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Li st of abbreviati ons

AA = arachidonic acid

AD=Al zhei merdés disease
Ab = amyloidb

ACAT = acytcoenzyme A:cholesterol acyltrdasase,
AICD = APP intracellular domain

ANLS = Alternating Nonnegativity-constrained Least Squares
APOE =apolipoproteinE

APP =A bprecursor protein

ASC = apoptosiassociated spedie proteincontaining a caspase recruitment domain
AsLS = AsymmetricLeast Squares

BACE = -decretase

BGF = Bottom Gaussian Fitting

BSA = bovine serum albumin

CARD = caspase recruitment domain

CARS= Coherent antBtokes Raman scattering
CLAC = collagenlike amyloidogenic component
CE = cholesterol esters

CNS= central nerous system

CHL = cholesterol

COX = cyclooxygenase

CR1 = complement component (3b/4b) receptor 1
CRS= Coherent Raman scattering

C9 = Complement component 9

C99= membranébound Gterminalfragment
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DAMPs = camageassociated molecular patterns
DIC = Differential interference contrast

DS = Down syndrome

EAE = experimental autoimmune encephalomyelitis
FA = fatty acid

FAD = familial AD

FC-NNLS = fast combinatorial nomegativity-constrained least squares
FDG-PET = fluorodeoxyglucose PET

FM = Fluorescence Micra®py

GA = Glatiramer Acetate

Gly = glycine

GM1 = monosialotetrahexosylganglioside

GADb = GM1-gangliosideboundA b

GWAS = genomewide associated studies

HCA = Hierarchical Cluster Analysis

HNE = 4hydroxy-2-transnonena

Hyp = hydroxyproline

LC-MS = liquid chromatograpmMS

LPS =lipopolysaccharide

IDE = insulinrdegrading enzyme

IFN- 2 interferona

IL-1 b interleukinlb

iIPS= inducedpluripotent stem

MAC = membrane attack complex

MALDI = Matrix-Assisted Laser Desorption lonization



MASP-1 =mannoseassociatd serine protease 1
MB = Mannosebinding

MCR = Multivariate CurveResolution

MMP-9 = matrix metallopeptidase 9

MNF = Maximum Noise Fraction

MBL = Mannosebinding lectin

MRC = Medical Research Council

MRI = Magnetic Resonance Imaging

MS = Mass spectroniey

NEP = neprilysin

Nep =neutral endopeptidase

NLRP3 =nucleotidebinding oligomerization domain (NOBike receptor protein 3
NLS = Negative least squares

NMDA = N-methylD-aspartate

NMF = Negative Matrix Factorization

NO = nitric oxide

NRF = Noise remwal factor

NSAID = non-steroidal antinflammatory drugs
OBB = Oxford Brain Bank

PBS= phosphate buffered saline

PCA = Principal Component Analysis

PET = PositrorEmission Tomography

PC =phosphatidylcholine

P P A R peroxisome proliferateactivated receptr 2

Pro =proline



PRPs =pattern recognition receptor

PSEN= presenilin

PYD =pyrin domain

RHS=right handside

Q-HIU = quantitativehyperspectral image unmixing

Q-US/PSNMF = quantitative unsupervised/partially supervised-negative matrix factorizeon
ROS= reactive oxygen species

SEM = dandard error of mean

SIMS = Secondanjon MassSpectrometry

SNP= single-nucleotide polymorphisms

SNR= signaktto-noise ratio

SRS= Stimulated Raman scattering

STX-3 = syntaxin3

SVD-ADC = Singula Value Decomposition with Automatic Divisive Correlation
CSF=cerebrospinal fluid

STD = standard deviation

TGFb transforming growthiactorb

TNF-U temor necrosis factel

TWOBC = Thomas Willis Oxford Brain Collection
Tyr =tyrosine

VCA = Vertex Component Analysis

YML1 = chitinaselike proteinl



Li sfi gures

Fig. 2.1: Aaite (A) versus chronic (B) activation of microglia in the course of neuroinflammatory
diseases including AD. Treatment allowing to stimulate the conversion ofiaflarmmatory M1
microglia phenotype into aninflammatory state and inhibit neuroinflamnoet using a selection

of therapeutic agents, such as glatiramer acé&A¢, bexarotene, and peroxisome proliferator
activated receptor o (PPARO2) agonists (C).
MS = multiple sclerosis. Reproduced fr¢g@hery et al. 2014) under the terms of the Creative
Commons Attribution License 4.0 (CC BY 4.0) in line with the BioMed Central Ltd license
210 | LCTCT 0 01T ) PP 32

Fig. 2.2: An overview of the three complement activation pathways. Maitmodieg lectin =

MBL, mannoseassociated serine protease 1, 2 = MASP. Reproduced with permission
from (Walport 2001) Copyright Massachusetts Medical SOCI@ty...............uuuvvrrmiccnreeennnnnns 35

Fig. 2.3: A hypothetical temporal model reporting 5 AD biomarkers. Reproduced frdkodSe

and Hardy 2016) under the terms of the CC BY 4.0 liCense..............ovvvvvvereeeeeevnnnnnnnnn, 37

Fig. 3.1: Comparison of the SVBDC (A, blue line) method with MNF S-G filtering (A,
magenta line) using the Raman data of biochemical standard mixtures with white Gaussian nois
(C, blue line), showing the efficiency of the SMADC to reduce noise from the Raman data by
98% and resulting in denoised Raman spectrad@ dashed line) to be almost identical to the
reference one (C, grey line). The autocorrelation coefficients map of singular vectors receivec
from SVD-ADC analysis of the given Raman data is shown in panel B. The green dashed diagona
line represents a desion line of a 50% cubff for mean autocorrelation coefficients, that separates
the coefficients above the line (circled cross signgeaningful components) from those below it

(o (o TSRS o L0111 ISP 48

Fig. 3.2: A schematic illustration showing a principle of BGF method used for background
subtraction from Raman SIgNAL...........uuiiiiiiiiiiiieeeiii et 51

Fig. 3.3: Comparison of the BGF method with AsLS using the Raman data with known
background (black dashed lines), showing the accurateness of the BGF to produce the true baseli

(red lines) hat subtract both lo\{B) and high(C) background. AsLS baselines are shown by

[0 1= = o PRSP 52
Fig. 3.4: Dependence of the factorisation efroldp pop tOp Y PY €88 on the
elementOp dor fixed Other ElEMENTS.........cccviiii e 55
Fig. 3.5. Flowchart listing 3 main steps of theHQJ data analySiS.........cccccceveeeeiiiiiiicccnnnn. 58



Fig. 4.1: Schematic energy diagrams representing spontaneous Raman scattering and fluorescen

......................................................................................................................................... 59
Fig. 4.2: A typich Raman micrespectroscopy setup. Reproduced from (&fwal. 2011) with
PErMISSION OF PNAS . ...ttt eeer e e e e e e e e et e e e ee e e mmmreeeeeesssnnnnns 61

Fig. 5.1.Largescale DIC image of the hippocampus of sample Ahl (A). The region of interest
outlined by square (dashed line) measured by Raman -speciroscopy and peptoved to
contain A plaque (B). The chemical decomposition of this Raman image into individesical
components with spatialsesolved Raman concentration and spectral profiles using-tHgJQ

(0 Fo 1= = 1 F= 1)V F N (O TP PPPPPURPRR 69

Fig. 5.2: Schematic of a hyperspectral Raman cube (A). The arrows with letters B and C mark twc
pixels, Raman spectra of which are shown on the panels B and C, respectively. The input Rama
spectrum (blue line) before the SWVADC and the corresponding neifiltered Raman spectrum
(black line) after this procedure {B). The results of background subtraction using the bottom
Gaussian fitting is shown by the green line: the bottom Gaussian fit (red dashed line) is subtracte
from the noisdiltered Raman sp#rum, giving backgrounffee Raman spectrum. Spaspectral
autocorrelation coefficients map of singular vectors resulted from-8MD (D). The dotted
diagonal line represents a decision lingxaf= 50% cutoff for mean autocorrelation coefficients

Ri, separating the coefficients above the line (circled cross sigreaningful components) from
those below it (cross sigrisnoise). The spatial distribution and corresponding spectra of two
singular vectors with the mean autocorrelation coefficients watliese 75% ande 25% as
indicated on the panel D {E). On both panels, 38 Raman images are labelled according to the
sample source and represents COrtiCal rEQIONS..........uuuuiiiii it ieceiieree e eeeer e 71

Fig. 5.3: Raman spectra of the chemical components (blue solid lines) colocalizing with
hippocampal A plaques, obtained from the simultaneousUPSNMF analysis of 30
hippocampal A plagues (5 AD patients) togethertiwilO control Raman maps (2 elderly humans
without AD).E4 (A) has spectral characteristics resembling collagen XXV (see EX(B) is a
mixture of aggregated @ 42 peptides and saturated lipids with cholesteryl derivatw&8.(C) is

a mixture of fisin and arachidic aci&16 (D) is attributed to carotenoids17 (E) is attributed to

iron oxide. The chemical attribution of componee®, 10, E16 andel7 is based on the
comparison with analytical standard Raman spectra of pure chemical speciase Bliswn by

the red dotted lines and found using NLS algorithm. Correspofifiage also indicated. The fit

in (B) is a superposition of the Raman spectrum of synthdtisHibrils (magenta line) and
cholesteryl palmitatégreen line); the contributis are separately shown in the inset for the
fingerprint region. The fit in (C) is a superposition of fibrin (magenta line) and arachidic acid
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(green line); the contributions are shown in the inset. The red I{i® is the Raman spectrum of
b-caroteneThe red line in (E) is the Raman spectrunt@Oa. ..............coovvvvvviiiiiineeeeeennnnn D

Fig. 5.4: Spatial distributions of the Raman concentration and the correspac@mnponent
spectra ofe4 for the measured AD hippocampal brain regions together with controls (labelled
according to the sample source as Ahl,..., Ah5, and Chl, Ch2, respectively) on colour scales ¢
indicated, retrieved from the simultaneoudJQ/PSNMF unmixing analysis of 30 hippocampal

Ab plaques (5 AD patients) together with 10
......................................................................................................................................... 79

Fig. 5.5: Spatial distributions of the Raman concentration and the corresponding componen
spectra ofe9 for the measured AD hippocampal brain regions together with controls (labelled
according to the sample source as Ahl,..., Ah5, and Chl, Ch2¢tres|y® on colour scales as
indicated, retrieved from the simultaneoudJQ/PSNMF unmixing analysis of 30 hippocampal

Ab plaques (5 AD patients) together with 10

Fig. 5.6: Spatial distributions of the Raman concentration and the corresponding componen
spectra ok 10 for the measured AD hippocampal brain regions together with derftatelled
according to the sample source as Ahl,..., Ah5, and Chl, Ch2, respectively) on colour scales ¢
indicated, retrieved from the simultaneoudJQ/PSNMF unmixing analysis of 30 hippocampal

Ab plaques (5 AD pat i entnsaps (2 eldedythimans without AD). 1 0

Fig. 5.7: Spatial distributions of the Raman concentration and the corresponding componen
spectra ofe 16 for the measured AD hippocampal brain regions together with controls (labelled
according to the sample source as Ahl,..., Ah5, and Chl, Ch2, respectively) on colour scales ¢
indicated, retrieved from the simultaneoudJQ/PSNMF unmixing andysis of 30 hippocampal

Ab plaques (5 AD patients) together with 10

Fig. 5.8: Sptial distributions of the Raman concentration and the corresponding component
spectra ok 17 for the measured AD hippocampal brain regions together with controls (labelled
according to the sample source as Ahl,..., Ah5, and Chl, Ch2, respectively) unscales as
indicated, retrieved from the simultaneoudJQ/PSNMF unmixing analysis of 30 hippocampal

Ab plaques (5 AD patients) together with 10

Fig. 5. 9: |l mages of hi ppocampal A D -deménted u e s
control regions shown in jet colour scale: flillar (A), cored neuritic (B), cor@nly (C) and

diffuse neuritic (D) plaques referring to AD samples, labelled as Ahl 001, Ah2_ 001, Ah3_001,
11



Ah4_001, respectively, and two control regions (E,F), corresponding taleraented elderly
individuals markedas Chl_001, Ch2_001. Rows21 the regions of Raman measurements,
indicated by white square and visualized by DIC microscopy of the unlabelled samplER)(A2
and by fluorescence microscopy of the plaque aiead1) after staining with T6. Row 3:
psewoc ol our i mages for the Ab ef(todagem ¥¥V) as bluk, c o
E9( a mi xt ur e 14pdnd shturdied chblésteryl estefs) as greeng 28da mixture of

fibrin and arachidic acid) as red, scaled to saturate at 25% afiomaixcolour channel. Rows 4

8: spatial concentration profiles of the selected components, on colour scales as indicated. Tk
Raman concentrations in panel D4, D5 is rescaled by a factor of two for visibility. The
corresponding component spectra are indatats white lines in the first column (see also Fig.
5.3). SCAIE DAIS: 1O Ml.vviieeeei ettt seee e ettt e et e st snneesreereenes 85

Fig. 5.10: A scatter plot of the sample meanconcent i ons i s given for 3¢
(5 AD patients) and 10 control (2 elderly humans without AD) Raman images versus component
number €4,e9,E10,E16, anct 17). The mean and standard deviation of each cohort are indicated
by the error bars. Thsignificance in pairwise difference in the concentration levels between AD

and control groups was determined by {sa&mple twetailedt-test with unequal variancesy

0.05, **p < 0.001, ***p < 0.0001, ***p< 0. 0000 1. Here, ADR= AI
(070 110 1SS 86
Fig. 5. 11: A scatter plot of the sampl e me

plagues (5 AD paties} and 10 control (2 elderly humans without AD) Raman images versus
component numbeg@, 9, E10,E16, ande17). The median of each cohort is indicated by the
plus sign. The significance in pairwise difference in the concentration levels between AD and
control groups was determined by the Wilcoxon rank sum tesp #0.001, ***p < 0.0001,

R p< 0. 00001. Her e, AD = Al.z.he.i.me.r.0.s...d87s e a:
Fig. 5.12: Colocalization histograms of concentration (%Efr 10 (upper row) and fog9 -

E4 (lower row) for each diseased (5 AD patients) and control (2 individuals) hippocampal samples.
which refer to AD and nedemented eldér individuals, labelled as Ahl (A), Ah2 (B), Ah3 (C),

Ah4 (D), Ah5 (E) and Ch1l (F), Ch®5). Statistics on these samples was determined by the analysis
of 10 (from Ah1l), 9 (from Ah2), 5 (from Ah3), 1 (from Ah4), 5 (from Ah5) plaques, and 6 (Chl),

4 (Ch2)contr ol regions with a typical siThe of
Pearson's correlation coefficieigor each case subject are shown.................cccvvvieeennnes 88

Fig. 5.13: Raman spectra of the chemical components (blue solid lines) colocalizing with cortical
Ab plaques, obtained from the simultaneoud  PSNMF analysis of 31 cortical Bplaques (6

AD patients) together with 7 control Raman maps (2 elderly humans withouteAR) is a

mixture of Abi42fibrils and saturated lipids with cholesteryl derivatives! (B) is assigned to
12



calcium phosphate crystaisl1 (C) is a mixture of fibrin andrachidic acide 16 (D) is attributed

to carotenoidse 20 (E) is attributed to iron oxide. The chemical attribution of comporehts?,
E11,e16 ande20is based on the comparison with analytical standard Raman spectra of pure
chemical species. Fits aréhasvn by the red dotted lines and found using NLS algorithm.
Corresponding?? are also indicated. The fit in (A) is a superposition of the Raman spectrum of
synthetic A1.4-fibrils (magenta line) and cholesteryl palmitégeeen line); the contributionsear
separately shown in the inset for the fingerprint region. The red Ii{B is the Raman spectrum

of calcium phosphateThe fit in (C) is a superposition of fibrin (magenta line) and arachidic acid
(green line); the contributions are shown in thetiriBlee red line i(D) is the Raman spectrum of
b-carotene. The red line in (E) is the Raman SPecCtruRBa. ...........cccvvveeeeeeeeeiiiccceeeeeeennn. 89

Fig. 5.14: Spatiabistributions of the Raman concentration and the corresponding component
spectrae 4 for the measured AD cortical brain regions together with controls (labelled according
to the sample source as Acl,...,Ac6, and Ccl, Cc2, respectively) on colour séatisaisd,
retrieved from the simultaneous @&/PSNMF unmi xi ng analysis of
AD patients) together with 7 control Raman maps (2 elderly humans without. AD)......... 91

Fig. 5.15: Spatial distributions of the Raman concentration and the corresponding componen
spectrae 7 for the measured AD cortical brain regions together with controls (labelled according
to the sampleaurce as Acl,...,Ac6, and Ccl, Cc2, respectively) on colour scales as indicated,
retrieved from the simultaneous @&/PSNMF unmi xi ng analysis of
AD patients) together with 7 control Raman maps (2 elderly humans without. AD)......... 92

Fig. 5.16: Spatial distributions of the Raman concentration and the corresponding componen
spectrae 11 for the measured AD corticatdin regions together with controls (labelled according

to the sample source as Acl,...,Ac6, and Ccl, Cc2, respectively) on colour scales as indicate
retrieved from the simultaneous @/PSNMF unmi xi ng analysis of
AD patients)together with 7 control Raman maps (2 elderly humans without.AD).......... 93

Fig. 5.17:Spatial distributions of the Raman concentration and the corresponding component
spectree 16 for the measured AD cortical brain regions together with controls (labelled according
to the sample source as Acl,...,Ac6, and Ccl, Cc2, respectively) on c@tas as indicated,
retrieved from the simultaneous @&/PSNMF unmi xi ng analysis of
AD patients) together with 7 control Raman maps (2 elderly humans without. AD)......... 94

Fig. 5.18: Spatial distributions of the Raman concentration and the corresponding componen
spectrae 20 for the measured AD cortical brain regions together with controls (labelled according
to thesample source as Acl,...,Ac6, and Ccl, Cc2, respectively) on colour scales as indicatec
retrieved from the simultaneous\ @&/PSNMF unmi xing analysis of

AD patients) together with 7 control Raman maps (2 elderly humans witlijut. A............ 95
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Fig. 5. 19: |l mages of <cortical A bdempéntadgconerad w |
regions shown in jet colour sealtthe neuritic (A, B), corenly (C) and cored neuritic (D) plaques
referring to AD samples, labelled as Acl_001, Ac2_001, Ac2_002, Ac3_001, respectively, and
two control regions (E,F), corresponding to rt@mented elderly individuals marked as Cc1_001,
Cc2_001. Rows -2: the regions of Raman measurements, indicated by white square and
visualized by DIC microscopy of the unlabelled samplesgk&pand by fluorescence microscopy

of the plaque areg#1-F1) after staining with T46. Row 3: pseudoolourimayes f or t |
plagues and control regionsuse( a mi x t ur e 140ahd saturated choldstaryl esigrb)

as blueg 20 (iron oxide) as green, ardl1 (a mixture of fibrin and arachidic acid) as red, scaled

to saturate at 25% of maximum colouradchel. Rows 48: spatial concentration profiles of the
selected components, on colour scales as indicated. The corresponding component spectra ¢
indicated as white lines in the first column (see also Fig. 5.3). Scale b&snl0................ 96

Fig. 5.20: A scatter plot of the sample mean concentrations is givefh tmrBcalAb pl aqu e
AD patients) and 7 control (2 elderly humans without)ARaman images versus component
number €4,e7,e11,e16, anct 20). The mean and standard deviation of each cohort are indicated
by the error bars. The significance in pairwise difference in the concentration levels between AD
and control groups was detdmad by twesample twetailedt-test with unequal variancesy

0.05, *p<0.01,***p< 0. 00001. Her e, AD = Al.z.he.i.9Mer 0 :
Fig. 5.21: A scatter plot of the sample median concentrations is givet fmrcalAb pl aqu
(6 AD patients) and 7 control (2 eldettyimans without AD) Raman images versus component
number €4,e7,e11,e16, ance 20). The median of each cohort is indicated by the plus sign. The
significance in pairwise difference in the concentration levels between AD and control groups was
determined ppthe Wilcoxon rank sum tespx 0.05,**p< 0. 01. Here, AD = A
LR o] oo | USRS 98

Fig. 5.22: Colocalization histogms of concentration (%) f&20 - e 16 for each diseased (6 AD
patients) and control (2 individuals) samples in the cortex, which refer to AD andentented
individuals, labelled as Ac@A), Ac2 (B), Ac3 (C), Ac4 (D), Ac5 (E), Ac6 (F) and Ccl (G),
Cc2(H). Statistics on these samples was determined by the analysis of 3 (from Acl), 13 (from
Ac2), 7 (from Ac3), 2 (from Ac4), 3 (from Ac5), 3 (from Ac6) plaques, and 4 (Ccl), 3 (Cc2)
control regions with a typical s?i Thee Peardon'se a C
correlation coefficient® for each case subject are ShOWN.............ccooooiiiiiiiiinnnn 99

Fig. 6.1: Schematic of a hyperspectral Raman cube (# .afrows with letters B and C mark two
pixels, Raman spectra of which are shown on the panels B and C, respectively. The input Rama
spectrum (blue line) before the SWVADC and the corresponding noiikered Raman spectrum

(black line) after this procede (B-C). The results of background subtraction using the bottom
14



Gaussian fitting is shown by the green line: the bottom Gaussian fit (red dashed line) is subtracte
from the noisdiltered Raman spectrum, giving backgrouinee Raman spectrum. Spatipectral
autocorrelation coefficients map of singular vectors resulted from-8MD (D). The dotted
diagonal line represents a decision lingxaf= 50% cutoff for mean autocorrelation coefficients

Ri, separating the coefficients above the line (circledsgignd meaningful components) from
those below it (cross sigrisnoise). The spatial distribution and corresponding spectra of two
singular vectors with the mean autocorrelation coefficients with va&d9o ande 28% as
indicated on the panel D {E). On both panels, Raman images are labelled according to the sample
source and represents hippocampal FeQLOMS.............uvuuuuumiccreeeeeeii e e e e e eeen s 106

Fig. 6.2: Raman sp&a of the chemical components (blue solid lines) colocalizing with
hippocampal A plaques, obtained from the-@S/PSNMF analysis of AD human brain tissues
together with nordemented controls.el (A) has spectral characteristics resembling
phosphatidylchiine. e2 (B) resembles actine6 (C) is attributed to a mixture of fibrin and
saturated lipids with cholesteryl derivative®.(E) can be represented as a mixture of aggregated
AD peptide andranslipids such as &ransisomer of arachidonic acid. Thaemical attribution

of component€ 1, 2, E6 ande9 is based on the comparison with analytical standard Raman
spectra of pure chemical species. Fits are shown by the red dotted lines and found using NL
algorithm. Correspondind?®® are also indicated. Thetfin (A) is the Raman spectrum of
phosphatidylcholine. The fit in (B) is the Raman spectrum of actin. The fit in (C) is a superposition
of fibrin (magenta line) and cholesteryl palmitate (green line); the contributions are shown in the
separate figure D.he fit in (E) is a superposition of the Raman spectrum of synthbfigAbrils
(magenta line) and arachidonic agipleen line); the contributions are separately shown in the
figure F for the fingerprint reQioN..........ccooie i i i et 110

Fig. 6.3: 3D patial distributions of the Raman concentration and the corresponding component
spectra ofel from the measured AD hippocampal brain regions anddeonented controls
labelled according to the sample source as AD1, AD2, AD3, and C1 on colour scalesasdndi
retrieved from the simultaneous\@5/PSNMF unmixing analysis of 3D Raman images of the
human AD tissues affected -Jlgmented comral regians. 8y y
distribution is shown by a sequential representation of each imageopanepresentativestack
asAD1_01z1, AD1 _01z2, AZDA A Qypical3siep betwezd ne@ghiboud 1
planes was 3 Om, exZTepttadlor wther eADd D 1Gm st
typical i mage Z2sexcepeforthdD1l®@zkt 1 277 m&®me s oFinsiae. 12 7

Fig. 6.4: 3D spatial distributions of the Raman concentration and the correspoadipgnent

spectra ofe2 from the measured AD hippocampal brain regions anddeamented controls
15



labelled according to the sample source as AD1, AD2, AD3, and C1 on colour scales as indicatec
retrieved from the simultaneous@5/PSNMF unmixing analysis 03D Raman images of the
human AD tissues affected -Jdgmented comral regians. 8y y
distribution is shown by a sequential representation of each image plane of a represesiative z

as AD1_01z1, AD1_01z 201-z1® B lypi€all stef pedween Gelghbout z
planes was 3 Om, exZTepttadl,r wther eADd D 1Gm st
typical i mage size is 127112i7m&oges ekcapl27

Fig. 6.5: 3D spatial distributions of the Raman concentration and the corresponding componen
spectra ofe6 from the measured AD hippocampal brain regiand nondemented controls
labelled according to the sample source as AD1, AD2, AD3, and C1 on colour scales as indicatec
retrieved from the simultaneous\@6/PSNMF unmixing analysis of 3D Raman images of the
human AD tissues af f etetwthdnodemented condral rebians. 8y y
distribution is shown by a sequential representation of each image plane of a represesiiative z

as AD1 01z1, AD1 _01z2,-z1n B ltypi€all step befween @eighbout z 0
pl anes was 3he@bl 01&8ixZ epttadlo,r where a 5 Om st
typical image size is 127t12i7imé&més ekcapt2?7

Fig. 6.6: 3D spatial distributions of the Raman concentration and the corresponding componen
spectra ofe9 from the measured AD hippocampal brain regions anddeonented controls
labelled according to the sample sourcAB4, AD2, AD3, and C1 on colour scales as indicated,
retrieved from the simultaneous\@5/PSNMF unmixing analysis of 3D Raman images of the
human AD tissues affected Jdgmented conral regians. 8y y
distribution is shown by sequential representation of each image plane of a represemistioi
asAD1 _01z1, AD1_01z2, AZDA A Qypical3step betwéeh neghibaud 1
pl anes was 3 Om, exZTepttadl,r wher eADd D 1Gm st
typi cal | mage s i’®xeptfesthdADTY D2e277 iOmages oFinsiae. 127

Fig. 6.7:Unmixed labelfree Raman image of the plague composition (B) in human AD brains:
the core enriched wranspolyuhdaturatedhipids duch assAA (hreenkandd i
the surrounding halo composed of lipoproteins with high CEs content (reshbiGed

fl uor escence -stainedh (geen) padues Aabelled for GSDMD (red) and
microglia(blue) (A) as well as ASC specks (red) (C), showing the localization of ASC specks and
poreforming GSDMD (indicated by white square) to the microglial meanbs all correlated to

the sites of the Clach plaque halo in the representative Raman image (B), indicating pyroptotic
16



cell death of highly inflammatory immune response around the plaque. In paneltBan@RA

= oxidized trans isomer of arachidONIGAAC............ccoiiiiiiiiiiiiiiee e 118
Fig. 7. 1: I ndi vidual and merged channel s f
and ASC speck fluorescence irgé@res for one cortical (A) and one hippocampal (B) plaques. In

all panels, the white circles of smaller and larger radius indicate the area of plaque core and halc
respectively, selected for the quantifiCation.................cvviiieeciiiiiii e 124

Fig. 7.2: Individual and merged channels fluorescence imagesivhted microglia (Ibal, blue)
and ASC specks (AL177, red) around Ab pl aqu
a patient with AD. Colocalization ofamtib / AS C s p e c kpssitiveimtcrogliansuppdita 1
the hypothesis of inflammasome & i vati on i n response t ol2&Ab a
Fig. 7.3: Representative fluorescence image el @mp os i t i omASG speckbsitiveri t
microglia in the hippocampal brain region of a patient with AD. The zoom of the outlined image
area is shown on the right and indicates the inflammasome activation within microglia in close

proximity to the AG spgliague AIS&E€s wipteicrkg fiomr mtah

Fig. 7.4 Individual and merged channels fluorescence images of ASC specks (AL177, red)
integrated into the Ab cores and microgl
hi ppocampal (B, C) brain regions ofnels.wl@8 pat
Fig. 75:(AC) Quantification of r el -pdsitive wlumesvithmo gl i
the plaque core, halo and wa@laque for cortical versus hippocampal plaques of AD human
brai ns. Data are represented as histogram
panels). The examination of each antibody reactivity for hippocampal plague (AD) versus non
demented antrol (norAD) regions is also given, confirming a statistically significant increase of
mi croglia, ASC and ADb i mmuun.o.r.e.ac.t.i.Vv.i.t.yl30 n p
Fig. 7.6: Quantification o€ortical and hippocampal plaques revealing a high degree & the

mi cr ogl i a-A$CAspeckaB) dolodalization ithe plaque core, halo and whole plaque,
except hippocampal core with a statistically ysong ni f i cant mi crogl i al
represented .as.me.an..N. . .SEM. e 131

Fig. 7.7: (AB) Quant i f i c-A3Ci spatkmicordglia tmmenolahdiled fluorescence
imagesrevealing a significant shift of the microglial activation to the-ipftammatory state in
thecortical plaque cores compared to the hiprg

Fig. 8. 1: Il ndi vi dual and merged channel s f|

speck fluorescendatensities for one cortical (A) and one hippocampal (B) plaques. In all panels,
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the white circles of smaller and larger radius indicate the area of plaque core and halo, respectivel
selected for the qUANTIfICAtION. ...........ooiiiiiiiie e eeeeas 137

Fig. 8.2: Individual and merged channels fluorescence images of the MAC pores (C9, blue)
i ntegrated (Th$, greenh)hrs AFClspecks (Alrl1€7, red) araarte hippocampal
brain region of AD .p.a.t.i.e.nt....Sc.al.e..b.ar.sl40 10
Fig. 8.3: Individual and merged channels fluorescence imdegirsg the ringshaped deposits

of MAC pores (CO9b | ue) wi t h i(Th-S,tgteen) aAdbASC spexcks €AL177, red) around
in the hippocampal brain re.g.li.on..of..,AD.1plat i e
Fig. 8.4: Individual and merged channels fluorescence images revealing the presence of MAC
pores (C9, b | u e(rh-Swgreter) with ASChspeck#\ (BL1Z7prede around in the
hippocamph br ain region of AD..p.at..ent....Sc.aldz ba
Fig. 8.5: Activation of the NLRP3 inflammasome and ASeck assembly are triggered in
response to sublytic MAC deposition in AD human brains. Figure shows the colocalization of the
MA C -9, blue) and ASC specks (AL177, red) to the membranes of apoptotic cells activated
within the c¢or e-Sagreen)tirtre hippbcanpphl &rgiruregiorg of AD patient 5.
Scal e Dbar.sS .. l.0. . . O 143

Fig. 8.6: Individual and merged channels fluorescenmages showing the eaccumulation of

MAC pores (C5k0 , blue) and ASC specks (AL177, -red
S, green) in the frontal | obe b..a.i.n..r.elgd on
Fig. 8.7: Individual and merged channels fluorescence images showing the significant
accumulations of MAC porgs C 9 bl ue) and ASC specks (AL1"
(Th-S, green) of the hippocampal brai.n..rleyi on
Fig. 8.8: (AC) Quantification of relative C9, & C s p e c kposuive doludswithin the
plague core, halo and whole plaque for cortical versus hippocampal plaques of AD human brains
Data are represented as histogram distribu
The examination of eadmntibody reactivity for hippocampal plaque (AD) versus-demented
control (noRrAD) regions is also given, confirming a statistically significant increase of C9, ASC
and Ab i mmunoreactivity in plaqgque r.eg.lildns a
Fig. 8.9: (AB) Quantification of cortical and hippocampal plaques revealing a high degree of the
A BC9 colocalization in the plaque core, halo and whole plaque that indicate the significance of
theporef or mi ng C9 accumul ati on wi t hDataaré répesseotedr e
as mean N SEM. The histogram di-Af rd dm#lvexn s(
I'T are also included (A, top panel). For the hippocampal region, a compariStmof 0 |

between plaques and normal control regions cormorg norrAD patients is given............. 147
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Fig. 8.10: Quantification of cortical and hippocampal plaques revealing a colocalization of ASC
secks with Ab (A) and C9 (B) i n the plagque
plaque core. (C) Quantification indicating the significance of the neuroprotective MAC effect on
Ab plagque shrinkage compar ed laquegrowte exdusivelyot
in the cortical pl aque cor e..... Da.t.a...a.r.e..148 pr e
Fig. 8.11: Quantification of the CASC-A Bstained cortical plaques revealing an inverse
correlation of C9 with Ab HaemmC3asapotntidl drier e f
of Ab phagocytosis able to | ower Ab con-cent
positiveplag es ( A, C, E) and corresponding depender
their colocalization at the sites of the pl
coefficientsRar e al so i ndicated on mo.p...Sc.al.elddbar s
Fig. 8.12: Quantification of plaque diameter in two brain regions showing a striking difference in
the size of cortical plaggsecompared to hippocampal ones. A resultinglue is given....... 150

Fig. 8.13: (AD) Quantification of C9 correlation with the size of plaque core (A,B) and whole
plaque diameter (C,D) in the frontal lobe and the hippocampal brain regions revealing a reduce
poreforming C9 coverage of cortical plaques with larger core diametéf) @uariification of

ASC speck correlation with the size of plaque showing a decreased ASC speck coverage of larg

pl aques in the hippocampus Rd&iealsodgitena.r.s.alBlds c
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Abstract

Accumulation of amyloieb (Ab) pepti de i n pl aques, a
neuroinfl ammation are considered by many o
diseasd€AD) progresion. Despite this significance, the link among these three tasjsestill
under study. To that end, there is a great need for the research which investigates in detail tt
relationship among aggregated proteins, lipids and neuroinflammatory compdn&btiiuman

brains.

My thesisutilizescutting edgdabelfreeoptical technigueRaman micrespectroscopygombined

with an efficient quantitative biomedical image unmixing analysis, to investigadetail the
spatiecchemical composition and correlationo f A b  ithalgpth eneuroinflammatory
biomarkers and lipidg postmortem AD human brains. Two typeSmpstmortemhuman brain
sampledrom AD patientstogether with nordementecelderly controls were investigated using
point- and linescan Ramamicro-spectroscopynodal i t i e s : 5 -fixedwaraffimi ¢ k

embeddedand280e m t hi ck frozen brain sections.

For the formalirfixed samples studied by poiatan Ramamicro-spectroscopythe analysis
reveas significantstructural and functionalhanges in lipidangpr ot ein (i ncl udi
crossb s heet st filamentschemicahcondpositianas well as increased concentrations
of oxidative stress and inflammatory biomarkdrersglycel ocal i zing i n Ab p
tissuescompared to contrals | n particul ar, Ab ptheangro-scale ar
accumulations of chemical components attributed to cholesteryl esters with saturatelaiong

fatty acids FA9), A b fibrils, f icdllagenhké aamgladbgerdci c
componen{CLAC), -cérotene, magnetite, and calcium phosphate, whtolgether reflect the
persistent presence of neuroinflammation in AD brains. The oxidation status of lipids is supportec
by the presence tfansdouble bonds in the Raman sprem of the identified component, forming
during lipid peroxidation. Furthermorthe presence of arachidic acid indicates the conversion of
arachidonic acids to eicosanoids occurring in the process of oxidative damage. Importantly, | alsc
demonstrated #t the statistical parameters of identifying biomolecules differentiate AD brains
from nondemented ones, implying their potential to be used in the diagnosis of¥Defore

my PhD thesis presents a new tool for the biomolecular characteriaatiotorelative imaging

of the AD brain tissues, providingabetten d er st andi ng of the rel al
and their lipid and inflammatory microenvironment. These findings could open the prospect for

new antiinflammatory and antioxidant drug segies.
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For thefrozentissues without fixative artefacts3D line-scanRamanmicro-spectroscopgllowed

to distinguish intracellular and extracellulslumeicaccumul ati ons of pat
assembled intohe crossb structured fibrils as teéevedfrom the labelfree AD brain samples
The analysis revealtwo types of lipid aggregatespatially colocalizingwith t h e plagbesIn
particular,the Ab  p | carg anel neuronal cell bodiese found tocontain the significant
accumulations gbolyunsaturated lipids, spectrally assigneammxidizedform of atransisomer

of arachidonic acidthat areco-aggregatedavith theA b  p rimdne dhemical component. The
high contentof theoxidised polyunsaturatddanslipids withintheA b d e [ mdicatéddyan
enhanced Raman baid trans lipids at 1668 cm?, appearingduring lipid peroxidationof the
cellular membranes by free radigalsombined withan absentRaman band of cis lipids
nearl656cm?. The oxidation modification ofhe Ab-asso@ted polyunsaturated acid is also
suggestedy the missing band around 30604, whichis a diagnostic band of unsaturafeas.

The significant accumulations ttie oxidativelymodified arachidonic acid witthe pathogenic
AD fibrils might indicate unresolved neuroinflammation and oxidative damage implicated in
human AD brains in response to chroAit accumulationThe halo surrounding thebA c or e
revealed to consist of lipoproteins walkhigh cholesteryl estezontent found colocalizing witthe
adivated microglial processes and spatially correlated with thergtammatory components of
theimmune system including a peferming gasdermin D proteimeflectingthe cell pyroptosis.
The analysis alsdliscovered the ellipsoigdhaped cloud accumulatearon d t hpesitiva b
neuronsand consising of an actin protein, possibly representing the lytic material of the dead
neuronal cells underwent tlvell pyroptosis.Altogether, Raman micrepectroscopy has proven
to distinguish the spatially resolvedchemicaly specific lipid and proteinaccumulations,
characteristic of oxidative damage and neuroinflammation, colocalibiny baffected brain
regions in labetfree human AD brais, thereby providing a useful imaging tool fohe

identification of the mlecularsigns of AD tissue pathology.

My thesisutilizes highresolutionconfocalfluorescence microscopy to characterise inflammation
coupl ed t o i&bumangAD brairgsthat daroumdeire the causes oAD and deliver
new treatmentstrateges Formalinfixed-paraffirembeddedpostmortem brain tissueswere
recruitedfrom humanindividualsaffected by AD. Brainissues were assessadhe hippocampus
and frontal lobeby co-immuncstaining for spatial correlaon and distributionof specific
neuroinflammatry protein components with microglia an®A p | .argeseeaee theucleotide
binding oligomerization domain (NOBike receptor protein 3 (NLRP3)erived apoptosis
associated spedke proteincontaining a caspase recruitment dom@BC), andcomplement
cytolytic pathway activation protein comgnent 9 of a membrane attack compléMAC).
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Quantitative analysiseveastheaccumulatios of numerous ASC specks, indicativeloeéNLRP3
inflammasomaectivation, and the MAC pores batblocalizingtot h e A and lkeatp thereby
indicatingthe MAC asa possible driver athe pro-inflammatory immune response in AD brains

My data support the hypothesisth&adC at t h e s«dcumelatiorioducesté activation

of the inflammasomes, immunologigadttern recognition recep®(PRRS) that resultsn the
secretion ofthe ASC specks and mattion of the pro-inflammatory cytokines into the
extracellular spactaroughthe MAC-induced permeable membraneshtedA baffected cells, both
contributing t o Anfiportardlytheauactificgt ns porfe aAdb npgl.a q u e
the MAC pores incorporated i nt othéembe pAba qcuoer
through phagocytosis, observed to be a more profound effect for mewiged deposits o
smaller diametefThe quantification of mioglial processes itheAb pl aque rthegi o1
significance of theliseaseassociatednicroglia phenotypeactivatian, characterising byresence

of numerousASC specksvithin their somaThis microglia phenotype might represargustained
pro-inflammatorypopulation of microgli@volvedduetc ont i nuous Ab aggreg

brains.
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Chapterl.l nt roducti o

Al z h e idizemse(@B) is an ageelated neurodegenerative disorder, charaeéry the
extracellular accumulation @myloid-b (Ab) peptide inthe senile plaques and the intracellular
deposits of the microtubulgssociated protein tau the neurofibrillary tangles. Accordingo the
World Alzheimer Report 23, over 50 million people worldwide lie with AD in
209( Al zhei mer 6 s Di s e.®aients show aegradual brisei and progr2ag3iandf)
memory loss and other cognitive deficitldthough most patents are diagosed at 65 years or
later, scientists believe that AD pathology begins two or even three decades before the diseas
onset with the clinical symptonmonounceg(Jacket al. 2013) therefore implyig that AD is a
progressive diseasd the middle ag@opulation Alongside obesity and diabetdd) is a modern
disorderwith a consistently increasing number of patiefst instance, ADs estimatedo affect
about152 million peopleglobally by 20500 Al zhei mer 6 s Di s e aDesitel nt
being considered as a 21st century epidemic, there is still no cuk®fand the etiology of &

disease remains obscure.

The study ofthe spatiec h e mi c al composition and correl
neuroinflammatory biomarkers and ligith postmortem AD human brainis of great importance

to understanding the underlying causes and progression off B&e isan increasingbody of
evidencethat aggregation oA h aberrant lipid metabolismandneuroinflamméon areinvolved

in AD pathology Therefore researclelucidatingthe link among these three aspexeaopen the
prospect for new drug strategigsbepotentialy tested andguccessfully utilised i\l z h e i mer
diseasdreatment Furthermore, the study reportigrrelativechemicalimaging ofAb p |l aqu
and theibioenvironment ilAD human brainsvith high spatial resolution and chemical specificity

in a nondestructive mannas very demandinglue tothe need of development of new reliable

methodsand biomarkerso perform such studies.

Accordingto theliterature a range o$pectroscopiand imagingechniques have been applied to
the study of AD human brasnThese includéut are not limited to Fuoreserce Microscopy
(FM), Mass spectrometry (MS)Liquid ChromatograpmMS (LC-MS), PositrorEmission
Tomography(PET), MagneticResonancémaging (MRI) etc.Alternatively, a promisingnethod
to studythe biochemical compositmoof tissuesis vibrational optical micro-spectroscopyThe
basic principle of these methodsisginated fromexcitation and furthedetecton of the intrinsic
vibrations of chemical bonds in moleculesing laserlight, andthereforethe unique abilityof
these technique® providea nonrinvasivelabelree chemically specific imagingf biomedical

samplesmake them very attractive for many biological applicatiohkerefore, the study
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presenting a direcapplication ofhigh-resolution &belfree vibratonal microspectroscopy to
biochemical characterization of humab brain tissuess very demanding. This biomedical study
canreveal specifiamaging biomarkers of the alteredD met abol i sm associ a
plague pathologywhichis directly relevant forthe disease diagnosith combination withhigh-
resolutionfluorescene microscopy such studiegan link amyloid aggregation and defective
microgliame di at ed Ab <cl ear ance t o, whch might gointdo newn f |

drug strategietor possibleAD treatmentnd prevention

In the course ofhe Literature Review(Chapter 1), | will report the current knowledge on major
contributors to AD pathogenegiSection2.1). Specifically,| will discuss in detailvhy and how
A b plagues (Section2.1.l), aberrant lipid metabolism (Section2.1.2 and
inflammatoryimmunological processg$ection2.1.3 might be involved in AD initiation and
progression In Section2.2, | will cover cutting edgeémaging techniques in the study of brain
tissueln Section2.3, | will discussexistingmultivariatehyperspectralinmixing methods applied

to biomedical imageanalysis
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Chapter2.Li t e r Rd wir ew

21.Maj or contri but disease pathogénkessh e

A number of hypotheses such as amyloid cascade, lipid dysreg@atorlammation have been
proposed for théD pathogenesis, suggesting tdd is a mutifactorial complex disorderA b
plaques, aberrant lipid metabolism and neuroinflammation can be considered as the three maijc
contributors tcAD.

2.1.1.Amyloid-b plaques inAl zhei mer 6s di sease

It is widely accepted that the extracellular accumulatfok bin senile plaques is a principal event

in the pathogenesis &D (Selkoe 2001apnd here are manyines d evidencesupporting a
dominantrole of A bdyshomeostasis ithe initiation of AD (Selkoe and Hardy 2016{enetic
studiesn early-onsetfamilial forms ofAD, which account for-80% of all AD casesuggesthat

the mutatios i n  phebursor proteinAPP), presenilinl (PSEN) and PSEN2 genes which
encode theroteirs that generate B\by proteolytic processindead totheo ver pr oduct i ¢
peptidesandtheir subsequerselfaggregabn into advanced phase transition stages ranging from
monomes to misfolded monomersjimers,oligomess, protofibrils, fibrilsandu | t i mat el y
plaguegBertramet al.2010) In sporadic lat®nset AQ whichrepresents 995% of the total AD
casesijt is thoughtthat the dysregulatios of A bclearancepathwaysmay causepersistentA b
aggregationleading toneuronaldysfunction(Mawuenyegeet al. 2010) Importantly,the initial
model of AD, which helped to support amyloid hypothesis, B@sn syndroméDS), caused by
trisomy of chromosome 21Since the APP gene is encoded on chromosomea?d it is
overexpressed inDS braing DS is considered tobe a unique model for study AD
pathology(lwatsubo et al. 1995) The link betweenthe overproduction of APP and\b
accumulation has been widely studied and the results $tad®S brains developb-associated
pathology manifesting by progressive accumulationthefAb plaques startingn the teenage
years(Lemere et al. 1996) Furthermore, aman AD cellular modelusing cortical neurons
differentiatedfrom inducedpluripotent stengiPS) cellsandembryonic stencells of DS patients
indicatesthat thesegeneratedneuronssecretehigh-level of Ab peptides shown to formAb

aggregatesandcause increasdadu phosphorylatior{Shiet al.2012)

FundamentallyAb peptidesof different lengths argeneratedrom the sequentiadPP cleavages

by b-secretase (BACE) armsecretas€Selkoe 2001b)nitially, b-secretaseuts APP t@roduce

solubleAPP (-APPs) and a membraimund Gterminalfragment (C99) Then,cleavageby o-
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secretaseof C99 generats Ab and the APP intracellular domain (AICDgounterparts The
resulting products of such C99 processing amyloidogenic peptide Abi.a0 and Abi-42.
However, it hd not been clear until 2009 what are the intermediate ste@99 processing. At
that time, itwas elucidatethatC99is firstly cutat the membrarieytoplasm boundargenerating
two long Abi4gand Abiag intermediateswhich aren turnprocessed bthe sequentiateleag of
tripeptides finally resulting in thegeneration ofAbi4> and Abi.40, respectivet (Takamiet al.
2009) ThelongerAbi.42 fragmentgend to beanore hydrophobi@ndmoreprone to aggregation
into toxic Ab oligomers(Haass and Selkoe 20Q%yhich were found to be th@ajor chemical
component of neuritic plaqué3arrettet al. 1993) Recently it hasbeenshownin vitro andin vivo
that mildincreassin temperatursignificant y a f f-seadtasgrobessingunctionresulting

in arelease ofongerAfhn(n O 42) peptides, motetoxiciSzampagtht |
al. 2017) It was also suggested thhe disturbancef the o-secretasstability (e.g.: by increased
temperature or mutations RSEN, mightincrease the riskf sporadic forms of AD,imilarly to
thefamilial AD, where the mutations IRSENandAPPinducethe abnormal APP processing and
furtherrelease of long B p e p Additobrelsevidence demonstrates that thhkilbitiono f- 2
secretasactivity leads to te undetectabléevels ofpathogeni b productionby iPS-cell cortical
neurongerived from DS patientshereby indicatinghe possible use of steitell therapy in AD
treatmen{(Shiet al.2012)

Prevaiilp evi dence sugges mas atehmare pathagénic sdmpared o inest! i
i nsolubl e ADb aggr egmersean easily flow siteynapsesind disruptbhe o | i
connections between neurdi@ankaret al.2008) Ab o | ringluced ¢oxicity is mediateloly
interactions with neurorecetors andlipid membraes(Kayedet al. 2003) It has been shown

that injectionwiths ol ub |l e AD wild-tyme mowserleads tonpaimentof synaptic
plastidty via overstimulation ofextrasynapticN-methytD-aspartatereceptor(NMDA) death
signalling(Li et al. 2011) Similarly, pathogeni@ bdimersisolated fromhumanAD brain are
demonstrated tanduce AD pathologyin rodent hippocampusby decreasg dendritic spine
density inhibiting long-term potentiationand enharnog long-term synaptic depressi¢g8hankar

et al.2008)

Amyloid hypothesis is also supported by clinical evidetggecifically, thestudiesin humans
demonstratéhatabnornal levels ofcerebrospinal fluid (CSFb1.42 markerand amyloidpositive
PET scanprecedetherAD symptomdy many yearand even decadéSelkoe and Hardy 2016)
Importartly, ongoing immunotherapeutitrials using monoclonal A b antibodies such as
solanezumabg¢renezumab, and aducanumiadve already showed positive affect @howing

cognitivedecline inmild AD patients§)Cummingset al. 2018) Altogether,prevailing evidence
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widely accepts thanimbalance betweeproduction and clearance tixicAb pept i des
very earlyin disease and can be consideasdninitiating factorfor AD. ThereforetargetingA b
dyshomeostasigpresentsa therapeuticstrategywith alreadypromising results(Kumar et al.
2015)

2.1.2.Lipid -amyloid interplay in Al zhei mer 6s di sease

There isagrowing body ofesearch evidendbat tre dysregulation of lipid pathways is implicated

in several neurodegenerative disorders, includitiy. In his early studies in 1910, Alois

Al zhei mer noted the higher occurrence of i
suggesting aberrafipid metabolismis involved in the course of A[Di Paolo and Kim 2011)

Only recently this link between lipid metabolism and AD has been strengthened with the discovery
indicating thathe apolip@roteinE (APOE) gene has the strongest known genetic risk factor for
the development ofateonset AD(Corderet al. 1993) APOE encodes a ~34kDa protein that
regulates cholesterol metabolism in the brain and trigiyeenetabolism throughout the body. It

binds Ab and modul ates its aggregation and
of AD.
It has been shownthath e aggr egati on of Ab i s medi at ed

of lipids, induding cholesterofSparkset al. 1994; Refoloet al. 2000; Paolo and Kim 2011)
gangliosidgYanagisawat al. 1995; L. P. Cbho-Smithet al.1997; Matsuzaki and Horikiri 1999)
phospholipiddMcLaurin and Chakrabartty 1997; Le¢ al. 2002)and fatty acids (FAq)Prasad
et al. 1998) leading toa cascade of pathological eventgluding neuroinflammation and
oxidative stressOne of he possible mechanisneucidatingthe toxicity of A Blipid interaction
can bethe formationof amyloid peptide iorchannet in the neuronal membrandsading tothe
disruption ofintracellularcalcium homeostas{&ayedet al. 2009) It has been shown th#te
interaction ofA bpeptideswith lipid bilayermembranesesults in théormation ofamyloidcation
specificion channelsor poresthrough which C& canpass into the cytosoBpecifically, A B
induced channel formation is demonstrated toincrease the intracellular calcium
concentratiorfKawaharaet al.2000) It has been also suggesthatAb incorporated ito the lipid
membranes can modifyheir structure andsubsequently undergo aggregation timese
membranegKawahareet al.2000) Interestingly, he membrane fluidity quantified ltlge ratio of
cholesterol to phospholipidsnfluences the abilty of antibiotic peptides to formion
channelgWarnocket al. 1993) Other studiefiypothesised that the specific oligomer of plite
morphology named annular protofibril can inddlceion dysregulation of membranésayedet

al. 2009 and theformationof toxicA bc h a n n e | s olidamerintargalizétibn into the lipid
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membranesequiresthe nt er act i o nspasieglangetal 2018) Mora mportantly,
the relationshipbetweenA binduced C#&' influx and neurotoxicity has been suggested by the
finding showing thathe voltagesensitiveCa* channel blockemimodiping attenuate the A b
mediated cell deatfWeiss et al. 1994) Collectively, after A bchannels are formeth the
membraneof neuron cells the disruption of ion homeostasigncluding calciun triggersa
cascade ofpathological processessuch asoxidative stress(Yatin et al. 1998) and tau
phosphorylatior{Takashimaet al. 1993) which are able to boosteurodegeneration.

It has beesuggested thdhe excessive production fsee radicalsesuts fromthe damage of cell
membranesby A b(Butterfield et al. 1994) These free radicals ducas reactive oxygen
speciegROS) as well as redox metal ioten be considered as a reservoir of neurotoxiciD

brains which catalyse @ontinuousoxidation oflipid membranegMarkesbery 1997)A self-
amplified reaction of lipid p@xidation releasevery reactiveproducts, whicHavour to inteact

with other biomolecules andgenerate new neurotoxic species responsible for
neurodegeneratiofiesterbaueet al. 1991; Butterfieldet al. 2011) As an evidence, it has been
shown that sydroxy-2-transnonen& (HNE), the product of lipid peroxidation, canwvalently
modi fy the histidine side chains of (Lihbtal. | e a
2008) In addition, neprilysifNEP), a major protease h a t c | ie @wvp, ehas aldobbeen
reported to be HNE modified iIAD brains (Wanget al. 2003) On the other hand, there is a line

of evidence that lipids themselves have detergent properties, promoting the disintegration o
amyloid fibrils into toxicprotofibrils and oligomergWidenbrantet al.2006; Martinset al.2008)

These fee oligomers can bind to synaptic contgdBtsshpandet al. 2006) where they disrupt

lipid membrane homeostagiilanesi et al. 2012) Altogether, these findings suggest that the
amyloid-ipid interactioninduce the overproduoin of neurdoxic specieshrough thegpathogenic
formation of amyloid ion pores theneuronamembraes(linked to sever€a* dyshomeostasjis

as well as stimulate the continuogeneration ofree Ab o | is, ¢pathro@ntributing toAD

neurodegeneration

An increasing body of evidence indicates that clustered gangliaside®sice in neuronalraft
microdomaingromoteA boligomerassemblynto toxic membraneassociatedibrils (Matsuzaki

et al.2010)and the following mechanism has been suggestédd. bi nd s t-contgnag g | i
liposomeqChooSmith and Surewicz 1997) wher e it wunder goe-gelixst r u
t o-shéet conformatiofMcLaurin et al. 1998)possibly through interaction with ligomal lipid
bilayers which ultimately lead to thgeneratiorof Ab fibrils (L.-P. ChoeSmithet al.1997) It is
important to note thak bbinding to gangliosideis suggested toccurin presynaptiganglioside
clusteredraft membrane (Kakio et al. 2002) particularly rch in cholestero(Kakio et al.2001)
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Furthermore, it has been indicated that the interactioA biligomers and gangliosides in
neuronal lipid raHlike membranes results in the  formation of the
monosialotatathexosylganglioside (GM1)-gangliosidebound A b( G A b gomplex, which
acceleratéd bassemblyinduced bytheconformation changesito membran®&-sheetrich fibrils,
acting as a seed for furthek b aggregatior{Matsuzaki et al. 2010) Specifically, the
immunostaining again& A ftomplexeseveals the psence ofGAb-containing lysosomes the
AD brainsaccompanied bynolecular characterization @Ab showingthat bothGAb and Ab at
the endsof growing fibrils exhibit a specific conformationwhich is required for Ab

polymerizdion (Hayashi 2004)

2.1.3.Inflammation in Alzheimeré disea®

An increasing body of evidence suggesiat inflammation is the central event irethnitiation

and progression of AlRecently, association of inflammation and AD has been strongly supported
by genomewide associaibn studies(GWAS), which identifiedCR1andTREM2genes encoding
acomplement component (3b/4b) receptor 1 atiygeringreceptorexpressean microgliato

be the risk genedor the development ofporadiclate-onsetforms of AD (Harold et al. 2009;
Lambet et al. 2009; Guerreircet al. 2013; Karch and Goate 20153jor instance, it has been
suggestdthatthedysegulation othe TREM2 proteinexpression affected through the variants
the TREM2genecancausdunctional defecten microglial responsto Ab aggregatioras well as
promotea pro-inflammatory cascaden AD brains (Guerreiroet al. 2013) Furthermore the
associationstudies of the relationship betwee@R1 singlenucleotide polymorphisms (SNPs)
genotypesindincreasedh\ bCSF levelsndicated a positive correlation of these two, and therefore
providing an additional evidence of the complement component (3b/4b) recept@R1) (

implicationin A bmetabolismBrouwerset al.2012)

The inflammatio hypothesis of AD is also supported the epidemiological and preclinical
evidencewhichindicae that antinflammatory drug therapy might lbeneficialfor the treatment

of AD (Aisen 2002) Such studies suggashibiting inflammatory responsasingnon-steroidal
antrinflammatory drugs (NSAIDsh order toreduce ADpathology(Lim et al. 2000; Sunget al.
2004; McKeeet al. 2008) In turn, the antiinflammatoryeffect of NSAIDscan be explained
through theirassociatiorwith inhibition of cyclooxygenas€COX) expression. NoteCOX is the
enzyme that converts arachidoracid into prostglandins and thromboxanknown as the
proinflammatorymediators This enzyme has two isoform80OX-1 andCOX-2 (Aisen 2002)
Given thatCOX might be considered as a promising therapeutic target for AD. Indeed,
preclinical stug intripl e t r a ns g e-AD) mougeDodél Gemdnstrassthatthe COK-1
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selective inhibitor S€&60 protects the aged AD mice fromflammation, neuropathologgnd
development oftognitive decline (Choi et al. 2013) However several clinical studies AD
patients with mild to severdD stage have shown no beneficial effect MSAIDS, which
specifically inhibit COX2, onthe protection from AD pathologiAisenet al.2000; Sainatet al.
2000)

During thecourse of diseasde p o s i t iirotime braifiof AD patientsconstantlyactivatethe
brainresident immune cells such ascroglia and astrocyte¢Rubio-Perez and MorillaRkuiz
2012) Upon activation, microglia and astrocyt@initiate a preinflammatory cascagresuling
in the release of potentially cytotoxic molecules, such as cytokimesleukinlb (IL-1 | IL-6
and tumor necrosis facted TNF-U), complementfactors (C1g, C3, C4, and C9), nitric
oxide(NO), reactive oxygen species (ROSktc., which may ultimately case
neurodegeneratiofMerazRios et al. 2013) Although the glial immunecells are abundantly
found nearA bplaques of AD brainghe conclusiverole of microglia and astrocytes in tiheb
plaguedevelopmentaind neurodegnerationis still unknown (Condelloet al. 2015; Churet al.
2018; Merloet al.2018) Furthermorethe activation of glial cells in responseAdaggregation
leads toa series ofmmunological gents, involving the activation of variousceptor signalling

pathway and complement cascadéhichan ultimaterole in AD has not yet beeelucidated.

In the followingsection | will highlight the current knowledgand evidence from the literature
on microglia as a cellular mediatoras well asthe NLRP3 inflammasome and complement

componenproteinsasthe moleculammediators of neuroinflammation in AD.
Microglia activation in AD

Microglia, resident phagocytes the central nervous system (CN®pngantly survey the brain

via their branching projections tadefend, maintain and repaiotentialtissue damageMicroglia

also play a crucial role ithe brain developmenfs the primary innate immune celtsf the bain,
microglia can phagocytose dying ds, cellular debris toxic protein aggregatescluding

A b(Simardet al.2006)as well aslamagedndunnecessargeuronsandsynapseg&nown asthe
synaptic pruningNeumannet al. 2009; Schfer et al. 2012) By secreting various functional
molecules (e.g.: cytokines and chemokines) and free radicals, microglia communicate with
neighbouringmmunecells and stimulatéheir activation.It is strangly suggested thatbnormal

A baggregationn the brain causemicrogliato move tothe pathologicahrea(MeyerLuehmann

et al 2008)and secrete prmflammatory immune molecules including cytokines and chemokines
after activation(Halle et al. 2008) that can further recruit neighbairr immune cellsas well as

phagocyte$rom blood(Simardet al.2006)
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Fig. 2.1: Acute (A) versus chronic (B) activation of microglia in the course of neuroinflammatory diseases inc
AD. Treatment allowing to stimulate the conversionagiro-inflammatory M1 microglia phenotype into tan
inflammatory state and inhibit neuroinflamation using a selection of therapeutic agents, such as glatil
acetate(GA), bexarotene, angberoxisome proliferator-activated receptoro (P P A Ragonists (C). EAE =
experimental autoimmune encephalomyelM$ = multiple sclerosis. Reproduced fr¢@herryet al.2014)under
the terms of the&Creative Commons Attribidn License 4.0 (CC BY 4.0Gh line with the BioMed Central Ltc
license agreement.

On the other handheére is a growing body of evidence that the subpopulation of microglia

associated with theeurodegenerativdisease progressidmsan unique phenotyp which is
significantly different from the primary one, whiclis initially activated in response té b
aggregationn early AD stagdSarlus and Heneka 201 Hurthermoreit has beemypothesised
that the middle/latestagedisease subtype of microglia can promote AD plathg therefoe
indicating the possiblmicrogliaimpairment in response to chrodicbaggregationleading tahe
failure of microglia to clearA b(Wanget al. 2015; Sarlus and Heneka 2017)his suggested
hypothesis can be explaid as follows. Fundamentallthere aregwo polar states of microglia
corresponding tdhe M1 and M2 phenotype3he M1 phenotypés believed toprovide pro-
inflammatory impaired phagocytosis associatedwith brain tissue damageand chronic
inflammation During this state microglia secretepro-inflammatorycytokines(lL-1b, IL-6, IL-
12, IL-17, 1L-18, 1L-23), TNF-U interferono (IFN- 2), ROS ancchemokinegSubramaniam and
Federoff 2017) In contrast, the M2 phenotype is thougtd ensure mti-inflammatory
neuroprotectivephagocytosispromoting brain tissue healin¢Cherry et al. 2014) The M2
microglia produce It4, IL-13 and 1-:10 cytokines,transforming growthfactorb (TGF
b JSubramaniam and Federoff 201According to (Cherry et al. 2014) in the course of
prolongedchronic inflammationabundant levels ahflammatory cytokines skewhe microglial
polarization towards the Mdtate This skewed population ®&fl1 microgliain turn generateew
inflammatory cytokinesthereby promotinga conserved loomf continuousinflammation and

propagation othe M1 stateTo switch to the phagocytosmwomoting M2 phenotype of microglia,
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bexarotene (retinoid X receptor agonis#}s been used in the therapyarhilial AD (FAD) mice,
resulting in the significant reduction Afb  p l-aHfegtedeérain areas aimipressive recovery of
cognitive function (see aldéig. 2.1) (Crameret al.2013)

It is important to note thahe M1 phenotype of mioglia prewil with age, i.e.aged brainsre
more prone to activate the pimflammatory M1 microgliathereby havingheincreasedisk of
pathology and neurodegeneratidinis hypothesis is supported by studieold nondemented
mice havingdownregudtionofrec e pt or s associ at éschvengertreceptd) e n
andt he AD degr a(deattai endopemidagdepnmsulindegradingenzyme(IDE),
andmatrix metallopeptidase@ (MMP-9) (Hickmanet al.2008) Furthermorein vitro studiesshow
that lipopolysaccharide (LPS)yinduced M1 microglia lose the ability to phagocyg
A b(Koenigsknechiralboo 2005)Furthermoretreatment withpro-inflammatorycytokines, such
as IFNo a n d stimidfingM1 microglia phenotyperesults in thedecreased buptake by
M1 microgliaandinefficient degradatiorof internalisedA b(Yamamotoet al. 2008) therefore
implying the limited ability ofM1 microgliato clearA b In contrast,the M2 population of
microglia which has been stimulated loytokines IL-4 and IL-10 show efficient phagocytic
function and robust degradtion of A b (KoenigsknechiTalboo 2005; Balceet al. 2011)
Furthermorejn vivo studies inan AD mousemodelindicate that thé-monthold mice already
exhibiting A b aggregation has clear presence ofchitinaselike proteinl (YM1)-positive
microglia (marker of M2 phenotyp@) the CNS Whereashy the advanced stage of diseads (
monthg there was a decrease YM1 mRNA levelstogether witha significantupregulaion in

pro-inflammatory factorsindicatinga switchfrom M2 toM1 phenotypgJimenezt al.2008)

NLRP 3 inflammasomeactivation in AD

As presentedh the previous sectiom, conserved pattern obntinuousA baggregatiorcaussthe
chronic activation of thannate immune systerand impairment in phagocytic function of
microglia(Henekaet al. 2015) Additional supporting evidencendicatesthat the increased
expression of IEL b i smpicaoglial function to cleaA b leading tothe further accumulation
of A bin the AD brain (Henekaet al. 2010) Similarly, cells of individuals with severe ARre
observed to cdain increasedamounts of proinflammatory cytokinesand activated
inflammasomegCondello et al. 2015) One moredata reportthe elevatedpro-inflammatory
cytokine IL-1b levels in response t8 baggregatior{Lucin and WyssCoray 2009) The link
between I:1b and the inflammasome activatidom response to toxié\ bcan be eglained as
follows. IL-1b i s gener ated from a elh¥ miaegaitedcagpasen a ¢
1-dependent processingr activation Caspasel activation in turn isregulatedby cytosolic
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multiprotein complexescalled inflammasomes which can sensenot only the microbial
pathoger(Lamkanfi and Dixit 2012put also misfoléd proteinsincluding A b(Halle et al.2008)
and pathological crysta(katz 2010) Specificaly, NLRP3 inflammasomecan detect the
pathological amyloid as a danger sig(tdalle et al. 2008) This observation is consistent with
theexperimental studiesdicating that aged APP/PS1 transgenic mice with NLRP3 or cadpase
knockout genes hea reduced microgliamediated 116 production and A b pathology
accompanied byimproved cognitive functioHenekaet al. 2013. Additional evidence othe
NLRP3 implication in AD pathologyis supported byin vitro studies showing that soluble

ol i g o mecausecthankreasedprocessing omaturelL-1 Bfrom pro-IL-1 fthroughROS
inducedactivation of NLRP3n microglia(Parajuliet al.2013)

Recently, the discovein anAD mousemodel has elucidated the link betweibpathology and
ASC speckqVenegastal. 2017) In this study(Venegasetal. 2017) extracellular ASC species
were indcated to spreadd btoxicity by seedingA boligomer assemblyand the following
mechanism has been suggesf8C specks secreted by microglia rapidly bindtb wherethey
seed A nucleationThis hypothesis has begetvestigatedn the same studfvenegast al.2017)
by a series of experiments showing ti@ta-hippocampal injections of ASC specks lead to
propagation oA bpathologyin theFAD mice, whereasheFAD micedeficient in ASC expression
is shown to beprotected from this pathologylso, it has been proven thant-tASC antibody
treatmentstos theincreag of A bpathology.Fundamentallypnce activated, NLRPiBiduce the
polymerization of the adaptor apopteassociated spedike protein containing acaspase
(CARD)-recruitment domain (ASC) into large helical filaments via-sgkractions of the pyrin
domains(PYDs) of ASC. Then, ASC fibrilstrigger the actiation of caspasd via CARD
interactionsfollowed by proteolytic seltleavage and further assbly of ASC fibrils into a
micrometresizedperinucleaicomplex calledASC speckVenegaset al.2017) By accumulation
in the extracelldr space, ASC specktowprion-like (prionoid) functions to recruitnew ASC
and caspaseg in cells ingested ASC speckbereby propagating inflammatigRranklin et al.
2014)

Complement component activation in AD

The complemensystemis an importantinnate and adaptiveimmune responseffector. This

systemmadeof anumberof proteinsandproteasethatareactivatedn cascadean beconsidered

to play a crucialrole in AD (MerazRios et al. 2013) Generally,the activation ofcomplement

system(seeFig. 2.2 for details)involvesthe recruitment ofhe C1q molecule(classichpathway)

mannosebinding lectin (mannosebinding (MB) lectin pathway) or C3 multifunctional

protein(alternative pathway)which are responsible fatefenceto infectiongvarious danger
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signals cleaance of apoptotic cells, and eliminaion of supernumeary synapsegsynaptic

pruning)(Mawuenyegaet al.2010)

Alternatlvev /
pathway

- _ £
Classical
pathway

Mannose-
binding
lectin

/ C5 convertase
@ C5a

CSb

\ v Membrane-
\ \ attack complex
1

Fig. 2.2: An overview of the three complement activation pathwdjasnnosebinding lectn = MBL, mannose
associated serine protease2l= MASP-1, 2. Reproduced with permission frofwalport 2001) Copyright
Massachusetts Medical Society.

Thesethreecomplemenpathways converge at tfiermationof a C3 convertasewhich cleaes a

C3 protein intotwo fragments C3a and C3Mbhe activaéd C3b moleculescan be sensed by
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phagocyteghrough their surfac€R1. Upon activation the opsoninC3b labelsthe surfaceof
pathogenwhichis recognised bgomplement receptors phagocytesesulting in their activation

to the place of pathogenmportantly, # pathways ofcomplement activationnvolve the
enzymaticcleavage of the Cproteininto the anaphyléoxin C5aandopsonin C5Hollowed by
activation ofthe membrane attack compleMAC). MAC consists othe complement proteins
C5hb, C6, C7, C8 binding to the outer surface oftdmget cellmembrane, and numerous units of
complement component (€9) protein, which interact with each other to form a ring in the
membraneThis ring structue creates a pore in tharget cellmembranewhich leads taher
disruptechomeostasiandultimately tothe celllysis (Bhakdi and Tranurdensen 1991)As a non
lethal cell effectthe MAC depositscan stimulate the prenflammatory cellular cascade by
promoing the IL-1 bproduction through NLRP3 activation pathway(Laudisi et al. 2013;
Triantafilou et al. 2013) The mechanis of this nonlethal MAC toxicity has beesuggested by
the finding showing thadnce the MAC pore is formed in the cell, there is an increased influx of
Ca&*ions into the cytosdbllowed byCa* accumulations in the mitochondrial mat(Morganet

al. 1986; Triantafilouet al. 2013) Theseintracellular C4" deposits arén turn shownto induce
the NLRP3 assemblieading tacaspase 1 activation alid1 BecretionTriantafilouet al.2013)

There is a line of evidence thatlysregulationof the classicatomplemenpathwayis implicated
in thecourse ofAD. The initial studesoncomplement activation iIAD brainsrevealedhatsenile
plaques, tangleand dystrophimeuritesare immunopositive fathe C1qg,C3b,C4d indicative of
the classical complemeaytolytic pathwayactivation, but immun@egative fothe Bb fragment
of Factor B and properdjrwhich are markers of the alternative pathWégGeeret al. 1989;
Rogerset al. 1992) Also, the C5KO representing the MAC, indicative of tHall-blown
complement activatigrhas been shown to stain only thestrophicneuritesof senile plaques as
well as tangle$Rogerset al. 1992) More importantly, it has been speculated thdipeptide can
selfadivate the classical component cascadan antibodyindependent fashiofRogerset al.
1992) and therefore under the AD conditions characterised by the abendbAdspecies can
be considered as a reservoirtloé chronic neurotoxicity for the AD brain tissuéonsistenwith
this hypothesisin vitro studiesshowed that C1qcanrecognizdfibrillar andaggregatedorms of
A his2andA hiao, butnotthemonanericforms.Since heClgreceptor is expresséa microglia,
there is a hope théte increasgexpression of thimoleculein AD brainsmight modulatetheA b
phagocytosigMerazRios et al. 2013) Specifically, some studies in cell culturemd mouse
modelsindicate the ability ofC1qto block the interactiorof Ab with microgliapossibly bythe
scavenger receptor ligandslyinosinic acidandmaleylatedbovine serum albumi(BSA), and

therefore inhibiting thephagocytosi®f A bby microglia(Websteret al. 2000) Additionally,
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microgliaalsoproduceC3 molecules The studyonan AD APP transgenianice deficient forC3
componentevealedhe beneficial role ofC3in the enhanced bclearancend the ability teshift
the preinflammatory M1 microglial responge M2 phenotypgMaier et al.2008)

2.2.State-of-the-art imaging techniques in the study of

Alzhei mer 6s di sease brains

According to ahypothetical temporal modehdicating5 AD biomarkergJack et al. 2013)
amyloid PET imaging of living humanbrainsis the earliest clinical markefior AD diagnoss,
classifying the deposition ofA bin amyloid plaquesas a first detectablevent in AD

pathogenesiéseeFig. 2.3 for detailg.
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Fig. 2.3: A hypothetical temporal model reporting 5 AD biomark&egproduced from(Selkoe and Hardy 201€
under the terms of theC BY 4.0 license

Thisin vivo imaging techniqueneasures thaptake of amyloidPET tracersn brains whichare
associated witHibrillar A baccumulationgFleisheret al. 2011; Sojkovaet al. 2011) The
mechanism othe PET tracer (oradioactive isotopeusage tgrobefibrillar A bburden in living
brains can be explained as followsactically, tvo most commomadionuclideswith short half
life time which is widelyused in PETare fluorine-18 ['®F] (~110 min)and carbonll [}C]
(~20min). 18F is anunstable radioactive isotofghatdecays to a stable oxygd® [*°0] isotope
resulting in production of numeropssitrons:
O S VI O (2.1)

Similarly, *C decays to a stabl@ron11['!B] isotope:
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60 60 Q (2.2
Theseradioactive isotopes are used asieuroimaging PET tracer designed to biitafillar
amyloid in human brains, known as amyloid probearnyloid PET imaging, #aamyloid probe
is injected into the human botlyllowed bybrain incorporation, where the radioactive agentls
brain amyloid andindergoes transition to a stable fomesulting inpositron emission Then,
the collision of the emitted positrons with electrona ger at e s t hagiationthatare s o
detected by PET scafhis principle is used for 3PET imagereconstruction, which retrieves
amyloid concentrationprofiles in the brain. Although amyloid PET scaims a nortinvasive
techniquethat quantifes fibrillar amyloid burden in AD braingt is a relatively expensive to
perform: eaclPET scarcosts$10061200 US dollars.
In themodel of 5dynamicAD biomarkergJacket al.2013)A b b i o maasuked by amyid
PET imagingare indicated as upstream which permit thedetecion of the first pathological
processes in AD human brai(see alsd-ig. 2.3 for details) Neurodegenerative biomarkers
turn are denoted as downstream which can identify the sigs of abnormal euronal
hypometabolismt r i gger ed by pr ograaasiigvoaghlA®yegrsabefdreo | o
the expectedsymptom onset(Batemanet al. 2012) (see Fig. 2.3 for details). Specifically,
hypometabolism on[*®F] fluorodeoxyglucose PET (FDB8ET) are used asa measureof
neurodegeneratiofdaguset al.2010) FDG PET neuroimagin@ostulateghat highradioactivity
is associated with brain activity. This is achieved by measuringptiaéeof radioactively labelled
glucoseor oxygen by brain cellswith FDG. Since neurodegenerative processes teagduced
metabolism of glucose amkygenin AD brains, FDGPET can be used to differentiate Afbm
other types of dementia

Of otherimaging tools availablé¢o detect pathological chgas in AD brainsfluorescene
microscopy identified the elevated ammulations ofc hol est er ol i n cCor
plaguegMori et al.2001) However, thisgechniquenvolveslabellingthe biomolecules of interest,
and therefore is limitetb studythechemical specie$or which antibody is availabl€urthermore,
fluorescee microscopy does not allow to invagite the total chemical composition of the
sample. Importantlytagging can disturb the chemical structure @fagile lipids-amyloid coe
arrangements. Among spectroscopy technigiass Spectrometry (MS)provides chemical
information on abroad range of biomolecular constituents but requires sample ionization,
involving chemical extraction of lipids from tissue samplerinstanceLiquid Chromatography

MS (LC-MS) revealecanincreasedevel of diacylglycerol(+80%), glucosylceramide-43%) and
galactosylceramide+83%), as well as decreased phosphatidylethanolamRio] in the
prefrontal cortexof AD human brais compared to controls. Furthermore, the entorhinal cortex of
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AD individuals showed the elevated accumulations oflysobisphophatidic acid £82%),
sphingomyelin £20%), ganglioside GM3 (ceramidé-tetroseN-acetylneuraminic acid+64%),
and cholesterol esters (§H+72%) in the form of CEL6:1, CE16:0, and CEL8:1, associated
with lipid droplets(Chanet al. 2012) In relation to MSbased imaging techniques, alflix-
AssistedLaserDesorptionlonization(MALDI ) and Scondry-lon MassSpectrometry(SIMS)
have been applied &x vivoimagng of lipid, proteins and metals ir&ins(Grasso 2011; Braidy
et al.2014) Note MALDI is limited by low spatial resolution of about D Om, whereasSIMS
allows to achieve sulmicron resolution However both techniquesare sampledestructive
involving the partial degradatioof a sanple,and thereforeannot be applied to livingrains By
detecing the intrinsic vibrations of chemical bonds in moleculgisrational micrespectroscop
techniques such as infrared absorp(ioao et al. 2013; Bensemase<t al. 2014)and Raman
scattering microscopfDiem 2015; Krafftet al. 2016) are non-invasive labelfree chemically
specific imagingapproachesHowever,infrared microscopy has limited spatial resolution due to
the long wavelength of the infrared ligtt contrast Raman micrespectroscopy caachievesub
micron spatial resolutioty applyinglight source of the visible range. Notablya nonlinear
version of Raman micrespectroscopy coherent Raman scattering (CRS) microscepgpws
additionalenhancemerih 3D spatial resolutioduethe multiphoton nonlinearitgs well asfaster
acquisitionspeeccompaed to spontaneou®aman andhas been recently appliedggamination
of postmortem brain tissuegFreudigeret al. 2008; Kiskis et al. 2015; Leeet al. 2015)
Specifically, coherent antStokes Raman scattering (CARS) misqmectroscopyhas been
recently utilized to investigate lipidmyloid co-arrangementsy AD human brais (Kiskis et al.
2015) However, the spectral profiles measured by CARS do not resemble Raman dpedtra
the interference betwedine vibrationally resonant and noesonant pastof thethird-order CARS
susceptibilitiesthus complicting theirinterpretition. Furthermorethe resultson the chemical
composition ofbrain tissuesusing CRS microscopyhas been reported onlg the CHstretch
vibrational egion(2700-3100 cm?), whichcontain more overlaid vibrational bancsmpared to
the fingerprintregion complicating theirassignment and interpretatioim relation toconfocal
Raman micrespectroscopyseveral studiebave recentlyreported the chemical profgdef AD
brains(Michael et al. 2014; Michaelket al. 2017) reveaing the sensitivity ofconfocalRamanto
detectthe pathogenib s lkeheraidal structuref amyloid fibrilsandtau tangle®oth implicated
in AD. Although hese tdies showedthe spatial distribution di-sheet structured proteof Ab
plaquesby integraing Ramanintensity of the amidé peakin the rang€1649 1698 cm?, such
Raman imagingloes not represent an individual chemicalbstance such as fibrillamgyloid.

Altogether, Raman micrepectroscopy is a useful techniqeemplementary to the conventional
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approachefor molecular characterization and chemical imaging of pathogenic protelipias

in AD brain tissues without any labelling and high spa&aolution.

2.3.Multivariate unmixing analysis for micro -spectroscopy

images

Over the past few decades, theogressin multivariate image analysis methodowed to
efficiently quantify the biochemical informatiorfrom spectroscopic imagesSpecifically,
spontaneous Raman miespectroscopy data have beprocessedusing multivariate image
reconstruction methodMiljkovic et al. 2010; Krafftet al. 2017) such as Principal Component
Analysis (PCA), Hierarchical Cluster Aalysis (HCA), and KMeans cluster
Analysis(KMA) (Zhanget al.2005; Filik and Stone 2008; Kra#t al.2016; Czamarat al.2017;
Michael et al. 2017) aiming to separate the data intonvolutedspatially resolvedpectra that
represents molecular vibrations from multiple spediowever, theresulting imagesepresent
variance rather thathe Ramarintensites of individual biochemical compounds in the sample

composition, making these methods less quantitative.

Raman data have also been analysed using Vertex Comparansis (VCA)(Hedegaat et al.
2011) and Multivariate CurveResolution(MCR) (Andrew and Hancewicz 1998; Zhaweg al.
2005; Piquera®t al. 2011; Vajnaet al. 2012) which is also knan as Nornnegdive Matrix
Factorization (NMF)Albuquerque and Poppi 2018omparedo VCA requiing the presencef
pixels with pure biochemicatompounds MCR/NMF does not imply this constraintherefore

providingbroader chemical and biomedical applications.

In relation to CRS micrapectroscopyCanp and Cicerone 2015; Cheng and Xie 2015ARS
and Stimulated Raman scatterifRS) images have been analysed by RIGA et al. 2011)
cluste analysis based on spectral phaspproachlFu and Xie 2014) MCR (Zhang et al.
2013) and NMF(Di Napoliet al.2016)both based on the Alternating Noegativity-constrained
Least Squares algthm (ANLS). In contrast to PCA and HCA, MCR/NMffemorequantitative
techniques allowing to retrievemolecular fingerprints ofphysically meaningful chemical
componentsn the samplecomposition.To note,CARS intensity spectra do naesemblén line-
shapeRamanlike vibrational bands but ratheontain maxima andhinimaof intensitydue tothe
interference between the vibrationatigsonant@and nonresonant part of the thiorder CARS
susceptibilitiegDiem 2015) Therefore CARS data analysi®quires appropriate computational
methodgLiu et al. 2009) to extract the Raman lirghapespectrgorior to application of

multivariate hyperspectral unmixirgpproacheas documented abave
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It is important to note thahe widely usedMCR-ANLS method(Jaumotet al. 2015) utilizes
computationally inefficientealizationof the nonnegative least squares (NLS) algoritivaich
performancecan be ordersof magnitude slower compared tike NMF method basedn fast
combinatorial nomegativity-constrained leagquares (FENNLS) (Van Benthem and Keenan
2004; Kim and Park 2007)This is beause the conventional formulation of NLS
algaithm (Lawson and Hanson 199%§ intendedto work with anontnegative right hand
side(RHS) vectorTherefore, he multipleRHS problenshould be split into several (equalthe
number of RHS vectordpdependensubproblems. In practicehy alternativedividing of the
hyperspectratiata matrixinto either columns representing wavenumbers or romsesponding
to pixels, one can apply the standard NLS algorithm taliided dah matrix resulting in the
quantified chemical information in the hyperspectral imadehile this approach is
straightforward, it tends to be computationallefiicient, becase it can result in redundant
calculations which is particularly important for larggcale data analysig.or example careful
analysisof a typical Raman dataet (6 v T v TT p Tt matrix) using populaMCR-ANLS
software(Jaumotet al. 2015) and involving investigation of its dependencetba number of
componentgeads to processing time of several days as performed on a standafddi&comes
even worse folargescak data analysisf multi-set Raman imagdé p T p T p Tt matrix)
resulting in extremelylong computationaltimes of years. Thus, the development of fast
multivariate image unmixing methgdshichshorten processingnesof large scaledataanalysis

to hourswithout compromsing the accurag is highly demanding

Aims of the PhD thesis:

Consistent witha large body oévidenceoutlined in the literature review, the losganding model

for Ab-relatedAD patha@enesisequiresfurther consideration anthvestigation which explore
specific innate immunity and lipid pathways that might be activated in response to cArbnic
aggregation and play a role in spreading AD patholégythermorethe development afovel
brainimagingbiomarkerswith illnessstate dependenaae highly desablefor the AD diagnosis.

To identify specific inflammabry components othe innate immunesystem and lipid types
involved in A bamyloidosis | will study humarbrain slices from AD patients, together with a
‘control' cohet of elderly humars without AD using Raman micrespectroscopyand high
resolution fluorescewe microscopy Therefore, he general aim oimy PhD thesisis the
biomolecular characterizati@and chemical imagingf theAD tissuesandnon-demented controls
with a focus onmagng of A bplaques and their pathological biochemical microenvironment.

Accordingto this aim, thefollowing research challengesanbe outlined
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. Labelfree Raman micrspectroscopy imagg of fixed paraffirembeddedrain slices from
AD patients together withon-dementectontrolsto show statistically significant changes in
chemical composition dhediseased brain tissues compared to contAdtsig with abundant

A b d e g bypathesssghe chemical composition of AD brains will be characterised by
increasedaccumulations of specific types of lipids as well as biomarkers associated with
neuroinflammatiortol ocal i si ng (Chapter55Ab pl aques

. 3D Raman micrespectroscopy imagg of unfixed frozenbrain slices from AD patients
together withnondementedcontrolsto identify and demonstrate 3D distritan of key
chemical components of diseased bratosnpared to controlas well as strengthen the
findings receivedn the previous chaptéChapter 6).

. Correlative fluorescere imaging of specific immunolabelledpathogenic proteinsASC
specksandA h-42) andlba-1-labelled microglian fixed paraffirembeddedrain slices from
AD patientsto link amyloid aggregatiomand defectivemicrogliame d i a t ciearandstd®
specific inflammatonpathway (Chapter 7).

. Correlativefluorescee imaging of specific immunolabelled inflammatory markers (ASC
specks and MAC) and f.42 in fixed paraffinrembeddeddrain slices from AD patients
better understand the mechanism how activated complement components caargffmdt

clearancéChapter 8).
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Chapter3. Theoretical frameworKk

3.1.Formulation of hyperspectral image unmixing problem

3.1.1.Forward scattering problem
To introduce thehyperspectral image unmixingnalysis | will start with the presentatiorof

forward scattering problem in this sectiahat can be formulated dke following research
guestion. Giventhe specimensonsist ofa mixture ofl pure chemical componenwith known
individual Raman scattering cressction spectfa”™yY’ AQ phif8 i) and known spatial
distributions of concentratiod "l , find a Raman intensity matri’ll  from"Y & andd "l .
Here & represert a Raman shift andl  ¢fud] is a radius vectoindicatingthe image pixel

with coordinates ity in thei © Ramarimage.

Mathematically this Raman intensity matriO’Is# can be epresenteds asuperpositiorof the
spatial distibutions of concentratiomultiplied by corresponding pure spectra thie chemical

constituent®f the specimens:
Olry 0 1'Yu38 (3.1

This equatiorgivesthe solution of the forwardcattering problemwhich can be calculated using
basic approaches of linear algebra

3.1.2.Inverse scattering problem
For a broad range bfomedical applications,is necessarto identify the composition of samples

without prior knowledge of theichemical ontent Mathematically, his represents theverse
scattering problemthatcan be formulateds follows. Given a Raman intensitynatrix ‘Ol
decomposét into . separatechemical omponentshavingindividual Raman spectr&y ¢ and
spatialconcentratiord "I profiles Additionally, if one or several Raman specivas and/or
concentration profile# Olarea priori known, this problemreduces to findinghe restof the

spectraland concentratioprofilesof sample éonstituents

In typical pointscan Raman experiment, hyperspectral imageliectedby raster scanning the
sample through the focal point of theds beam, and therefotlee Raman datasebnsiss of the

discrete coordinatescy « and wavenumbery: & QOQIQ plMB R i , &  ©OIQ

t1n the following,l will omit fiscattering crossectiord for brevity
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plkMB R 1 ,4 udiQ pkB R .HereG i andd 1 are a number of pixel points in
thei Oﬁ?amanimage alongy anduraxes, respectivelyand0 is a number of spectral poirits
this image Also, a se of radius vector8l  "IqiQ pigB 5 , whered B 0 106

is a total number of pixel points afd is a total number of hyperspectralagescan be created.

This notationleadsto the represerdtion ofthe Raman intensityO’'l , spatial concentrations
0 "I and spectrdY & as matricesO Ol ,6 6 71 ,°Y “Yu , ard expres®n

Eq.(3.1) into the matrix form
g Anh (3.2
where the superscrifft means matrix transpose.

From here onl, will use both matrix and explicit forms of the Ramatensity, concentration, and

spectra.

Importantly,the inverse scattering problem aims to fimknown chemical composition from the
Raman imagessing unsupervised hyperspectral image unmixing technignesthereforghe
problem of unknown image inforaion retrievalis limited by the inability todetect thetrue
concentratiosof analytes However, such image analysis allowsiteterminghe concentrations
of analytesup to a constant factor, which can beasuredn Raman experiment for each
individual analyte.In particular ornce the Raman spectrumY & of pure chemicabubstance
(identified as acomponent from thédayperspectraimage unmixinganalysis) withthe known
chemical concentration is measuregbne could retrieve the chemicaincentration of the analyte
by multiplying its concentration profilé "I by a calibratio factorc_ "Y & ‘Quf. Y u Q.
Therefore, m the course of my thesis, | will use the tefi®aman concentratianinstead of

fichemical oncentration, becausealibration factors wereanknown for my Raman datasets

3.2.Singular Value Decomposition withAutomatic Divisive
Correlation (SVD-ADC) for noise filtering

3.2.1.Formulation of SVD-ADC

As documented in the literatur@ standard formulation &ingular Value DecompositiofsVD)
method(Golub and Van Loan 2013pplied tohypespectralRamanimages has beerusedto
separate signal from noise by discarding small singullaesaand their corresponding singular

vectors(scores and loading&om further analysigUzunbajakavaet al. 2003) Mathematically
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SVD algorithmin application tohyperspectraRamanintensity matrix& projecs the data i a

new spatiespectral orthonormal basis consistingsobresd "I andloadings’Y

Oy 0 "l_"Yd h (3.3)

N

whichis sorted by theidescending singular valués

Here, 0 pRMWOATEE andd "1 t6 "I Y’ i°Y’ 1 , where the dots indicate
Euclidean scalar productSor this, | use the notation of Euclidean scalar product for two vectors

“Yu and'Yu (or6 Oandé I) as follows:

“Yu Y4 “Yu Yu (3.4)

6 "l t6 6 6 (3.5)

In a matrix form, Eg. (3.4)-(3.5) can be rewritten as follows:

“Yu Y u “Y Y h (3.6)

o "l to o 6 8 (3.7)

It is suggestedhat chemicallymeaningful components have significantly higher singular values

thannoisy ones(Uzunbajakavat al.2003)

However,sometimes, the meaningful chemical informaimim the componentwith the smallest
concentration implying that selection of the optimum number of components is thi|e m
disadvantage of SVC5uch meaningful components might be colocalized in a small area of the
image and therefonmight correspond to small singular valubsit potentially will bdiltered out
during SVD leading to compromised resultss thereforemportant thatsingular vectors (scores
and loadings) with small singular values contagnmeaningful chemical informatiowill be
retainedafter SVD As shownin (Lobanova and Lobanov 201%uch meaningful components
appearto exhibit high values of autocorrelation fumn for small pixel shiftandicating that
autocorrelation functioprovidesmoreaccurate sotg ofthe chemical informatiom the image.
Altogether, selection of the optimununber of components in the SVD procedure should be

consideredrery carefully
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As discussed ifLobanova and Lobanov 2019) cag a chemical componeigtlocalisedin a few
pixels but exhibits distinct Raman spectral profjlevhich is equivalent to havinghagh value of
spectralautocorrelatiorfunction, SVD mighttreatit as a singular componewith small singular
value and, thefore, this componenwill potentially be discarded from the further analysis
Therefore autocorrelation function appears to be nreteblefor assessing singular components

thansingular values.

To overcome tis limitation of conventional SVDrecentlySVD in a new formulation, catd SVD
with Automatic Divisive CorrelatiofSVD-ADC), has been proposédobanova and Lobanov
2019) This methodimplementsan additional step once SVD is performed, i.e.: ifwdividual
loadings’Y & andscored "l spectralY and spatialY autocorrelation coefficients at opixel
shift are calculated

Y YYuRY & h (3.9)
Y [TA®OS TR Tl h (3.9)
where'Y 8 denotes correlation coefficienwhich can be representadcording to the following
equatiors:
o B Y ~V Y Y
Y "'W1HY = — h (3.10)
B Y Y B Y Y
o B& 8 6 6 3
Yoo = —h (3.11)
B 6 0 B 0 0
where™Y & areloadings with floned spectral poinsshift, i.e.”Y d Yo ,and0 17
scores with one image pixelshift along & 1 it or waxis y , ie.
& " 1 87 1A

Therefore, SVBADC is intendedo automaticallysortthe meaningful components from naise
dominated ones (e.g.: shot noise dremise, residual noise after cosmic ray removal).dtor
this, by mappingspatial autocorrelation coefficienté againstspectral oneS for individual
scores/loadingsone discard thesingular componentgorresponding tanean autocoelation
coefficient’Y Y 'Y T¢ lower thanYgg ¢ U T PThen, byreplacing the sdi in Eq (3.3)
by thenewsetlge o QY Yo @nd performinghe requiredummationthe Raman intensity

matrix with reduced noise found
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3.2.2.Validation of SVD-ADC
In (Lobanova and Lobanov 2019} has beenverified thatSVD-ADC with the v 1t Fcutoff

efficiently differentiates the meaningful components from the neikeminated one®n one
simulated andwo biochemicaRaman d&asets:

Dataset 1 a superposition of Gaussian functions resemtiaganlike signal superimposed by

a background

Dataset 2 Raman spectra &dnown mixturesoB pur e chemi cal compoun
carotene, collagen, cholesteryl palmitate, eblagton transferringholesterol, and iron (I1) oxide)

with simulatel random spatial distribution of concentratisaperimposed by white Gaussian
noise

Dataset 3 largescale Raman hyperspectral images of human atherosclerotic aortic tissues anc
corresponding nocatherosclerotic controls, consisting of both high and low concentrated

biochemicalcompounds.

ForDataset 2 white Gaussian noigk was addetb theintensity matrixcomposed of the chemical
mixture of pure Raman specﬁiaz. Then,SVD-ADC filtering procedure witino inputparameters
was appliedo the resulting matrig & 2 & . The results of this verification confirm that SVD
ADC allowed to significantly remove noise frothe Raman datandresulted in thelenoised?
matrix with reduced noisdy two orders of magnitude (2 & T8t p as evident byFig. 3.1A.

Here,signatto-noise ratio)SNR) andnoise removal factor (NRRyeredefinedas follows:

of 2
3. 22 % (312)
& Ry
Y nl’ 2
28 B P& (313
" Ry

The efficiencyof SVD-ADC is also demonstrated iig. 3.1B by the distribution of spatispectral
autocorrelation coefficients for singular vectoesrievedfrom SVD-ADC for SNR = 10. This
autocorrelation mapalidateslocalizaion of singular veabrs representing noisgross signs)
aroundthe origin of coordinategn contrast tohighly correlatedsingular vectorsassignedio
meaningful components (circled cross sigihsgated at the uppeiright corner Thus the
meaningful compnents are filtered from noisominated ones byhe dashed diagonal line

representing? vTtb

Furthermorethe accuracy of SVEADC is confirmed byFig. 3.1C, showingthat the denoised

Raman spectrué? (reddashed line) is almostdistinguishabldrom the referencenet! 2 (grey
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line), evenwhen the noise in the input Ramgpectrum (blue line) is comparable with the Raman

signal.
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Fig. 3.1: Comparison of th&VD-ADC (A, blue line)method withMNF + SG filtering (A, magenta linelising
the Raman dataf biochemical standard mixturasth white Gaussian noig&€, blueline), showing theefficiency
of the SVD-ADC to reduce noise fronthe Ramandataby 98% and resulting in denoised Raman speg@@raed
dashed line}o be almost identical tthe reference one C, grey line). The autocorrelatioroefficients map of
singular vectors received from SVBDC analysis othegivenRamandata s shown in panel Brhegreen dashe
diagonal line represents a decision line of a 50%otiutor mean autoorrelation coefficients, that separates
coefficients above the line (circled cross sigmseaningful components) from those below it (crogasi noise)

FurthermoreSVD-ADC was comparedith Maximum Noise Fraction (MNF) methd@Greenet
al. 1988) combined with SavitzikyGolay (SG) filtering (Savitzky and Golay 19643s shown

in (Lobanova and Lobanov 2019) particular Dataset 2was processedsing MNFandthenN

eigenimage®rderedaccording to decreasinggnalto-Noise Ratio ENR) (or reducing image
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quality) were usedThe reskigenimagesvere denoised using-G filtering with two smoothing
parameters: polynomial order and frame lengtir.this optimization over these 3 parameters for
each SNR, which mimizes denoising errpiwas performedFinally, theapplicationof inverse
MNF to reduced noise eigenimaggisesthe resulting denoised datss shownin Fig. 3.1A, both
methodsprovidecomparableNRF for noisedominated data with SNR from the rangst pip .
However, when SNR is higher than MINF allowed toreduce noise bjst 1 BNRF = 209,

in contrast taSVD-ADC allowing to receiveé98% of noise renoval (NRF = 2%y).

Importantly, the selectionof optimal parameters for MNF and filtering is only achievable
when the true solution is known. In contrast, SXDC methodprovidesautonomous redtion

of noise from the hyperspectral Raman data wihnputparameters.

Altogether the SVDADC approach, proposed ifLobanova and Lobanov 2019utilises
autocorrelatin coefficients of spatial and spectral singular vectors for noise filtering avasall

to autonomously remove noise from Raman data motinputparameters.

3.3.Bottom Gaussian Fitting (BGF) for background

subtraction

Raman spectraom tissue samples embesttona standardjlass slidaypically exhibitanintense
broad backgroundssociated with thiBuorescee and amorphouscatteringcontributionsfrom
glass substrate and sample itsd@lherefore baseline correction algorithms via polynomial
functions ofdifferent ordergHirokawa 1980; Baelet al. 2009)and Asymmetric Least Squares
(AsLS) methodEilers 2003; Eilers 2004Qrewidely appliedto hyperspectral imaganalysifor
background correctiofPenget al. 2010; Piquera®t al. 2011; Albuquerque and Poppi 2015;
Feltenet al.2015)

However, polynomial baselineemovalmethodsin application to hyperspectral Raman images
might belimited by low reproducillity of the resultsand a large number of factors, which
significantlyaffect accuracy(Jiraseket al.2004) In contrastAsLS isconsideredo be arelatively
accurate and automatetkethod forbackgroundtorrectionof hyperspectral Ramatata(Feltenet

al. 2015)

It is important to note thahé AsLSmethodinvolvesthe optimization over the smoothihgand
asymmetricry parameterswhich can result in a fluoresnt background bieg higher than

measured Ramantensity, ultimatelyleadng to negative nosphysical Raman signal.
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3.3.1.Formulation of BGF

In order toovercome the limitations ohé AsLSmethod a new algorithm, Bottom Gaussian
Fitting (BGF), has beemecenly proposed and providesitonomousnd accurateubtradion ofa
complex curved background from Raman mispectroscopy dat@obanova and Lobanov
2019)

Compared to AsLS, BGRisesonly one intuitive parameter, which has units of Raman

wavenumbersA %) andindicaesminimum width of broad background features.

The principles of this mathematical approachmmposedn (Lobanova and Lobanov 2018hd

explainedn the folowing.

The principle of this methoid to performbackground remal procedure independently for each
image piel ‘QTherefore] will present a brief theory of BGF using omifye secondndex in the

Raman intensity matrig labellingwavenumberi.e.€ .
The Raman intensifycan be splitnto two nonnegative parts

) )2 )h (3.16)

where)? represergRamansignalandg’ is afluorescenbackground.

The methodaims to find £ as a quassuperposition of Gaussian functions with standard
deviationgSTD) larger thark T the only one parametethat will be used dr background

subtraction.

By fixing some Raman shift, one couldiind maximum possible background intensity at this
point "O. Fig. 3.2 illustrates the principle of this search for the case of one narrow Raman peak
(STD<, ) superimposed bgbroad fluorescent background (STPpboth modelled as a Gaussian
function. The figure contains series of Gaussian functiorggden red andmagentdines)with
varying amplituded and expectation valyebut fixedSTD A. Comparing values of these linats

the point’ , onefinds that magenta Gaussian function has maximevatuhis point However,

this linecannot be used as a background because it crosses the Raman hétsitherefore,

do not fit it from the bottom. The green line does ¢ross the Raman intensitybut its value is

not maximum at the point. Only the red solid line tangents the Raman spec)r(fits from the

bottom)andappears to quantifihe representative Raman intensifyat the point .
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Fig. 3.2: A schematic illustration showing a principle of BGF method used for backgsulntchctiorfrom Raman
signal.

Mathematically, since the background intengitytangents the Raman intensiyit shouldbe
determined as a Gaussian functiond s FOu HO of STD A, whichgoesthrough left & HO
and rightsided & O points of the Raman intensifycorrespondingo the considered Raman
shiftd .

Furthermore, the tangent backgroundfi(red solid line) has minimum Raman intensityueaht

the pointad compaed tothe red dotted anchagentdines.
Therefore the bottom Gaussian fit can be defined as
'O [ ETO’' N HG HROh (3.17)

where the Gaussian function

"O 4HA0w HO  06Q~ (318
has amplitud® and expected valug which ae implicitly definedas follows:
6Q~ ', 06Q° 08 (3.19)

Repeating the procedure k. (3.17) for all Raman shifts+, one canretrieve a quasismooth
curveg fitting the Ramarsignalé from the bottomso thatheresidual othese two curvesl

€ £) contains only sharp resonancepresentindiRaman bands.

Optionally, afterthe backgroundree Ramaslike signal€? is found using BGF, the spatialy
resolved spectral aumorrelation coefficients for this matrix anhe spectral poinshift can be

calculatedBy discardng the spatial points, which have correlation values lawan 50%, from
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the further analysjsone canachieve the partiakliminaion of spatial points, which are strongly
distortedby noise due to dominated backgroundhich might beorders of magnitude larger than

theRamansignal.

3.3.2.Validation of BGF

In order tovalidate the accuracy of BGK,was compared withAsLS algorithm(Eilers 2003;
Eilers 2004)using Raman spectriﬂ 2 of biochemical mixturesvith Gaussian background
(Dataset 9 (Lobanova and Lobanov 2019)

For this,the dependence of background removal relative error
i Ag® 62

o
I Agb2

(3.20)

on the corresponding parameters of BGAK (ed line with crosses) and AsLS @nd fixedn
p T, greenline with pluseshas been investigate@ihe resultshowthat BGF allows to achieve
relative error of 7%, whereas Asli8ovides64% relative error(seeFig. 3.3A). Note, £ is a

backgrounesubtractedRamansignalfoundfrom BGF or AsLS.
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Fig. 3.3: Comparison of the BGF method with AsLS using the Raman data with known background (black
lines), showing the accurateness of the BGprtmluce the true baseline (red lines) shaitract both lowB) and
high (C) backgroundAsLS baselineareshavn by green.

Application ofBGFto Raman spectra (blue lind®y two spatial pixels with lowB) and high(C)
true backgroundblackdashed linesevealghat BGFperformsequallyaccuratdor low andhigh
badground (ed lines), in contrast toAsLS, which mightproduce the baseline (green lines),
significantly overfiting the original Raman signal afvingnon-physical negative values (see
Fig. 3.3B-C). Note,Fig. 3.3B-C aredemonstratetbr the followingoptimal parameters found from
Fig.3A:A 1 1 ?(BGPHandl ¢ chy p 1 (AsLS).
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Also, the BGF methotias been verifiedn largescale Raman micrspectroscopy images from
human tissues in atherosclerosisd simulated Raman data as describeflLobanova and
Lobanov 2019)

3.4. Efficient Quantitative Unsupervised/Partially Supervised
Non-negative Matrix Factorization (Q-US/PSNMF)

3.4.1.Formulation of Q-US/PSNMF
Applied to hyperspectral image analy$\BvIF method(Paatero and Tapper 1994; Paatero 1997,

Lee and Seung 1999; Lee and Seung 2304) unsupervisechemometri@pproachallowing to
factorisethe spatiallyresolved Raman intensity matrixinto a superpositiorEq. (3.2) of non
negative spatial concentratimultiplied by correspondingonnegative spetrar of individual
biochemicalcomponents of the sampésmposition The aim of NMF is to finadnatricesAand

), whichare unknown prior téactorization analysis

In (Lobanova and Lobanov 2019)YMF has been generalised work as a partially supervised
method, cdled Efficient Quantitative Unsupervised/Partially Supervised INegative Matrix
Factorization (Q-US/PSNMF). This developmentis beneficial for various biomedical
applications, e.dfixation of the spectrum of paraffiwax compound duringupervised NMREn
the Raman intensity matrimneasuredon paraffirembedded sample§his option allowsto
removethe contribution ofparaffinrwax residuedrom the spetra of chemical components of

actual sampl.es®éd composition

Mathematically, the problem can be formeld@as followsAssumingd biochemical substances
with Raman spectray 4 AQ pf8 i) are knownandl am aimingto find the resth 0 0
spectra’Y 4 HQ 0 pHB hj together withthe correspondingoncentratiorprofiles for both

known and unknown componeriis ™l HQ phcf8 R .

Let us denot&known and unknown parts othe spectral matrix] asrf) andr) , respectively.
Corresponding parts dhe concentration matri¥Acanbe also writteras’A and’A . Therefore,

one can construct the following matrices

A A g ﬁﬁ 3.14
.,Ah] i (3.14)
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Mathematically these matrices should satisBg. (3.2). But, practially, the experimentally
measuredRaman intensity matrixcan bedecomposedith a residué4 known as a factorization

error as follows

£ An 78 (3.15)
The solution of this equation musinimise Frolenius norm of the residuBA& . In other words,

the problem is reduced fmding two matricesAand3 which minimizethe following function

% #B S/I% N3E (3.16)

subjecttad THY T

Since EQ.(3.16) has minimum at the pointA ry), any deviationfrom this point must increase
Frobenius norm of the residuee. O # 1#M8 13 O #h3 for any)# and) 3 subject tad
16 mand Y 1Y 1t This means thawariation of the factorization errdr &
O# #B 13 'O#B atthe point A i) must benonnegative
TO TO
' —6 —" 31
10 =18 =1y T8 (317

Furthermore, each term in E®.17) must be equal or greater than zsimcevariations16 and

1°Y are arbitrary

In order to find a solution of Eq3.17), one can fix all elements in the matri¢dandr) except
one elemen(for example ) and explore thelependence of the factorization er@#h3 on
this elemen(d ). Fig. 3.4 showsthe graph of this functiowhichis parabolaTwo possible cases
are considered iRig. 3.4. Specifically,blue parabola has a minimum positived in which its
derivative is zero, i.6FOF TO TL Therefore, in order to satisfyq. (3.17), FOY FO must be
zero for positived . Thegreenparabola haa minimum at negativé , which is not permitted
due to the nomegativity condition. Therefore, ¢ltonstrained minimum must be translated to the
nearest nomegative pointwhich is zero. ThusFOf F© must be nomegative ford T in

order tosatisfyEq. (3.17).
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Fig. 3.4: Dependence of the factorisation efrol® R R FeERY RY 88 on the elemerd for fixed other
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Thesenonnegativity requirementare known asthe KarushKuhn-Tucker conditions(Lawson
and Hanson 1995)

FOT FO mi 6 TFOI/ TnEGE 1t (3.18)
FOrRY mi Y TFOIRY nEXE (3.19)

Note, . (3.19) must befulfilled only for unknown spectra.e.”Q 0 .

By differentiating Eq. (3.16), one canfind partial derivativegequired for solving Eqg3.18)-
(3.19

33*# 3h (3.20)
— AK{| A) AAnfN (3.21)
Note, Eqs(3.18)-(3.21) represena system ohonlinearequations and inequalitieshich carbe
solvedin aniterative manner. For this, one shouid one matrix ¢ or 3 ) andfind another one
(3 or#, respectivelyyvia NLS method(Lawson and Hanson 1995}his procedure can be done
independently for eaclvavenumber if# is fixed or pixel if 3 is fixed. However,this procedure
is not computationally &tient. Therefore, another method was develop&h Benthem and
Keenan 2004; Kim and Park 2007; Lobanova and Lobanov 28i@ying to achieve dst

computational performance. The principle of thfgproach is based on the operatwith the

whole matricesnstead ofvectors

In order to quantitatively compare spatial Raman concentrations between samples, the

normalisation conditions are requirés siown in (Lobanova and Lobanov 2013he QUS/PS
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NMF method fulfis the following normalisation conditions. First, spectrum for each resolved

component is normalised so that

HY o HYw E Y 48 (3.22

Second, total mean concentration is normalized to be unity

(3£ 6 O p8 (3.23

3.4.2.Validation of Q-US/PSNMF
To validate the accuracy of-QS/PSNMF, it was compareavith the MCRALS (Jaumotet al.

2015)and VCA(Nascimento and Dias 2008)ethodausing 8 pure Raan spectraf biochemical
mixtures (Dataset 2 0 ¢ o ¢ Y 1T data matrix)and largescale Raman micrkspectroscopy
images from human tissues in atheroscler(@maset 3é @ p m prt  p 1 multi-image

datamatrix) asshownin (Lobanova and Lobanov 2019)

ForDataset 2 it has beefoundthat VCAwasnot ableto find the original chemical components
providingthe relative factorization error of 70% cortrast Q-US/PSNMF allowedto achieve
relative factorizationerror of 2.6%, 0.7%, and 0.5% for 1, 5, and 10 minutes of standard PC
running timesyrespectively,and showed about 20times more accurateresultsreceived for the
same computational timrmmpared to MCRALS (Lobanova and Lobanov 2019)

For Dataset 3, it has been shown th&-US/PSNMF allowed to retrieve the composition of
atherosclerotic tissuemndnonatherosclerotic controlsito anumber of individual biochemical
components with meaRamanconcentration down t0% as deduced from the analysis hwvitl
componentsproviding5% factorization error compared 11%for VCA. Furthermore, compared
to VCA, it has been demonstrated tHUS/PSNMF was able todetectadditional chemical
componentssuch as cholesterol and oxidativehodified linoleic acidwhichare weltestablished
and importanbio-markers ofatherosclerosid.obanova and Lobanov 2019)

3.5.Findings

Collectively, three novel chemometric methods combined irginentitative hyperspectral image
unmixing Q-HIU methodology which is intended for the efficientagtitative analysisand
decompositiorof Raman micrespectroscopy imagesere proposeth (Lobanova and Lobanov

2019) The methodsverecompared and verified with existirstate of-the-art approaches
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1 SVD-ADC wascompared with MNF method combined withGSfiltering;
1 BGFwascompared with AsLS method;
1 Q-US/PSNMF wascompared with VCA anMCR-ALS algorithm.

These verifications with existing methods outlined above showed that -tHEJ Gpproach
provides significantly more accurate results and efficagrantification with sveral orders of
magnitude shorter computational time as testified on both simulatedarekperimentdRaman
data(Dataset 1 2and3). Furthermore, €HIU was validated to identify and quantify the unknown
biochemical composition of analytes from thgerspectral Raman data. Therefore, tHdIQ is

a new unprecedented chemometric metthagly, which is wellsuited for the biomolecular
characterization and quantitative imaging of individual biochemical components in chemical and

biomedical samples of viaus complexity.

In the course of my study chapters presenting the results on cheongabsition of AD brain
tissues and corresponding rRdemented controlChapter 5andChapter 6), | will utilise the Q

HIU chemometric methodology for the simultanseomultiset analysis of my hyperspectral
Raman micrespectroscopy images as discussethis chapter and summarised in an overview
flowchart ofFig. 3.5. In brief, | will analyse mypiomedicalRaman data in thresteps as follows
(see a overview flowchart of @HIU analysis inFig. 3.5):

1) Application of SVDADC, which autonomously filters spatially and spectrally
uncorrelated noise frome Raman data,

2) Application of BGFfor a robust subtraction of fluorescent background ftoendata;

3) Application of an efficient QJS/PSNMF via the FC-NNLS algorithm | will use a
partially supervisedMF modality for my Raman data performed on paraéimbedded
brain samplesGhapter 5), where | will fix the known Raman spectrum of paraffin/wax
compound in the factorizing Raman intensity matrix, which massured on one of the
brain samples. IrfChapter 6, | will utilize an unsuperviseMMF for my Raman data
acquired from frozen brain saiep.
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Fig. 3.5. Flowchart listing 3 main steps of theldU dataanalysis.
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Chapter4a.Met hodol ogy

ConfocalRamammicro-spectroscopys a widelyused analytical approagioviding a chemically
specific imagingof biomedcal samplesn noninvasive and labdiree manne(Movasaghiet al.
2007; Krafftet al.2016)

Ramaneffect also known as inelastscatteringphenomenas originated from the intaction of
laserlight of a frequency in visible rangeith the moleculesin a sample(Diem 2015) Such
interactionwith the laserlight illuminated ontothe samplanduces the vibrations of chemical
bonds inthe molecules of the sampleeading toback scattering of the incident lightith the

shifted energyOn a quantum levethe incident laser lighgxcites the molecules in the sample to

a virtual state, from where they undergo a transition back to the corresponding vibrational state:
of specifc molecular bonds with low energy, thus releasing the scaf@odn of a red shifted
energy(seeFig. 4.1). Here,thevibrational frequencyf chemical bonds in the molecules is equal

to theenergydifferene betweenncident laser and Raman scattered lighteries ofmolecular
vibrational frequenciesachcorresponding to the unique chemical i®of the sample compounds

form a Raman spectrum.

Fluorescence
- excited state )

Spontaneous Raman
(inelastic) scattering ~1014-101° s

virtual state

absorption
~ 10-15 s

~10%5s
emission
~10°-10°s

— —

11> 11>

Wyib
| y
\ 0>/ \_ o> )

Fig. 4.1: Schematic energy diagrams represensipgntaneous Raman scattering #ndrescence

However, the Raman effect is weaksulting inonly onein 1 of the incident photonbeing
inelasticallyscatteredButler et al. 2016) Nevertheless, these photarmntaininformationabout
the vibrations of moleculesand thereforethe chemicalstructure ofthe sample con#uents
Applied to the detection ofpathogenic aggregated proteins implicated anrange of
neurodegenerative diseaséshas been reported thamyloid fibrils exhibit a uniquechemical
structure enriched ib-sheetonformations compared tmnaggregatedativeamyloidproteinwith
Urhelix structurgKurouskiet al.2015; J et al.2018) Generallyatypical Raman spectrum tfe

protein in the fingerprintregion hasdominant contributionsfrom three vibrational modes,
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originaing from the polypeptide backbone (amide bands) faom aromatiénonaromatic side
chains of amino acid residueThe most diagnostic bands used to revealtein backbone
conformationsarethe amide | vibratiorf1640 1680 cmt), which can be predominantly signed
to C=0 stretchingand a minor portion toout-of-phase CN stretching; the amidd vibration
(D1550 cm?), attributed tathe coupledout-of-phaseCi N stretching and NH bendingvibrations
and the amide Il (120@340 cm'), alsoassociated with th€i N stretching and NH bending
motions(Rygulaet al. 2013) Of these vibrational bandt#)e amide band iswell establishedo
probethe changes in the protein secondary structouckiding A bpeptide(Wanget al.2013; Jiet
al. 2018) It has been revealed the polypeptiddackboneconformation of proten determines
the position of themide Iband a b-sheetconformation corresponds to the amide | band in the
vibrational rangel667i 1672 cmt, whereasU-helix structureis located in the 185 1662 cm?
range. Applied to detection ofA b aggregationusing SRS microscopy A b fibrils with
predominantlythe b-sheetstructurehavea 10 cm! higher Raman shift frequenof the Amide |
bandcompared ta native A bpeptidein the U-helix conbrmation(Ji et al. 2018) Interestingly,
there isa lineof evidence thap ar al | el a nstieeteonfarmapon ol | fesicdnrbe |
distinguished by Raman micspectroscopySchweitzerStenneret al. 2006; Kurouskiet al.
2010;SchweitzerStenner 2012)t was suggestetthat anti-parallelb-sheetproteinshave weaker
peptidehydrogerbonding compared thhose havingarallelb-sheestructuresleading toahigher
Ramarshift oftheamide Ibandfor anti-parallelb-sheeproteirs (Kurouskiet al.2015) However,
comparisorof the amide band in theanisotropic Ramaspectraor anti-parallel and parallelb-
sheetgevealedhatthe number of stranddfectthe position of the amidepleak thuscomplicated
theirassignmen{Kurouskiet al.2015) Specifically, aredictionin thenumber of strands from 12
to 1linducesa pronounceded-shift of the amide bard for the paralleb-shees andonly aslight
peakshift for the anti-parallel b-sheet{Measey and Schweitz&tenner 2011)Therefore, the
detection ofparallelandanti-parallelb-sheetstructure in & f ibhsed olthe amide Raman

bandis not pasible

Instrumentally, onfocal Ramanspectrometers that are based on eitlyright or inverted
microscopes are commonlyilised for collectionof Ramanspectra obiological tisses A laser
sourceof visible wavelengtlis widely usedor generating lighaind sampldlumination. In point
scan Raman experiment, the Raman spatdmknown athemulti-spectral hypercuhis acquired
by raster scanninghe sample through the focabipt of the laser beanThis multispectral
hypercubeconsists of thousands discrete pixel points, each of wha individual Raman
spectrum typically in a whole 58000 cmt spectral range with a high & resolution Schematic

diagramof a conventioal Raman setupan be foundh Fig. 4.2.
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Long-pass

Pin-hole

Grating

Fig. 4.2: A typical Raman micrespectroscopy setuReproduced fronfWu et al.2011)with permission of PNAS
Fluorescene microscopy is the essealt tool for numerous biomedical applications, including
postmortemhistological examination of different types of tissuEkiorescene microscopyis
based onfte absorption and subsequentissionof light by fluorophores, chemical dyes aute
fluores@nt biachemicalcompoundsFor this,the target biomolecule in a splais attached with
specificfluorophoreconjugated antibod which provides a fluorescent probe used detecton
of the concentration ofhis fluorophorebound target biomoleculéAs can be explained by
quantum theorywhen the energy ahe incidentphotonilluminating the fluorescentlylabelled
sample is equal to the energyaof electronidransition of tke usedluorophore the fluorophore
moleculeundergoeghis transitionoccuring from the ground vibrationdevel of its electronic
ground state ttigher electronic and vibrational levels tbk excited stateThen, this molecule
rapidly relaxedo the lowest vibrational level of the excited state, from where it trabatkto
the electronic ground staté&nown as fluorescent emissiohredshifted photongseeFig. 4.1).
Compared to Raman effedtuorescene has longettime scaleganging from nanoto micro
seconds in dation versufemtosecond$or Raman.To note, vihen fluorescentemissionlasts
longer than micresecondsafter theradiation light has beerswitched off this effect can be

attributed tgphosphorescence.
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Chapter5.Chemi danlagi ng of-f i xe@d
paraédmbhadbdbeaai n secti-enoan

Raman 4dmipercdroscopy

5.1.Introduction

Development of novel quantitative imaging biomarkare of great interest for diagnosiad
monitoring of AD(Jacket al.2013) Complimentaryto clinicalimaging techniquesuch as*ET

and MRI, Raman micrespedroscopyserves as @romising methodor identification of new
molecular markeref AD brainswith quantitative chemical specificithigh spatial resolutign
nondestructivelyandwithout the use of dyes or labglRyzhikovaet al. 2014) In combination

with advanced multivariatanage analysis methodRaman micrespectroscopyhows a great
potentialfor detectionof early chemicalchangesf altered brain metabolisnso thatAD brains

could be differentiated fromondemented controlfespitethe signficance of this research
handful of Ramammicro-spectroscoptudiesin AD brain have beemeportedin the literature.
Among themthework presening images ofipid-amyloid cearrangements iAD human brais

using a nonlinear version of Raman misqectroscopy, CARShas been recentghown(Kiskis

et al. 2015) However, inthis studythe spectral profiles dipid deposits associadewith the A b
plagues haveeenextractednly in the CHstretch vibrational region (27€8100 cm?), whichis

more congested due to overlapiod characteristigibrational bandsompared tahe fingerprint
complicating the chemical interpretation ofespra This research papealso suggestd the
mechanisniorAb pat hol ogy spreading according whi c
the A bplaqueby pulling outthe oligomer fragments from its halo. Next, thereuld betwo
possiblescerariosfor these released oligomers. One possibility is that they can flow into synapses,
disrupting the connectienbetween neurons. Another possibility could be that the released
oligomersbuild up therebys e e di n g plague essembBlyiltogether, tls hypothesis
indicatesl i pi ds as a possi bllerelaionitorenfocal RémarAricrop a t |
spectroscpy, several studiebave recently reported the chemical profilesabhormal protein
aggregates iAD brains (Michael et al. 2014; Michaelet al. 2017) proving the sensitivity of
confocal Raman twisualiset he pat hogeni c b s hAebetp |cahdetam sc a
tangles.This researchstudybased on the idethatthe Raman spectrum dfisfoldedA bin the
plaguecompositionexhibitsthe strongly amplifiedmide | bandlue to a high content @ s he et

structureg1667 1672 cmt) (Ji et al.2018) An unfortunate corollary of this approach is teath
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Raman imagingloes not distinguisha unique molecular fingerprint dibrillar A bfrom other

proteinsintheb s h e et c.dodveracomeahisilinitatigrhyperspectramageunmixing

analysighatretrieve thavholeindividual spectral profiles of chemical comporseimt the sample
should be utilise@Piqueraset al.2011)

Comparison of spontaneoufRaman and CARS micrespectroscopy

Spatially resolved spectra receivBdm spontaeousRaman and CARS micfspectroscopies
containchemical and structural informati@boutfunctional,endogenous biomolecules cells
andtissuegKrafft et al. 2016) However, CARS intensity spectaae complex iine-shape due

to the interference between the vibrationally resonant anereggonant part of the thiorder
CARS susceptibilitiecomplicating their interpretatiofDiem 2015) Therebre CARS micre
spectroscopyequiresappropriate transformation methods éxtractionof the imaginary part of
the CARS susceptibilitysimilar tothe spontaneous Ramapectraand linear in concentratioof
analyteqLiu et al. 2009) CARS imaging alscsuffers from lowsignatto-noise ratio in the
fingerprint region(700-1800cm?), that contans vibrational bands characteristic for the
pat hogenic conf or mat making itsmpatane for dnvestigabonAp mo t e
consequenceall previous CARSmicro-spectroscopytudies in brain tissue have beeported
only in the CHstretchregion(2700-3100cm?) (Kiskis et al.2015; Leeet al.2015) which is less
chemically specificDespite thesémitations CARS benefits from high signal intensities, due to
the constructive interference of Raman scattered photons from coherently driven identical
chemical bonds the moleculesvithin the focal volume. It also exhibits high intrinsic 3D spatial
resolition because of the multiphotamonlinearity and has inherent immunity fromsample
autdluorescencelt is therefore a fadhigh-resolution micrespectroscopy technique invaluable
for biomedical imaging of living cells arekvivotissues. Of note, in bioegical samples with high
autofluorescence such as aged brain tissue containing high concentrétipelfow-brown
lipofuscin pigment from old neurons, the normally weak-photon fluorescence might transform
to a significant blueshifted (relative to th excitation wavelengths) signal which is superimposed
on the CARS spectra.

Spontaneous Raman spedtraurn consist of a series of vibrational bamepresenting unique
molecular fingerprints of chemicalmaking them easier to interpré&urthermore, spntaneous
Raman spectroscophss a cheapeexperimentaketup in terms ofasers and optics compared to
thecomplex and expensive CARS optical systéns important to note that faster acquisition
speed of Raman imaging could &dehievedusing a linescan Raman modalitlyy projecing the

laser beam into a limather than @oint. With this seup, he sample iscanrdline by linerather

63



than pixel by pixeleading toa shortimage acquisition time of just several minutBstter gtical

sectioningn turn couldbegainedusing confocal microscopes.

The aim of thischapter is tqprobes pat i al l'y resol ved chemical
their microenvironmentising spontaneous Raman miespectroscopy in unstained AD human
brain samplesvith a particular focus ooorrelative imaging of indidual chemical components
of amyloid plaguesThe use of confocal Raman miespectroscoppver CARS is chosen to be
optimal for the study of AD brain tissue duethbe biological importancef both thefingerprint
and CHstretch vibrational region$at containchemicalinformation about pathological protein
and lipid signatures of abnormal brain functioBubmicron spatial resolution achieved with
confocal Ramansi welksuited for visualization of ptueswhich aretypically 50 Om in size
Application ofhyperspectral imagenmixinganalysigo acquiredmulti-setRamanmages of AD
brain tissus will be a useful toolbox focomprehensiveisualization ofthree hallmarks of AD
together: inflammation, B, and lipids that could shedthe light on the significance of their
associatiorwith the progression of AD.

5.2. Method

5.2.1.Human tissuesamples and tissue preparation

Human brain tissue wasourcedfrom the Thomas Willis Oxford Brain Collection (TWOBC),
which is part of the Medical Research Council (MRC) Brain Bank Network, with the ethical
approval of the Research Tissue Bank provided by the Oxford Brain Bank (OBB) Access
Committee A total of 5 hippocampal and 6 cerebral cortex diseased samgliesrecruitedfrom

the hippocampus dive AD subjects and the frontal lobe of other sidividuals,who at the time

of deathwere affected byAD. As a control cohort2 hippocampal and 2 cerebral corteontrol
samples wereollectedfrom the corresponding brain regiooEnondementeckelderly subjects
which were not diagnosed withD based on histological examinatioseéTable5.1). The AD

brain group received theneuropathologic diagnosizased orstandard critea for AD. Brain
sectionswere fixed with formalin, paraffin embedded, sectioned interd thick slices ad
mounted on standard glass slidestr Raman micrgpectroscopy measuremeritgmalin-fixed-
paraffirembedded brain sample®re prepared according the following protocol:

1. Formalin fixed brain tissue (8m thick) slides weredeparaffinized using a standard
dewaxing protocol consisting of three consecutive steps: 1) heating7@t/@n a pre
heated oven for 1h; 2) removing the paraffin in xyléme cycles for 20 minutes each);
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3) rehydrating in a sequence of 100%, 90% &b ethanol for 5 minutes each, followed

by three times washing in distilled water for 5 minutes each.

2. Brain dices were covered withX phosphate buffered saline (PB$)da standard glass
coverslip was attached on tglowed bynail varnishseaing applied around the edges of
the coverslip.

3. After Raman measurements, the samples were reopened andwithriddoflavin S(Th-
p | a q u(€elenyel§a7)d-or $h
S staining, brain slidesere incubated in 1x PBSL6 (m/v)Th-S solution forlO minutes,

S) dye which is a weHestablishedndicator ofA b

followed by differentiationcycles with 80%, 95% ethanol for 2 minutes each and

subsequent three times washing BS¥or 5 minutes each.

Table5.1: Clinical characteristics of study participants. M = male; F = female, Control <d@mented control; AD
= Al zheimerbés disease.

oloical The degree of

Case | Agein Neuropathologal |[A| z h e i me rpétisolo : ,

Number| years |G€Ndel " giagnosis (Hymanet a|_2p013) % Brain region
Ahl 92 F AD Severe Hippocampus
Ah2 87 F AD Severe Hippocampusg
Ah3 73 M AD Moderate Hippocampus
Ah4 70 M AD Mild/Moderate Hippocampusg
Ah5 85 F AD Moderate Hippocampus
Acl 75 M AD Moderate Frontal Lobe
Ac2 82 F AD Severe Frontal Lobe
Ac3 85 F AD Severe Frontal Lobe
Ac4d 80 M AD Moderate Frontal Lobe
Acb 76 M AD Moderate Frontal Lobe
Ac6 77 M AD Moderate Frontal Lobe
Chl 59 M Control Normal Hippocampusg
Ch2 61 F Control Normal Hippocampus
Ccl 64 M Control Normal Frontal Lobe
Cc2 60 F Control Normal Frontal Lobe

In thecourse of this study chapterrefer toAD andnondementedtontrol (C) sampleseach of
which represnts an individualas Ahl, ..., Ah5 and Chl, Ch2, respectivelyaminedin the
hippocampus; and as Acl, ..., Ac6, and Ccl, @2aminedin thefrontal lobe of thecerebral
cortex. A total of 61 A plaques werévestigated30 in the five hippocampal brain samples and
31in the six cerebral cortex samples from theATl individuals Specifically, there were: 10, 9,
5, 1, and 5 plaques in the Ahl, Ah2, Ah3, Ah4, and Ah5 hippocampal samples,ivedgennd
3,13,7, 2,3, and 3 plaques in the Acl, Ac2, Ac3, Ac4, Ac5AaBdcortical samples.
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5.2.2.Point-scanRaman micro-spectroscopyinstrumentation
Raman imaging was carried out using a hdmgt multimodal laseisscanning microscope based

on an invertd Nikon T+U stand, coupled to a Horiba Jobiwon iHR 550 imagingspectrometer

(300 grooves/mrgrating) and an Andor CCD Newton BRF1N-BV detector (1600 400 pixels,

16 Om pixel size). A laser sourdeaser Quantum GEM 532 nm, 2W) was used for excitafitie

532 nm laser excitation wéidtered by a Semrock LLO%32 deantup filter andcoupled into the
microscope by a dichroic mirror (Semrock LPRR3A2RS) Raman scattering was collected in-epi
direction,filteredwith a long pasédilter (Semrock BLP0O:b32R), and dispersed by the imaging
spectrometer. The spectral rag@n of the system was 4.9 ¢nwith 30 Om width of the
spectrometer entrance slit, and the detector leegtibled to cover a spectral ran(@30,

4050 cmt. Ramanimages(about5 0 I 5 &) foe ati brain samples were collected taster
scanning théaser beam over a region of interest with a step siz&of fesultingin5 0T 501 160
points hyperspectral Raman ima@ee an illustration of the hyperspectral Raman data cube in
Fig. 5.2A) with a 1 second exposure time per Raman spectiost Raman images were taken
with a nominalaser powenf 50 mWat the sample. Note that during data processing each image
was normalizedaccordng toits laserenergywh i ch i s (the | aser powe
making the Raman intensitieemparable between samples. All images were collected using a
201 0.75 NA dry objective (Nikon MRDO00295)
provided by a horizontal slit (Thorlabs VA100), and the vertical input slit of the spectrometer. The

estimated spatial-plasel atnidad wans a&.i@aldm in

Prior to Raman measurements, an ovVvefmaeow in
241 18 tiles with 0.43 0.33 mn? tile size, was acquired using differential interference
contrast(DIC) (seeFig. 5.1A for anexample of such DIC imagehn the DIC, a dé&Senarmont
compensator provided a g$e offset of 20 degrees and a 0.72 NA dry condenser (Nikon
MEL56100) with a DIC module (Nikon MEH5240@)as used for illumination, combined with a
matched DIC slider (Nikon MBH76220) in the
Hamamatsu ORCA286amer a (1344 1 1024 pixels of 6. ¢

time was used for detection at lowgsain (4.45 photoelectrons/count).

For fluorescewe imaging of the T-S stainedbrain samples, widdield epifluorescence was
performedusingthe same microscope staraPrior Lumen 200 (standard) 200W fluorescence
illuminator light source, and a filteet consisting of a single band exciter (Semrock FF-II36)
transmitting 352388 nm, a single band dichroic (Semrock FFE0@3) at 409 nm, and a single
band emitter $emrock FFO247/60) transmitting 42477 nm. Each image wasllectedwith

200 ms &posure time and 10% lamp power.
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5.2.3.Hyperspectral ImageUnmixing analysis
Hyperspectral Raman data were analysed using a Quantitative Hyperspectral Image

Unmixing (Q-HIU) method, consisting of the followingrain steps $eeChapter 3for details.
Firstly, the data were noidétered using Singular ValuBecomposition with Automatic Divisive
Correlation (SVBADC), enabling to remove components which are identified as noise using
P e ar s o ftarslatian edefticiets for spatial and spectral singular vectors atrel shift.
Components with a mean Pgao n 0 scorr@latibnocoefficient less than 50% weagsignedo
noise andherefore filtered outSecondly, broad features in tRamanspectra, which represent
fluorescent background, were subtracted uSBiogom Gaussian Fitting (BGF) with a standla
deviation (D) of 900 cm. Spatial pointsfor which the spectrally integrated background
dominates geeFig. A-22 andFig. A-44 of Appendix A), were excluded from the analysis using
the spatiallyresolvedP e a r saatacdrrelation coefficients for backgrowmdrrected Raman
intensity at one spectral pie | shi ft. The spatial points wi
50% were attributed to noisiominated and discarded. Finally, the efficient quantitative
unsupervised/partially supervised Aoegative matrix factorization (QS/PSNMF) method via
afast combinatorial alternating neregativity-constrained least squares algorithm was applied to
the noisefiltered backgroundgubtracted data. This algorithilpobanova and Lobanov 2019)
factorizes the spectrally and spatially resolved data itittear superpositiorof direct products

of nonnegative spatial concentration magsatrix /A and corresponding nemegative
spectramatrix ), representing biochemical components of the sanptamposition.For the
reproducibility of the analysis, 20 rep&ins with 20000 iterations each were used duriQg
US/PSNMF. Each repetition convged toalocal minimum of the factorization error. The final
factorizationexpansionwas selected aspair of matrices {Aandn) with minimum factorization
error over20 repetitions.In the factorizationsdo be presented in this chaptehe relative
factorization error was about 2%. In order to compareRaAmanconcentrations of different
chemical species between samples, the component spectra were normalized emuzdve
integrals, having a value chosen to result in a sum of the spatial concestvatioa mean of one.

In order toeliminatethe contribution of wax residues to the spectral basis, the spectrum of the
paraffirwax compound, measured on one of the paraffilbedded samples, was used as a fixed
spectral component in the @S/PSNMF. TheRaman spectrum of wax is also showAppendix

A (Fig. A-11andFig. A-32), together with the results of hyperspectral image unmixing analysis of

hippocampal and cortical brain tissues.

To quantify the correlation of chemical componengseived from thdactorization analysis of
Ramandata, the Pearson's correlationfiam@entR was calculated for spatial pixel concentrations
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of each pair of invidual components within each sample, representingase subject. A
significant correlation is considered tva p-value of <0.05. The pairwiseftierence in meaand
medianconcentrations oéach componer(t 1Xe5) between AD and nedenented populations
of the hippocampal or cocal brain regions was tested by the {tsample twetailed t-test for
unequal variancegfor mean concentrationand the Wilcoxon rank sum teéfior median

concentratiol respectively A p-value of €©.05 was cosidered statistically sigficant.

5.3.Resultsand discussion

Labelree confocal Raman micigpectroscopy was used to investigate the biochemical
composition of A plaques and theibioenvironment in humarAD brain tissues from the
hippocampus and frontal lobe. TQeHIU data analysisvas performed simultaneously on all data
of a given type of brain region (i.e. hippocampus or corfesgyiding a direct comparisonf
spatialconcentratiorprofiles of chemicalcomponents in diseased and control samflesidea

of decomposition o& typical Raman image witAb plaqueinto individual chemical components
with spatiallyresolved Raman concentration and spectral pofisingQ-HIU analysis is shown

in Fig. 5.1C.

To identify Ab plaques, thdrain samples were stained wiith-S (the well-established dyéor
identifying amyloid fibrils (Kelenyi, 1967)) o avoidthe potential impctof thelabelling artefacts
and fluorescence backgrouyrbde staining was performexiter Raman imagingTo find potential
areas containing plaques on labrele AD samples] utilizedlarge scale DIC imagetee example
of this image irFig. 5.1A). DIC contrashelpedto identify potential Ab plaques regions, which
were used for the area selection for Raman measurements dfés?dD samplegseerig. 5.1B).
To validatethat these regionsare plaquepositive, | performedfluorescere microscopyof the
measureéreann the same samples stained with theSTdlyeafter Raman imaging on the label
free samples

Intermediate steps of the i IU data analysis on 3aman micrespectroscopymagesof cortical
brain tissusin AD together with nordementectontrolsare shownn Fig. 5.2. Specifically,Fig.
5.2D shows the autocorrelation coefficients map for singulaovertceivedrom the SVDADC
analysis of 38 Raman imagdabelled accordingp the sample source. The dotted diagonal line
represents a decision linéa 50% cuoff for mean autocorrelation coefficients, that separates the
coefficients above the linecifcled cross signg$ meaningful componés) from those blow it
(cross signs noisg as shown irFig. 5.2D. Note that reathoise and shot noise al@calized

around zero, whereas physically meaningful components Bigtmmean autocorrelatioRorthis
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data, SVDADC with a 50% cut-off of mean auwicorrelation coefficients has defined an
approximating matrixgonsisting of 36 singular components. To verify this nunmb=ansiderthe
spatialdistribution and corresponding spectra for two singular vectors with the aetatiom
coefficients 25% lowr and higher of 50% valu&if. 5.2E-F). For a pair of discarded singular
vectors, corresponding to 45% mean autocorrelation, spatial maps do not show any recognise
pattern, and spectm resembles noise, whereas for a pameéningful singular vectors with 75%
mean autocorrelation, spatial maps show some colocalized features, and spectrum exhibits seve
clear Raman bands. To show the accuracy of SWIT, | give the results of this ethod for two

points from a typical corted sample with high (B) and low (C) fluorescent backgroumgig.
5.2B-C. As can be seen in the insetsFad. 5.2B-C, SVD-ADC mehod allows to significantly
reduce the noise from the image.

Hippocampal region of sample Ahl

CA2 CA3

Quantitative Hyperspectra
Image Unmixing (Q-HIU)

Fig.5.1. Largescale DIC image of the hippocampus of sample Ah1 TAg region of interest outlined by sque
(dashed line) measured by Ramarcnmhispectroscopyand posiproved to contain B plaque(B). The chemical
decomposition of this Ramaimage into individub chemical components with spatialigsolved Ramar
concentration and spectral profiles using thellY data analysis (C).
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Also, Fig.5.2B, Cshows an example 8GF algorithm applied to theameRamarnmage received
from the SVDADC. The Raman spectra at two spatial pixaty high (B) and low (Cjluorescent
backgroundoefare (lueline) and after greenline) background removal with thepresentative
bottom Gaussian fitréd line) aredemonstrated ifrig. 5.2B-C. Similarly, as carbe seen in the
insets offig. 5.2B,C, the BGF algorithmallows to accuratg subtract a fluorescent background
from this image, even whenfluorescent background is about two orders of magnitude thiaye
the Raman signaF(g. 5.2B).

The final step of the @IU data analysis iQ-USPSNMF. Applied to separate factorization
analysis of he Ramanimagesof a given type of brain region (i.e. hippocampus or coytex)
identified that allRaman images arevell represented using 20 separate components. When
selecting 19 components, th&)-US/PSNMF algorithm was checked to shova higher
factorization error, whereas for 21 componehts Raman spectm of an additionalcomponent
appeared to bé&ss meaningfukpectrallyrepresenng the split proteincomponentfrom the
previous analysis witt20 componentsFor both analyses, the chemical components, which

attribution has been identified, are summarisetiahles.2.

In the hippocampal brain regions, five of the 20 components were found to spatiatiglizel
with Ab plaques, and exhibited spectra resembling those of known chemical spboiés], will
discuss in the course of this study chagtethe cortical brain regions, four of these hippocampal
components were reproduced, and furthermore acoewponent&7) colocalizng with plaques
was observed. The other 15 components vieoad not to significantly colocalize with A
plagues. Their attributiors given as followsTwo componentg both analysewere found to be
correlated with the Raman spieaof chemical constituents of glass substrate, and one component
was found consistent Wwh the Raman spectrum @faterusing an ID expert tool of Bi® a d 6 s
KnowltAll Vibrational Spectroscopy software with Raman Spedtiataries, where the degree
of similarity betweereachcomponent spectruandcorrespondingeference spectrum is given by
a correlation cdécient ®?) (in %). Note, toavoid contamination with meaningful chemical
components, wax component was fixed prior to thRe®JPSNMF analysis. ik Raman spectrum
was measured on one of the parafmbedded samplend verified to be cmsistent with the
Raman spectrum afax €11 in the hippocampus akd 0 in the frontal lobgR? = 99%for both
analyses Their Raman spectrandcorresponding concémation profiles in the brain samples as
retrieved fromtwo separat€-US/PSNMF analysesvith 20 component®n Raman images from
a given type of brain region (i.e. hippocampus or corée®)given inAppendix A In the course
of the next sections, | will focus on the description and attribution of the chemical components,
which are found to significantly colocalize wib plaques Forthe hippocarpal brain regionsl
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Fig. 5.2: Schematic of a hyperspectral Raman cube (A). The arrows with letters B and C mark two pixels
spectra of which are shown on the panels B ance§hectively. Thénput Raman spectrum (blue line) before
SVD-ADC and the corresponding noifigkered Raman spectrum (black line) after this procedur€}BThe resuli
of background subtraction using the bottom Gaussian fitting is shown by thelige=ethe bottom Gaussian fit (i
dashed line) is subtracted from the nefitered Raman spectrum,\gng backgroundree Ramarspectrum. Spatk
spectral autocorrelation coefficients map of singular vectors resulted fromARMID(D). The dotted diagal line
represents a decision line Bf, = 50% cutoff for mean autocorrelation coefficien®, separating the coefficier
above the line (circled cross sighsneaningful components) from those below it (cross signeise). The spati
distribution and corresponding spectra of two singular vectors with the mean autocorrelation coefficientswei
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e 75% ande 25% as indicated on the panel DFE On both panels, 38 Raman images are labelled according
sample sourcand represents cortical regions

will examine in deta#4,e9,e10,e16,e17. Similarly, forthe cortical brain regionswill discuss
E4,e7,e11,E16,E20. Note, n the following,| will sortthese componentsy decreasing mean

Ramanconcentration.

Table5.2. Chemical component attribution retrieved from two separatéSZIPSNMF analys with 20 components
on Raman images from a given type of brain region (i.e. hippocampus or cortex).

R? for component numbe# retrieved from th&-US/PS
Chemical component attribution NMF analysiswith 20 components
Hippocampus Frontal lobe
glass 98% (E1) 98% (E2)
BaO (glasy 98% (E2) 92% (E1)
collagen (E4) not found
water 85% E6) 77% €E9)
Ab1.42fibrils + cholesteryl palmitat{ 84%- fingerprint(9) 78%- fingerprint(e4)
fibrin + arachidicacid 90% E10) 90% E11)
b-carotene 82% E 16) 86% E16), E13)
FesOs 93% E17) 89% [ 20)
calcium phosphate not found 93% (E7)
wax 99% (E11) 99% (e 10)
SiOz 8% (E19) not found
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5.3.1.Chemical composition of hi ppocampal : Akdy p
chemical components
Fig. 5.3 shows the Raman spectra of the 5 chemical components colocalizedtwglhques, as

found from the Q-US/PSNMF dataanalysis on 30 unstained hippocamp#l flaques ffom 5
AD patients) togdter with 10control Raman mapdgrom 2 elderly humanswithout AD) in the
fingerprint 736-1780 cm') and CHstretch(27933122 cm?) regions. The ranges below 786

1 and above 320@m* are dominated byluorescence anRamanscattering from the glass
slide/coverslip and Raman scattering from water, resmdgt and thereforevere excluded from
the Q-US/PSNMF analysis to avoid theinterference with the chemical components, which are
relevant formy study.For identificationo f ¢ h e mi ¢ a |assigronenisousekBimn{Rad
KnowltAll Vibrational Spectoscopy software with the Raman Spectral Libraaea guideOnce

| found thechemicalassignmentvith this software, | comparetld Raman spectra of the identified
standads with the representative component spectra retrieved from my analysis Nisiig
algorithmasshown inFig. 5.3. These comparisorrevealed tha# componentsan bespectrally
assignedta mi xt ur e 04 and satrated lipidse with éhblesteryl derivatisesh
cholesteryl palmitatat arato of about4:1 (E9, R? = 84% Fig. 5.3B); a mixture offibrin and
arachidic acicht aratio of abait 4:1 (E10, R? = 90%, Fig. 5.3C); b-carotendE 16, R? = 82%, Fig.
5.3D); Fes04 (E17, R? = 93%, Fig. 5.3E).

In the following, | wil discuss the characteristic Raman bands of the identified chemical
component€4, 9, 10,16 ande 17, which are found to be associated with Afeplaques
regions in AD brains based on their spatial concentration profiles. The summary of key Ramar
vibrational bands, reflecting the presence of pathology and oxidative damage in AD human

brains, as reteved from this research study is giverTeable 5.3.

The spectrum of 4 displays a numericalnumber ofcharateristic bandssuch the Raman bands
at 1657cm* (Amide 1, U-helix), 1554 crit (Amide 11), 1338 cmt (CH2 wagging vibrations from
glycine (Gly)backbone and proline (Pro) side chain), 1267 (Amide IIl), 1206 cm'
(hydroxyproline(Hyp) and tyrosine (Ts)), 1031 cmt (Pro), 1002 cr (phenylalanine), 934 cth
(C-C backbone), 852 cth(Pro, Hyp, Tyr), which arall assigned tahe Raman bands of
collagen(Movasaghiet al, 2007).Additionally, the Ramanspectrumexhibitsa uniqueband at
1705 cmt, indicaive for the C=0 stretching vibratioin amino acids! suggest that s Raman
bandobserved ire4 spectrum might beriginated fromthe Gly-Pro-X and GlyX-Hyp sequence

(where X is any amino acid), whierethe most common motifs of collagen.

Indeed, there are convincing data that senile plaques extracted from AD human brains contai

CLAC componet) which found to be associated with collagen XXV (Hashimoto et al. 2002). As
73



confirmed byin vitro studies, a dtagenlike triple-helical peptide can attenuate the nucleation
and fibril growth of the amyloidogenic peptide (Parmar et al. 2012). In nelatiche C=0

vi bration observed in the Raman spectrum of
in repeating GlyPro-Hyp sequences within the tripkeelix collagen can bind to the backbone
amides or to the glutamine/asparagine side chainseoaryloidogenic peptide and reduce its
nucleation. The further link between collagen and amyloid has been adligih the observation

of the neuroprotective potenti al of col |l age
the association of 8 ol i gomer s with neurons, protect

amyloid species (Cheng et al. 2009).

Tabk53. The summary of key Raman vibrational bresultthg | n «
from the hyperspectral image unmixing analysis of Raman images ofmmotgm AD human brains in the
hippocampus and cortex

Ramanl Molecular Chemicalassignmerst Potential role in AD
shift, cm vibration pathogenesjsndicative of
C=0 (Amide I) b-sheet proteins pat hhogenic A
Cc=C cholesterol i nteraction W
1673

E-unsaturated EAs in lipid peroxidation and induced

c=C trans confiouration pro-inflammatory cascade
9 through ROS generation
1705 C=0 triple-helix in collagen bindingst e t o A
peptide(attenuate nucleation)
970 POS calcium phosphate | mitochondria damage, activatio
Qs crystals of the NLRP3 inflammasome
ig% 1154 C-CHs, C-C, C=C b-carotene inflammation and oxidative stres
1320 FesOs ferritin promoti onmerf

assembly and oxative damage

CH2> asymmetric
2884,2852 | and symmetric FAs
stretch

an acyl chain ordefO jO ),
pronounced for saturated lipids
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Fig.5.3: Raman spectra of tlehemicalcomponents (blue solid lines) colocatig with hippocampal A plaques, obtained fron
the simultaneous - @S/PSNMF analysis of 30 hippocampabflaques (5 AD patients) together with 10 control Raman n
(2 elderlyhumans without AD)e4 (A) has spectral characteristics resemblindag@En XXV (see text)e9 (B) is a mixture of
aggregated\bi-42 peptides and saturated lipids with cholesteryl derivatig&6.(C) is a mixture of fibrin andrachidic acid

E16 (D) is attributed to carotenoidsl7 (E) is attributed to iron oxide. The chemical attribution of comporedis 10, E16

ande17is based on the comparison with analytical standard Raman spectra of pure chemical species. Fits are showr
dotted lines antbund using NLS algorithoCorresponding?? are alsdndicated Thefit in (B) isa superposition of the Rame
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The sgctra ofe9 ande 10 exhibit severalbandsin both the fingerprint and Cidtretch regions,
which are assigned toa mixture of proteins and lipidwith different molecular structure
Specifically, the fingerprint region of 10 displaysRamanbands at 1060,129, and 1293 crh
assigned tahe C-C skeletal stretching vibrations, and the Xaiwisting mode of fatty acids,
respectivelyKrafft et al.2005; Czamarat al.2015) Its attribution toasaturatedipid in the solid

phase is supported mo-presenceof a strondy pronounced2880cm? band in the Ckbstretch

region which isrepresented byhe asymmetric Cistreéch enhanced by the Fermi resonance
interaction with the overtones of Gldnd CH deformationscomparedwith a relatively weak

band around 2933 ch which is attributed toa combination of Ckland CH asymmetric
vibrations enhanced by the broadening and shift of the CH deformations in the liquid phase
(DiNapoliet al,, 2014) These observations combined with the assignment with the Raman spectra
of analytical standards ugiMLS fitting algorithmallowed me taassigrnthe spectrum of 10to a
mixture (red dotted line) of 79% fibrin (magenta liri@ainet al. 2014)and 21% arachidic acid
(green lineCzamaraet al.2015)in both the fingerprint and Ghitretch regions. Thigssignment

is consistentith the previous studiegsevealingdepositionof fibrin in Ab plaques of AD mouse
brains(Paul et al. 2007) Furthermore, the same syutias indicatedthat fibrin can promote
neuroinflammation in AD braingpossiblyacceleratingneuranal damageSimilarly, my study
reveat theco-presenceof arachidic acidjndicative of oxidative damage in tissy with fibrin

within the Ab plaque regions of human AD brains.

| was able to identify an acyl chain ordee., an estimateof the lipid viscosity) in the Raman
spectrum ofe 9 according tathe ratio between the intensity at 288n* (the CH asymmetric
stretch)and 282 cmt (the CHz symmetric stretch{Kiskis et al.2015) | found that this ratio for
E9 wastwice as high athat fore 10, therebyindicatinga high proportion of saturated lipidsgs.
Importantly, Raman spectrum &9 hasa strong band at 1673 cimwhichcan beassignedo the
superposition of the C=0 stretching vibration of the proteickbone (Amide | band) fromba
sheet protein structuf€zamara et al. 2015) with the C=C stretching vibrationof
cholesterol(Krafft et al. 2005) and the FA chain ofE-unsaturated FAsin trans
configuration(Movasaghi et al. 2007) Interestingly the generation of trans double
bonds(near1670cm™) occurs as a result cbnversion otis double bondsnear1655 cm?), that
arenot present ire9, in the process dipid peroxidation(Muik et al. 2005) Together with the
assignment with the Raman spa®f analytical standards using NLS fitting algorithhngRaman
spectrum oE9 in the fingerprint region can be we#presentedred dotted line) by a mixture of
81% synthetic /142 fibrils (spectrumis available only in the fingerprintegion(Dong et al.

2003), which is a welHknown aggregated componeaftAb plaques with predominateflyrsheet
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protein structure (magenta line), and 19% cholesteryl palmitate (gree(Cireparaet al.2015)
For the CHstretch regionthe Raman spectrum p$ is found to beconsistent withthe reference
spectrum of cholesteryl palmigatwhich alsoconform with its high acyl chainordertypical for
saturated lipidsas | showed abov&herefore, lassigned9 to a mixture of A1.42 aggregated
protein witha high-contentof the b-sheet structuresand cholesteryl derivatives with saturdate
long-chain FA chaingiepresentindjpid aggregates. Theo-presencef pathogenidibrillar Abs-42
protein with saturated cholesteryl esters within one resolved chemical componeninaigdie

theinteracton of these specias AD brain tissues

Thefingerprint region of 16 exhibitsthree sharp bands at 1007-m154 cm, and 1518 cr,
which can beattributedto the methyl rocking vibrational mode;@ and C=C imphase stretch
vibrations of the polyene chain, respectivedyl indicativeof camtenoids(Raduet al, 2016).
Furthermore, the relative intensities of sheRamanbands aresimilar to those for pure
b-carotengred dotted line)thereforeconfirming its attribution td-carotenelt is important to
note thatthis componenis stronglypronouncedn cortical plaques, as will béiscussedn the
next sectionsAccording to the current stage krfiowledge average carotenoid concentrations in
AD and nonrdemented controtissues from the frontal lobe and occipitalortex have been
measuredandfor b-carotenethese concentrationgere 4.5 ng/gin AD brainsand5.5 ng/g in
normal elderly onesHowever theinformationabout its spatial distribution and correlation with
Ab plaquess still missing Furthermorethe ultimate role of b-carotene and othearotenoids in
free radicalaffected disease#cluding AD has not yet beeerlucidated Stocker and Keaney
2004; Lloretet al. 2009) Despitebeing considerd asa welkknown antioxidant in vitro studies
reveal that b-carotene canshow either anti or prooxidant properties depending on its

concentration and the oxygen partial pressure in tigueton and Ingold 1983)

TheRamanspectrum ot 17 is found to be consistent with #&& (Glasscoclet al, 2008) (see red
dotted line). According to the literaturehe redox metal ions including iron has beetectedn
AD brains(Ramoset al.2014) Since metal ions are cherally overactivewith other molecules,
they make the tissusgynificantly predisposetd oxidative damage. Furthermotiee recent study
using electron holographyshowed thatiron nanoparticles colocak with the & plaque
cores(PlascencigVilla et al, 2016).Additionally, convincingdataindicatea highbindingaffinity
of metal iongo Ab peptidegZattaet al.2009) This property of metal iorgrovideseay binding
to Ab specieswith formation of Ab-metal complexesOnce the complex is generatethe Ab-

boundmetalparticlesmightinfluencethe oligomerization of A peptidegZattaet al.2009)
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5.3.2.Spatial distributions of key chemical componats in
hi ppocamlouds Ab p

In this section| inspectand compar®amarnconcentrationmapsof the chemical componenis4,
E9, E10,E16 andel17) acrossAD and nonrdementedoatient groupsn the hippocampal brain
region.Fig. 5.4- Fig. 5.8 provide overview resultsf all unmixed Ramammages, retrieved from
the smultaneous QJS/PSNMF analysis of 30 hippocampabflaques (5AD patients) together
with 10 control Raman maps &derly humans without AD In order to investigate thepatial
correlation ofe4, 9, 10,16 ande17 in Ab plaquesof different morphologiesogether with
controls | showrepresentative examples obglaquesof the following typesfibrillar (Fig. 5.9A,

7 0 1 émBfrom Ahl 001), cored neuriticKig.5.98, 6 Gm?érdn Ah2_001), coreonly (Fig.
5.9C, 4 0 1 gn® from Ah3 001 and diffu® neuritic Fig. 5.9D, 5 @rh?5r@n Ah4 00J)
plaguestogether withtwo control regionsKig. 5.9E , 6 4ni’ Bofn Chl 001, andFig. 5.9F,
5 0 I &mBfrom Ch2 001). Row 1demonstragsfluorescereimagesacquiredafter staining with
Th-S, and Row 2 shows DIC images of the same placpléectedbefore Ramameasurements
with the white squaregepresentinghe areasof Raman imaging Rows4 to 8 show theRaman
concentratioomapsof e4,e9, 10,16 ande 17, respectivelyandRow 3 givesa bluegreenred
overlay of the concentratiomapsof e4, 9, ande 10. Note, relative Ramanconcentrations are
obtained from te Q-US/PSNMF analyss, by applying the normalization such that the miedal

concentration is equal tmity (seeSection5.2.3andSection3.4 (Chapter 3for details)
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Fig. 5.4: Spatial distributions of the Raman concentration and the corresponding componentaspetfa the
measured Ahippocampabrain regions together with contrdlabelled according to the sample source as Ah:
Ah5, andCh1, Ch2, respectively) on colour scales as indicated, retriroea the simultaneous -QS/PSNMF
unmixing analysis of 3Bippocampal A plaques (5AD patients) together with 10 control Raman mapsl{rly
humans without AD.
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Fig. 5.5: Spatial distributions of the Raman concentration and the correspondimpent spectra af9 for the
measured AD hippocampal brain regions together with controls (labelled according to the sample source ¢
Ah5, and Ch1l, Ch2, respectively) on colour scales as indicated, retrieved from the simultat¢SARESQMF

unmixing analysisof 30lhppocampal Ab plaques (5 AD pat i eealderly
humans without AD).
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Fig. 5.6: Spatial distributions of the Raman concentration and the corresponding component spel@fathe
measured AD hippocampal brain regions together with controls (labelled according to the sample source ¢
Ah5, and Ch1, Ch2, respeatily) on cdour scales as indicated, retrieved from the simultanecUS®SNMF

unmi xing analysis of 30 hippocampal Ab pl aq eldedy
humans without AD).
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Fig. 5.7: Spatial distributions of the Raman concentration and the corresponding component spel@ifarthe
measured AD hippocampal brain regions together withralsnflabelled according to the sample source as Ah
Ah5, and Chl, Ch2, respectively) on colour scales as indicated, retrieved from the simultahéSIESAMF

unmixing analysis of 30lhp pocampal Ab plaques (5 AD mprantapséaiderly
humans without AD).
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Fig. 5.8: Spatial distributions of the Raman concentration and the correspondimmpoent spectra &17 for the
measured AD hippocampal brain regions together with controls (labelled according to the sample source ¢
Ah5, and Chl, Ch2, respectively) on colour scales as indicated, retrieved from the simultatéSIESAMF
unmixing analysisof30lhppocampal Ab plaques (5 AD pat i eeaderly
humans without AD).
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In general, he spatial concentrationprofiles indicate the increasedaccumulatios of these

components ithe plague areas compared tiee control regions.

Notably, CLAC €4) is found to be one of the main constituent\bfplaques with maximum
concentrations of about 40%40%, 30%, and 20% fdibrillar, coreonly, cored neuriticand
diffuse neuritic plaques, respeely. This component is clustered in miedmmains of various
sizes, whichare linked to each other, forming one large structurghape similar to the plaque.
This can be clearly seam thefibrillar plaque bycomparing the concentration mapef (Fig.
5.9A4) with the fluorescence image of this plagE&(5.9A1). Notably, this collagen component
is not observed in the oligomeric halo of the cored neuritic plaquegashy the void areas in its
concentration magFig. 5.9B4). Similarly, fibrillar Ab1.42 species and saturated lipids with high
cholesteryl ester content, represent® are observed to be packed in maltisters, which in
turn are bundled to eh other, forming macraggregate, templating fibrillar plaquieig. 5.9A5-

D5) (Kiskis et al.2015) This amyloid/lipid compound is another main constituent @praques
with maximum concentrations of about 35%, 30%, 25%, and 20% for fibrillar;ordye cored
and diffuse neuritic plques, respectivel\e 10, which is assigned to a mixture of fibrin and
arachidic acid, is found to be specific tb plaques in ADsampleskig. 5.9A6-D6), since it is not
observed for any control region corresponding to-dementecklderly brains Fig. 5.9E6, F6).
This proteinlipid component is stragly present in fibrillar and corenly plaques, where it
accounts for 25% maximum concentration, compared to cored and diffuse neuritic plaques, wher
its concentration exhibits a peakib% just in a few pixels. As can be visually observed for the
fibrillar plaque Fig. 5.9A6), this mixed component is assembled in rddtmains, whih co
localise with the plaqué-carotene componert {6), in turn, accumulates in mieezale clusters
throughout the entire comly (Fig. 5.9C7) and diffuse neuritic plaquekif. 5.9D7) only, where

it accounts for about 25% and 15% maximum concentrations, respectively, cotopeglible
concerrations for control regiond={g. 5.9E7, F7). Ascan be seen from the concentration maps
of iron oxide €17) infibrillar (Fig. 5.9A8) and coreonly plaquesKig. 5.9B8), this component is
accumulatedn uni-clustersX 2 Om in size), which are more pronounced at tlerrim of Ab

plaque
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Fig.5.9: Images ohippocampaA b p | a q differsnt morphologies anton-demented control regioshiown
in jet colour scalethefibrillar (A), cored neuritic (B), cor@nly (C) and difise neuritic (D) plaques referring
AD samples, labelled as Ahl_001, Ah2_001, Ah3_001, Ah4_001, respectively, and two control redidn
corresponding to nedementectlderlyindividuals marked as Ch1_001, Ch2_001. Rows the regionsf Raman
measurements, indicated by white square and visualized by DIC microscopy of the unlabelled sanf#¢ai4.
by fluoresceme microscopy of the plaque are@sl-D1) after staining with T¥6. Row 3: pseudoolour images
for the ADb pd mgionseusingd (calagenoXiX\t) as blueg9 (a mixture off i b r i s lard!
saturated cholesteryl esters) as greadEe 10 (a mixture of fibrin and arachidiacid) as red, scaled to saturate
25% of maximum colour channel. Rows84spatial concentration profiles of the selected components, on ¢
scales as indicated. The Raman concentrations in pahdd®is rescaled by dactor of two for visibility. The
corresponding component spectra are indicated as white lines in the first column ($€g.&sy). Scale bars:
100 m.
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A pseudecolor image encoding the concentrationsdfin blue,e9 in green, ana10 in red
provides a good rendering of the components
shown inFig. 5.9 (row 3). For example, each of these components colooaltkethe fibrillar core

of Ab plaque, but there is a lack of fibrarachidic acid structures 10) at the outer ringFig.

5.9A3) of the fibrillar plaque On the other hand, the oligomeric hafoAb plaque is foud to be
enrichedin Ab-saturateccholesteryl ester domaing ), which can beclearly observed for the

cored neuritic plaqueKig. 5.9B3).
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Fig.5.10: A scatter plobf the sample mean concentrationgiienf or 30 hi ppocampal A
and 10 control (2lderly humans without AD) Raman images versus component numBee 9, 10,16, and
E17). The mean and standard deviation of ezalnat areindicatedby the error bars. The significance in pairw
differencein the concentration levelsetweenAD and controlgroups was determined by twgample twetailedt-
test with unequal variances < 0.05, *p < 0.001, ***p < 0.0001, *****p < 0.00001.Here, AD = Al z
disease; C = control.

To investigate the significance of theceivedconcentratiorievels | have statistically analysed

the mear{seeFig. 5.10) and medianFig.5.11) concentrations 4,9, 10,16, ance 17found

from AD and control populations over the imaged regi®its each component, the mganthe
median)and the STD are given separatelyAd@ and controgroups and a-test(or the Wilcoxon

rank sum tegtwas used to determine the significance of the observed differences. The probability
of the nulthypothesistevealing whether the statical distributions correspondingdseased and
control sampleare significantly differentwhich will be reflected f the smallp-values.For both

mean and median concentratiami€ 4, 9, E10 andmean concentratioof 1,6 1,7 foundp-

values below a few percemthich confirmsa significanincreasen thelevelsof thesecomponents

in plague regions AD tissuescomparedo the control groupHowever thedifference inmedian
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concentratiorfor e16 ande 17 betweendiseased and controbhortswasfound insignificant as
reflected bythe p-valueshigherthan a 5%Fig. 5.11). It is important to note that the distribution
of E16 ande 17 for theAD groupappears to bshiftedto highe levels of median concentration
for 3 diseased samples could beclearly observed fore16 in Fig. 5.11, implying the high

variation and heterogeneitty the concentration dhese componenfsom patient to patient.
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Fig. 5.11: A scatter plot ofthe sample ndian concentrations i s gi venADf

patients) and 10 control @derly humans without AD) Raman images versus component nureBee 9, e 10,
EL16, ande 17). The melian of each cohois indicated by thelus sign The significance in pairwise difference
the concentration levels betweAD and control groups was determinedthg Wilcoxon rank sum test* p <
0.001, ***p < 0.0001, ****p< 0.0000lHer e, AD = Al zheimerds diseas

Fig. 5.12 demonstratethe colocalization histognas for the concentratiomlistributionsof 9 -
E10 (top row) ance9 - E4 (bottom row) forAD and controlgroups representing the statistios
10, 9,5, 1, 5 plaques from Ahl, Ah2, AhZh4, Ah5, and 6, 4 contrdRaman imagesom Chl,
Ch2 individuals, respectivel typical size of each Ramamage was aboli 0 I 5 6. Them
Pearson's correlation coefficisir for each case subject aiso showrin Fig. 5.12, indicatinga
positive linear correlation between concentratigstributiors of the selectedpaired components,
except forthe paire9 - e10from subject Ah5. The colocalization histogram for Ah4 sample
representing &aman image gltist one measureglaque isalso given These histogramshowa
significant difference in the concentratiatistributions of collagen, Ai.42 fibrils-saturated
cholesteryl esteand fibrin-arachidic acidcomplexesbetweenAD and control groupsand
therefore mighbe beneficialfor the discrimination of patientsclassesSpecifically, a cut-off of
concentration levels d5%, 5%, and 15%, 28% for componedt40 (top row) and components
9, 4 (bottom row)in the colocalization histogran@d Fig. 5.12, respectivelyresults inonly the

87



histograms for th&D cohortexhibitingconcentations higher than thesevels. Therefore) have
beenable to separateippocampaAD samples from the neAD controlsusing the information
fromthec o mp o rcenoehtistidn distributionsf unmixed Raman imaggshich is in linewith
theresultsusing the mean concentratigFig. 5.10).
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Fig.5.12: Colocalization histograms of concentration (%)&6r- e 10 (upper row) and f&9 - E4 (lower row) for
each disease(b AD patients) andontrol (2 individuals) hippocampal samples, which refer to AD and |
dementecklderly individuals, labelled as Ah1 (A), Ah2 (B), Ah3 (C), Ah4 (D), Ah5 (E) and Ch1 (F), @)2
Statistics on these samplesisdetermined ¥ the analysis 010 (from Ah1), 9 (from Ah2), 5 (from Ah3), 1 (from
Ah4), 5(from Ah5) plagues, and @h1), 4 (Ch2)control regionsvith atypical size of each Raman image of ab:

501 5 6. The Pearson's correlation coefficieRtior each case subjeatesshown

Concentration of C4, %

5.3.3.Chemical compositionof cortical Ab p | :akeyuchesnical

components
Similar to the hippocangb brain region, | have measurei @nstained cortical Bplaques from

6 AD patients, and control regions from 2lderlyhumanswithout AD. The same framework of

the QHIU analysis as for the hippocampus samples was applied. The results of this analysis reves
five key chemial components found colocalizing with corticab Alaques, with four of these
exhibiting Raman spectra similtoe9, e10,e16, ande 17 found in the hippocampus and sorted

by their mean concentration, from largest to smallest. These are: a mixturellaf fkivi-2> and
saturated lipids with cholesteryl derivativest(R2 = 78%), a mixture of fibrin and aractic acid

(E11, R? = 90%), b-carotene €16, R?> = 86%) and FeOs (E20, R> = 89%) (seeTable 5.2 on
componerg 6 attri bution). | mp ced tndhe hippgcampuspwas aog e n
found in the cortical plaque regions, whereas a new component appears, in spacdeéristics
resembling calcium phosphate crystal3,(R? = 93%) (seeFig. 5.13). Specifically, the spectrum

of this component has a very strongniRam band near 970 chattributed to the symmetric

stretching mode of the phosphate group, indicative of whitloCKigskinet al. 1997)
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Fig.5.13: Raman spectra of trehemical components (blue solid lines) colocalizing wittical Ab plaques, obtained fron
the simultaneous @S/PSNMF analysis of 3 cortical Ab plaques § AD patients) together witi@ control Raman maps (.
elderly humans without AD)e4 (A) is a mixtue of Abi4zfibrils and saturated lipids with cholesteryl derivaBve7 (B) is
assignedo calciumphosphate crystalg 11 (C) is a mixture of fibrin and arachidic acil6 (D) is attributed to carotenoids
e20(E) is attributed to iron oxide. The chemical attribution of comporehts7, E11,e16 ande 20is based othe comparison
with analytical standard Raman spectra of pure chemical species. Fits are shown by the red dotted lines and found
algorithm. Corresponding? are also indicated. THhi in (A) is a superposition of the Raman spectrum of syrthi-a»
fibrils (magenta line) and cholesteryl palmitégeeen line); the contributions are separately shown in the inset fiargleeprint
region. The red line inB) is the Raman spectrum oélciumphosphateThe fitin (C) is a superposition oftfiin (magenta
line) and arachidic acidyfeenline); the contributions are shown in the inset. Thered lifeh) i s t he Ra-r
carotene. The red line in (E) is the Raman spectrufesa.
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5.3.4.Spatial distributions of key chemical components ircortical A b
plaques
In this section] examine anctcompare thespatialconcentratiorprofiles of the 5 components

identified inthe previoussection over ADand nordemanted populations in th&ontal cortical
brain regionSimilarly to the hippocampal brain region, | shawoverview results of all unmixed
Raman images, as retrieved frdire simultaneou£-US/PSNMF analysis ofunstained 31
cortical Ab plaques (6 AD patints) together witi control Raman maps &derlyhumans without
AD) in Fig. 5.14-Fig. 5.18.

In order to examine in detail the spatial correlation4fe7,e11,e16 ande 20 in the corticahb
plaguesof various types] show thespatial concentrationprofiles of the plaquesvith three
different morphologie§see rows4-8 of Fig. 5.19), namely two neuritig4 0 T 4 @ fraanm
Acl 001, 6 4 | %drdm Ac2n001) coreonly ( 5 5 1 52%romeAcR 007 and corecheuritic

( 6 41 62%4frone As3 001) plaquessupplemented bywo control regions 6 4 1 62%4frone m
Ccl1 001, and JF2omITe2 0@)mThe DICand fluorescencenages of theame plaque
and control areas aggven in row 1 and 2 dfig. 5.19, where white squarasdicatethe regions
of Raman measuremenftBo note,white areas in panel84-B8 represent pixels, which were

excluded from th analysis as noisgominated (se8ection5.2.3for details).

By examiningFig. 5.19, | found that thespatialconcentratiorprofiles of 4 (the Ab fibrils and
saturated lipids with higbholesteryl esterontent) Fig. 5.19A4-D4) ande 7 (calcium phosphate)
(Fig. 5.19A8-D8) in the plaque areamimic the conburs of Th-S stained plaquesn the
corresponding fluoresceaimages Fig. 5.19A1-D1). In particular,e4 ande7 (indicative of
calcium mineralization accumula¢ throughout theAb pl aque ar eas ¢erendi
concentrations ahe core of plaquesnd lower ones at the plaque periphexcept for the cored
neuritic plaque (the upper one orifyg. 5.19D8). Also, he concentratioimagesof E11 (a mixture

of fibrin and arachidic acid)g16 (b-carotene) and&20 (FeOs) reveal the increased miero
accumulations of these species ib flaques. Notablyh-carotene component is clustered within
the plaques and tends to wrap their core. It appeatstilke smaller the plaguee higher its
coverage byb-carotene. Similarly, iron oxidee0) shows clear specks observed inside the
plaques, whereas a fibrin/arachidic acid com@lesumulatesiot only inside but also outside of

plaque regions.
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Fig. 5.14: Spatial distributions of the Raman concentration and the corresponding componentespémtithe
measured AD cortical brain regions together with controls (labelled according to the sample source as Ac
and Ccl, Cc2, regmctively) on colour scales as indicated, retrieved from the simultaneduS/EENMF
unmixing analysisof3lcodial Ab pl aques (6 AD pati ent slderlyhontpes
without AD).
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Fig. 5.15: Spatial distributions of the Raman concentration and the corresponding componentespémtridne
measured AD cortical brain regions together with controls (labelled according to the sample source as Ac
and Ccl, Cg, respectively) on colour des as indicated, retrieved from the simultaneoutlS§PSNMF
unmi xing analysis of 31 cortical Ab pl aqg ealdedyhuméans
without AD).
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Fig. 5.16: Spatial distributions of the Raman concentration and the corresponding componentesidetdrahe
measured AD cortical brain regions together with controls (labelled accordimgsample source as Acl,...,Ac
and Ccl, Cc2, respectively) on colouralss as indicated, retrieved from the simultaneoudSIPSNMF

unmi xing analysis of 31 cortical Ab pl aqeldershufds
without AD).
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Fig. 5.17: Spatial distributions of the Raman concentration and the corresponding componentesifdrahe
measured AD cortical brain regietogether with controls (labelled according to the sample source as Acl,..
and Ccl, Cc2, respectively) on colouralss as indicated, retrieved from the simultaneoudSIPSNMF

unmi xing analysis of 31 cortitk7cbntroARamanimaps¢iderthutndhs
without AD).
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Fig. 5.18: Spatial distributions of the Raman concentration and the corresparatimgpnent specta20 for the

measured AD cortical brain regions together with controls (labelled according to the sample source as Ac
and Ccl, Cc2, respectively) on colouralss as indicated, retrieved from the simultaneoud SIPSNMF

unmixinganal ysis of 31 cortical Ab plaques (&derkimans
without AD).
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Fig. 5.19: Images otortical A b aquéswith different morphologies and natemented control regiorshown in
jet colour scaletheneuritic(A, B), coreonly (C) andcored neuritidD) plagues referring to AD samples, labell
as Acl_001, A2 001, Ac2 0@, Ac3 001, respectively, and twoontrol regions (E,F), corresponding to nc
dementedelderly individuals marked as €@_001, @2_001. Rows 2: the regions of Raman measuremel
indicated by white square and visualized by DIC microscopy of the unlabelled sampleg)(@ad by fluorescee
microscopy of the plaque are@sl-F1) after staining wh Th-S. Row 3: pseudoc ol our i mages
and control regions usirey (a mixture off i b r i1k &nd saturAtéd cholesteryl esjeas blueg 20 (iron oxide
as green, and11 (a mixture of fibrin and arachidiacid) as red, scaled to gadte at 25% of maximum colot
channel. Rows 8: spatial concentration profiles of the selected components, on colour scales as indical
corresponding component spectra are indicateahéte lines in the first column (see alB@. 5.3). Scale bars
100 m.
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