

due to the CH; rock.

In figure 5.1.6, the inverted second derivative spectrum of the region between

1590cm™ and 1722cm"has been plotted to analyse the constituent peaks of the

Amide I band. Theresults of this indicated that the Amide I bands inthe frontal

and occipital lobe are extremely similar.
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Figure 5.1.6: Amide I region of background subtracted mean spectra for Alzheimer’s tissue on

frontal (red) and occipital (green) lobes. The original spectrum of the band (a) is comparedto the

inverted second derivative of the band (b).

However when the analysis is re-performed with the absence of any

background subtraction, a difference in the band’s constituent peaks is observed,

as witnessedin figure 5.1.7.
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Figure 5.1.7: Amide I region of Alzheimer’s tissue mean spectra on frontal (red) and occipital

(green) lobes, without background subtraction. The original spectrum of the band (a) is compared

to the inverted second derivative of the band (b).
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Figure 5.1.7 particularly emphasises two subtle differences between frontal and

occipital lobe tissue across the Amide I region. In figure 5.1.7a it can be seen that

the AmideI bandis shifted to a higher wavenumber. When the componentpeaks

are observed in figure 5.1.7b the shift amongst the frontal lobe tissue can be

assigned to an additional peak appearing at 1667cm’'.

5.1.3 Unit Mean Normalisation

Frontal and occipital lobe spectra have also compared using a form of

normalisation that centres the meanofall the spectra on a unit value. This differs

from the normalisation technique of section 5.1.2, as it does not isolate the

variation of one of the brain’s strongest Raman peaks. The comparison of

background subtracted spectra from control tissue has been performed on a

sample to sample basis, as shownin figure 5.1.8. The significant amount of

variation demonstrates the lack of consistent spectral differences between the two

lobes.
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Figure 5.1.8: Sample matched comparison of background subtracted spectra from the frontal and

occipital lobes.

The mean spectra gained from the frontal and occipital lobes of Alzheimer’s

sufferers have been includedin figure 5.1.9. In this case consistent differences are

observed: the mean frontal lobe Alzheimer’s spectrum contains considerable

variations from the other three tissue types.
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Figure 5.1.9: Mean spectral comparison of all four tissue types, including frontal (red) and

occipital (green) lobes for both control (dashed) and Alzheimer’s (solid) tissue.

This method of normalisation has enabled a fuller explanation of tissue lipid

content, often found in the peak that was used as a normalisation standard in

section 5.1.2. In figure 5.1.9 it can be seen that, in terms of lipid content, the

difference between both lobes for healthy control is relatively small with a slight

increases amongst occipital tissue. For the Alzheimer’s disease spectra the

observation is in comparison, the reverse: Alzheimer’s disease samples

demonstrate increased lipid content throughout the frontal lobe, with additional

peaks located at 880cm'' and 940cm'! correspondingto the elevated lipid content.

This is particularly significant in the region between 1067 em’ and 1127cm’

where the lipid Carbon-Carbon and Carbon-Nitrogen stretches become

increasingly Raman active. Protein peaks are also seen to intensify within this

1
region: the phenylalanine peak at 1002cm™ andthe additional tyrosine peak at

1175cm’' demonstrate increased protein levels.

5.1.4 Effect of Fixation on Tissue Samples

Fixation is a commonhistological technique that prevents the natural decay

that fresh tissue exhibits.. Fixation stalls tissue degradation by operating on two

levels: by protecting the tissue from intrinsic processes, such as enzyme

digestion and by extrinsic entities, such as bacteria. In performing this task on

these tissues, the fixative serves to alter the cells on a molecular level, and as such

strengthens and rigidifies the sample, preserving the morphology ofthe tissue, a

key process in any histological observation. However, in altering the cells and
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molecular bonds, the fixation process interferes with the Raman spectroscopic

observations of the sample. This section aims to assess the effect of fixation on

the Raman signal, and the impact on the work undertaken in this thesis.

Background subtracted mean spectra for samples taken from four patients and

fixed in the alcohol based fixative NEO-Fix are displayed below (figure 5.1.10)

for correspondingfrontal and occipital lobes.
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Figure 5.1.10: Mean spectra of fixed and fresh tissue across frontal and occipital lobes, for

Alzheimer’s and control pathologies. This has been performed for samples 9430 (control) and

9712 (Alzheimer’s).

It is of no surprise that areas correspondingto protein vibrations are affected by

the addition of a fixative, howeverlittle additional peaks have been observed.

This has been emphasised in figure 5.1.11, in which the spectra from each of the

four samples have been plotted. From this figure the only significant addition to

the spectrum appears to be a small peak at approximately 885cm''.
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Figure 5.1.11: Spectra of fixed (green) and fresh (magenta) tissue from sample to sample: (a)

Frontal lobe 9430; (b) Frontal lobe 9712; (c) Occipital lobe 9430; and (d) Occipital lobe 9712.

Dueto the overall direction of this investigation it was deemed appropriate to

assess the potential impact of fixation using a multivariate model. To this end

Principal Component Analysis (PCA, see section 4.3.4) has been performed on

the fixed and fresh tissue spectra acquired, for twenty Principal Components

(PCs). PCs 3 and 4 were selected using ANOVAasthey represented the most

identifiable separation in the PCA process betweenthat of fresh and fixedtissue.

Thescores and loadings for this model are demonstrated in figure 5.1.13.
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Figure 5.1.12: Principal component analysis of fresh and fixed tissue is capable of identifying

differences between fresh (magenta) and fixed (green)tissue.
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Figure 5.1.13: Loadings on principal components 3 (a) and 4 (b) describing how thescores,

observedin figure 5.1.12, separate fresh and fixed tissue spectra.

5.2 An Initial Comparison of Alzheimer's and Control Tissue
Spectra Using a High Spectral Resolution Optical Grating System

This section presents an initial comparison of tissues from a univariate

perspective, and considers the feasibility test of multivariate comparison. In this

respect, the comparison of tissue spectra will occasionally be very subjective, with

attempts to quantify it objectively within limitations of the software used.

Knowledge of how the spectra compare from the univariate observations will

further the understanding andinterpretation of PCAresults.

5.2.1 Univariate Comparison of Alzheimer’s and Healthy Control Spectra

The spectra presented throughout this chapter have all been normalised to the

CH) deformation peak at approximately 1440cm''. For the purposeof this section

the spectra have also been averaged according to pathology and brain region.

Figure 5.2.1 illustrates the spectral differences observed between Alzheimer’s and

healthy control tissues from the frontal lobe.
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Figure 5.2.1: Comparison of mean Alzheimer’s and healthy control spectra on the frontal lobe,

looking particularly at the fingerprint region (800cm''-1800cm”).

Initial observations of the frontal lobe indicate variations in peak intensity

corresponding to the protein and lipid content. The Amide I bandis consistently

more intense in Alzheimer’s than control tissue, and also exhibits a slight shift

from 1659cm'' in control spectra to 1661cm" in Alzheimer’s spectra. This

increase in protein content is also seen for the Amide III band between 1270cm'!

and 1298cm!. As discussed in section 5.1, this band contains some lipid

contribution, which mayberesponsible for the increase observed: lipid contentis

seen to increase at the CH» deformation band between 1438cm? and 1450cm’!. In

figure 5.2.2 the mean Alzheimer’s and control spectra for the occipital lobe have

been compared overthe full wavenumberrange.
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Figure 5.2.2: Comparison of mean Alzheimer’s and control spectra acquired from occipital lobe

braintissue.
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Further observations can be made from the comparison of occipital lobe

spectra between the two pathologies, as shown in figure 5.2.2. In this case the

mean Alzheimer’s spectrum shows a broadening of the Amide III band; its two

component peaksnow appear to havea similar intensity. Previously the 1298cm’

peak wasseen to be the more intense in Alzheimer’s tissue from the frontal lobe

(figure 5.2.1). This relative reduction in intensity is accompanied by similar

reduction in Alzheimer’s occipital lipid composition at 1440cm', indicating that

the strength of the 1298cm”peak is heavily influenced bylipid content regardless

of it being in the AmideIII band.

5.2.2 PCA to Discriminate Alzheimer’s and Control Spectra of Brain Tissue
Taken from the Frontal Lobe

PCAhas been performed using the EigenVector™ PLS-toolbox, a graphical

user interface (GUI) based toolbox that requires one set of data to be projected

onto another termed the ‘model-set’. At this point it must be clarified that the use

of the term ‘model’ is merely notation of the software, it is real data for which

additional data is compared to in each case. The PCs generated from an

Alzheimer’s dataset onto a healthy control model are shown below intable 5.2.1

and figure 5.2.3.

 

 

PC Eigenvalue —_% Variance (for PC) —_% Variance ( Cumulative )

1 1.31E+00 85.12 85.12

2 1.64E-01 10.64 95.76

3 2.75E-02 1.79 97.55

4 1.52E-02 0.99 98.54

5 5.20E-03 0.34 98.88

6 3.52E-03 0.23 99.11

7 1.65E-03 0.11 99.22

8 1.20E-03 0.07 99.29

9 8.61E-04 0.06 99.35

10 7.65E-04 0.05 99.40
 

 

Table 5.2.1: The variance covered by each PCin theinitial frontal lobe model, both in terms of

individual and cumulative contribution.
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Figure 5.2.3: Plot of eigenvaluesfor the first ten PCs, equivalent to the variance covered by each.

The number of PCs chosen for analysis is based on an interpretation of the

eigenvalues similar to those demonstrated above in table 5.2.1. Analysis indicates

that the level of variance each subsequent componentcontributes, as a percentage,

falls off. This helps in the identification of signal and the filtering of noise, or any

unwanted signal. The current standard in chemometrics is to base this decision on

the region known as the ‘knee’ (Wise, 2004) in the eigenvalue-PC number plot

(figure 5.2.3), as the incremental addition of variance becomesrelatively small.

For this part of the study, the number of PCs has been chosen to beslightly

greater as the incremental variance was deemedto be significant. Beyond the use

of 5 PCs the incremental addition of variance is then negligible, as shown by the

figures in table 5.2.1.
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Figure 5.2.4: Loadings spectra generated from PCA of preliminary Alzheimer’s and healthy

control data. Shown for PCs 1(a); 2(b); 3(c); 4(d); and 5(e).

The scores plots combinations, corresponding to the above loadings are shown

in figure 5.2.5, from which it can be seen that varying combinations of PCs1, 4,

and 5 provide the best discrimination.
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Figure 5.2.5: Scores plots for healthy control model (@) set and Alzheimer’s dataset (WV). The blue

circle represents 95% variance from the modelset.
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One Alzheimer’s sample has been omitted from the analysis in orderto test the

above healthy control model and an Alzheimer’s model composed of the same

dataset. The scores for the Alzheimer’s sample were shown to be more similar to

those of the Alzheimer’s model than the healthy control model when correlated

with the loadings spectra of PCs 4 and 5. At this stage it must be noted that in

using this particular toolbox, the scores plots are constrained to display the model

data as grey circles (@), and projected datasets as red triangles (¥), regardless of

group or classification. Care must be taken in interpreting the following plots,

and a key specific to each figure will be displayed.
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Figure 5.2.6: PCA scores of an Alzheimer’s brain tissue sample, 9913, omitted from both models,

plotted against (a) Healthy control model data and (b) Alzheimer’s model data. The blue circle

represents 95% variance from the modelset.
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In testing the feasibility of PCA to discriminate Raman brain spectra on the

frontal lobe, the established data sets have been quantitatively summarised in

terms of sensitivity and specificity values. A positive result is classed as one

falling outside the boundary corresponding to 95% variance from the control

model dataset scores. The values have been calculated based on figure 5.2.7

which shows scores for all Alzheimer’s spectra plotted against control model

scores.
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Figure 5.2.7: Plot of scores from all data both control (@) and Alzheimer’s (W). In this case

control scores occupythe role of the model data set, 95% variance from which (blue circle) will

class as a positive result.

Accordingly the values for specificity and sensitivity have been determined in

table 5.2.3.
 

 

 

Pathology

Alzheimer's Control

PCA Alzheimer's (+) 54 2 Sensitivity 96.4%

Control (-) 6 43 Specificity 95.6%
 

 

Table 5.2.2: Quantitative descriptions of the delineation of Alzheimer’s and control scores, in

terms of sensitivity and specificity.

Ultimately additional controls will have to be studied including those

belonging to other dementia, and other neurodegenerative conditions. Samples

taken from the frontal lobes of sufferers of Huntington’s disease have been
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studied, and their score values have been projected on to the current healthy

control and Alzheimer’s modelsin figure 5.2.8.
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model (@) data set. (b) Alzheimer’s scores (W) plotted against Huntington’s model dataset (@).

5.2.3 PCA to Discriminate Alzheimer’s and Control Spectra of Brain Tissue
Taken from the Occipital Lobe

In a similar way to the frontal lobe, Raman spectra have also been obtained

from occipital lobe tissue using the high resolution, short wavenumber range

optical grating. PCA has been performed using the using the same toolbox to

demonstrate its potential in identifying the subtle spectral differences for this

particular region of the brain. As with the frontal work, the whole wavenumber

range (between 200cm" and 2000cm’) has been employed within the analysis.
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Figure 5.2.9: Alzheimer’s sample 9712 PCA scores (¥), plotted with the model data scores (@)

being attributed to healthy control spectra. The bluecircle represents 95% variance from the model

set.

As shown for tissue sample 9712 in figure 5.2.9, this method proved

ineffective in separating Alzheimer’s and control spectra. The analysis was
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reapplied once the spectra were truncated to a narrowed wavenumber range of

800cm! to 1800cm’!. The subsequent PCA plots, shown in figure 5.2.10,

demonstrate a modest separation particularly when considering combinations that

employ scores on PC 4.
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Figure 5.2.10: Scores plots for healthy Alzheimer’s model (@) set and control dataset (VW) based on

spectra truncated to the 800 cm''-1800cm' wavenumberrange. Theblue circle represents 95%

variance from the modelset.
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In testing the feasibility of PCA to discriminate Raman brain spectra on the

occipital lobe, the established data sets have been quantitatively summarised in

terms of sensitivity and specificity values. A positive result is classed as one

falling outside the boundary corresponding to 95% variance from the Alzheimer’s

model dataset scores. The values have been calculated based on figure 5.2.11

which shows scores for all control spectra plotted against Alzheimer’s model

scores.
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Figure 5.2.11: Plot of scores from all data both Alzheimer’s (@) and control (W). In this case

Alzheimer’s scores occupythe role of the model data set, 95% variance from which (blue circle)

will class as a positive result.

Accordingly the values for specificity and sensitivity have been determined in

 

 

 

table 5.2.3.

Pathology

Alzheimer's Control

PCA Alzheimer's (+) 53 13 Sensitivity 88.3%

Control(-) 7 32 Specificity 71.1%
 

 

Table 5.2.3: Quantitative descriptions of the delineation of Alzheimer’s and control scores, in

termsofsensitivity and specificity.

Similarly to the case of the frontal lobe tissue, Huntington’s samples taken

from the occipital lobe and the results of PCA are shownin figure 5.2.12.
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model(@) data set. (b) Alzheimer’s scores (W) plotted against Huntington’s modeldata set (@).

It is quite clear that on the occipital lobe, the potential of the technique is not as

discriminatory, and warrants further investigation.

5.3 Discussion

5.3.1 Raman Brain Tissue Spectra

In section 5.1.2, Raman spectra were normalised to the major, predominantly

lipid peak at 1440cm’'. Figure 5.1.4 demonstrated the minimal difference across

the frontal and occipital lobes in controltissue, corresponding to the spectroscopic

features of proteins and lipids, the main biochemical constituents of the brain.

Major protein contributions can be observed in the form of the phenylalanine

peak, largely due to vibrational modes of amino acids that are common to most

biological media at 1007cm". The Amide regions also contain a significant

amountof information relating to protein content. The AmideI band,at 1659cm'!

in figure 5.1.4, is sensitive to the protein secondary structure, when its component

peaks are analysed both in terms of intensity and Raman shift. The Amide III

band between 1240 cm™ and 1300 cm’ act in a similar capacity, althoughit

significantly overlaps with the lipids region at 1296 cm. Other contributions

include specific lipid references corresponding to fatty acids and cholesterol, as

described in table 5.2.4.
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Wavenumber(cm) Peak Assignment
 

702 CH, Rocking/NH Deformation/Cholesterol

720 Amide V (NH Bending)/Lipid (CH, Rocking)

878 Phosphatidylcholine / Sphingomyelin

964 CH, Symmetric Rock

1067 Skeletal C-C Stretch in Lipids

1087 C-C and C-N Stretch

1133 C-C, and C-N Stretch

1448 CH, Deformation

1743 Ester
 

 

Table 5.2.4: Lipid, phospholipids and fatty acid components of Ramanbrain tissue spectra.

When analysing the mean spectra of Alzheimer’s tissue between these same

spectral regions, differences between the frontal and occipital lobes appear more

frequent and distinct. Primarily an increase in the peak at 1296 cm’relativetoits

neighbour at 1267 cm’ appears in the frontal lobe spectra, which could be due to

one of two reasons:

1. An abundanceof alpha helix protein secondary structure within the Amide

II region; an observation that could be further examined with greater

analysis of the Amide I region.

2. Alternatively, it could imply enhanced lipid content within frontal

Alzheimer’s tissue comparedto its occipital counterpart.

In addressing point one above, the inverted second derivative spectrum of the

Amide I region (1590cm' to 1722cm’') has beenplotted to identify its component

peaks, see figure 5.1.6. The results of this indicated no change in secondary

structure between the frontal and occipital lobes, whilst both exhibit a single peak

1658cm’. However this observation was contradicted when re-analysed in the

same manner without prior artificial removal of tissue background. It has been

seen that the application of a polynomial baseline can easily have a smoothing

effect which can remove constituent peaks that follow the shape of the baseline.

Figure 5.1.7 demonstrates clearly that the inverted second derivative spectrum

identifies several constituent peaks. The dominant peak in this band is seen to

coincide with the remaining peak in the previous background subtracted
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applications, featuring in the frontal and occipital lobes at 1659! and 1657cm’!

respectively. The spectra presented show a mixture of protein secondary

structures are observed, including prominent peaksat 1667cm" and 1668cm’", in

the frontal and occipital lobes. Peaks in this location are indicative of the

presence of a beta pleated secondary structure. This observation in Alzheimer’s

tissue could be due to the abundanceof the key disease peptide, Beta Amyloid. It

can also be seen that the intensity of this peak in the frontal lobe is significantly

increased over the corresponding peak in occipital tissue. This would correlate

with the understanding that less Alzheimer’s disease pathology would be evident

in the occipital lobe, comparedto the frontal lobe.

However, the indication of significant beta pleated structures within the tissue

does contradict point 1 above. Interpretation of the Amide III region in figure

5.1.5 as a description of secondary structure would suggest that alpha helix

contributions dominate the protein secondary structure, even more so in the case

of frontal lobe tissue where this peak is intensified. A possible explanation for the

increase seen here could be due to the overlap with lipid peaks local to the Amide

III region, particularly at 1296cm''. It can therefore be deduced that lipid

variations in brain tissue need to be further understood, with an alternative

normalisation technique being sought so not to isolate the major lipid peak. As a

result frontal and occipital lobe spectra were compared based on a form of

normalisation that centres the meanofall the spectra onthat of a unit value.

In termsof the control tissue, the mean spectra calculated per sample shownin

figure 5.1.8 demonstrate a lack of consistent spectral differences between the two

lobes, particularly evident between the corresponding frontal and occipital lobe

spectra of sample 9527. A contrast can be observed when the mean spectra across

both lobes for Alzheimer’s samples were analysed in figure 5.1.9). The

predominant differences are related to changes seen in the frontal lobe. However,

spectra from each lobe exhibit a broadening of the Amide I band (1659cm’'),

indicating the addition of component peaks: there is an enhancementin the lipid

content at the CH, deformation peak (1440cm’), correlating with the one seen

previously in the Amide III band at 1298cm". This observation was notdirectly

obvious when the spectra were normalised to this peak, but provides a possible

explanation of the observed contradiction in protein secondary structure described

earlier in section 5.12. The changes that were previously perceived to be assigned
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to an alphahelix structure, around 1298cm’', could beindicative ofthe overlap of

lipid contributions. If this is the case, it would indicate the observations in the

Amide I band of Alzheimer’s spectra are representative of the beta pleated

secondary structure, of the disease associated peptide, beta amyloid. Drawing on

this conclusion, the frontal lobe has an increased presence of beta amyloid, and

the enhancedlipid content can be assigned to an increased neuronal breakdown(if

it is assumed that this arises from the break down of cell membranes). Raman

spectroscopy can potentially distinguish levels of disease progression, from a

preliminary study of brain regions that exhibit large differences in onset time.

Howeverto determine whether these spectral changes are Alzheimer’s specific,

these conclusions need to be reaffirmed through comparisons made with control

tissues, beginning in section 5.2.

The most significant effect of fixation is clearly demonstrated on the protein

vibrations observed amongst the AmideIII (1220cm™ to 1300cm') band of the

brain tissue spectra in figure 5.1.10. The band’s components, represented by

shoulders at 1273cm™! and 1294cm’', are more prominent amongstthe spectra of

fresh tissue comparedto fixed tissue. This reduction in the intensity of protein

based peaksis also evident in the phenylalanine peak, at 1002cm". Figure 5.1.11

identifies the only spectral addition to fixed tissues is that of the peak located at

885cm”, whichis slightly more prominentin the frontal lobe spectra (a and b)

than the occipital lobe spectra (c and d). This peak is associated with the C-O

skeletal vibrational modeof primary alcohols, and is most likely due the formalin

free, alcohol based fixative used in the study.

The spectra have been analysed using PCA,andthe results observed simply as

fixed versus fresh, regardless of what part of the brain the tissue was taken from.

Figure 5.1.12 demonstrates this separation most clearly using principal

components 3 and 4 as predicted by ANOVA.Thescores plot demonstrates these

values on both principal components being more negative for fresh tissue than

fixed tissue. This implies that the loadings demonstrate key spectral differences

between fresh and fixed tissue, which appear to be negatively biased, and

especially significant amongst the protein regions where more spectral detail can

be resolved. The loadings plots also demonstrate evidence of peak shifting, such

as that observed with the Amide III band of loadings on PC 3 (figure 5.1.13a).

Peak shifting correlates with protein cross linking, a fixative borne effect.
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Although both principal components exhibit the C-O skeletal mode peak, it is

especially intense in principal component 4 (figure 5.1.13b) at 886cm", as a

positive peak correlating to the positive scores distribution for fixed tissue. It is

believed that this is an affect of the alcohol group within the fixative. In

summary, it can be seen that fixation reduces the intensity of the major spectral

peaks, as well as shifting others. These changes are also clearly observed using

multivariate techniques. Given the importance of protein information in brain

tissue biochemistry, fixation is therefore not a satisfactory route forward for

additional research in this study. By studying unfixed tissue, additional benefits

will contribute to the longer term goals of this project, in transferring the

understanding of Ramananalysis to possible in vivo applications.

5.3.2 Potential Raman Differences Between Disease and Healthy Tissue

Initial univariate inspection of the frontal and occipital lobe brain tissue has

indicated that the predominant changes in Alzheimer’s tissue lie in the protein and

lipid content. Protein changes are particularly evident in the phenylalanine peak

(~1001cm') and in the Amide bands. The latter Amide bands exhibit a

broadening in Alzheimer’s disease tissue suggesting there may be some changes

in the protein secondary structure, which the component peaks are said to

represent. It is possible that the change in secondary structure could be from

spectra acquired over areas of Alzheimer’s brain tissue containing significant beta

amyloid deposition, which are obviously less frequentin controltissue.

The most significant Raman lipid change was witnessed in the form of the CH»

deformation usually located around 1440cm’. For both pathologies of tissue and

across both brain regions the relative variation of lipid content is also seen to

correlate with lipid contributions between 1067cm'! and 1133cm”. There is also

somecorrelation with overlapping lipid contributions in the Amide III band. The

lower wavenumber range of the Amide I band is often associated with beta

pleated secondary structures and the higher end with alpha helix secondary

structures. The observation of overlapping lipid change in this band would

indicate why this band appears to broaden in both directions in Alzheimer’s

tissue. The increase in lipids could well be explained by the significant

neurodegeneration as cell membrane and phospholipids biolayers break down.
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This is backed up by the observations of sections 5.1.2 and 5.1.3, showing that

these lipid changes are more advanced in tissue taken from the frontal lobe part of

the brain where Alzheimer’s is seen to take controlfirst. This subtle difference in

pathology goes some wayto reaffirming the observations of section 5.1 in which

regional differences are only really observable for diseased tissue.

5.3.3 Capability of Multivariate Analysis in Tissue Characterisation

The initial application of PCA on frontal lobe tissue has emphasised the need

to pay specific attention to PCs beyond the level of variance covered in more

traditional applications, in order to take account of subtle spectral information.

From a subjective analysis of scores plots the optimum combinations have been

shownto be those making use of PCs 1, 4, and 5. This is of no surprise when the

loadings spectra for the first 5 PCs have been reviewed, as shownin figure 5.2.4.

The two PCs which showlittle use in separating Alzheimer’s and control scores

seem to describe a lot of background variation. On the other hand, loadings

spectra for PCs 1, 4, and 5 contain spectral contributions similar to those observed

in the univariate analysis. Although PC 4 contains some backgroundvariation,

the signal contained in this loading corresponds almost exclusively to the

phenylalanine, CH deformation and Amide I peaks that are indicative of

Alzheimer’s tissue. The signal discussed is negative in the loadings on PC 1, and

positive on PCs 4 and 5 matching the corresponding distribution of scores values.

This model has been successfully subjectively observed to be validated by a leave

one sample out approach,illustrated in figure 5.2.6. An additional test against

Huntington’s disease samples has been performed, which acts as an alternative

control, that of a neurodegenerative type. From figure 5.2.8 it is evident that the

distribution of scores is similar between Alzheimer’s and Huntington’s tissue, but

thereis still an indication that delineation is possible with further study.

In attempting to observe scores plot differentiation for spectra taken from the

occipital lobe the input spectra have had to be narrowedto the fingerprint region,

focussing solely on the protein and lipid changes. The effectiveness is

demonstrated in figure 5.2.10, which show sometendency towards differentiating

control and diseased tissue, if not complete separation. This is partly due to the

fact the specific spectral signal corresponding to the variation between tissue type
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has only been resolved in one principal component, PC 4. Clearly the ability to

differentiate Alzheimer’s and healthy control spectra is more difficult on the

occipital lobe than it is in the more pathologically advanced frontal lobe. Using

multivariate analysis this is evident in the quantitative description of PCA,

comparedfor both lobes in table 5.2.5.

 

 

Lobe Training Performance Sensitivity Specificity

Frontal 92.4% 96.40% 95.60%
Occipital 81.0% 88.30% 71.10%
 

 

Table 5.2.5: Quantitative description of initial PCA application to frontal and occipital lobe brain

tissue.

PCA on the occipital lobe exhibits an 11% decrease in the number of spectra

classified correctly (the training performance). However, whereas the

identification of Alzheimer’s samples on the frontal lobe is approximately equal

in being as sensitive as it is specific, the occipital lobe is underperformingin its

specificity. This would suggest that there are more control spectra being classed

as Alzheimer’s spectra than vice versa within occipital lobe tissue, possibly due to

less areas of occipital tissue having undergone any pathological change.

To summarise, this section clearly identifies that there is potential in both the

univariate and multivariate pathways of this thesis to differentiate tissue from

Alzheimer’s sufferers. This is to say that that the spectra contain subtle changes,

made to be significant through their collinear appearance, which match the

pathological onset of the condition. It is from this type of change that PCA has

demonstrated its potential to classify spectra from the two tissue types.

Unfortunately the work so far consists of limited numbers of spectra that do not

fully describe the variance in tissue biochemistry. The spectra have also been

refined for each acquisition, an operation easily performed for the small number

of spectra used. To further this study large datasets need to be acquired, that

describe as much of the biochemical variation between raw spectra as possible.

This will also provide a more rigorous test of PCA which will then in turn provide

a deeperinsight into the more subtle spectral differences.
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Chapter 6: The Formation of Comprehensive

Multivariate Models

Introduction

In chapter 5, Raman spectroscopy showed cleared indications of being

sensitive to the different biochemistries exhibited in diseased and non diseased

tissue. Crucially Principal Component Analysis (PCA) proved highly successful

in classifying scores describing the spectral content. However these results were

obtained using a grating with a high line density (1200 lines/mm) optical grating,

having the knock-on effect of long acquisition times and limited numbers of

spectra. This limit is detrimental to a tissue classification in two ways:

1. The limited numbersprohibit an accurate description of the variance in

biochemistry across the sample.

2. The limited numbers of spectra are not conducive to the optimum

performance of a multivariate model, and quantitative information is

limited.

The needthen is clear for more spectra and this has been metin this chapter by

the adoption of a different optical grating. A 300 lines/mm optical grating is

expected too shorten acquisition times through its increased wavenumber

coverage. However there will be a loss in spectral resolution, and before

proceeding with the model formation this must be quantified to some extent.

6.1 The Potential Use of a 300 Lines mm’ Optical Grating andIts
Effect on Brain Tissue Spectra

A series of results are now presented assessing the potential of using an

alternative optical grating. The optical grating that is now addedto the study is

that of 300 lines mm”as such providingless resolution on the Ramanshift axis of

any spectrum. However this is countered by bypassing the need to utilise

extended scans, as the 200cm''-2000 cm wavenumber range can be obtained

with the optical grating in a single position. This significantly reduces acquisition

times and increases the amount of data that can be obtained in a single process.
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The advantage of reduced acquisition time, as illustrated in table 4.3.1, has to be

weighted against the relative detrimental effects to spectrum quality. In figure

6.1.1 below the background subtracted mean spectra from control samples have

been compared.

 

 

 

x 10 MeanControl Spectrum from System A
3.55 _ 1 —

(a)
|

3 i |
{
1\
fy| \

2.5 bat 4
| | ba

bas} A
= Bla |
2 ko We \ |
2 | | I
Bask Ll pak, N\
eee \ r A i\ep te b oba OR

| pil h\ fost rs
| pale N \ \ | ‘hae |

1 | | LAW! | | J
eas Secor \ | i f |

\ ol } \
ee Lies | fi} Wi \

0.5 \ \q | | | \
| | a j

We NY \ /
| \J \W \f \

ai aBS _|
400 600 800 1000 1200 1400 1600 1800 2000

Wavenumber(om!)

x 10° MeanControl Spectrum from System B
6eS —

‘(b)
| |3h i | || \ |

Pi
|

ast | | f 4
12 aN
\ | |

eel= 2b eet
3 \= \ |
3 | \
= 5] | | (VV \ |

ye i

A | || ia ch ee | \
oy i \ | \ | | 1)

1 ele | bom op\ | ie

Vad Nee | | | \ pe
\ \ \ { re \

|. | | jo 3k to ay \
os te | \y / Aa] \W / | \

\W | " \/ \ \

| \l V \/ ~
OS es ee py gee pre ia pak fi
400 600 800 1000 1200 1400 1600 1800 2000

Waveninmbar fam !\

Figure 6.1.1: Background subtracted mean spectra of control tissue acquired using a (a) 1200 lines

mm’ and (b) 300 lines mmoptical grating. Arrows indicate spectral regions where key peaks

have beenresolvedbetterin figure (a).

This has been repeated for spectra taken from the synthetic beta-Amyloid 42

peptide, as shownin figure 6.1.2 overleaf.
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Figure 6.1.2: Background subtracted mean spectra for beta Amyloid 42 peptide, acquired using a

(a) 1200 lines mm’ and (b) 300 lines mm’optical grating.

Figure 6.1.1 clearly demonstrates how some peaksare resolved more readily

when using the 1200 lines mm!grating, demonstrating more intense, narrow and

sharper peaks overall. In figure 6.1.2 there is also a significant increase in high

frequency noise, when the 300 lines mmgrating is employed; when both

gratings are compared there is a significant increase in signal to noise ratio, a

fundamental property in high background tissue acquisition. In the approach that

this research takes, PCA can be used in a fashion that filters out this particular

noise; however the question remains as to whether sufficient signal can be

obtained, especially when poorer quality spectra are obtained. A two dimensional

map of Alzheimer’s frontal lobe sample 9913 has been acquired, comprising of 61

spectra in each dimension. On completion the laser spot wasleft to illuminate the

tissue for twenty four hours, in order to exhibit the photo-bleaching effect. This
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has the effect of providing a Raman spectrum with optimum signal, this spectrum

has been comparedto the signal of the original map obtained using PCA,andis

shownin figure 6.1.3.
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Figure 6.1.3: A 24 hour photo bleached spectrum comparedto the signal obtained observing the

loadings of PC3, when PCA wasappliedto 3,721 normal tissue spectra using 300 lines mm’.

aol Vs. Healthy Control: Multivariate Frontal Lobe
ode

Section 5.2 demonstrated the potential of PCA to differentiate tissue

pathologies. Howeverthe result of that work recognised areasoflimitation in, and

improvements for, the study:

e The number of spectra used did not sufficiently describe the range of

spectral variation that may exist within a sampleor pathological group.

e The numberof spectra used limited the performance of PCA especially

amongst multi group analysis. A significant number of spectra that

exceeds the numberof input variable (wavenumbers) should now beused.

e The spectra contained were far too ideal in the sense that the experimental

conditions (such as the focus) were refined for each signal collection.

e The analysis of PCA performance and subsequentclassification appeared

far too subjective and steps need to be taken to address this, and rigorously

test the models.
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Ultimately the major experimental step required is to increase the numberof

spectra acquired. Section 6.1 demonstrated the potential to acquire spectra rapidly

using 300 lines mm’! optical grating. In this section this grating has been utilised

and tested to gain a further understanding of the spectra and to produce

comprehensive PCA models for healthy control and Alzheimer’s diseased tissue

samples.

One goal of this will be to produce a numberof spectra that far outweigh the

number of wavenumbers in each spectrum. In addition to this, further statistical

methods have been employed to reduce subjectivity. The ANOVAtest has been

used to identify the PCs that provide the best ratio of inter class to intra class

difference, as well as Linear Discriminant Analysis (LDA) to maximise the PCs

that meet these requirements. As LDA is a trained approach to multivariate

analysis, rigorous classification models that are comprehensively quantified are

produced.

Spectra have been acquired for tissue cut with a scalpel to the approximate

dimensions of 2mm x 2mm x 2mm,as with the results previously discussed for

the higher resolution optical grating. Due to the variation in sample height with

this cutting method the spectra have been acquired with a 10um step size in the

transverse plane.

6.2.1 Univariate Analysis

The first comparison between the mean spectra of Alzheimer’s and control

tissue using this grating is shown in figure 6.2.1. The mean control spectrum has

been subtracted from the equivalent Alzheimer’s spectrum, implying that positive

contributionsto this particular figure are those from the Alzheimer’s spectra.
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Figure 6.2.1: Subtraction of mean control spectrum from healthy control spectrum, for norrmalised

spectra without backgroundsubtraction.

Although the spectra have been acquired over the same spectral range, it has

been truncated as part of the analytical process. This new range covers 450cm’to

1850 cm’, and accounts for inconsistencies between spectra at the extremities as

well as the lack of significant signal in these regions. When multivariate

techniques are applied to resolve signal later, only normalisation will be employed

as a pre processing technique. However, when analysing the univariate

differences it has been deemed appropriate to apply a polynomial background

subtraction. The effects of not removing background have been observed in

figure 6.2.1, emphasised when compared to figure 6.2.2 after background

subtraction. These spectra highlight key areas of spectral variation, which PCA

should be able to resolve from the raw spectra.

Mean Normalised Spectra Comparison: Alzheimer's toto Healthy Controt (Background Suteted
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Figure 6.2.2: Background subtracted mean spectra for Alzheimer’s and control spectra acquired

with the 300 lines mm!
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These observations are consistent and are enhanced by smaller variations when

the difference spectrum betweenthe twois plotted, as shownin figure 6.2.3.
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Figure 6.2.3: Difference spectrum for background subtracted mean spectra, accounting for

Alzheimer’s to control differences.

The univariate analysis of frontal lobe tissue sample, the differences observed

for Alzheimer’s samples are summarisedin table 6.2.1.

 

 

Wavenumber(cm) Peak Assignment Observations

CH, Rocking/NH

702 Deformation/Cholesterol Additional peak

Amide V (NH Bending)/

722 Lipid (CH) Rocking) Additional peak

767 O-P-O symmetrical stretch Moreintense

849 Tyrosine Additional peak

881 Phosphatidylcholine / Sphingomyelin Moreintense, broader peak

959 CH, Symmetric Rock Moreintense, broader peak

1006 Phenylalanine Moreintense, broader peak

1065 Skeletal C-C Stretch in Lipids Moreintense, broader peak

1086 C-C and C-N Stretch Moreintense, broader peak

1131 C-C, and C-N Stretch Moreintense, broader peak

1269 AmideIII Beta pleated sheet Moreintense, broader peak

1299 Phospholipid CH, twist and wagging Moreintense, broader peak

CH, deformation modesfrom lipids and

1443 proteins/CH, group scissoring Moreintense, broader peak

1667 AmideI Moreintense, broader peak
 

 

Table 6.2.1: Summary of univariate observations of changes exhibited in the spectra of frontal lobe

brain tissue when comparedto healthy control tissue.
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6.2.2 Bivariate Analysis

It can be seen from section 5.4.1 that the majority of variation between the two

tissues types concerns the biochemistryof the lipids andproteins, and in particular

relates to phospholipids, fatty acids and amino acids. Peaks have been selected

that are highly influenced by the proteins and lipids, enabling the approximate

calculation of protein to lipid ratios for each background subtracted spectrum.

Protein peaks have been selected that compare the dominant CHdeformation

peak indicative of lipids at 1443cm’!. These include the phenylalanine peak at

approximately 1001 cm’! andthe peak of the Amide I band at approximately 1665

cm''. Thefirst of these assesses therelative protein-lipid concentrations,using the

phenylalanine peak (1001 cm’) as the protein reference as shownin figure 6.2.4.
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Figure 6.2.4: Ratio of relative intensities of 1443cm’(lipid) to phenylalanine (protein) peak, after

normalisation of background subtracted spectra.

In figure 6.2.5 overleaf the protein peak has been substituted for the peak of the

AmideI band (~1665cm’').
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Figure 6.2.5: Ratio ofrelative intensities of 1443cm' (lipid) to 1665cm' AmideI (protein) peak,

after normalisation of background subtracted spectra.

When comparingthese figures, the ratio of lipid to protein intensity is seen to

increase when moving from spectra of control pathology to that of Alzheimer’s

pathology. This quantifies the observations made when assessing the spectra

univariately. This is to say that the increase in lipid is far more substantial than

the detected protein concentration increase; howeverthis could in fact represent a

relative decrease in protein concentration.

6.2.3 Initial Frontal Lobe Two Group PCA

PCAhasbeen performed on the raw normalised spectra, the only other applied

pre-processing technique is the removal of the first two rows and manual

threshold removal of the most intense cosmic rays. Thefirst two rows of the map

have been removedas the laser tends to be focussed more here than in the rest of

the spectra. This is particularly significant for bulk tissue samples where the

focus will change drastically due to the uneven surface of the individual samples.

This prevents bias based on increased signal, as well as reducing the possibility of

tissue burning influencing PC loads.
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Figure: 6.2.6: ANOVAresults of scores generated over 25 PCs from raw normalised frontal lobe

spectra.

An analysis of variance (ANOVA) on the PC scores for each score suggests

that the two dominant PCs that can delineate the tissue types are PCs 2 and 3.

This is evident in the scores plot shown belowin figure 6.2.7.
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Figure 6.2.7: Initial 2 group PCAscores plot on PCs 2 and 3. Consisting of 12,056 Alzheimer’s(

O) and 6,654 Control (O) spectra.

In figure 6.2.7 there is a clear grouping of Alzheimer’s and control spectra

respectively on both PCs. The corresponding loads which describe this separation

are shownin figure 6.2.8.
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Figure 6.2.8: Loadings spectra describing the score separation observed in figure 6.2.7,

correspondingto (a) PC 2 and (b) PC 3.

Although the loadings in figure 6.2.8 demonstrate lipid and protein changes

consistent with those previously seen, the loading spectrum describing PC2 does

present some element of concern: some of the scores separation may be based on

background variance. The effect of background noise on the inputted spectra has

been removed somewhat by this time performing the PCA onthefirst derivative

spectra, the resultant scores plot is shown overleaf.
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Figure 6.2.9: Scores on PCs | and 2 forthe first derivative spectra. The blue line has been added

as an approximate distinction to help interpret the loadings spectra. The respective datasets

consisting of 12,056Alzheimer’s ( 0) and 6,654 Control (O) spectra.

The separation is repeatable forthe first derivative spectra, and this is observed

quantitatively in the form of the corresponding ANOVAresults, illustrating PCs 1

and 2 as the most effective in this role (figure 6.2.10).
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Figure: 6.2.10: ANOVAresults of scores generated over 25 PCsfrom first derivative normalised

frontal lobe spectra.

Knowing that PCs 1 and 2 most efficiently describe the separation between

Alzheimer’s and control pathologies, the biochemical changes that contribute to

these specific componentsare illustrated in figure 6.2.11.
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Figure 6.2.11: First derivative loadings spectra for PCs (a) | and (b)2.

Althoughthe nature offirst derivative spectra makes them appearnoisy,it can

be seen from figure 6.2.11 that the differentiation observed in figure 6.2.9 is based

on spectral variations consistent with what has been observed so far. In addition,

it can be seen in PC1 (figure 6.2.11a) that the Amide I region is made up of two

peaks shifting from a 1631cm’ negative peak to a 1663cm"' positive peak. This

shift from negative to positive correlates to a shift in scores distribution from

healthy control to Alzheimer’s tissue. The loading spectra also suggest that the

separation is independent of backgroundnoise.
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6.2.4 Initial Frontal Lobe Two Group PCA-fed LDA Model

It is at this point that LDA has been introduced to provide a more quantitative

description of the multivariate separation. Performing LDA on both PCA models

as discussed in section 4.3.4 not only facilitates an improved quantitative

description of the separation, but also provides a handle on the effect of

background in the former of the two PCA models for the frontal lobe. For this

purpose the two models will be described as follows:

¢ Model A: The normalised raw spectra model will be referred to as ‘Model

A’.

e Model B: Thefirst derivative model will be referred to as ‘Model B’.

PC scores from each model were fed into LDA with class information as part

of a trained analytical approach.

 

a Wee | I | | EEE Azoimers
( pawn nnnaraaeSaaseeane \ j HERB Heaithy Contras' 1 i ao
rel | | ti \ |
4 | I Hi | I

Jeg | | 4 \ I
gor | \ \ ‘I \ \

er ! | ! | lf | 1 !1 1
f | | ' | ' ! |

1 ! \ Pele I 4 I \
t I \ i a \ \ \ \
; \ e) fe zy | | | |

00s)905 4 \ | fat ; | | \ |
- 1g 1 ! ! I | I : I | | |

3 ' p= | | Tie | | Il |} ‘fy '
3 | 1 eel 1 | od | Deut | 1' '
§ | ' 1 1 | tot ' i | 1

| at \ \ \ tl \ \ \ \of =) fea
Hl 1
{ | | ie 8 | \ \
1y \ \ 1 ha | \ \
1‘ \ \ pout \ |
4 I 1 | ' |
'

0.005} f I 1 | ! |

ul I I 1 ! ! |

vl \ \ ! \ I
¥ | | \ | |
“i aa feedsts T | \ |

\ ! ! | | 1 | \

0.01 1 L 1 1 1 fe aeae ee a I5 0 5 20 2s 30

 

 

 

 

+ + ro ==
I | \ | ) [meats |, ERB Hoainy Control
4 | \ \ \ T 7|
4 | 1 of! ' \ \ | |

; "| \ \ | | |
' 1t il \ \ | I \

'
t il | | | I \ |
' tl \ \ int \ \ \ | |

HW 10.0514 ri | | a | | | |

\! 1 I | Lpsl | | | I1
1 i] | I Io | i l I
' ' |
1 ') \ \ is \ I \ |t '

alt ah \ 14 ie \ | \ \
ele 1 1 fet 3 1 1 1 1 |

'
: iH 1 (ea ir] | \

f |
§ { 1 te 1 | | |

8 el t | \ (aa \ \ \
mt H | | io \ | \

| ' |rag |
1 q ! | I I | It 1t ' ene \ \ | \

ont | 1 | | \ | | |
| 1\\ ' | | | | |
' f1 ! | | ' I | 1

PPT \ \ \ \ \
ONS: | ! | | | ! \ I

| I 1 ! | | \

I | I I 1 | \ | |

| I LE sopoleyall 1 | |

02 peepMest fee [pia Sy r
0 5 0 6 F Fo »

Principal Component

Figure 6.2.12: Combined PC/LDAscores for (a) Model A: Normalised raw spectra and (b) Model

B: First derivative spectra. The hashed blue square indicates the optimum PCsto be fed into the

LDA modelfor each case.
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The LD weights multiplied by the mean score on each PC and for each

pathology, were analysed to provide combined scores. The combined scores

provide an indication of the most relevant PC’s to be included within the model.

The combined scores are equivalent to the ANOVAratios inspected for each

model, but borne out of the analytical approach.

Figure 6.2.12 illustrates the combinedscores in the case of model A and model

B, and the PCs that were selected to optimise the PCA-fed LDA model, indicated

by the hashed blue squares. Optimum PCs were selected on the basis of showing

combined scores which showedsignificant differences. Ideally this included

combined scores of opposite signs; however combined scores of the same sign

were selected if the magnitude of difference between each pathology waslarge

enough.
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Figure 6.2.13: Two-dimensional LDA results, based on models for (a) Model A: normalised raw

spectra and (b) Model B: normalisedfirst derivative spectra.
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As the construction of an LDA modelis a trained process, relative quantitative

information can be gained. The training performance describes how many spectra

were correctly classified out of the total number of spectra. The training

performances for the Model A and Model B above were 97.5% and 94.3%

respectively, indicating that in Model A only 3.2% of those correctly classified

were based on backgroundvariation. These values can be broken down in terms

of sensitivity and specificity from the values shownin tables 6.2.2 and 6.2.3.
 

 

Model A Model B

LDA LDA

Alz Con Alz Con

Alz 11534 522 Alz 10997 1059

Path. Path.

Con 11 6643 Con 6 6648
    
Table 6.2.2: Breakdown of LDAscoreclassification for (a) Model A: normalised raw spectra and

(b) Model B: normalised first derivative spectra.

This demonstrates that sensitivity values based on Alzheimer’s samples being

taken as positive and control samples as negative can be calculated as such:

 

 

Model A (%) Model B (%)

Sensitivity 95.7% 91.2%

Specificity 99.8% 99.9%
 

 

Table 6.2.3: Derived values of sensitivity and specificity for (a) Model A: normalised raw spectra

and (b) Model B: normalisedfirst derivative spectra.

The variation in background in model A has someeffect on the performance of

the model (A), providing a bias that is reflected through a decrease in sensitivity

when mostof the background is removed. It can be deduced that the small effect

tissue background has on separation, was to reduce the number of Alzheimer’s

spectra misclassified as control. The LD function responsible for the separation is

a spectrum borne out of the multiplication of LD weights and the loading spectra

for the PCs used. When considering only the peak differences and not the effect
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of background, the LDF for the first derivative model (figure 6.2.14) best

characterises the separation observedin table 6.2.2.
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Figure 6.2.14: The LDF function for the first derivative PCA-fed LDA model of Alzheimer’s

versus healthy control spectra.

The LDF is especially appropriate given the noisy appearance of the first

derivative spectra, evident in the PC loadings (figure 6.2.11). The LDF has

filtered out a significant proportion of the signal that is not required to separate the

two tissues, as well as noise. The first derivative features corresponding to

positive peaks are identified in figure 6.2.14, and describe the shift in LD scores

when moving from control to Alzheimer’s tissue in figure 6.2.13b. This includes

the enhanced protein profile, evident in the Amide bands at 1299cm'! and

1667cm", as well as increasedlipid content.

6.3 Discussion

6.3.1 Implicationsof a 300 lines mm” Optical Grating

As can be seen from table 4.3.1 the acquisition time can be seen to be

approximately 4.5 times quicker in the case of the 300 lines mm grating, when

compared to the 1200 lines mm’ setup. This is due to the fact that the spectral

range an optical grating can scan whilst in one position is proportionalto the line

separation on the grating. This is to say that a grating with more lines on will be
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able to resolve smaller ranges of wavelengths, but also be more densely packed

and cover a smaller spectral range. This is what is observed here, as the 1200

lines mm”hasto operate in extended scan mode, in which it segments the spectral

range into three parts corresponding to the position of the grating. Using this

theory, a factor of 3 should describe the difference in acquisition times, but one

has to consider that the grating will rotate through three separate positions and

backto the start position, implying an increased amountof deadtime.

Spectra have been compared between both systems for two types of target

material, eachillustrating the differences that a change in grating may have on the

study. Firstly a comparison of mean spectra for healthy control brain tissue has

been made. Arrows on figure 6.1.1 indicate that key peaks appear sharper and

more resolved when using the 1200 lines mmoptical grating. The most obvious

example being that of the dominant phenylalanine peak at 1001cm'', whichis far

more intense and features far less background in the 1200 lines mmspectrum

compared to the 300 lines mm'. Phenylalanine also has an influenceat the band

around 1605cm’', asit is a region also containing a constituent tyrosine peak, and

appears more resolved using the optical grating with increased lines/mm. A

similar observation can be made for the twin tyrosine peaks at 828 cm” and 850

cm”,

The synthetic beta Amyloid 42 peptide was chosen in this comparison due to

the significant role it plays in Alzheimer’s disease pathology. As the peptide is

supplied in a buffer solution, a small sample was allowedto settle for an hour

before spectra were acquired. The mean spectra again show the reduced intensity

in the main lipid and protein peaks when movingto a lowerline density grating.

Not only this, a dramatic increase in noise is observed in the latter case with it

often hiding the particularly important signal such as the Amide III (1237 cm”-

1320 cm’) and Amide I (~1668 cm’) bands. Theloss of signal to noise could be

further masked in the case of fresh tissue, where the enhanced background tends

to diminish the observable signal. This could have a detrimental effect on the

discrimination of diseased and healthy tissue types. However PCA has been

shownto be capable of identifying a significant amount of signal from spectra that

appear to be lacking. To test whether PCA can removethe additional noise and

background provided using the 300 lines mm, the loadings of a tissue map have

been compared to photo-bleached spectra with optimum signal in figure 6.1.3.
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Observing the loadings of PC 3 here demonstrates a clear distinction of signal that

is comparable to the photo-bleached spectrum, whilst containing very little

background or noise. It can be concluded that the use of the 300 lines mm’!

optical grating facilitates the rapid acquisition of spectra that can contribute to

increased dataset sizes. The detrimental effects of signal loss, increased noise

and increased background seem be overcome through the employment of PCA,

however the question as to whether this grating can successfully classify diseased

and healthy tissue remains.

6.3.2 Characterising the Different Tissues with this Optical Grating

Initial univariate analysis has revealed that the concentration of proteins and

lipids in brain tissue is a good indicator of the onset of Alzheimer’s disease

pathology. Bivariate analysis has revealed that the lipids are the dominant

biochemistry exhibiting this increase, more specifically identified as phospholipid

changes whenindividual peaks are analysed. These observations seem to point

towards the break downofcells, and in particular the phospholipid bilayer found

in the neuronal cell membrane. The lipid changes are particularly prominentin

the shape of the CH deformation at 1440cm'', an observation which correlates

with lipid increases elsewhere in the spectrum. These include the appearanceof a

peak at 702cm'' indicative of cholesterol presence, as well as notable carbon-

hydrogen oscillations at 722cm’', 959cm’'; and carbon and nitrogenoscillations

between 1065cm"! and 1131cm’!.
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Figure 6.2.15: Analysis of protein secondary structure from the Amide I band of the mean sample

second derivative spectra.
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All of the lipid changes correlate with the dramatic increase in intensity of the

peak at 1298cm’', which wasinitially thought to correspondto protein secondary

structure information. It is now clear that although this peak increase falls within

the AmideIII band,it is heavily influenced bylipid contributions. Asthe bandis

seen to broaden at both ends in Alzheimer’s tissue, it is highly likely that the

contributions at the lower wavenumber ranges correspond to a change in

secondary structure. This suggests that areas of beta pleated secondary structure

have been detected when acquiring Raman spectra from the Alzheimer’s tissue

samples. The AmideI bandis also sensitive to protein secondary structure and

has been seen to shift to a higher wavenumberin the case of Alzheimer’s tissue.

This shift again provides another indication of a beta pleated sheet protein

secondary structure; the reason for this shift is witnessed in figure 6.2.15

displaying the component peaks of this band by way of a second derivative

spectrum. In this figure the mean spectrum by sample from a selection of samples

has been taken, and it is quite clear that in each case the Amide I bandis

composed of two dominant peaks. These peaksfeature at 1648cm' and 1662cm'!

and describe alpha helix and beta pleated sheet secondary structures respectively.

Hereit is quite clear that the dominant peak in control tissue is the former, and

Alzheimer’s the latter, reinforcing the fact that beta amyloid found in plaquesis

more widespreadin this diseasedtissue.

In addition, there is evidence that the technique is also sensitive to tangle

pathology, with small peaks corresponding to the phosphorylation of the tau

protein, a key mechanism in tangle formation (Goedert, 1992; Spillantini, 1998;

and Lee, 2001). This is seen in the O-P-O stretch (767cm'), and the emergence

of tyrosine peaks (849cm''), seem to correlate with observations of the role these

two chemicals play in tau pathology (Derkinderen, 2005).

6.3.3 Delineating Diseased and Healthy Tissue Multivariately

From a multivariate perspective, the two pathologies have been analysed with

both PCA and the resultant scores fed into an LDA model. Although the

separation is improved upon through the use of a trained approach, PCA is

untrained and represents the significant differentiation of the raw spectra. Initial

observations of the PCA loads and the LDF indicate that the distribution on scores
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plots is due to the spectral differences reported in the univariate and bivariate

analysis.

In figure 6.2.9 arrows indicate the distribution of scores when moving from

healthy control to Alzheimer’s pathology on both axes. This indicates a positive

shift on both PCs 1 and 2, correspondingto positive peaks in the loadings spectra,

figure 6.2.11. As can be seen these first derivative spectra are difficult to

interpret, allowing only the major spectral differences to be analysed, but the

larger changes observed are attributable to the univariate and bivariate variations

reported abovein table 6.2.1. An additional peak is now observed in Alzheimer’s

tissue in the form of the weak signal at 880cm’' whichis thought to be due to

oscillations within phosphatidylcholine and sphingomyelin molecules. Further

evidence of increased phenylalanine and tyrosine is also identified in PC 1, with

the identification of the additional peak at 1184cm”.

An observation that is consistent throughout all methods of analysis is the

splitting of the control group into two groups. Rather subtly it is present in LDA

Model A and not the equivalent (first derivative) Model B. The splitting is

evident in the bivariate approach when using the phenylalanine peak, but not

when using the Amide I peak. When analysing the difference spectrum offigure

6.2.1 it can be seen that the background difference changes betweenthese regions,

providing the conclusion that background can split the control group. There is

also the possibility that the random nature of background could equally prompt

splitting of the disease group, andit just has not been observed yet.

The removal of this background variation does affect the classification of

Alzheimer’s scores, reflected in the decreased sensitivity. Whether this variation

in background is due to experimental reasons or the nature of the tissue is

unknown,but both LDA models show goodperformancein classing both types of

tissue in each case. LDA doespresent a comprehensiveclassification technique,

offering itself as a significant potential clinical application. Howeverin terms of

this particular application the work hasto be tested on other brain regions. More

specifically, tissue that is less pathologically effected to act as a stepping stone to

a long term approach usingtissue obtainedless invasively.

Whenanalysing the peaks resolvable by multivariate analysis, the PC loadings

of first derivative spectra prove to be very complex, with a noisy appearance.

This adds another advantageto the use of LDA andparticularly the analysis of the
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linear discriminant function. The mechanism by whichthis spectrum is formed,is

that of an optimum PCselection, choosing those that contribute to differentiation

significantly, and filtering those that do not. This explanation of the multivariate

separation is again consistent with univariate observations, as detailed in the table

below.
 

PCI (cm!) PC2(cm') LDF (cm’)
Peak Assignement
 

620 Phenylalanine

700 702 700 CH, Rocking/NH Deformation/Cholesterol
863 Unknownpossible overlap between 850cmand 875cm’

880 Phosphatidylcholine / Sphingomyelin
959 CH, Symmetric Rock

1005 1005 1005 Phenylalanine
1066 1066 Skeletal C-C Stretch in Lipids

1085 C-C and C-N Stretch

1108 C-C Stretch (gauche)

1128 1128 1128 C-C, and C-N Stretch
1184 Tyrosine/Phenylalanine

1299 1299 1299 Phospholipid CH) twist and wagging
CH), deformation modes from lipids and proteins/

1440 1440 1440 CH),groupscissoring

1663 1669 1667 Amide I
 

 

Table 6.2.4: Peaks specific to Alzheimer’s tissue spectra observed through the multivariate

techniques employed.

This method of analysis also contributes an additional phenylalanine peak to

Alzheimer’s spectra in the form of the peak at 620cm''. This approach has also

highlighted further information within the fingerprint region with additional lipid

peaks observed in the loadings corresponding to Alzheimer’s spectra, borne out of

carbon-carbonoscillations.

Studying the frontal lobe has provided an in depth analysis of Raman brain

tissue spectra and biochemistry. The vibrational modes observed not only

describe the pathological change witnessed by disease tissue but provides an

explanation as to the validity of multivariate techniques in classifying this tissue.

This work is merely in its infancy and more rigorous tests need to be applied on

manyfronts. Firstly, if Ramanis to be able to predict, or used on tissue with less

advanced pathological change, a study must be sought to demonstrate the

technique’s capability fully.
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Chapter 7: A More Rigorous Test of the Application and

the Frontal Lobe Model

Introduction

The aim of this chapter is to enhance the multivariate models from chapter 6

that have been seen to clearly separate Alzheimer’s and healthy control tissue.

Firstly this is going to be performedbytesting the application: assessing how well

multivariate analysis is in the interpretation of subtle Ramandifferences. This has

been done by applying the technique to the occipital lobe. This is the part of the

brain whose function is that of an image processor, and given that there are not

many eyesight related symptoms of Alzheimer’s disease it represents a rigorous

test.

This is then proceededbytesting of the 2 group frontal lobe modelitself. This

has been carried out by the introduction of new tissue: from 2 additional

neurodegenerative diseases as well as Alzheimer’s tissue that has only recently

been collected.

7.1 Alzheimer’s Vs. Healthy Control: Multivariate Occipital Lobe Model

The previous chapter concluded with the need for further feasibility tests,

focusing on the testing within the following areas which are paramountto the long

term goals of the project:

e Given the currently available treatments, any diagnostic approach must be

predictive and sensitive to early changes.

e It must also be capable of assessing change on tissue obtained minimally

invasively, for example tear fluid or plasma. As a stepping stone towards

this kind of tissue, brain tissue that has very little connection with

Alzheimer’s related symptomsshould betested.

It follows that tissue taken from the occipital lobe has been analysed and

rigorous, quantitative models established to test this approach in the direction of

the abovecriteria.
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The same methodology has been transferred to the occipital lobe tissue, taken

from both Alzheimer’s and healthy control subjects. This implied acquiring each

occipital spectrum in one 10 second exposure, with a reduced power of 50% in

order to reduce the effects of tissue burning. However, as can be seen from the

scores plot in figure 7.1.1, PCA cannot resolve the subtle spectral differences

between the two pathologies whenrelatively low laser powers are employed.
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Figure 7.1.1: Scores on PCs 2 and 3 for Alzheimer’s (O) healthy control (O) samples taking from

the occipital lobe.

In order to overcomethis, the decision has been taken to expose the tissue for

extended periods, lengthening the acquisition of each spectrum from 10 seconds

to 30 seconds.

The points illustrated by arrowsin figures 7.1.2a and 7.1.2b fall away from the

main data due to the occurrence of long acquisition-induced saturation. In order

to avoid this, the optimum experimental set up was deemed to be 100% powerfor

three 10 second exposures, each spectrum being the sum ofthe three exposures. It

is following this set up that the occipital lobe analysis has been proceeded with.
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Figure 7.1.2: Scores plots for 50% power 30 second exposure spectra showing separation on PC2

whenplotted against PCs (a) 3 and (b) 7, for Alzheimer’s (O) healthy control (O) samples.

7.1.1 Univariate Analysis

Employing the methodology described in section 7.1, figure 7.1.3 illustrates the

mean spectra of the raw unit normalised data, and the difference spectrum for

these corresponding to Alzheimer’s minus control.

Protein differences consistent with those observed in the frontal lobe are

evident in figure 7.1.3 (a), indicating that occipital lobe changes in phospholipid

and fatty acid content play an important role in pathology delineation. A more

definitive collection of spectral differences is obtained in subtracting the mean

control spectrum from that of the Alzheimer’s spectra, as shownin figure 7.1.3b.
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Figure 7.1.3 (a) Unit normalised mean raw spectra for Alzheimer’s and control tissue and (b) the

corresponding difference spectrum betweenthe two.

The peaks seen here are reproduced in figure 7.1.4, after background

subtraction using a quintic polynomialfit.
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Figure 7.1.4: Quintic polynomial fitted background subtracted mean spectra for Alzheimer’s and

controltissue.
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In figure 7.1.4 the broadening of the proteinaceous bandsis clear, especially

amongst those corresponding to AmideI andIII transitions. The protein increases

appear to form a larger part of the spectral differences between Alzheimer’s and

control occipital tissue.

 

 

Wavenumber(cm) Peak Assignment Observations

612 Cholesterol Ester Additional peak

CH) Rocking/NH
704 Deformation/Cholesterol Moreintense, broader peak

765 O-P-O symmetrical stretch Moreintense

854 Tyrosine Moreintense

885 Phosphatidylcholine / Sphingomyelin Moreintense, broader peak

959 CH, Symmetric Rock Moreintense

1009 Phenylalanine Moreintense

1065 Skeletal C-C Stretch in Lipids Moreintense

1131 C-C, and C-N Stretch Moreintense

1272 AmideIII Beta pleated sheet Moreintense, broader peak

1302 Phospholipid CH, twist and wagging Moreintense, broader peak

CH, deformation modesfrom lipids

1443 and proteins/CH)groupscissoring Moreintense, broader peak

1669 Amide I Moreintense, broader peak
 

 

Table 7.1.1: Summary of univariate observations of changes exhibited in the spectra of occipital

lobe brain tissue when comparedto healthy control tissue.

Consistencies with the frontal lobe are also observed within the lipid

contributions, however it should be noted that the occipital lipid increases are

somewhat smaller in comparison, also particularly evident in the reduced

broadeningseenin the protein peaks of the Alzheimer’s spectra.

7.1.2 Bivariate Analysis

As was performed for the frontal lobe tissue (section 6.2.2) peak ratios have

been computed in order to ascertain a handle on the relative protein to lipid

concentrations. Protein peaks have beenselected in order to be compared with the

dominant CH» deformation peak indicative of lipids at 1443cm’'. These include

the phenylalanine peak at approximately 1009 cm’ and the peak of the Amide I

band at approximately 1669 em’. In figure 7.1.5 these ratios have been plotted on

the x-axis and y-axis respectively.
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Figure 7.1.>; Peak ratio comparisontotherelative lipid concentration of the CH; deformation peak

at 1443cm" for protein peaks corresponding to x axis: phenylalanine (1009cm” '); and y axis:

Amide I at 1669cm'.

The results observed in figure 7.1.5 mark a stark contrast from the

corresponding results on the frontal lobe, as in this case it seems that the

approximate ratio of the dominant protein and lipid bands are not sufficient to

differentiate healthy and diseasedtissue.

7.1.4 Initial Occipital Lobe Two Group PCA

As with the frontal lobe specimens, PCA has been performed on the raw

normalised spectra originating from the occipital lobe. The only other applied

pre-processing technique utilised was the removal ofthe first two rows of spectra

and the threshold removal of the most intense cosmic rays. A_ similar

methodologyto that discussed in section 6.2.4 has been executed for the occipital

lobe spectra. ANOVAhasbeen performed on the PC scores for 25 loadings, the

results of which are shownin figure 7.1.6:
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Figure: 7.1.6: ANOVAresults of scores generated over 25 PCs from occipital lobe spectra.
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Based onthe results from ANOVAthescores plot in figure 7.1.7 based on PCs

7 and 12 best displays the differentiation of Alzheimer’s and healthy control

occipital brain tissue.
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Figure 7.1.7: Scores contributions from PCs 7 and 12 for for Alzheimer’s (O) healthy control (0)

occipital tissue samples.

Although figure 7.1.7 does not show a clear separation for all spectra, it does

demonstrate a tendency for spectra acquired from occipital Alzheimer’s tissue to

correlate with the positive contributions of PC 7 and negative contributions of PC

12. The PCthat contains the most effective spectral information to delineate the

two pathologies, PC 7, is analysed below.
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distinguish Alzheimer’s from control spectra.

The loading spectrum illustrated in figure 7.1.8 differs from those responsible

for frontal lobe separation, the peaks here are more subtle than the intense protein

and lipid peaks observed previously.

direction of the PC 12 axis observed is not as prominent as the PC 7 shift, the

loading spectrum canstill offer significant understanding.
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Figure 7.1.9: Loading spectrum corresponding to PC12, in which the negative features help to

distinguish Alzheimer’s from control spectra.
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Similarly to PC 7 the loading spectrum corresponding to PC 12 also shows

subtle additional peaks, howeversincethere is significant overlap in PC spaceitis

difficult to delineate those specific to pathological change. A more

comprehensive assignment will be made whenthe PC spaceis optimised as scores

are fed into LDA models.

The contrast with the frontal lobe is further observed in figure 7.1.10, where

spectra containing significant protein and lipid enhancements are no longer

capable of delineating tissue pathologies. The corresponding loading spectra are

very similar to the efficient biochemical indicators observed for the frontal lobe,

butoffer little use as reflected by the ANOVAscoresin figure 7.1.6.
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Figure 7.1.10: Loadings spectra corresponding to (a) PC 1 and (b) PC 3 for occipital lobe tissue of

Alzheimer’s and control pathologies.

The contribution of tissue background is seen to be accounted for in the

loading spectrum of PC 1, which has also been seen to havelittle effect in

separation, it was deemedthat a first derivative approach was unnecessary.

147



7.1.5 Initial Occipital Lobe Two Group PCA-fed LDA Model

The PC scores have been fed with class information into an LDA model, to

further classify the tissue and emphasise the characteristic difference between the

two pathologies. The initial LDA separation based on a function consisting ofall

PCs is displayed below in figure 7.1.11, producing a training performance of

87.1%.
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Figure 7.1.11: LDA scores for all PCs in the occipital lobe PCA model.

The LD weights assigned to each PC have been analysed as a product with the

mean score by pathology on each PC, known as a combined score. Figure 7.1.12

displays the combined score for the occipital lobe, which is equivalent to the

results of ANOVAanalysis in figure 7.1.6.
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Figure 7.1.12: Combined scores after occipital lobe PCA-fed LDA. The hashed red squares

indicate PCs that have been identified to be removed to improve the LDA model.

The combined scores observed above havea significant contribution amongst

the higher PCs when compared with the frontal model (figure 6.2.12). The PCs

identified by the hashed red box in figure 7.1.12 have been removed from the

model as the combined scores indicate that there is little variation between

pathologies. The exception is PCl, which although it exhibits significant

variation has shownlittle potential in PCA differentiation and corresponds to

backgroundsignal. To complete the removal of background variation, the scores

on PC | havenot been fed into the LDA modelfor the occipital lobe.
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Figure 7.1.13: Optimised LDAscores for the PCA-fed LDAoccipital lobe model, minusvariation

due to tissue background.

The training performance for this model is only marginal, observed in a

training performance of 87.3%, not surprising given the small role the PC

featuring most background had on differentiation. The training performance can

be broken downin termsofa full classification shown below:

 

 

LDA

Alz Con

Alz 4991 879

Path. Sensitivity 85.0%

Con 461 4213 Specificity 90.1%
 

 

Table 7.1.2: Derived values of sensitivity and specificity for the optimised occipital lobe PCA-fed

LDA model.

The spectral variations that characterise this classification are evident in the

linear discriminant function, in figure 7.1.14. In this case the linear discriminant

scores in figure 7.1.13 have a tendency to be positive for Alzheimer’s scores and

negative for control scores, correlating to the observations made below in figure

7.1.14
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Figure 7.1.14: Linear discriminant function for optimised PCA-fed LDA model.

Thelinear discriminant function for the occipital lobe showsa stark contrast to

that of the frontal lobe at the end of section 6.2. Although the protein changes are

similar, the relative concentration increase in lipids when moving from control to

Alzheimer’s diseased tissue is not as pronounced in this part of the brain. This

can be seen in the negative CH2 deformation peak at 1440cm?, known to be

affected by lipids as it correlates with negative cholesterol (701cm'') and ester

(1738cm') peaks.

7.2 Addition of Neurodegenerative Control Conditions to Form
Multi Group Models

Raman spectroscopy has proven highly capable of identifying the biochemical

changes associated with Alzheimer’s. In demonstrating its potential to tackle the

problems exhibited with the current gold standard, occipital lobe tissue has been

used to indicate the feasibility of the modality in detecting early disease state

changes, and in tissue less associated with the symptoms. This has provided an

insight into the capability of the technique to be reproducedin tissue collected

minimally invasively. The fundamental problem with diagnosis however, remains:

the delineation from other dementias. It is this particular problem that limits the
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current gold standard procedures and providesa significant amountofjustification

for this particular study. For this reason tissue taken from patients suffering from

Huntington’s disease and Lewy’s body dementia has also been included, enabling

the production of three and four group multivariate models for the frontal lobe.

7.2.1 Addition of Huntington’s Disease Tissue: A Three Group Model

Spectra from Huntington’s disease tissue were the first to be included with the

model. These tissues were utilised as an additional control to complement the

healthy control spectra already contained within the model. When the mean

spectra from both the frontal and occipital lobe are compared to Alzheimer’s

tissue, it can be seen that the Alzheimer’s specific changes are similar.
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Figure 7.2.1: Mean spectral differences between Huntington’s control and Alzheimer’s disease

brain tissue from the frontal lobe.

Figure 7.2.1 displays the lipid and protein changes exhibited within

Alzheimer’s tissue; these are now positively correlated with this type of tissue.

Additional Huntington’s specific differences can also be emphasised through the

analysis of the mean spectra difference spectrum (figure 7.2.2).
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Figure 7.2.2: Difference spectrum between Alzheimer’s and Huntington’s mean spectra for frontal

lobetissue.

Asthe difference spectrum in figure 7.2.2 was generated from Alzheimer’s

minus Huntington’s, the negative peaks can be postulated as Huntington’s

specific. The most prominent observation is that of the phenylalanine peak,

shown in this figure at 998cm''. This is complemented by a small increase in the

inferior phenylalanine peak at 1038cm7. Other peaks that are now more intense

are those corresponding to tyrosine at 827cm" and 857cm"in figure 7.2.2.

Normalised frontal lobe spectra have been analysed using PCA across 20 PCs.

ANOVA has been performed to analyse which PCs produced greatest

differentiation betweenthe three pathologies.
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Figure 7.2.3: Results of an ANOVAof the scores generated for 20 PCs, displaying the observed

variance betweenpathologies on the frontal lobe.
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From the observed ANOVAresults, it can be observedthatthe first 4 PCs offer

the greatest combination to visibly separate the three tissue types. The two most

dominant PCsare 2 and 3; these have been usedin figure 7.2.4, illustrating a three

group tendency.
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Figure 7.2.4: Scores contributions from PCs 2 and 3 for Alzheimer’s (0); healthy control (0); and

Huntington’s (O) frontal lobe tissue samples.

Similarly the occipital lobe raw normalised spectra have been analysed and an

ANOVAofthe variance between scores produces a larger number of useful PCs

(figure 7.2.5). This is not necessarily to say delineation is easier on the occipital

lobe, but that the differences are more subtle and spread though PCs accounting

for smaller amounts of variance.
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Figure 7.2.5: Results of an ANOVAofthe scores generated for 20 PCs, displaying the observed

variance between pathologies on the occipital lobe.
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The two most dominant PCs from the ANOVAresults, 4 and 6, have been

chosen to display the PCA scores plot, from which a very coarse grouping can be

seen for occipital lobe spectra.
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Figure 7.2.6: Scores contributions from PCs 4 and 6 for Alzheimer’s (0); healthy control (0); and

Huntington’s (O) occipital lobe tissue samples.

There appears to be a definite grouping between pathologies in each lobe,

combined with a significant overlap between groups. This is particularly evident

on the occipital lobe: scores from all PCs were fed into LDAto analyse which are

the most effective PCs and assigned a weight accordingly. A potential method to

make this process more effective is to analyse the results of the weight when

applied to the mean score by PC and pathology. This is shownforthe frontal lobe

in figures 7.2.7 and 7.2.8. Those PCs offering the combined scores with the

largest magnitudes offer the most effective contribution in delineating the

pathology groups. When analysing three groups, there are two dimensions of

difference, and two linear discriminant functions are generated:
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The frontal lobe linear discriminant model has been optimised by inputting

scores from the first 5 PCs. Using this, separation was observed amongst the

distribution of LD scores from measurements taken on the frontal lobe.
L
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Figure 7.2.9: Linear discriminant scores contributions for Alzheimer’s (0); healthy control (0);

and Huntington’s (O)frontal lobe tissue samples.

The pattern of scores separation witnessed by negative peaks within LDF1, are

indicative of the spectral changes observed in Alzheimer’s tissue compared to

both Huntington’s and healthy control tissue spectra. In a similar manner,

positive peaks illustrated in this function describe a combination of the more

dominant peaks in both Huntington’s and healthy control tissue spectra. The

implications on LDF observations for the second function are less apparent, yet

still provide significant information. That is, Alzheimer’s disease related changes

will be spread between both positive and negative contributions, whereas

Huntington’s will be strictly positive and healthy controls, negative. These

corresponding functions are shownin figures 7.2.10 and 7.2.11.
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Figure 7.2.10: Linear discriminant function one, corresponding to the positive distribution of

Huntington’s and healthy control scores on this axis, as well as the negative distribution of

Alzheimer’s scores.
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Figure 7.2.11: Linear discriminant function two, corresponding to the positive distribution of

Huntington’s and a negative distribution of healthy control scores on this axis. Peaks that are

descriptive of Alzheimer’s tissue spectra are spread across both.
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LDF 1 is particularly helpful in providing results to rigorous testing, and

validity of the Alzheimer’s specific peak changes described previously. Amongst

the positive peaks seen in this function are those corresponding to the

phospholipid increases observed previously and in particular those defined in

tables 6.2.1, 6.2.3 and 7.1.1. However there are some subtle changes induced by

the presence of the Huntington’s disease spectra, with some spectral components

that have been dominant in Alzheimer’s tissue now being more prominent within

the spectra of this new tissue type. Huntington’s disease scores are shifted to the

most positive values on both functions, indicating that positive peaks commonto

both functions can provide a definitive handle on Huntington’s disease spectral

 

 

changes.

Wavenumber(cm) Peak Assignment

717 Choline C-N symmetric stretch

825 Tyrosine

859 Tyrosine/CCskelatal

1002 Phenylalanine

1038 Phenylalanine/C-N stretch

1454 CH; asymmetric deformation
 

 

Table 7.2.1: Common peaks between LDFs 1 and 2 for frontal lobe tissue corresponding to the

distribution of Huntington’s diseasetissue.

These results indicate that the elevated levels of phenylalanine and tyrosine

when comparedto healthy control tissue, are further elevated within Huntington’s

disease tissue.

The three group model producedfor the frontal lobe above correctly classified

95.0% of spectra, which can be broken downinto the following from values (table

Tedd).

159



 

 

Multivariate RamanPrediction

Alzheimer's Healthy Control Huntington's

Pathology

Alzheimer's 11811 200 45 12056

Healthy Control 15 6477 162 6654

Huntington's 80 786 6210 7076

Multivariate Raman Prediction

Alzheimer's Healthy Control Huntington's

Pathology

Alzheimer's 98.0% 1.7% 0.4% 100.0%

Healthy Control 0.2% 97.3% 2.4% 100.0%

Huntington's 1.1% 11.1% 87.8% 100.0%
 

 

Table 7.2.2: Classification of frontal lobe spectra using the three group linear discriminant model.

Values of sensitivity and specificity have been calculated taking each

pathologyin turn asthe positive result. These are shownintable 7.2.3.

 

 

Alzheimer's Healthy Control Huntington's

Sensitivity 98.0% 97.3% 87.8%

Specificity 99.3% 94.8% 98.9%

 

Table 7.2.3: Values of sensitivity and specificity for the three group linear discriminant model of

frontal lobe spectra, taking each groupasthepositive result in turn.

Similar analyses have been performed on the scores obtained from three group

PCA ofspectra obtained from occipital lobe tissue. Figure 7.2.12 illustrates that

the separation of the groups is improved when comparedto the corresponding raw

PC scores(figure 7.2.6).
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Figure 7.2.12: Linear discriminant scores contributions for Alzheimer’s (0); healthy control (0);

and Huntington’s (O) occipital lobe tissue samples.

There is a clear reduction in performance when compared to the frontal lobe:

demonstrated by a drop in the number of spectra correctly identified to 75.4%.

Although there is overlap between groups, observationsof the linear discriminant

functions can lead to more characteristic peak identification: a positive peak on

both functions corresponds to changes seen in Alzheimer’s spectra. Similarly if a

peak appears positive on LDF 1 and negative on LDF 2 then it will contain

spectral contributions specific to Huntington’s disease tissue. The corresponding

functions are provided in figure 7.2.13.
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Figure 7.2.13: Linear discriminant function one, corresponding to the positive distribution of

Huntington’s and Alzheimer’s scores on this axis, as well as the negative distribution of healthy

control scores.
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Figure 7.2.14: Linear discriminant function two, corresponding to the negative distribution of

Huntington’s and healthy control scores on this axis. Peaks that are descriptive of Alzheimer’s

tissue spectra are distributed positively.

Onceagain, the occipital lobe Huntington’s tissue witnesses elevated levels of

phenylalanine (1007cm'') in LDF 1, and of tyrosine in both functions, when

compared to both Alzheimer’s and healthy control tissue. The tyrosine changeis

particularly evident in LDF 2, through the presence of a dominant peak locatedat

83lcm’'. Although phenylalanine levels have been elevated, this observation is

contradicted by the shifting of the peak at 1030cm'! to favour Alzheimer’s

spectra. Howeverthis particular peak is influenced by carbon — nitrogen stretches

which are quite active within the Huntington’s tissue from the frontal lobe, but

now seem to be less abundant. It can also be seen in Huntington’s spectra at

720cm''. The classification from the three group occipital lobe model has been

broken downbypathologyin table 7.2.4.
 

 

Multivariate Raman Prediction

Alzheimer's Healthy Control Huntington's

Pathology

Alzheimer's 3744 725 1401 5870

Healthy Control 418 4175 81 4674

Huntington's 725 8 2383 3116

Multivariate RamanPrediction

Alzheimer's Healthy Control Huntington's

Pathology

Alzheimer's 63.8% 12.4% 23.9% 100.0%

Healthy Control 8.9% 89.3% 1.7% 100.0%

Huntington's 23.3% 0.3% 76.5% 100.0%
 

 

Table 7.2.4: Classification of occipital lobe spectra, using values from the three group LDA

model.
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Values of sensitivity and specificity have been calculated taking each group as

a positive result in turn, as shownbytable 7.2.5.

 

 

Alzheimer's Healthy Control Huntington's

Sensitivity 63.8% 89.3% 76.5%

Specificity 85.3% 91.8% 85.9%

 

Table 7.2.5: Values of sensitivity and specificity for the three group PCA-fed LDA model of

occipital lobe tissue spectra.

The values of sensitivity and specificity seem to suffer with the occipital lobe

model, in all groups except in the classification of healthy control tissue. This

could be due to the progress of each condition within each diseased tissue,

alternatively it could be due to the less advanced Alzheimer’s tissue being more

similar to the Huntington’s tissue.

7.2.2 Addition of New Alzheimer’s Samples to the Frontal Lobe Model

As mentioned in section 4.1.1, the brain tissue obtained may have been from a

wide range of times post mortem, and may have been frozen and thawed any

number of times. In trying to understand the detrimental effect using tissue of

varying states has on the multivariate models, a batch of relatively new brain

samples were obtained. These samples are Alzheimer’s type and were taken from

post mortem recently when compared to those samples used at the beginning of

this project.
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Figure 7.2.15: Linear discriminant scores contributions including the additional Alzheimer’s

samples (0); the healthy control (0); and Huntington’s (O)frontal lobe tissue samples.

As with the three group frontal lobe LDA model spectra underwent unit

normalisation before PCA was applied, producing 20 PCs. These scores have

subsequently been fed into an LDA model for which two functions were derived.

The addition of 5 further Alzheimer’s samples contributed an additional 18,583

spectra bringing the total in the model to 44,369. The scores corresponding to

each linear discriminant function are shown in figure 7.2.15. As expected, the

numberof spectra correctly classified fell when compared to the original three

group model to 82.7%. To further understand this, the values have been broken

downby pathology and Ramanclassification in table 7.2.6.
 

 

Multivariate Raman Prediction

Alzheimer's Healthy Control Huntington's

Pathology

Alzheimer's 25316 1681 3643 30640

Healthy Control 18 5387 1249 6654

Huntington's 93 1003 5979 7075

Multivariate RamanPrediction

Alzheimer's Healthy Control Huntington's

Pathology

Alzheimer's 82.6% 5.5% 11.9% 100.0%

Healthy Control 0.3% 81.0% 18.8% 100.0%

Huntington's 1.3% 14.2% 84.5% 100.0%
 

 

Table 7.2.6: Classification of additional Alzheimer’s tissue frontal lobe model using values from

the three group LDA model.
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These values have been used to calculate sensitivity and specificity, taking

each pathology groupin turn as a positive result. This enables further insight into

which pathology groupclassification was affected by the introduction of the new

Alzheimer’s samples.

 

 

Alzheimer's Healthy Control Huntington's

Sensitivity 82.6% 81.0% 84.5%

Specificity 99.2% 92.9% 86.9%
 

 

Table 7.2.7: Values of sensitivity and specificity for the additional Alzheimer’s tissue frontal lobe

three group model. Each pathology group wastreated as the positive result in turn.

The variation in sensitivity and specificity between the three group frontal lobe

modelandthis test model is shownin figure 7.2.16.
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Figure 7.2.16: Changes in values of sensitivity and specificity in the three group frontal model

with the addition of new Alzheimer’s samples.

7.2.3 UnknownStatus Frontal Lobe Samples 9620 and 0313

Spectra have been acquired from frontal lobe samples 9620 and 0313 and have

been fed into the original three group model discussed in section 7.2.1. As they

have been anslysed as a Separate class, the nature of LDA is to separate them from

the other three classes. The results can still be analysed both quantitatively in

terms of the distance between the groups, and by visual inspection of the linear

165



discriminant scores. The latter of these two methods has been employed for

sample 0313, as shownin figure 7.2.17.
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Figure 7.2.17: Linear discriminant scores contributions for Alzheimer’s (0); healthy control ();

Huntington’s (O) and 0313 unknownstatus (O) frontal lobe tissue samples.

From a visual inspection of the scores on LDs 2 and 3 in figure 7.2.17, the

unknown status spectra group fit well and fall almost entirely over the

Alzheimer’s disease group.
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Figure 7.2.18: Linear discriminant scores contributions for Alzheimer’s (0); healthy control (0);

Huntington’s (O) and 9620 unknownstatus (O) frontal lobe tissue samples.
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Similarly, sample 9620 has been analysed, producing a distribution of scores

on the first and third linear discriminants asillustrated in figure 7.2.18. A visual

inspection of this once again showsa good grouping of the sample, but this time

positioned over both sets of control tissues: healthy and Huntington’s. The mean

score for each group, including the unknown status sample, has been calculated

leading to a determination of the distance between the centroid of each class.

These distances are shownasa percentage ofthe total distance between classes in

figure 7.2.19:
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Figure 7.2.19: Relative distance between classes on the LDA model containing unknown sample

9620. The important bars in determining the status of tissue sample 9620 are indicated by the

asterisk (*).

Due to the distribution of scores in figure 7.2.18, the most important

information from figure 7.2.19 is that describing the distance from both the

healthy control and Huntington’s groups, to the unknownstatus sample group. It

can be determined that the unknownstatus scores lie closer to the Huntington’s

group than the healthy control group on average.

7.2.4 Leave One Out Cross Validation

The most rigorous tests for a multivariate model is an independent one, one

example being the projection of unknown status samples onto the frontal lobe

model, as shown in section 7.2.3. Another methodis to study the effects on the
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model when a sample is removed from the dataset. Often knownas leave one out

cross validation, this technique assesses twothings:

as the training performance.

correctly.

How manyof the model samplesareclassified correctly, otherwise known

How many spectra from the sample left out (test sample) are classified

This technique requires a lot of computer processing and as such also takes a

lot of time, for this reason it has been applied to the occipital lobe model

containing a reduced number of spectra.

individually, the effect on training performance is shownin figure 7.2.20:
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Figure 7.2.20: Training performances of three group model after the removal of each sample

shown,oneby one.

The training performance for the three group occipital model was noted to be

75.4% in section 7.2.1.

training performances staying within 12.11%. This maximum loss in performance

is seen after the removal of a Huntington’s sample, for which thereare lessof.
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The impact of sample removal is minimal, with all



Unfortunately even though the occipital lobe model operated with fewer

spectra, the small number of samples has had a detrimental affect on the

prediction performances. This is demonstrated by a maximum prediction

performance of 76.5%, ranging down to a minimum of 0.5% in one particular

case.

7.2.5 Addition of Lewy Body Disease Frontal Lobe Spectra

This study has already observed the application of an additional

neurodegenerative condition in the form of Huntington’s disease tissue samples.

Although this condition is neurodegenerative, and is often a precursor to dementia

it is not a form of dementia. Dementia with Lewy bodies is one of the most

predominant forms of dementia after Alzheimer’s andis a condition thatclinically

overlaps with Alzheimer’s disease (McKeith, 1996). Three frontal lobe samples

have been obtained from the same post mortem procedures as the tissue used

already. The meanspectra from each pathology group are shownin figure 7.2.21.
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Figure 7.2.21: Mean spectra of four group frontal model inclusions for (a) Alzheimer’s; (b)

Healthy control; (c) Huntington’s; and (c) Lewy Body dementia pathology groups.

Initial univariate inspections have suggested that like Huntington’s disease

tissue, Lewy body dementia (LBD)tissue also exhibits increased tyrosine and
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phenylalanine levels. However, this is expressed differently through the spectra:

particular attention should be paid to peaksat 1180cm" and 854cm"'. In addition

to this, the PO) asymmetric stretching of phospholipids and nucleic acids is

particularly prominent at approximately 1080cm™. However LBD tissue shows

very little Raman phospholipid activation when compared to the Alzheimer’s

spectrum. Significantly, it seems that the Amide III overlapping phospholipid

component at 1299cm'! is reduced. The Amide I band represents a significant

componentwithinall tissue types, and although it appears less intense within the

Alzheimer’s spectra, it is still the broadest in this tissue type. The underlying

peaks from the Amide I band have been revealed within figure 7.2.22 when taking

the second derivative of this band.
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Figure 7.2.22: Second derivative analysis of the Amide I band across 4 tissue pathologies:

Alzheimer’s (=); Healthy control (=); Huntington’s (=); and Lewy body dementia (=).

Second derivative analysis of the Amide I band across the four tissue types has

revealed the role played by the two prominent componentpeaks in each case, at

approximately 1660cm' and 1670cm. In healthy control, Huntington’s, and

LBDtissue, the dominant of the two is the peak at 1660cm! contrastingly, this is

the opposite for Alzheimer’s diseasetissue.
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Figure 7.2.23: Illustration of the four group frontal lobe model displaying linear discriminant

scores for Alzheimer’s (O); healthy control (O); Huntington’s (O) and LBD (0)frontal lobe tissue

samples. Results are shown:(a) in 3D forall 3 linear discriminant models and for 2D projections

comparing (b) LDs 1 and 2; and (c) LDs 1 and 3.
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Raw spectra have been normalised in a similar manner to the three group

frontal lobe model for PCA analysis, and subsequent inclusion in the four group

frontal lobe model. The four group model consists of three linear discriminant

functions, andis illustrated in figure 7.2.23. From this it can be clearly seen that

all four pathologies are well grouped. Analysis of the separate 2D projections also

indicates that the three group separationis still maintained whilst facilitating the

delineation of LBD tissue. The direction of the LBD scores is negative along the

first linear discriminant function; howevera tail is seen that follows the negative

distribution of Alzheimer’s scores on LD 2. The close relationship between

healthy control and Huntington’s disease tissue scores is maintained.

Fundamentally, the only multivariate separation (not fully understood in this four

group model) is that of the delineation between Alzheimer’s and LBD tissue

spectra. To understand this more comprehensively, figure 7.2.24 illustrates the

2D linear discriminant histogram when the PC scores from only Alzheimer’s and

 

LBDspectraare fedin.
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Figure 7.2.24: 2D LD Histogram, showing the multivariate separation between Alzheimer’s and

LBDtissue. 94.8% of the spectra within this model were classified correctly.
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From the distribution of linear discriminant scores in figure 7.2.24 it can be

proposed that a study of the linear discriminant function will present Alzheimer’s

features negatively and LBD feature positively. This can be seen in figure 7.2.25.
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Figure 7.2.25: Linear discriminant function describing the multivariate delineation of Alzheimer’s

and LBDtissue spectra.

The linear discriminant function describing this two group separation points

towards many of the spectral features observed in section 6.2, when describing

Alzheimer’s changes. Alzheimer’s spectra continue to show an increase in

phospholipid content over LBD tissue, as it does over Huntington’s and healthy

control tissue. Again, Alzheimer’s spectra can be discriminated from other tissue

and disease states due to the presence of beta pleated protein secondary structure.

Similar to Huntington’s and healthy control, LBD appears to contain significant

levels of alpha helix secondary structure. This appears to be particularly strong

within this function evident by the apparent peak shift from 1660cm’to 1673cm'!

from LBD to Alzheimer’s disease spectra. Consistent with the observations made

univariately there appears to be elevated levels of tyrosine within LBD tissue,

particularly at 825cmand 854cm’™. Although phenylalanine levels were also

postulated to be increased, it is clear from the LD function that the dominant

phenylalanine peak (1009cm") has a stronger association with Alzheimer’s

diseasetissue.

The delineation of the scores observed in the four group LDA model (figure

7.2.22) is described bythe classification data in table 7.2.7.
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Multivariate Raman Prediction

Alzheimer's Healthy Control Huntington's LBD

Pathology

Alzheimer's 10635 127 1281 13 12056

Healthy Control 6 4770 1877 1 6654

Huntington's 35 1098 5934 9 7076

LBD 292 15 585 5430 6322

Multivariate Raman Prediction

Alzheimer's Healthy Control Huntington's

Pathology

Alzheimer's 88.2% 1.1% 10.6% 0.1% 100.0%

Healthy Control 0.1% 71.7% 28.2% 0.0% 100.0%

Huntington's 0.5% 15.5% 83.9% 0.1% 100.0%

LBD 4.6% 0.2% 9.3% 85.9% 100.0%
 

 

Table 7.2.8: PCA-fed LDAclassification results for four group frontal lobe model.

From the classification information in table 7.2.8, values of sensitivity and

specificity have been calculated for the frontal four group model, taking each

pathology as the positive classification in turn. These values are given in table

dake
 

 

Alzheimer's Healthy Control Huntington's LBD

Sensitivity 88.2% 71.7% 83.9% 85.9%

Specificity 98.3% 95.1% 85.0% 99.9%

 

Table 7.2.9: Values of sensitivity and specificity for the four group frontal lobe model.

The overall quantity of correctly classified spectra within the four group frontal

lobe model is 83.4%, representing a decrease from the 95.0% observed in the

equivalent three group model. This fall in training performance is downto the

sensitivity, as specificity values are similar to those observed in the three group

model.
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7.3 Discussion

7.3.1 Testing of the Technique Using Occipital Lobe Tissue

It is clear that obtaining sufficient Raman signal to differentiate the two tissue

pathologies has proved moredifficult with the occipital lobe samples, evidenced

in the required shift in experimental methodology. In somesense this is to be

expected: as this area of the brain displays less Alzheimer’s disease symptoms

associated with its functional operation. Dueto this, three factors have had to be

adjusted to maximise the quality of spectra, these are: laser power; laser exposure

time; and the numberof acquisitions constituting one spectrum. These factors

have had to be optimised yet carefully controlled as the spectra could exhibit

detrimental effects, including saturation of the CCD, resulting in null values,

increased background due to the summation of multiple acquisitions, and the laser

physically burningthetissue.

Comparison of the mean raw spectra from the two pathologies indicate very

little difference, this however is misleading as is evident from the corresponding

difference spectrum, when considering figures 7.1.3 (a) and (b) respectively. This

technique identifies differences in intensity, and addition or removal of peaks

quite effectively, corresponding to the overall univariate understanding. A

supplementary method of analysis has been applied to compare the twooriginal

mean spectra, after the application of a fifth order polynomial background

removal function. This technique provides additional information relating to the

width of bands.

The combination of these two approaches highlights the significant intensity

increases of protein peaks, complemented by the broadening of protein bands such

as the Amide I and III bands when Alzheimer’s spectra are studied. These

observations are consistent with those made with the frontal lobe: similar potential

shifts in secondary structure are observed, and that beta amyloid is also present.

To confirm these observations, the Amide I band (~1669cm') has been

investigated further, through the employment of a second derivative analysis

shownin figure 7.3.1.
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Figure 7.3.1: Zero and second order derivative spectra of the Amide I region for Alzheimer’s

occipital sample 9913.

Figure 7.3.1 displays the Amide I component peaks revealed by the second

derivative analysis of a mean occipital lobe Alzheimer’s spectrum. As with the

frontal lobe, the changes to the Amide bandsare seen to reflect the presence of

increased beta pleated sheet secondary structure within Alzheimer’s tissue. This

is specifically witnessed in this example by the relative intensities of the

componentpeaks:the peak at 1671cm" being greater than the peak at 1660cm''.

As with the frontal lobe, the occipital lobe exhibits significant increases in the

lipid vibrations observed amongst the Raman spectra of Alzheimer’s tissue. In

this manner, occipital lobe Alzheimer’s tissue showsincreases that are consistent

with the frontal lobe observations at 1443cm™ and 1302cm'!. These correlate

with other lipid increases including the cholesterol peak at 704cm", which is now

supplemented by the observation of an additional cholesterol ester peak at 612cm™

' in Alzheimer’s tissue. Amongst the summary of changes seen in Alzheimer’s

spectra when compared to healthy control (table 7.1.1) spectra, the main

conclusion drawnis that the lipid increase is not as significant as that of frontal

lobe. Table 7.1.1 identifies that some frontal lobe additional lipid peaks are

absent when the occipital lobe spectra are considered; this includes the peak at

1087cm'! which describes Carbon-Carbon and Carbon-Nitrogenlipid vibrations.

Univariate results imply that the increase in lipid content identified in

Alzheimer’s occipital tissue is less than its frontal equivalent: this suggests the

neuronal breakdown is not as prominentin this type of tissue. This evidence is
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strengthened whenresults of the bivariate analysis are examined: the lipid-protein

ratios calculated show very little difference between Alzheimer’s and control

spectra in figure 7.1.5.

The combination of PCs for optimum scores separation were determined to be

7 and 12, using ANOVA. The difficulty in separating tissue spectra from the

occipital lobe is clearly witnessed in figure 7.1.7, suggesting the importance in

lipid variations in separation for the frontal lobe. There is also a tendency for

scores from Alzheimer’s spectra to be displaced positively on PC 7 and negatively

on PC 12 relative to healthy control scores. This would indicate key Alzheimer’s

peaksfor the occipital lobe within the positive and negative peaks of the loadings

on PC 7 and 12 respectively.

The loading spectra for PCs 7 and 12 clearly show that the lipid peaks identify

a characteristic of Alzheimer’s disease pathology on the frontal lobe, and these are

distributed between both pathologies. The peak distribution for lipids specific to

their respective PC loading have been analysed and the subsequent pathological

bias is summarised bytable 7.3.1

 

 

Wavenumber

(cm'') Peak Assignment PC 7 PC 12

609 Cholesterol Ester Control Control

CH, Rocking/NH

704 Deformation/Cholesterol Control Control

1065 Skeletal C-C Stretch in Lipids Control Alzheimer’s

1093 C-C and C-NStretch Control Control

1131 C-C, and C-N Stretch Alzheimer’s Alzheimer’s

1299 Phospholipid CH, twist and wagging Control Control

CH, deformation/scissoring modes from

1438 lipids Control Control
 

 

Table 7.3.1: Bias in terms of pathology of the principle lipid peaks observed in the loadings

spectra for PCs 1 and 7.

Ascan be seen from table 7.3.1, only very few of the lipid related peaks within

the PC loadings are associated with the displacement of Alzheimer’s scores from

healthy control scores in figure 7.1.7. Across both PCs, the peak at 1131cm'

associated with Alzheimer’s disease showsconsistency with the results observed

in the univariate analysis.
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A final observation relating to the occipital lobe PCA data is that loadings

spectra for PCs 1 and 3 are similar to those responsible for differentiation of raw

frontal lobe spectra. This can be seen when comparing figures 7.1.10 (a) and (b)

to those of figure 6.2.7. These loadings spectra show similarities in lipid

intensities, yet from interpretation of the ANOVAresults on the occipital lobe

they represent little advantage for distinguishing Alzheimer’s disease tissue.

Notably, as with the frontal model, one of these loadings spectra contained

significant background variation (figure 7.1.10a) -however, in the case of the

occipital model, it has little effect on pathological separation.

In comparison to the frontal lobe, the scores from PCA have been fed with

class information into an LDA model. When scores from all PCs were fed into

the occipital model, the training performance was seen to reduce to 87.1%,

representing a significant reduction in correctly classified spectra compared with

that of the frontal model. This LDA model wasoptimised, to obtain an improved

training performance and eventuallinear discriminant function by the removal of

PCs that offer little differentiation when the combinedscores are studied (figure

7.1.12). In addition to this, PC 1 which contains the background variation has

been removed. Althoughthis only raised the training performance by 0.2%,it did

bypassthe need tousefirst derivative spectra.

The linear discriminant function that describes this separation is illustrated in

figure 7.1.14, which is optimised to display the important peaks responsible for

the differentiation of the two tissue types. This is particularly evident amongst the

lipid observations, showing consistency with those summarised in table 7.3.1.

Howeverit also shows the variation of protein secondary structure between the

two tissue types, originating from a transformation from alpha helix to beta

pleated secondary structures within the AmideI andIII bands.

This training performance has been broken down in termsof sensitivity and

specificity. The reduction in training performance observed on the occipital lobe

compared to the frontal lobe can now be identified as a decrease in sensitivity.

This suggests that more spectra taken from Alzheimer’s tissue are diagnosed

incorrectly than those from control tissue. This is to be expected when comparing

tissues originating from lobes of the brain that are affected by Alzheimer’s disease

to varying extents. However, this shows that there is potential to advance this

research to earlier disease status tissue, or tissue less associated with the
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symptoms. Comparison of other neurological tissues and conditions is required to

provide rigorous testing and minimise misdiagnosis when compared with the

current gold standard.

7.3.2 Models Tested with the Addition Huntington’s Tissue

This need to add further disease states to the two group models has now been

met by the inclusion of Huntington’s disease spectra, to form three group models

on the frontal and occipital lobes. When Alzheimer’s spectra have been compared

to those of healthy control tissue, some of the more subtle observations displayed

relate to slight elevations in phenylalanine and tyrosine. The corresponding

differences between Alzheimer’s and Huntington’s diseases have shown many

consistencies with that observed previously, amongst the protein and lipid groups.

However, Huntington’s tissue has been shownthrough univariate and multivariate

interpretation to detect further elevated levels of phenylalanine (~1002cm”™ and

' and ~859cm’') when compared to~1038cm'') and tyrosine (~825cm

Alzheimer’s disease spectra. Huntington’s disease can be described by the

abnormal production of the Huntington protein (Walker, 2007); given that both

phenylalanine and tyrosine are heavily involved in the synthesis of proteins, this

could explain the spectral differences observed. The CH3 asymmetric stretch at

1454cm’'is also more intense in Huntington’s spectra.

ANOVAhas beenused to determine the optimum PCs for delineation of the

three groups on both the frontal and occipital lobes. This has been done to

minimise intra group differences and, maximise inter group differences. There is

a fundamental difference between the results on the frontal and occipital lobes: the

key variance being summarised within 4 PCs in the former, and spread out

through the latter. This is reflected by the maximum F ratio’ for the frontal lobe,

with this ratio being 18.75 times larger that that of the occipital lobe.

Subsequently, the increased overlap of groups in the scores plots is oflittle

surprise. When using a multi group (>2) model, the limitations of an untrained

multivariate technique are exposed. The requirementto use a trained multivariate

 

' The F Ratio, as discussed in section 4.34 describesthe ratio of inter group variance to intra group

variance. Hence maximising this value prescribes group membership through comparison by

similarity and differentiation.
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technique such as LDA is now more than just to obtain optimal quantitative

information.

It has been recognisedthat the state and biochemical makeupof thetissue will

vary slightly, depending on different factors such as: the time of post mortem,

variations in tissue processing and storage; how long its been stored; and the

numberof times it has been removed from the freezer. To this end, a batch of

Alzheimer’s that have been collected relatively recently have been included

within the three group frontal lobe model to test its performance with an extra

dimension of variation. As can be seen from figure 7.2.16, the specificity

between the two models for Alzheimer’s and healthy control spectra is

approximately constant, implying that the model’s ability to identify negative

spectra, when Alzheimer’s or healthy control is taken as the positive pathology,

remains unchanged with the addition of the new samples. Howeverthesensitivity

decreases between models for these pathologies, indicating that the ability to

correctly identify the Alzheimer’s and healthy control samples suffers.

Unsurprisingly these effects are reversed when looking at how classification of

Huntington’s disease tissue performs, leading to the conclusion that the

introduction of new Alzheimer’s samples adds to confusion primarily with healthy

control samples. This said, the performance values shownare still successful for

delineation, indicating that tissue condition may only be a small factor, making

the test more robust.

7.3.3 Initial Attempts at Independent Testing

Further testing has been independenttesting: of the frontal lobe model using

unknownstatus brain tissue; and of the occipital lobe, testing the feasibility of

leave one out cross validation. The frontal lobe model indicated its potential to

clearly identify unknownstatus tissue samples, however unfortunately the leave

one out method on the occipital lobe did not perform as well. In addition to this

being the lobe that contains less spectral difference, other reasons could include

the quality of spectra and number of samples. Clearly the latter of the two is a

particularly relevant reason; however in some sample cases the method did yield

prediction results similar to training results.
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7.3.4 Testing with the Inclusion of a Similar Dementia: A Four Group Model

Ultimately a frontal lobe four group model has been created, adding an

additional disease state pathology. This is significant as it is a type of dementia

that is extremely common and contains significant clinical overlaps with

Alzheimer’s disease: Lewy Body dementia (McKeith, 1996).

An understanding of protein secondary structure has been obtained by the

analysis of the Amide I band in figure 7.2.22. Fundamentally the Alzheimer’s

tissue has a dominant peak at the higher wavenumberend of the band (~1670cm”

'). Crucially though Lewy Body dementia tissue contains a peak that is dominant

at the lower wavenumberendof the band. This can possibly be explained by the

abundance of pathological inclusions within this kind of tissue that contain

significant amounts of alpha synuclein protein, an alpha helical structure when

boundto the lipids in cell membranes (Davidson, 1998). Should this latter point

be true, it could also account for the univariate observation of fewer lipid

vibrations within this type of tissue.

From the point of view of testing the model, the successful performance in both

sensitivity and specificity of the four group model is a tremendous success. This

is particularly evident amongst the classification of Alzheimer’s samples, which

obtained the highest values of sensitivity and specificity when taking each tissue

class as a positive result. Ultimately a four group model has seen a reduction in

training performance to 83%, a 12% drop from the three group model. However

this kind of tissue theoretically represents the hardest type of test in terms of

similar tissue, and a performance of 83% is still classified as a diagnostically

significant (The National Institute of Aging Working Group, 1998).
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Chapter 8: Rapid Raman Mappingof Alzheimer’s Tissue

Introduction

In this thesis a focus has been placed on obtaining a large number of spectra

per sample to facilitate a better knowledge of how the spectra vary within each

tissue section. In this chapter rapid Raman maps have been acquired using the

Renishaw Streamline Plus system. This system has enabled sufficiently large

areas of the fresh tissue samples to be mapped, using the same x50 ULWD used

throughoutthis thesis.

A series of maps have been acquired on a number of samples and couple with

an equivalent area white light montage. The sections analysed have also been

analysed using the immunohistochemistry technique (discussed in section 4.1.3)

to enable the identification of Alzheimer’s biomarkers, and the subsequent

targeting of them in the mapping study’. Although this technology has provided a

mechanism to maplarger areas whilst maintaining spatial resolution, it is still not

sufficiently quick enough to map whole sections in practical times. Due to this

the mapping between each spectrum of the map has been optimised based on

subjective assessment of both the fresh section white light montages and the

stained sections.

8.1 Grey Matter vs. White Matter Delineation

The white light montage in figure 8.1.1 has been acquired using the x5

objective, in order to image the whole section andillustrate areas of the sample

suitable for mapping. For example, even though the section is a ‘flat’ section it

can contain features such as folds which may cause misinterpretation during

analysis of the spectroscopic map.

 

2 Due to circumstances beyondthe author’s control, the immunohistochemistry stained tissue

sections could not be made available for analysis when going topress.
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Figure 8.1.1: White light montage of the whole tissue section acquired with x5 objective lens. The

image clearly shows two different regions of tissue within the section. This has been studied

further by wayof a smaller image of improvedspatial resolution, identified above by the red box.

As can be seen from figure 8.1.1 there are two distinct groupsoftissue, this has

been studied by further by acquiring another white light montage of the sample.

This time the x50 ULWD objective (used for the Raman mapping) has been used

to produce a smaller image, with better spatial resolution. The area imagedinthis

wayis illustrated by the red box in figure 8.1.1, and is shown infigure 8.1.2:

Area B

Area A

 

Figure 8.1.2: White light montage of the small area encapsulated by the red box in figure 8.1.1.

This has been acquired using the same x50 ULWD objective lens, as has been used for acquiring

spectra.
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The two distinct areas of tissue have been prescribed the names ‘Area A’ and

“Area B’ respectively. As can be seen in figure 8.1.2 Area B appears a lot more

fibrous than Area A.

For further investigation, a Raman map equivalent to the white light montage

has now been acquired. The map hasbeen built from an exposure time of 10s per

spectrum, and a step size between spectra of 10.6um. The area covered by the

map is 591.4um in the x direction and 749.8um in the y direction, equating to a

matrix of spectra that is 57 x 72 in the spatial plane (x and y respectively). Hence

a total of 4,104 spectra have been acquired in 1,508 seconds. The spectra have

been analysed with Principal Component Analysis (PCA), generating 20 principal

components (PC). In the point analysis work PCs were analysed in cluster form,

based on the combination of scores on more than one PC. For mapping each PC

has been analysed individually, and an image formed by normalisation of the

calculated scores values and a false colour applied, as discussed in section 4.3.3.

In this way, the map in figure 8.1.3 has been illustrated using the Jet colourmap,

where a blue pixel corresponds to a negative score and a red pixel to a positive

score.

 
5 10 15 20 25 30 35 40 45 50 55

Figure 8.1.3: Equivalent Raman map of the white light montage featured in figure 8.1.2,

displaying the clear PC delineation of the types of tissue observed within the sample. It is

constructed from the scores calculated on PCS.
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As can be seen from figure 8.1.3 the scores show a clear separation from Area

A to Area B, indicating that there exists a clear Raman biochemical difference.

The difference between mean spectra of sample regions from each area have been

used to as a basis in establishing where the differences lie, as shown in figure

8.1.4.
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Figure 8.1.4: Difference spectrum corresponding to meanspectra from regions in both Area A and

Area B of the Raman mapin figure 8.1.3.

The difference spectrum in figure 8.1.4 illustrates the main spectral features

that correspondto the biochemical differences between the two areas. Four major

peaks are identified to correspond to Area B,all describing vibrational modes of

phospholipids at Raman shifts of 701cm™', 1060cm™, 1301cm'', and 1439cm’'.

More subtle variations can observed through analysis of the loading spectrum on

PC 5, as shownin figure 8.1.5.
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Figure 8.1.5: Loading spectrum corresponding to the discrimination of scores on PC 5 as

demonstrated by figure 8.1.3.

The additional peaks identified by the loading spectrum again add furtherlipid

vibrations, as well as emphasising those previously seen such as the carbon —

oxygen phospholipid stretch (1439cm’'). The lipid increases seen in Areas B

compared to Area A are describedin table 8.1.1.

 

 

Wavenumber(cm) Peak Assignment

700 CNstretch from choline head in phosphatidylcholine and sphingomyelin

721 Choline C-N symmetric stretch

1066 C-O stretch of phospholipid, C-O-C symmetrical stretch

1301 Phospholipid CH, twist and wagging, AmideIII (a fibrous)

1439 CH, deformation modes from lipids and proteins, scissoring of CH, groups
 

 

Table 8.1.1: Lipid increases observedin the difference spectrum and PC 5 loadings of Areas A and

B from the Raman mapin figure 8.1.3.

Further observations from 8.1.5 include a peak shift within the Amide I band.

A peak at 1668cm''is noted to be associated with positive (Area B) scores and a

peak at 1679cm' is seen to be associated with negative (Area A) scores. There is

also an additional tryptophan peak (758cm’') associated with Area A, although

less definitive it could also postulated that it is demonstrated in the peak at

1507cm’!.
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8.2 Beta Amyloid Deposition

Figure 8.2.1 illustrates the tissue sample used in this example, as can beseen it

showssignificant differences from that used in section 8.1 containing significant

holes.

 

Figure 8.2.1: White light montage of the whole tissue section acquired with x5 objective lens. The

tissue section contains a large amountof holes, borne out of the cutting process and the physical

condition of the tissue.

The red box in figure 8.2.1 demarcates the area which is to be Raman mapped

with the x50 ULWDobjective lens. The dimensionsof this area are 1753.0um by

2333.8um in the x and y directions respectively. With a step size between spectra

of 10.6um this produces a matrix in the spatial plane of size 167 x 122 pixels.

The subsequent 10 second acquisition of each spectrum in the map culminated in

a total acquisition time of 10,113 seconds. PCA was then applied over 20 PCs,

and due to the fact a calcium fluoride slide was used, holes were easily detected

having a unique simple spectrum in certain PCs. A thresholding approach was

subsequently used to remove these parts of the map, leaving empty pixels

illustrated by white patches before re-analysis. In addition to this it was noted that

the lower half of the map wassignificantly affected by tissue holes, due to this the

Raman map hasbeen croppedto the top 80 pixels for analysis, as shownin figure

8.2.2 for the scores on PC 2.
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Figure 8.2.2: PC scores on PC2 observed through the application of a Jet false colour map. The

white patches were calcium fluoride spectra that have been removed from the dataset. The areas

marked ‘1’ and ‘2’ have beenidentified for comparison.

PC 2 has beenpresented asit represents subtle differences in scores values, and

identifies definitive areas in which tissue biochemistry is distinctly different,

circled in figure 8.2.2. The size of these areas is between 3 and6 pixelsin either x

or y, indicating a potential size of between 32um and 64um. These positive scores

can beattributed to the loadings spectrum for PC 2, shownin figure 8.2.3.
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Figure 8.2.3: Loadings on PC2 describingthe positively scored areascircled in figure 8.2.2.

It can be seen that the positive scores are illustrated by peaks (in figure 8.2.3)

that are similar to what has been illustrated in discriminating Alzheimer’s from
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other control tissues in the previous chapters of this thesis. The mean spectrum of

the area denoted ‘1’ in figure 8.2.2 has been compared to that of a blue square

area, marked ‘2’. These spectra have been compared by wayof an inverted second

derivative of the Amide I region between 1630cm! and 1720cm', as

demonstrated in figure 8.2.4.
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Figure 8.2.4: Inverted second spectra of the Amide I region, taken from the meanof regions | and

2 identified in figure 8.2.2.

Althoughit has proved difficult to resolve the Amide I componentpeaks within

the noisy StreamLinespectra, figure 8.2.4 illustrates the subtle presence of a peak

at 1667cm" in positive scores, that does not feature in negative scores. This

suggests that the positive scores contain somebeta pleated structure as well as the

elevated lipid content displayed in the loadings spectrum (8.2.3).

Given that this is an Alzheimer’s sample, both of these observations imply that

these areas display the bulk Alzheimer’s pathology observed in point models

better than other areas.
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Figure 8.2.5: Reproduction of scores map from figure 8.2.2, but limiting the Jet colourmap to the

middle 90% of colours.

To further understand how the distribution varies across the sample the (Jef)

colourmap has been adjusted to use just the central 90% of colours. As can be

seen from figure 8.2.5 this showsthat the key differential Raman biochemistry

observed throughout this thesis spreads out throughout the sample to different

degrees.

8.3 Discussion

8.3.1 The Ability of Raman Mapping to Distinguish Grey and White Matter

Expert pathological examination of the white light montage in figure 8.1.2 has

suggested that the fibrous Area B maybe an area of myelinated axons implying

that this is white matter. This would then suggest that Area A is the less fibrous

grey mattertissue.

A map equivalent to the area covered by the montage in figure 8.1.2 has

demonstrated that Raman sensitive vibrations induced between these regions

differ. This would suggest there exists biochemical differences between the

tissues, which have been investigated by way of difference spectra and

interpretation of the PC loads. It is quite clear that Raman spectroscopyis

sensitive to the lipid elevations within white matter that were discussed in section
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1.3. The Raman observation of lipid elevations in white matter is summarised by

table 8.1.1, fundamentally the peaks at 700cm! and 721cm”indicate they may be

representative of sphingomyelin. Sphingomyelin is a key constituent of the

coating prescribed to an axon,and provides the white colourto this kind oftissue.

There is also an intimation that from the slight shift of peaks in the Amide I

band that there is a change in the dominant protein secondary structure between

grey and white matter. The Amide I band is represented by two small peaks, a

positive peak at 1668cm’' and a negative peak at 1679cm", corresponding to

white and grey matter scores respectively. This would suggest that there is more

beta pleated protein secondary structure in grey matter, although this difference

maynotbetoo great due to the small peak heights.

8.3.2 Identifying the Progress of Raman Pathology with Raman Mapping

Mapping and PCA of the area identified in figure 8.2.1 has illustrated

significant intra sample changes. Initially PCA illustrated areas in which the

characteristic Alzheimer’s Raman biochemical observations seen throughoutthis

thesis appear concentrated. The variation in these areas has been further studied

and given that these are sectioned samples, the following can be concluded:

1. Lipid increases are at a maximum in the yellow areas of figure 8.2.3.

From the conclusions of chapter 2; this would indicate that the neuronal

loss is maximalhere.

2. The presence of beta pleated protein secondary structure is also

elevated in the yellow areas of figure 8.2.3. This would suggest

significant deposition of the key Alzheimer’s peptide, beta amyloid.

Combining points 1 and 2 above suggest the occurrence of neuritic plaques at

these points, accumulations of aggregated beta amyloid that take over and kill the

cell. This is also backed up bythe size of these areas, observed to be between

32um and 64um, consistent with observations in the literature (Benveniste, 1999).

A subtle alteration of the colourmap parameters to demonstrate only the central

90% of the Jet schemehasillustrated how, to varying degrees, the biochemistry is
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distributed throughout the sample. It is thought that this could be representative

of beta amyloid deposition and the gradual onset of neuronal death.
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Chapter 9: Conclusions and Future Work

In chapter 1 the main objectives of this thesis were identified, the main one

being to provide a feasibility study on the use of Raman spectroscopy in tandem

with multivariate analysis as a potential modality in the identification of

Alzheimer’s disease tissue. Comprehensive models have been established using

the frontal and occipital lobes, underlining the potential to move to tissue less

associated with the symptoms. In this way the potential to expand the work to

tissue less invasive than the brain has also been recognised. In achievingthis, the

work presented has become:

e Thefirst study to establish a two group Alzheimer’s vs. healthy control

Raman multivariate model that contains more than one healthy control

sample.

e Thefirst study to demonstrate the feasibility of Raman spectroscopy in

the delineation of Alzheimer’s tissue from part of the brain not usually

associated with the symptomsoronsetof the condition.

e The first study to demonstrate the potential of Raman to distinguish

tissues of multiple neurodegenerative conditions from Alzheimer’s

disease tissue, including more than one dementia.

e Thefirst study to describe the Raman spectra of brain tissue taken from

sufferers of Huntington’s disease and Lewy Body dementia.

e Thefirst study to show that multivariate analysis of Raman spectra is

capable of resolving Alzheimer’s, Huntington’s and healthy occipital

lobe tissue.

e Thefirst study to use rapid Raman mapping on Alzheimer’s brain tissue

to delineate the areas of brain which have undergone pathological and

biochemical change.

In the introduction to this thesis (chapter 1) it was arguedthat the current gold

standard is far too subjective. This is to say that is currently based on a process of

elimination from the results of a series of tests, from which the clinician must

interpret the results. Whenthe clinician actions this, the decision that he provides
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is a probabilistic one, and in no way definitive. This has added an extra

dimension to the study, not only must the approach be capable of separating

different pathologies but it must be able to perform this in a fashion that is

objective. This has been achieved through the feeding of principal component

scores into suchstatistical techniques such as analysis of variance (ANOVA) and

Linear Discriminant Analysis (LDA). For each modelthe ability of the technique

to correctly classify all spectra has been presented, alongside values ofsensitivity

and specificity.

9.1 Contribution to Knowledge

In section 3.2 competing physical technologies have been reviewed, including

Positron Emission Tomography (PET); Computed Tomography (CT); and

Nuclear Magnetic Resonance (NMR). Generally though, these techniques are

sensitive but lack specificity. Vibrational spectroscopy offers the advantage of

understanding the biochemistry and confirmation of a sample, in addition toits

illustration spatially as shown in chapter 9. The application of vibrational

spectroscopy in the characterisation of cerebral tissue has been discussed in

section 2.5. As this kind of tissue is quite difficult to collect, the number of

vibrational applications to human tissue is extremely limited. The advanced

technical developments of Fourier Transform Infrared (FT-IR) spectroscopy have

seen this become the dominant partner of the vibrational modalities. This makes

the Raman application even more novel, with the added advantageofit being less

susceptible to the effects of water, a major constituent of tissue. From this point

of view the results may be comparedto those also gainedin the field of FT-IR.

9.1.1 Univariate and Bivariate Observations

One of the fundamental univariate observations has been that of the protein

secondary structure when analysing the component peaks of the Amide I band. It

has been tremendously important to make these observations on fresh tissue, so as

not to introduce additional peaks to the Amide I band through processes such as

deparraffination (Sajid, 1997). This study has proved that Ramanis successful in

reproducing the characterisation of protein secondary structure seen previously

using FT-IR in the study of prion diseases (Pan, 1993) and Alzheimer’s disease
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(Fabian, 1993). The study by Fabian and co-workers established their

observations from one Alzheimer’s brain and two healthy control brains. This

Ramanstudy extendsthis in a further 3 dimensionsby:

1. Increasing the number of samples through which this delineating

feature is seen.

2. Increasing the numberof spectra per sample dramatically, accounting

for consistency over the sample.

3. Comparing the protein secondary structure of frontal lobe tissue to

additional Huntington’s disease and Lewy Body dementia pathologies.

The other dominant biochemical changehas beenthe elevation of lipid content

within the tissue taken from Alzheimer’s sufferers. This observation has been

facilitated by both bivariate and univariate analysis. On a bivariate scale the ratio

of lipids to protein has been seen to increase in the frontal lobe of Alzheimer’s

patients, an observation that has not been reproduced on the occipital lobe. This

observation has not been made on this scale with Raman spectroscopy before,

although FT-IR studies of astrocytic gliomas (Krafft, 2004) have suggested that

lipid content decreases with malignancy and increases in normal tissue. Krafft’s

subtle observation of lipid decrease with neuronal proliferation coupled with the

observation of lipid increase with neuronal death suggests the lipid concentration

is correlated. This is to say that the lipid increase seen in this study is due to the

breakdownof the cell membrane bilayer. This is an important observation andit

is quite surprising that very little dispersive Raman studies have been conducted

(Hanlon, 2000), as the finger print region covered coupled with the technique’s

collinear nature makeit ideal for univariate study.

9.1.2 Two GroupClassification Models

Frontal lobe two group LD models have been shownto correctly classify 98%

of Alzheimer’s and healthy control spectra, maintaining a good performanceafter

the removal of background variation with this performance only dropping to 94%.

Again multivariate models based on vibrational spectroscopy have led the way

in the field of FT-IR. It has been shownusing Artificial Neural Networks (ANN)

that 100% of spectra can be classified, outperforming LDA which achieved 94%

197



(Pizzi, 1995). Fundamentally the advantage of LDA lies in the facility to

understand the mechanism by which it performs, and be in control over possible

over fitting of the data. This thesis has shown the potential to reproduce this

result using Raman spectroscopy, and using the information from over hundred

times more spectra. As yet, very few Raman multivariate two group models have

been established, attempts limited to a study of 4 Alzheimer’s and one healthy

control sample (Hanlon, 1999).

9.1.3 Multi Group Models

As discussed at the start of this thesis, the challenge of diagnosing the

dementias is in the overlap between conditions. This is seen both for the current

gold standard in terms of the symptoms observed, and is also observed

pathologically. Thus rigorous proof of concept for this approach to diagnosis

should account for overlapping neurodegenerative conditions and other similar

tissue.

In this thesis three and four group LD models have been established from the

spectra of frontal lobe tissue, as summarised bytable 9.1.1:

 

Model Pathologies Spectra correctly classified Sensitivity Specificity

 

Alzheimer’s 95% 98% 99%

Healthy

Huntington’s

Alzheimer’s 83% 88% 98%

Healthy

Huntington’s

Lewy’s Body

3 Group

4 Group

 

 

Table 9.1.1: Performance of frontal lobe multi group models in this thesis, sensitivity and

specificity values are given whenclassifying an Alzheimer’s sample is the positive result.

No study has yet included multiple neurodegenerative conditions within a

multivariate model, using Raman or FT-IR. Howeverusing the latter, a 5 group

model consisting of: Alzheimer’s white and grey matter; healthy white and grey

matter; and 18q chromosome deletion disease has been tested (Pizzi, 1995).

Using LDA, this model correctly classified 85% of spectra. This thesis has
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demonstrated the potential of Raman to reproduce this performance, whilst using

tissue classes that are far more similar. This represents a more rigoroustest, and

an application closerto the clinical need.

9.1.4 Implications of Occipital Lobe Work

Previous works have focussed model development on the frontal (Pizzi, 1995)

and temporal (Hanlon, 2000) lobes of the brain. This thesis has not only enhanced

the amount of Raman work done using frontal lobe tissue but it has also

investigated the potential of the occipital lobe tissue for the first time. Two and

three group Raman LD models have beencreated for tissue from this brain region

as a benchmarkfor further studies, as described in table 9.1.2.

 

 

Model Pathologies Spectra correctly classified Sensitivity Specificity

2 Group e Alzheimer’s 87% 85% 90%

e Healthy

3 Group e Alzheimer’s 75% 64% 85%
e Healthy
e Huntington’s

 

Table 9.1.2: Performance of frontal lobe multi group models in this thesis, sensitivity and

specificity values are given whenclassifying an Alzheimer’s sampleis the positive result.

These results demonstrate the success of Raman on this lobe whenit is thought

of as a test, given the little symptoms associate with this part of the brain.

Crucially thoughit indicates the potential in movingto tissue that is less invasive.

9.1.5 Rapid Raman Mappingof Alzheimer’s Frontal Lobe Tissue

Rapid Raman (StreamLine) technology has been used on Alzheimer’s brain

tissue for the first time, facilitating the coverage of larger areas whilst not

sacrificing the spatial resolution attainable. Previous attempts at mapping brain

tissue include the assessment of primary intracranial tumours, which with a 30s

acquisition time per spectrum and using the autofocus function only managed to

accumulate 30 spectra per hour (Krafft, 2006). This approach did not use the

autofocus and only acquired over 10 seconds, which will have madethe total
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acquisition quicker, but these factors cannot accountfor the increase in rate that

has seen over four thousand spectra acquired in twenty five minutes(section 8.2).

The technique has demonstrated the potential of dispersive Raman spectroscopy

to identify variations in Alzheimer’s biochemistry and pathology without the need

of chemicalisolation and fluorescence marking (Dong, 2000).

9.2 Future Work

In order to progress the work and eventually realise the significant clinical

potential discussed in this thesis then there are number of areas which must be

furthered and improved upon.

9.2.1 Improving the Multivariate Models

Whenthe application of Ramanto brain tissue is compared to that of any other

tissue, such as the oesophagus,it is easy to see the principal limitation. This is the

number of samples available, and is something that this study can easily be

improved upon. Should a clinical Raman technique berealised, it will rely on a

set of standard spectra for test subjects to be compared to. Hence an increased

numberof samples should be studied, providing an understanding of inter sample

variance, and ultimately a more rigorous classification model. However

additional samples should be added iteratively so as the optimum number of

samples for an efficient classification model can be determined.

Continuing this theme, tissue should be studied from a whole range of

dementia or other neurodegenerative conditions. LD models should be

constructed to include control conditions such as Parkinson’s, prion diseases, or

even varying types of brain tumourtissue. Again each pathology group should be

added iteratively as some groups may have more of an effect on the model

performance than others. As shown in this thesis, the addition of Lewy Body

dementia forces an increased drop in model performance than when comparedto

the introduction of Huntington’s disease.

The amount of independent testing of the multivariate models needs to be

furthered. This may be performed on twofronts: (1) Rigorous leave one out cross

validation of the models; and (2) Further testing using unknownstatus brain

tissue. The application of leave one out cross validation has been severely

hamperedby the limited number of samples in this thesis. This implies that the
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amountof variance within each population has not been thoroughly understood,

and once further samples have been gained this can be tested thoroughly. This

should also be performed in tandem with analysis of a full set of unknownstatus

tissue, taken from both the frontal and occipital lobe to make an effective

classification from each. Initially this mix of unknownstatus brain tissue should

consist of pathologies contained within the models being tested, before being

extended to further conditions. To facilitate this, equivalent multi (at least 4)

group models should be established on both the frontal and occipital lobes.

Further investigation should be performed on the mechanism of multivariate

analysis, both in terms of pre processing and the method of analysis itself. As

datasets are getting bigger with technological advancements, there is a clear need

for better tools in cosmic ray removal. Even though the work in this thesis

attempts to remove the majority of cosmic rays within each dataset, a significant

number remain whichstill interfere with PC loads or LD functions.

9.2.2 Working Towardsa Potential Clinical Technique

This thesis has realised the potential in discriminating dementias objectively,

and if the advances suggested in section 9.2.1 are realised then the clinical

feasibility may be advanced. However although Raman has been shownto be a

quick, simple and definitive way of identifying tissue types, its use on brain tissue

in vivo would be far from being both quick and simple. Some thought has to be

given on howthetechnique could be implementedclinically, and if so what work

is required.

It has been suggested by someauthors (Hanlon, 2000) that Raman accessto the

frontal lobe maybe obtained via the olfactory system (figure 9.2.1). The main

problem hereis the cribriform plate, composed of bone with only tiny holes used

by nerves. If the potential of depth probing Ramanis realised there maybe some

scope for application here. Alternatively previous to the cribriform plate is the

olfactory epithelium, coated in a mucouslike substance known asthe olfactory

mucosa. Alzheimer’s specific pathology has been detected within this mucous

layer (Yamagishi, 1994), and hence may provide an alternative for Raman

inspection.
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Frontal lobe

Cribiform plate

Olfactory epithelium --

opticalfibre

Figure 9.2.1: Ramanprobe accessto the olfactory system (Taken from Hanlon, 2000).

The main problem with accessing any type of tissue through this route is the

invasiveness. It would not be comfortable for the patient, and would also make

the technique more complex, whereas one of the advantages of Ramanis its

simplicity in application. Other, less invasive tissues should be inspected such as

blood plasma or tear drops. The main difference with this type of tissue is to

observe how Raman sensitive biochemistry changes after passing through the

blood brain barrier. For instance the amount of beta amyloid peptide crossing the

blood brain barrier may change completely as the aggregated plaques may not be

able to cross it. Hence the changesin these fluids may be subtle in comparison to

what has been observed in this thesis, however the developments in Surface

Enhanced Raman Spectroscopy (SERS) discussed in section 2.4.1 could makethis

a viable way forward. An intermediary idea for inspecting the affect of the blood

brain barrier would be to collect spectra from cerebrospinal fluid (CSF). However

a spinal tap is a very painful and risky routine and ethical approval for such a

study would be very hard to come by. One would have to wait for a routine

residual sample from a patient suffering from Alzheimer’s, making sample

collection extremely difficult.

The tissue used in this study has been obtained post mortem and

histopathologically confirmed as Alzheimer’s disease tissue. As identified in the

introduction to this thesis a technique which can detect the changes early and in

advanceofclinical onset will aid the current available treatments. If the potential

on the previously mentionedfluid basedtissues can be realised then a large cohort

study should be established, perhaps monitoring people carrying the ¢4 allele risk
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factor gene. Forthis, or any large scale test, further knowledge has to be gained

on inter system variability, and the use of fibre optic probes in acquiring Raman

brain tissue spectra.
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