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Abstract

Background:Neuromuscular diseases are a broad group of conditions that affect nerves and
muscles Diagnsing these disordergsan be very challenging and often requires multiple
investigationdeading to delays in treatment. Additionally, monitoring disease progresssm
poses considerable challengparticularlyfor clinical trials.Spontaneous Ramarpsctroscopy

can provide a rapid, lab&tee and highly specific molecular fingerprint of tisslibe purpose of

this study was to explore whether Raman spectroscopy of muscle can be usetttdrduscle
pathologyin preclinical murine models and human nules tissueln addition, | aimed to assess
the effects ofin vivoRaman recordings on muscle function.

Methods: In this study ann vivointra-muscular fibre optic Raman techniqueas developed and
testedin mouse modés of two devastating human neuromusgar diseases: amyotrophic lateral
sclerosis (SO and TDR3233Y and Duchenne muscular dystropmydX). Motor function of

the animals was assessed after the recordings using the rotarod test and gait anabydey ito
evaluate the effects of then vivo experimental procedure Postmortem MRI images were
acquired from the hind limbs of the animals to assess potential tissue dargageévaospectra

from humanmuscle acquiredfrom patients with various neuromuscular disorders and healthy
volunteers were also recorded

Results:The method was able to detect muscle pathology and discriminate between different
preclinical neuromuscular disordeis vivowith high accuracy vaés Additionally, thein vivo
recordings appearedot to have affected thenotor function of the mice andot to have caused

any longterm tissue damage. The spectra acquiedvivofrom human muscle demonstrated
similar featured to those observed in mice. Differences between healthy and diseased human
tissue were apparent.

Caoclusions:Sontaneous Raman spectroscopy shows promisateanslational research tool.
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Figure 2.3Schematic of the &nan system. 35
Figure 24:In vivoRaman experimental setup. 36
The probe is inserted in a 21G needle and the needle is inserted in the gastrocnemiug

of the anaesthitised mouse.

Figure 2.5Ex vivoRaman experimental setup. 36
The sample was placexh white paper roll (anial tissue) or on glass sligeuman tissue
and the spectra were recorded by placing the probe on the surface of the sample.

Figure 2.6: The rotarod apparatus. 38
Figure 2.7: The Catwalk 7.1 system. 39
Figure 2.8: Catwalk 7.@ait analysis softwareEach paw (digitised print) is manually labell 40
in every sequence in the walkway panel. Different colours are associated with the di
paws in the print and timing panels. Paw prints are displayed in the print view. Tha theeg
timing view represet the stand for each paw and each step cycle.

Figure 2.9: Graphical representation of gait parametes) Stride lengths (in mm) for lej 43
and right hind paws (white arrows) and hindlimb base of support (in mm) (yellow &
shown in the print viewgnel. B) Print width (in mm), print length (in mm) and print &
(mnm?) (shadowed area). C) Stand (in seconds), swing (in seconds), step cycle (in g
example of initial contact (in seconds) (orange dashed line) and maxctdimntaseconds
(black dahed line) of the second placement of the right hind paw shown in the time
panel. Formulas for the calculation of the duty cycle and swing speed displayed.

Figure 2.10Ex vivoRaman experimental setup. 47
The sample was plad on a glass slide (humdissue) and the spectra were recorded
placing the probe on the surface of the sample.

Figure 2.11: Combined Raman/EMG probe schematic 48
Figure 2.12: Leaveut crossvalidation. 50
The data set is split into training andst sets. The model ggenerated using the spectra i
the training set and validated using the label predictions from the data in the test se
cycle is repeated until each spectrum is left out once. For repeateddemamice/samples
out the whole pocess was repeated 1@dnes.

Figure 2.13: lllustration of principal component analysis for example data set with § 51

original variables.a) Example spectrum with two wavenumbers. b) The spectrum repres
as a data point in the spectral space (3pagth as many dimensios the original variables
c) More spectra (red dots) in the spectral space. The two principal components (déretf
maximum variance) are also illustrated (blue arrows). d) The spectra are projected

direction of the pincipal components (greeand yellow dots) and the score of each spect




for each PC {for PC1 and.ffor PC2) can be computed by projegtihe data in the directior
of the PCs (dashed lines).

Figure 2.14: Graphical representation of PCA matrices.
Since PCA is used faménsionality reduction the number of components used (a) is ug
smaller that number of original variables (m).

53

Figure 2.15: Fisher discriminantrulein&s2 t / Q&4 & LJ OS o

Score scatter plot of PC1 and PC2 scores with \aif@mrs shown as dots. discriminant
variable y is computed, and the group assignment is done by comparing the discriminar
of an obseration y to a threshold valuegaverage of the projected group means, gnd
Yom - dashed line). The diamondspresent the group meamsd they are projected (using th
dasheddotted line) on the discriminant variable y. The dashed line is the sepafdb® two
classes in the -B space. For -dimensional data (i.e. in an-dimensional space) th
separation lindbecomes a hyperplane.
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Figure 3.1: ROC curves for the cross validated classification models for the one mon
mdxand C57BI/10 miceROC curves for all models using leame-spectrumout and leave
one-mouseout CV are shown. The area under the R@Ze (AUC) for the déffent models ig
also displayed.

62

Figure 3.2: ROC curves for the cross validated classification models fontee months old
mdxand C57BI/10 miceROC curves for all models using leame-spectrumout and leave
one-mouseout CV are shown. The areader the ROC curve (AUC) for the different mod¢
also displayed.
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Figure 3.3: ROC curves for the crossdatkd classification models for the one and thrg
months oldmdx mice. ROC curves for all models using leame-spectrum-out and leave
one-mouseout CV are shown. The area under the ROC curve (AUC) for the different m
also displayed.
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Figure 34: ROC curves for the cross validated classificationPA$nodel for the one
month old SOD%***and C57BI/6mice. ROC curves for leaeme-spectrumout and leave
one-mouseout CV are shown. The area under the ROC curve (AUC) is also displayed
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Figure 3.5: ROC curves for the cross validated classification models for the three montf
SOD#%”*and C57BI/6 miceROC curves for all modelsing leaveone-spectrumout and
leaveonemouseout CV are shown. The area under the ROC curve (AUC) for ¢nend
models is also displayed.
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Figure 3.6: ROC curves for the cross validated classification models for tharmhtihree
months old SOM****mice.ROC curves for all models using leane-spectrumout and
leaveone-mouseout CV are shown. The area under the ROC curve (AUC) for the diffe
models is also displayed.

69

Figure 3.7: ROC curves for the cross vatdaclassification model$or the one month old
SOD#%*and mdx mice.ROC curves for all models using leame-spectrumout and leave
one-mouseout CV are shown. The area under the ROC curve (AUC) for the different m
also displayed.
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Figure 38: ROC curves for the @evalidated classification models for the three months o
SOD#%*and mdx mice.ROC curves for all models using leame-spectrumout and leave
one-mouseout CV are shown. The area under the ROC curve (AUC) for the diffedeid is|
also displayed.
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Figure 3.9ROC curves generated from repeated croatidation of one month oldndxand
C57BI/10 mice modelsROC curves are shown for each of the hundred repetitions d
crossvalidation. The mean ROC curve (black lirdsesshown. The mean AW&lue for each
model (+£) one standard deviation also displayed.
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Figure 3.10:ROC curves generated from repeated crosdidation of three months old

mdx/C57BI/10 mice modelROC curves are shown for each of the hundreditiepes during
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crossvalidation. The mean ROC curve (black line) is also shown. The mean AUC value
model (+£) one standard deviation also displayed.

Figure 3.11ROC curves generated from repeated crossidation of one and three monthg
old mdxmice modelsROC cums are shown for each of the hundred repetitions during €I
validation. The mean ROC curve (black line) is also shown. The mean AUC value falels
(+/-) one standard deviation also displayed.
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Figure 3.12:ROC curves gerated from repeated cresvalidation of three months old
SOD¥£%"and C57BI/6 mice modelROC curves are shown for each of the hundred repeti
during crossvalidation. he mean ROC curve (black line) is also shown. The mean AU(
for each mode{+/-) one standard deviain also displayed.
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Figure 3.13ROC curves generated from repeated creadidation of one/three months old
SODE£%*mice models.ROC curves ard@wn for each of the hundred repetitions duri
crossvalidation. The mean ROG@ree (black line) is alshown. The mean AUC value for ei
model (+£) one standard deviation also displayed.
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Figure 3.14:ROC curves generated from repeated cresdidation of one months old
SOD¥£%*and mdx mice modelsROC curves are shown fach of the hundred repétbns
during crossvalidation. The mean ROC curve (black line) is also shown. The mean AU
for each model (+) one standard deviation also diapéd.
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Figure 3.15:ROC curves generated from repeated crosdidation of three months old
SOD#£%*and mdx mice modelsROC curves are shown for each of the hundred repeti
during crossvalidation. The mean ROC curve (black line) isshlsan. The mean AUC val
for each model (+) one standard deviation also displayed.
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Figure 3.16: Mean Ramaspectra formdxand C57BI/10 mice groups.

The mean spectra fandxand control mice of one and three months of age are shown
the dotted lines. The shaded areas represem) (ethe standard deviation from the mea
spectrum.The spectra have been offsir clarity.
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Figure 3.17: Mean Raman spectra for SGftand C57BI/6 mice groups.
The mean spectra for SOt¥¥and C57BI/6 mice of one and three months of age are sh
with the dotted lines. The shaded areas represen) @rie standard deviatioflom the mean
spectrum.The spectra have been offset for clarity.
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Figure 3.18: Mean and difference spectra of omenth old mdxand C57BI/10 mice. 91
a) Mean spectra for one and month attixand C57BI/10 mice and b) differencesipum.
Prominent peakshat differ between the two groups are indicated in both graphs.

Figure 3.19: Mean and difference spectra of thre®nths oldmdxand C57BI/10 mice. 92

a) Mean spectra for three months abddx and C57BI/10 mice and b) differenqeestrum.
Prominent peakthat differ between the two groups are indicated in both graphs.

Figure 3.20: Mean and difference spectra of one and three monthraltk and C57BI/10
mice.

a) Mean spectra for one and thramonths oldmdx mice and b) differencepectrum.
Prominent peak that differ between the two groups are indicated in both graphs.
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Figure 3.21: Mean and difference spectra of one month old S&#and C57BI/6 mice.
a) Mean spectra for one month o80OD$°**and C57BI/6 mice and b) differee spectrum
Prominent gaks that differ between the two groups are indicated in both graphs.
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Figure 3.22: Mean and difference spectra of three months old S&Hand C57BI/6 mice.
a) Mean spectra fahree months old SOB%¥*and C57BI/6 mice and Wifference spectrum
Prominent peaks that differ between the two groups are indicated in both graphs.
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Figure 3.23: Mean and difference spectra of one and three months old S&fnice.
a) Mean spectrdor one and three months old SGI¥f'mice and b difference spectrum
Prominent peaks that differ between the two groups are indicated in both graphs.
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Figure 3.24: Mean and difference spectra of one month widxand SOD%***mice.
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a) Mean spectra foone month oldmdx and SOD3%** mice and b) dftrence spectrum
Prominent peaks that differ between the two groups are indicated in both graphs.

Figure 3.25: Mean and difference spectra of three months midx and SOD%***mice.
a) Mean spectra for three months atddx and SOD¥***mice and b) dference spectrum
Promirent peaks that differ between the two groups are indicated in both graphs.
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Figure 3.26Background subtracted mean spectra wfdx and C57BI/10 mice group3he | 97
spectra have been offset for clarity and the most prominent peaks heen highlighted.
Figure 3.27Background subtracted mean spectra of SGtand C57Bl/6 mice pups. | 97

The spectra have been offset for clarity and the most prominent peaks have been
highlighted.

Figure 3.28: PC3 score histogram and loading jide the one month oldndxand C57BI/10
mice.

100

Figure 3.29: LD1 score histogram and LDF plot for the one monthmald and C57BI/10
mice.
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Figure 3.30: LD1 score histogram and LDF plot for the three monthasndikland C57BI/10
mice.
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Figure 3.31Component 1 score histagm and weight plot for tre three months oldndx | 103
and C57BI/10 mice.

Figure 3.32: LD1 score histogram and LDF plot foradhe and three months oldndx mice. | 105
Figure 3.33: Component 1 score histogram and weight plot for the and three months | 105
old mdx mice.

Figure 3.34: PC2 score histogram and loading plot for the three months old $&ahd | 107
C57BI/6 mice.

Figure 3.35: LD1 score histogram and Ldbdt for the three months old SOF%**and 107
C57BI/6 mice.

Figure 3.%: Component 1 score himgram and weight plot for the three months old 108

SOD#%**and C57BI/6 mice.

Figure 3.37: PC1 score histogram and loading plot for the one and three monthg
SOD#%**mice.

110

Figure 3.38: LD1 score histogram and LDF plottierone and three monthsld SOD%%#
mice.
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Figure 3.39: Component 1 score histogram and weight plot for the one and three mo
old SOD%%**mice.
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Figure 3.40: PC3 score histogram and loading plot for the one monthmald and 113
SOD#%* mice.

Figure 3.41: LD1 scohéstogram and LDF plot for the one month atddx and SOD%%%4 113
mice.

Figure 3.42: Component 1 score histogram and weight plot for the one montmalgand | 114
SOD#%* mice.

Figure 3.43: LD1 score histogram and LDF plotlie three months oldndx and SOD%%%** | 116
mice.

Figure 3.44: Component 1 score histogram and weiglot for the three months oldndx | 116

and SOD%%*"mice.

Figure 3.45: Gastrocnemius muscle sections from one monthnudet and C57BI/10 mice
stained with haematoxylin/eosin.In one month oldmdx mice sectionsiecrotic fibres with
inflammatory cells (a,b, arrows) and small myofibres with centrally placed nuclei (a,
heads) indicating early regeneration can be seen in the sections acquired from dheoidd
mdx mice. Normal mofibers from control tissue can be seen in figutdagnification: x40,
scale bars: 10em.
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Figure 3.46: Gastrocnemius muscle sections from three monthsnoldand C57BI/10 mice

stained with haematoxylin/eosin. Larger muscle cells with centrally pda nuclei
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(regeneration) (a,b, arrowheads andflammation (b, arrow) can be seen in tkections
acquired from three months old middormal myofibers from control tissue can be see
figure c.Magnification: x40, scale bars: 1.

Figure 3.47: @strocnemius muscle sections from on@nth old SOD%***and C57BI/6
mice stained with h@&matoxylin/eosin.One month old SOB*¥*muscle displayed no
evidence of pathology with normal myofibres present. No differences were observed
between SODF?A(a) andC57BI/6 (b) muscleMagnification:xi n X & OF £ S oI |
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Figure 3.48: Gastrocneims muscle sections from three months old SG#¥1and C57Bl/6
mice stained with haematoxylin/eosin.Three months old SO showed signs o
denervation in the form of grouped atrophy (a, double arroswall angular fibres (g
chevrons), as well as hypphic fibres (b, arrow) and centrally placed nuclei (b, arrow he
Normal myofibers from control tissue can be seen in figure c. Magnification: x40, scal
100>m.
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Figure 3.49: Rotarogierformance for one month old SOB**and C57BI/6 mice.
Rotarod performance measured as time to fall in seconds (y axis) at two time points.
Genotype and type of procedure are indicated in each graph. Dots indicate individua
performances within each gup andtime point.Mean of each group +ktandard deviation
are also shown.
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Figure 3.50: Rotarod performance for one month old S&¥iand C57BI/6 mice.
Rotarod performance measured as time to fall in seconds (yatigee time points.
Genotype andype of procedure are indicated in each graph. Dots indicate individual
performances within each group and time poiviean of each group +ktandard devition
are also shown.
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Figure 3.51: Rotarod performance fdntee months old SOF¥**and C57Bl/Gmice.
Rotarod performance measured as time to fall in seconds (y axis) at two time points.
Genotype and type of procedure are indicated in each grapls. iBdicate individual
performances within each group and timeiqto Mean of each group +tandarddeviation
are also shown in graphs (&)).Median and interquartile range are shown in graph (d).
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Figure 3.52: Rotarod performance for three monthisl FOD$%*and C57BI/6 mice.
Rotarod performance measured amé to fall in seconds (y axis) dirée time points
Genotype and type of procedure are indicated in each graph. Dots indicate ind
performances within each group and time point. Me&rach group +/standard deviation
are also shown in graphs (&)). Median and interquartile ranggre shown in graphs ().
Asterisks indicate p < 0.01 (**).
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Figure 3.53Rotarod performance for 104 days o8OD £ mice.
Rotarod performance measured as time to fall in seconds (y axis) at three time plaats
and (+/) standard deviationra shown for each group.
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Figure 3.54: Rotarod performance for one month ofdixand C57BI/10 mice.

Rotarod performance measured as time to fall in seconds (y axis) at two time points. G¢
and type of procedurare indicated in each graph. Dotwsdicate individuaperformances
within each group and time point. Median of each group and interquartile range are
shown.
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Figure 3.55: Rotarod performance for one month ofdixand C57BI/10 mice.

Rotarod perfonance measured as time to fall iecends (y axis) dhree time points.
Genotype and type of procedure are indicated in each graph. Dots indicate individual
performances within each group and time point. Median of each group and interquartil
range are &0 shown in graphs.
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Figure 3.%: Rotarod performace for three months olendxand C57BI/10 mice.
Rotarod performance measured as time to fall in seconds (y axis) at two time points.

Genotype and type of procedure are indicated in each graph. Qiitsie individual
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performances withi each group andrie point. Median of each group and interquartile
range are also shown.

Figure 3.57: Rotarod performance for three months ofdixand C57BI/10 mice.

Rotarod performance measured as time to fabéeonds (y axis) at three time pisin
Genotype and tye of procedure are indicated in each graph. Dots indicate individual
performances within each group and time point. Median of each group and interquartil
range are also shown.
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Figure 3.58: Diffeent sample geometries

MRI scan oflissected muscle) and axial plane image of the whole leg scan (b). Tibia
fibula helped orientation on the axial planes of the whole leg scans and thus identifyi
regions of interest, shown in yellow circles.
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Figure 3.59:Axial MRI imagesat three different time points after the shamRaman
procedure The yellow arrows indicate the hypiatense regions that could be attributed
the experimental procedure. Such areas can be seen at six hours and tvbodagsat two
weeks.
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Figure 360: Axial MRI images at two different time points after the active Ramq
procedure
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Figure 3.61: Running wheel performance of two different groups of three monthsnudick
mice. The different groups {ihgroup 15, Subgroup 2 fingroup =10) had a snilar average
performanceMean and standard deviation shown.
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Figure 3.62: Serum CK levels in C57BI/10 (n=10)}axancisedndx (n=10) and exercised
mdx (n=10) mice.

138

Figure 3.63: ROC curves for the creafidated classification models for thexercised and
non-exercisedndxmice.ROC curves for all models using leame-spectrumout and leave
one-mouseout CV are shown. The area under the ROC curve (AUC) for the different m
also displayed.
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Figue 3.64:ROC curves generated fronepeated crossvalidation of exercised and non
exercisedndxmice.ROC curves are shown for each of the hundred repetitions during
validation. The mean ROC curve (black line) is also shown. The mean AU gatheriodel
(+/-) one standard deviativalso displayed.
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Figure 3.65: Mean Raman spectra for exercised and-esarcisedndx mice groups.

The mean spectra for exercised and+gexercisedndxmice are shown with the dotted ling
The shaded areas regsen (+/-) one standard deviation frorthe mean spectrumThe
spectra have been offset for clarity.
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Figure 3.66: Mean and difference spectra of the exercised and-exgrcisedndx mice.
a) Mean spectra for one and month atiixand C57BI/10 mice ang) dfference spectrum
Prominent peakare indicated in the mean spectrum.
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Figure 3.67Background subtracted mean spectra of exercised and-eaarcisedndx
mice groups.The spectra have been offset for clarity and the most prominent peaks hal
been hghlighted.
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Figure 3.68: PC3 arfliC6 and loading plots for the exercised and rexercisedndx mice.
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Figure 3.69: LD1 score histogram and LDF plot for the exerasednonexercisedmdx
mice.
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Figure 3.70: PLS component 1 and 2 weight plotsthe exercised and noexercisedndx
mice.

148

Figure 3.71: ROC curves for the cross validated classification models for exercised an
exercisedjuadricepsROC curves for all models using leane-spectrumout and leaveone-
mouseout CV are showrThe area under the ROC curve (AldChe different models is als
displayed.
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Figure 3.72: ROC curves for the cross validated[PASlassification models for exercise
and nonexercised tibialis anteriorROC curves for all models using leane-spectrumout
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and leaveonemouseout CV are shown. The area under the ROC curve (AUC) for the di
models is also displayed.

Figure 3.73: ROC curves for the cross validated-BAX:lassification models for exercisg
and nonexercised diaphragmROC curves for all models using éeame-spectrumout and
leaveonemouseout CV are shown. The area under the ROC curve (AUC) for thent
models is also displayed.
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Figure 3.74: ROC curves for the cross validated classification models fariss@and
non-exercised gastrocnemal ROC curves for all models using leame-spectrumout and
leaveonemouseout CV are shown. The areader the ROC curve (AUC) for the differen
models is also displayed.
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Figure 3.75: ROC curves for the croshdaded classification models for th three months
old TDP43 and TDR3**3¥mjice. ROC curves for all models using leamne-spectrumout
and leaveone-mouseout CV are shown. The area under the ROC curve (AUC) for the d
models is also displayed.
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Figure 3.76: ROC curves fortleross validated classification models for the three mont
old SOD%%**and TDP43°*mice.ROC cungefor all models using leawme-spectrumout

and leaveonemouseout CV are shown. The area under the ROC cud@)(#r the differen
models is alsdisplayed.

157

Figure 3.77ROC curves generated from repeated crosdidation of three months oldr'DR
43 and TDR3**¥mice modelsROC curves are shown for each of the hundred repeti
during crossvalidation.The mean ROC curve (black line)se ahown. The mean AUC va
for each model (+) one standard deviation also displayed.
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Figure 3.78: ROC curves generated from repeated crosdidation of three months old
SO**and TDP432*¥Kmice. ROC cunsare shown for each of the hundregpetitions
during crossvalidation. The mean ROC curve (black line) is also shown. The mean AU
for each model (+) one standard deviation also displayed.
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Figure 3.79: Mean Raman spectra for SGEf4 TDP43 and TDR3**3mice groups.

The nean spectra for three months old SG4 TDP43 and TDR3*3¥mice are showr
with the dotted linesThe shaded areas represent-J-the standard deviation from the mea
spectrum.The spectra have been offset forritha
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Figure 3.80: Mean and diérence spectra of three months old TEIB and TDR3*3¥mice.
a) Overlaid mean spectra fthree months old TDR3 and TDR3%%¥mice and b) differenc
spectrum. Prominent peaks that differ between the two groupgsimdicated in both graphs
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Figure 3.81: Mean and difference spectra of three months old S€8hand TDP43331K
mice.

a) Mean spectra for three months old SGB1 and TDR43%*¥ mice and b) differenc
spectrum. Prominent peaks that differ betwete two groups are indicated in dographs.
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Figure 3.82Background subtracted mean spectra of SG#1, TDP43 and TDR}39331K
mice. The spectra have been offset for clarity and the most prominent peaks have bee
highlighted.
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Figure 3.83: PC&ore histogram and loading plot fahe three months old TDR3 and TDP
43%%Kmice.
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Figure 3.84: LD1 scoldstogram and LDF plot for the three months old TB® and TDP
43%%Kmice.
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Figure 3.85: PC1 score histogram and loading plot for thiee months old SO¥#**and
TDR433¥mice.
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Figure 3.86: LD1 score histogram and LDF plot for the threeth®ald SOD%***and TDP
43 mijce.
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Figure 3.87: Component 1 score histogram and weight plot for the three months

SOD#%*and TDR43%3Kmijce.
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Figure 3.88: RC curves for the cross validated classification models for the one month
male mdx and C57BI/10 miceROC curves for all models using leane-spectrumout and
leaveonemouseout CV are shown. The area under theCR@rve (AUC) for the differe
modes is also displayed.
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Figure 3.89: ROC curves for the cross validated classification models for the three m
old malemdx and C57BI/10 miceROC curves for all models using leame-spectrumout

and leaveonemouseout CV are shown. The area enthe ROC curve (AUC) toe tifferent
models is also displayed.
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Figure 3.90ROC curves generated from repeated crosdidation of one month oldmdx
and C57BI/10 miceROC curves are shown for each of the hehdepetitions during crosg
validation. The mean ROC curve (klhce) is also shown. The mean AUC value for each 1
(+/-) one standard deviation also displayed.
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Figure 3.91ROC curves generated from repeated cresdidation of three months oldndx
and C57BI/10 miceROC curves arshown for each of the hundred repetitions during cr
validation. The mean ROC curve (black line) is also shown. The mean AUC value for é&
(+/-) one standard deviation also displayed.
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Figure 3.92: Mean &man spectra for one month old maladx and C57BI/10 mice groupg
The mean spectra fandxand control mice of one month of age are shown with the do
lines. The shaded areas repeas(+/+) one standard deviation from the mean spectrirhe
spectra hae been offset for clarity.
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Figure 3.93: Mean Raman spectra for three months old maidxand C57BI/10 mice
groups.The mean spectra fandxand control mice of three months of age are shown wi
the dotted lines. The shaded areas represer) @re sandard deviation from the mean
spedrum. The spectra have been offset for clarity.
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Figure 3.94: Mean and difference spectra of one montti mdxand C57BI/10 mice.
a) Mean spectra for one and month ofdtixand C57BI/10 mice and b) difference spectr
Prominent peaks that differ betwadhe two groups are indicated in both graphs.
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Figure 3.95: Mean and difference spectra of three mosittidmdxand C57BI/10 mice.
a) Mean spectra for three months abddx and C57BI/10 mice and b) difference spetr
Prominent peaks that differ bewen the two groups are indicated in both graphs.
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Figure 3.96Background subtracted mean spectra of one month old maléxand C57BI/10
mice groups.The spectra have been offset for clarity and the most promineak$ have
been highlighted.
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Figure 3.97:Background subtracted mean spectra of three months old matelx and
C57BI/10 mice groupd.he spectra have been offset for clarity and the most prominent p
have been highlighted.
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Figure 3.98: LD1 scotdstogram and LDF plot for the oneonth old mdx and C57BI/10
mice.

183

Figure 3.99: Component 1 score histogram and weight plot for the one montmaldand | 184
C57BI/10 mice.

Figure 3.100: PC1 score histogram and loading plot for the three monthsnalig mdx 185
and C57BI/10 mice.

Figure 3.101: LD1 score histogram and LDF plot for the three months old mdieand 186
C57BI/10 mice.

Figure 3.102: Component 1 score histogram and weight plot for the three months old | 186

male mdxand C57BI/10 mice.

Fgure 3.103: CMARmplitudes for theSOD¥$%*and C57BI/6 mice recorded using thrg
different methods.Mean and standard deviation shown. Asterisks indicate p<0.05 |

Turkey postest following mixed effect model repeated measures ANOVA.
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Figure 3.D4: CMAP amplitude for the SOD***and C57BI/6 mice recorded using the
combined probeMean and standard deviation shown. Asterisks indicate p<0.001 using
a i dzR Stesti Qa G

188

Figure 3.105: CMAP amplitudes for the SOGB4and C57BI/6 mice recorded ungj

standard methods CMAP amplitudesecorded with the ring electrodes (left) and the nee
electrode (right). Mean and standard deviation shown. Two asterisks indicate p<0.01,
FAGSNRAa1a AYRAOLNGStestF ndnnnam dzAAYy3I &l dzR
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Figure 3.106: Bekground subtracted mean Raman spe&tof SOD%$°**mice acquired
using the Raman and combined probes.
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Figure 3.107: CMAP amplitude for SGi%tand C57BIl/6 mice before and after the Ramg
recordings.
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Figure 3.108: Man Raman spectra from muscleone and blood of three months olohdx
mice. The most prominent peaks in the mean spectra of the different organs and blog
indicated.
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Figure 3.109: PC1 score histogram and loading plot following PCA opgaetra measured
from muscle and bone.
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Figure 3.110: PC1 score histagr and loading plot following PCA on the spectra measul
from muscle and blood.
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CA3IdzZNE odmmmY wh/ OdzNBSa F2NJ 6§KS ONRaa3
I Yy RSWE (i K& QROE lcurvkst fd allddels generated using the probe spectising
leaveone-spectrumout and leaveone-sampleout CV are shown. The area under the H
curve (AUC) for the different models is also displayed.

202

Figure 3.112: RO€urves for the cross validated classificatioh2 RSt & F2 NJ { K
' YR YRS @ iROCEuSEs for the PDB models generated using the microscop
spectra using leavene-spectrumout and leaveonesampleout CV are shown. The area
under the RQ curve (AUC) for the different models is dlsplayed.

203

Figure 3.113: ROGINIISa F2NJ 6KS ONRaa @It ARFGSR
RA&a2NRSNAEQ | y RROEZKBJed far &l @robe tndddld usirty seshespectrum
out andleaveonesampleout CV are shown. The areadem the ROC curve (AUC) for
different models is also displayed.

205

CA3Idz2NBE odmmnY wh/ OdzNBSa F2NJ 6KS ONRaa
RAA2NRSNAEQ | yR ROK&mstfdr Klentrrostdpel miidedsiuding leavne-
spectrumout and leaveone-sampleout CV are shown. The area under the ROC curve
for the different models is also displayed.

206

Figure 3.115: ROC curves for the cross validated classification models fo6 Wa b
WK S| f UK &RDCxurvedfill Prabe models using leaome-spectrumout and leave
one-sampleout CV are shown. The area under the ROC curve (AUC) for the different
is also displayed.

207

Figure 3.116: ROC curves for theN2 a4 & @+ f ARF G SR Of | &4 & Aahd
WK S| £ (K& ROCxunéhbfalSicscope models using leawse-spectrumout and
leaveone-sampleout CV are shown. The area under the ROC curve (AUC) for the d
models is also displagie

208

Figure 3.117: Mean probe Raman spectra the different muscle biopsy groups.

The mean spectra for the different muscle biopsy groups are shown with the dotted lin
The shaded areas represent{tgne standard deviation from the mean spectrirhe
spectra have been offset for clarity.

216

Figure 3.118: Mean microscope Raman spm for the different muscle biopsy groups. | 217
The mean spectra for the different groups are shown with the dotted lines. The shade
areas represent (+ one standard deviation from the mean spectrirhe spectra have

been offset for clarity.

Figure 3119: Mean and differencerobespectraoftheWY & 2 LI § K& Q | y R |218

XViii




0 aSty aLISOGNI F2N GKS wyez2L) 6KeQ FyR
Prominent peaks are indicated in both graphs.

Figure 3.120: Mean and differencerobe 8 LISOG N} 2F GKS WYA
WKSFf GIKeIy a4 Ly SAaWSOGNI F2NJ G6KS wyaidz(d
and b) difference spectrum. Prominent peaks are indicated in both graphs.

218

Figue 3.121: Mean and differencprobed LISOG N} 2F GKS Wab5Q |219
a) Mean spectra for the MND and healthy samples and b) difference spe&raminent

peaks are indicated on the mean spectra.

Figure 3.122: Mean and differencanicroscoped LISOGU NI} 2 F GKS WK{ 220

samples.
a) Mean spectra for the myopathic and healthy samples and b) difference spe
Prominent peaks that differ between the two groups are indicated in both graphs.

Figure 3.123: Mean and differenceicroscoped LISOG N} 2 F (1 RE 48P YXR{E
WKSIfiKeQu aa LW SAaWISOGNT F2NJ 6KS WYAd2(
and b) difference spectrum. Prominent peaks that differ between the two groups are ind
in both graphs.

220

Figure 3.124: Mean and differenasicroscoped LISOG N} 2F (GKS Wabs
F0 aSty aLISOGNI FT2N 6KS Wab5Q YR WKSI
peaks that differ between the two groups are indicated in both graphs.

221

Figure 3.125Background subtracteaneanprobe spectra of the different muscle biopsy
groups.The spectra have been offset for clarity and the most prominent peaks have bg
highlighted.

222

Figure 3.126Background subtracted meamicroscopespectra of he different muscle
biopsy groupsThe spectra have been offset for clarity and the most prominent peaks h
been highlighted.

224

CAIdzNB o0®dMHTY ¢t/ YR t/n FyR {2F RAy3

226

M
Figure 3.128: LD1 scohistograyY | YR [ 5C LJ 24 TR NOKISK S (UK

227

CAIAdzNE odmMHpY t[{ O2YLRYSYld mMIuZo | YyR
samples.

228

CAIAdzNBE odmonyY t[{ O2YLRYSYyid MIHIWKSIK I
samples.

229

Figure 3.131: LD1 score sAANJ ¥ 'y R [5C LX 204 F2NJ (K
WKSFfGKeQ al YL Sao

231

CAIdzNE odmoHY t[{ O2YLRYSYyd m &a02NB KA|231
RAA2NRSNEQ YR WKSIf{iKeQ &l YL Sao

Figure 3.133:LD1 score histogram and LDF plot farK S WY A (12 OK2 Y RN 232
WKSIfiKeQ &l YL Sao

CAIdz2NBE odmonY t[{ O2YLRYSYyld m a02NB KA|232
RAA2NRSNEQ YR WKSIf{iKeQ &l YL Sao

Figure 3.135: LD4core histogramaR [ 5C LJ 23 T2 NJ &8 RS a WX bhJf 234
CA3IdzNBE odmocyY t[{ O2YLRYSYyld ™M YR H &0|235
WKSIfiKeQ al YL Sao

CAIdzNBE odmMoTY t/H &a02NB KAaG23aI8IYIKER | 236

Figure 3.138: LD1score histogfa YR [ 5C L) 23 F2NJ 6KS Wa

236

CAIdzNE odmopY t[{ O2YLRYySyld m a02NB K
WKSFfiKeQ al YL Sao

237

Figure 3.140: ROC curves for the croabdated classifit G A 2y Y2 RSt a ¥
andWK S I f (i K& ROCa&ured Jor sliindvdels generated using the probe spectra
leaveone-spectrumout and leaveonesampleout CV are shown. The area under the H

curve (AUC) for the different mels is also dispyed.

241

XiX




Figure 3.141: ROC curv@s2 NJ 1 KS ONRaa @It ARFGSR Of I|242
YR WKSI f (iRACQun@d fof blf n®deld generated using the microscope s
using leaveone-spectrumout and leaveone-sampleout CV are showrT he area under th¢
ROC curve (AU the different models is also displayed.

Figure 4.1 T2Contrast.Maximum contrast between the tissues with differentiffies is at | 258
TE. Shorter echo time leads to higher signals from both tissues but worsesbhbnger
echo time leads to vetgw signals.

XX




List of Tables

Table 2.1: Number of mice used in each group in Studdgk and strain/genotype clusterg
the mice in each group. Procedure clustered the mioae of two subgroups.

31

Table2.2: Number of mice used in each group in Studyaluntary exercise clustered tf
mice in each group. Procedure clustered the mice in subgroups.

32

Table 2.3: Number of mice used in each group in Study 3. 33
Table 24: Number of mice used i@ach groy in Study 4. 33
Table 2.5: Number of mice used in each group in Study 5. 34
Table 2.6: Full list and definitions of gait parameters. 40
Table 2.7: Summary of the human muscle samples used in the study. 46
Table 2.8 Confusion matrix of awo-group madel. 57
Table 3.1: Summary table af vivoexperiments. 59
Table 3.2: Summary table @x vivorecordings. 60
Table 3.3: Two group PAMDA, PCADA and PLBA classification models performang 61
evaluated using differat CV methods for the one month olddxand C57BI/10 mice.

Table 3.4: Two group PAMDA, PCADA and PLBA classification models performang 63
evaluated using different CV methods for the three months oidix and C57BI/10 mice.
Table 3.5: Two groufPCALDA, PCADA and PLBA classifiation models performancq 64
evaluated using different CV methoder the one and three months oldndx mice.

Table 3.6: Two group PLIA classification model performance evaluated using different| 65
methodsfor the one month old SOD%***and C57BI/6 mice.

Table 3.7: Two group PGADA, PCADA and PLBA classification models performang 67
evaluated usingdifferent CV methods for the three months old SC¥tand C57BI/6 mice
Table 3.8: Two group PGADA, PCADA and PLDA classification models pafmance| 69
evaluated using different CV methoder the one and three months old SOE##mice.

Table 39: Two group PGADA, PCADA and PLBA classification models performang 70
evaluated using different CV methods ftite one month oldmdxand SOD%***mice.

Table 3.10: Two group PAMDA, PCADA and PL-BA classification models performang 72
evaluatedusing different CV methodfr the three months oldndx and SOD%***mice.

Table 3.11: Repeated CV RCBA, PCADA and PL-BA models classificatioperformance| 74
for one month oldmdx and C57BI/10 miceThe mean sensitivity, specificejd accuracy
values from the 100 repetitions are shown. Standard deviation and coefficients of var
are also displayed. Co®Roefficient of Variability.

Tabk 3.12: Repeated CV PCRA, PCADA and PL-BA models classification performand 76

for three months oldndxand C57BI/10 miceThe mean sensitivity, specificity and accur

XXi




values from the 100 repetitions are shown. Skaml deviation and coefficients oanability
are also displayed. CoV: Coefficient of Variability.

Table 3.13: RepeateCV PCADA, PCRDA and PL-BA models classification performang
for one and three months oldhdxmice. The mean sensitivity, spécity and accuracy valug
from the 100 repetitions are shown. Standard deviation and coefficients of variability arg
displayed. CoV: Coefficient of Variability.

78

Table 3.14: Repeated crosslidated PCALDA, PCADA and PL-BA three group mode
classification performance fomdxand C57BI/10 miceThe mean sensitivity, specificity a
accuracy values from the 100 rdjpens are shown. Standard deviation and coefficients
variability are also displayed. CoV: Coefficient of Variability

80

Table 315: Repeated CV PAMDA, PCADA a PLDA models classification performang
for three months old SOF¥#** and C57BI/6 mie. The mean sensitivity, specificity a
accuracy values from the 100 repetitions are shown. Standard deviation and coeffici
variability are also displayed. Cd¥befficient of Variability.

81

Table 3.16: Repeated CV RCBA, PCADA and PL-BA malels classification performanc
for one and three months old SOB#”mice. The mean sensitivity, specificity and accur
values fron the 100 repetitions are shown. &tiard deviation and coefficients of variabil
are also displayed. CoV: CoefficienVafiability.

83

Table 3.17: Repeated CV PCBA three group model classification performance fadx
and C57BI/10 miceThe mean gasitivity, specificityand accuracyalues from the 10(
repetitions are shown. Standard deviation and coefficients of variability are also disp
CoV: Coefficient of Variability.

85

Table 3.18: Repeated CV RCBA, PCADA and PL-BA models classifidtin performance
for one month oldmdx and SOD%***mice. The mean sensitivity, specificity and accur
values from the 100 repetitions are shown. Standard deviation and coefficievdasiatbility
are also displayed. CoV: Coefficient of Variability.

86

Table 3.19: Repeated CV RCBA, PCADA and PL-BA models classification performang
for three month oldmdx and SOD%%**mice. The mean sensitivity, specificity and accur
values fronthe 100 repetitions are shown. Standard deviation and coefficidntar@ability
are also displayed. ®o Coefficient of Variability.

88

Table 3.20: Prominent Raman peaks in mean and difference spectra ahtieand
C57BI/10 mice and tentative peak ageaments.A decrease in these peaks was observeq
the disorder progessed for thendxmice.

93

Table 321: Prominent Raman peaks in mean and difference spectra of the S&xnd
C57BI/6 mice and tentative peak assignments.decrease in these peaks svabserved a
the disorder progressed for the SGBmice.

95

Tabk 3.22: Prominent Raman peaks in nreand difference spectra of the SO8#and
mdx mice and tentative peak assignments.

96

Table 3.23: Prominent Raman peaks in background subtracted spectra and tentative
assignments Amino acids are specified whtre peaks are largely associatedtwthem in
the literature.

98

XXii




Table 3.24: Prominent Raman peaks in background subtractpdcta compared with
peaks of major muscle components and skeletal muscle found in the literature.

99

Table 3.25: Summary tablef the peaks associated with the @month old mdx and
C57BI/10 mice and tentative peak assignments. the group column, thgroup that the
peaks were more prominent is displayed.

102

Table 3.26 Summary table of the peaks associated with the three mosittldmdx and
C57BI/10 mice and temttive peak assignmentdn the group column, the group that the
peaks were more prominerg displayed.

104

Table 3.27: Summary table of the peaks associated with the one and three monthsidid
mice and tentative peakassignmentsin the group column, g group that the peaks wer|
more prominent is displayed.

106

Table 3.28: Summary table tiie peaks associated with the three months old SGf$tand
C57BI/6 mice and tentative peak assignmeniis.the group column, thgroup that the peaks
were more promient is displayed.

109

Table 3.29: Summary table of the peaks associated with the onegthmonths old
SOD#%mice and tentative peak assignmenti the group column, the group that the
peaks were more prominent issglayed.

112

Table 3.30: Summary tde of the peaks associated with the one month old
mdx/SODF**mice and tentative peak asgnments.In the group column, the group that
the peaks were more prominent is displayed.

115

Table 3.31: Summary table of the pks associated with the three month®d mdxand
SOD#%'mice and tentative peak assignmenti the group column, the group that the
peaks were more prominent is displayed.

117

Table 3.32:Comparison between gait parameters determined a week before anday
after the Raman experimental mcedure using the Catalk system.Adjusted Pvalues (g
values) following FDR correction (Q=0.05) shown when significant (q<@)05jecreaseq
with time, (i): increased with time.

131

Table 3.33Comparison between gaparameters determined a week befe and a day
F FGSNI GKS WakKlYQ SELISNAYSY (|l The e ek RatzN|
carried out for one group due to small number of animals.

132

Table 3.34Comparison between gait parameters determinedweek before and two
weeks after he Raman expémental procedure using the Catwalk systerdjusted P
values (gvalues) following FDR correction (Q=0.05) shown when significant (q<@)05).
decreased with time, (i): increased with time.

133

Table 3.%: Comparison between gait parametsrdetermineda week before and two
65814 FFGSNI GKS WaAKI YQ SELISNAR Y SAdjusted P LIN
values (gvalues) following FDR correction (Q=0.05) shown when significant (q<0.05).

134

Table 3.36:Two group PCADA model classificain model performance evaluated usin
different CV methods for the exercised and nerercisedndx mice.

140

xXXxiii




Table 3.37: Repeated CV RCBA, PCADA and PL-BA models classification performang
for three morths old execised and norexercised miceThe man sensitivity, specificity an
accuracy values from the 100 repetitions are shown. Standard deviation and coeffici
variability are also displayed. CoV: Coefficient of Variability.

141

Table 3.38: Prminent Ramanpeaks in mean spectra of the exeseld and norexercised
mdx mice and tentative peak assignments.

144

Table 3.39: Prominent Raman peaks in background subtracted spectra and tentative
assignmentsAmino acids are specified when the peaks are laragdpciated with them ir
the literature.

146

Table 3.40: Summary table of the peaks associated with &éxercised and nomxercised
mdx mice and tentative peak assignments.

148

Table 3.41: Two group PAMDOA model classification model performance evaluatasing
different CV methods for exeised and norexercised quadriceps.

149

Table 3.42: Two grouf’LSDA model classification model performance evaluated usi
different CV methods for exercised and nerercised tibialis anterior.

150

Table 3.43: Two @up PLDA model classification mae performance evaluated usin
different CV methods for exercideand nonrexercised diaphragm.

151

Table 3.44: Two group PAMDOA model classification model performance evaluated us
different CV methods for exercisexthd nonexercised gastrocnemius.

153

Table 3.45: Two group PAAA model classification performanevaluated using different
CV methods for limb muscles and diaphragm.

154

Table 3.46: Two group PADA, PCADA and PL-BA model classification performaec
evaluated using different CV methis for the three months old TD®3 and TDRI3?331K
mice.

155

Table 3.47: Two group PADOA, PCADA and PL-BA model classification performanc
evaluated using different CV methods for the three months old SE¥&and TDR43%331K
mice.

157

Table 3.48: Bpeated CV PCRDA, PCADA and PL-BA models classificationgsformance
for three months old TDR3 and TDRI3?*3*¥mice. The mean sensitivity, specificity a
accuracy values from the 100 repetitions are shown. Stahdaviation and coefficients ¢
variability are also displayed. CoV: Coefficient of Variability.

158

Table 3.49: Repeated CV RCBA, PCADA and PL-BA models classification performang
for three months old SO®°Aand TDP43°*3¥¥mice. The mean sensiiily, specificity and
accuracy valuefrom the 100 repetitions are shown. Standard deviation areffimients of
variability are also displayed. CoV: Coefficient of Variability.

160

Table 3.50: Prominent Raman peaks in mean and difference spectra of tRe4dBDTDP
43%B%kand SOD%***miceand tentative peak assignments.

164

XXV




Table 3.51: Prominent Raman peaks in background subtracted spectra and tentative
assignmentsAmino acids are specified when the peaks are largely associated with th
the literature.

165

Table 3.52: Sumary table of the peaks associated with the three months old TZ8?TDR
43%%3mice and tentative peak assignmenti the group column, the group that the pegq
were more prominent is displayed.

167

Table 3.53Summary talke of the peaks associated with thiaree months old SOF#**and
TDR43%*¥mice and tentative peak assignment#n the group column, the group that th
peaks were more prominent is displayed.

170

Table 3.54: Two group PADOA model classiation modelperformance evaluated using
different CV methods for the one month old matedx and C57BI/10 mice.

171

Table 3.55: Two group PAMDA, PCADA and PL-BA model classification performanc
evaluated using different CV methods for the three months old maidx and C57BI/10
mice.

173

Table 3.%: Repeated CV PAMA, PCADA and PL-BA models classification pesfmance
for one month oldmdx and C57BI/10 miceThe mean sensitivity, specificity and accur
values from the 100 repetitions are shown. Standardalimn and coefficients of variahii
are also displayed. CoV: Coefficient of Variability.

174

Table 357: Repeated CV PAMA, PCADA and PL-BA models classification performang
for three months oldndxand C57BI/10 miceThe mean sensitivity, specify and accuracy
values from the 10 repetitions are shown. Standard deviation and coefficients of hifitya
are also displayed. CoV: Coefficient of Variability.

176

Table 3.58: Prominent Raman peaks in mean and difference spectra ofmilde and
C57BIL0 mice and tentative peak assignme A decrease in these peaks was observe
the disorder progressed for tmedxmice.

180

Table 3.59: Prominent Raman peaks in background subtracted spectra and tentative
assignments Amino acids are specified @ the peaks are largely associateih them in
the literature.

182

Table 3.60: Summary table of the peaks associated with the one month old r
mdx/C57BI/10 mice and tentative peak assignments the group column, the group tha
the peaks were more pminent is displayed.

185

Table 361: Summary table of the peaks associated with three months widx mice and
tentative peak assignmentsin the group column, the group that the peaks were m
prominent is displayed.

187

Table 3.62: Prominent peaks spectra acquired from muse| boneand blood and tentative
peak assignments.

192

Table 3.63: Demographic and clinical characteristics of the patients with mitochong
disorders.Themuscle that was sampled from each patient is also shown.

195

Table 364: Demographicharacteristics andnuscle sampled from healthy volunteers.

196

XXV




Table 3.65: Demographic and clinical characteristics of the patients with MINizmuscle
that was sampled from each patient is also shown.

197

Table 3.66: Demographic andimical characteristics of the paties that participated in the
prospective muscle collection in Sheffield. The patients are grouped using the bi
findings. Themuscle that was sampled from each patient is also shown.

198

Table 3.67: Demographic andimical characteristics of the patietls with myopathy that
participated in the prospective muscle collection in Sheffield. The patients are grou
using the biopsy findingsThemuscle that was sampled from each patient iakown.

199

Table 3.68: Sumary table of ex vivo Raman recording acquired from human muscl
samples

200

Table 3.69: Two group PAADA and PL-BA classification model performance evaluated
dZaAy3d RAFFSNBYy(d / + YSGK2Ra e Ne inddds wery &
generatal using the probe spectra.

202

Tablke 3.70: Two group PCIEDA and PL-BA classification model performance evaluated
dzaAy3d RAFTFSNBYyG /+ YSOK2Ra T2 Niemddds wery &
generated using the microscope spectra.

202

Table 3.71 Two group PCADA and PL-BA clas#ication model performance evaluated
dZaAy3d RAFFSNBYy(d /+ YSGK2Ra T2NJ GKS THer A
models were generated using the probe spectra.

204

Table 3.72: Two group PAMDA anl PLDA dassification model performance evaated
dzaAy3d RAFTFSNBYUG /+ YSGK2Ra T2N) GKS ThHer A
models were generated using the microscope spectra.

206

Table 3.73: Two group PAMDA and PL-BA classification moel performance evaluated
using differentCVmé K2 Ra T2 NJ 0 KS Wab 5 Dhe mgtlels werg S |- €
generated using the probe spectra.

207

Table 3.74: Two group PAMDA and PL-BA classification model performance evaluated
using different CV methods 2 NJ H&® W& R WK S ITheimdd=vera | Y LI
generated using the microscope spectra.

208

Table 3.75: Five group P@MA and PL-BA classification model performance evaluated
using different CV methods he models were generated using the probectpe

209

Table 3.76: Five group P@M™A andPLSDA classification model performance evaluatg
using different CV methods'he models were generated using the microscope spectra.

210

Table 3.77: Four group P@MA and PL-BA classification model performance evaligal
using different CV methodsS'hemodels were generated using the probe spectra.

212

Table 3.78: Four group P@MA and PL-BA classification model performance evaluatg
using different CV methodsThe models were generated using the microscope spectra.

213

Table 3.79: Three group PAMA and PLPA classification model performance evaluatg
using different CV methods'he models were generated using the probe spectra.

214

XXVi




Table 3.80: Three group PAM®A and PL-BA classification model performance evalted | 215
using different CV methodd 'he models were generated using the microscope spectra.
Table 3.81: Prominent Raman peaks in mean and difference spectra of the different | 219

muscle biopsy groups and tentative peak assignments.

Table 3.82: PromindgrRaman peaks in mean and differenspectra of the different musclg
biopsy groups and tentative peak assignmeni&hese peaks were found to be decrease
0KS WYAG20K2YRNAIFf RAA2NRSNAQ | YR Pactrad
acquired fromhealthy muscle.

221

Table 3.83: Fominent Raman peaks in the background subtracted spectra of the differg
muscle biopsy groups and tentative peak assignments.

223

Table 3.84: Prominent Raman peaks in the background subtracted nmi@noscope
spectra d the different muscle biopsy groupend tentative peak assignments.

225

¢FrofS odypY {dzYYFINEB GFofS 2F (GKS LISIH |
muscle samples and tentative peak assignmenihe common peaks in the probad
microscope spedrare indicated with bold font.

230

¢FofS odycY {dzYYINE GlofS 2F GKS LISK | a
WKSIfdKeQ YdzaOf S al YLX Sa Thees&nmorSpgakd irithe @
and microscope spectra are indicated wittid font. In the group column, thgroup that the
peaks were more prominent is displayed.

233

¢FrofS odyTY {dzYYFINE {GlFotS 2F G4KS LISI {3
samples and tentative peak assignmentshe common peaks in the probe amitroscope
spectra are indicated Wi bold font. In the group column, the group that the peaks were n
prominent is displayed.

238

¢FrofS odyyY [/ 2y02NRIYyOS o0SG46SSy 9abD |
Yé2LJ K& Q 3INPRdJzLIA O

| 239

Table3.89:ED O2y FTdza A2y YI imNNF262 NE PYR 8 KB QK g

239

¢FoftS odpnyY . A2LJae O2yFdzaAz2y YIFGNRE T2

240

Table 3.91: Sensitivity, specificitgnd accuracy values for detecting myopathies usi
different methods.

240

Table 3.92: Two group PAfDOAand PLDA classification model performance evaluate
dzZaAy3d RAFFSNBYy(d [/ + YSGK2Ra T2 NTheirioBels W
generated using the probe spectra.

241

Table 3.93: Two group PADA and PL-BA classfication model performance evaated
dzZaAy3d RAFFSNBY(O /+ YSIiK2Ra T2 NThe ioels W
generated using thenicroscopespectra.

242

Table 3.94: Four group P@MA and PL-BA classification model performance evaluate
using different CV methodsThe malels were generated using the probe spectra.

244

XXVii




Table 3.95: Four group P@MA and PL-BA classification model performance evaluatg 245
using different CV methods he models were generated using theeroscopespectra.

Table 3.96: Three group PADAand PLDA classification model performance evaluate¢ 246
using different CV methods he models were generated using firebespectra.

Table 3.97: Three group PAM®A and PL-BA classification model performance evalga | 247
using different CV methodsS'hemodels were generated using th@croscopespectra.

XXViii




List of Abreviations

Abbreviation
ALS
AUROC
CCD

CK
CMAPS
DMD
EMG
fALS

fdr

LDA

LDF

LMN
LOMOCV
LOOCV
LOSOCV
MND
MRI

NA

NG

NIR

PCA
PLSDA
QDA
RLSMOCV
ROS
SALS
SERS
SRS
UMN
USS

Expansion

amyotrophic lateral sclerosis

area under the receiver operatirgdnaracteristics
chargecoupleddevice

creatine kinase

compound muscle action potentials
Duchenne muscular dystrophy
electromyography

familial amyotrophic lateral sclerosis
falsediscovery rate

linear discriminananalysis

linear discriminant faction

lower motor neurones
leaveone-mouseout crossvalidation
leaveone-spectruntout crossvalidation
leaveone-sampleout cross validation
motor neurone disease

magnetic resonareimaging

numerical aperture

nerve conduction studies

near infrared

principal componentanalysis

partial least squares discriminant analysis
guadratic discriminant analysis
repeatedleavesomemice-out cross validabn
reactive oxygen species

sporadic amyotrophic lateral sclerosis
surfaceenhanced Raman spectroscopy
stimulated Raman scattering

upper motor neurones

ultrasound

XXIX



1. Introduction

1.1 Neuromuscular Diseases

Neuromuscular beases are a broad group of conalits that affect nerves and muscles and cause
substantial morbidity and mortality. Their primary symptoms are muscle weakness and
impairment of motor function. While some neuromuscular disorders, e.g. nmflatory
myopathes, can be managed and treated effieely, many, e.g. motoneuronedisease, are at
present incurable. Moreover, diagnosis for many of these disorders can be quite challenging and
often requires multiple clinical examinations and ancillgegts. Two ofthe mainstays of the
current diagnotic pathway are electromyography (EMG) and muscle biopsy. In EMG a needle
electrode is inserted into muscle and the electrical signals generated by the muscle are recorded
and analysed. EMG can effectivelifferentiate between neurogenic disorders and diders
caused by primary muscle pathology (i.e. myogenic disorders). However, one major limitation of
this technique is that findings are not specific for any given disease. For example, the EMG
abnormalties seen in mtor neurore disease (MND) are thersa as those seen in peripheral
neuropathies. A similar lack of specificity is also seen in myogenic disorders.

In muscle biopsy a small sample of tissue is removed for histological analysis. Thuspiopsgle

is an nvasive technique. Moreover, due te small sample size pathology can be migSegce,
Oskarsson and Jin, 201%urther commonly used ancillary tests include blood tests and imaging
tests such as magnetic resonance imaging (MRI).

In addition to the dagnostic problems, monitoring diss@aprogression has proven challenging for
many of these disorders. Development of new biomarkers, which could be used for earlier
diagnosis or monitoring disease progression, is therefore crucial and ealltimely clnical
intervention and new treatmentstudies. A translational approach to biomarkers, linking
laboratory and clinical studies may also improve our understanding of the pathophysiological
mechanisms involved neuromuscular disorders.

In the fdlowing sectiols amyotrophic lateral sclerosis (Aleid Duchenne muscular dystrophy
(DMD) will be discussed as these are the neuromuscular disorders that are studied in detail in the
preclinical aspect of this thesis. In addition, a brief introductiorth® diagnosticchallenge of
neuromuscular disorderis also presented. These sections provide the context for the respective
preclinical and human muscle sample experiments.

1.1.1 Diagnostic Challenges of Neuromuscular Disorders

Presentdiagnostic strategies in neuromeidar disease often include bloodeurophysiological

and imaging tests. Blood tests are usually the first step in the investigations for primary muscle
disease, known as myopathy. While easy to perform, blood tests cauit ries erroneous
conclusions. Faxample, increased levels of sergneatinine kinase (the most widely used blood
marker for muscle pathology, and the first test used to diagnose Duchenne muscular dystrophy)
may also be seen in asymptomatic individu&eelleet al., 2002)and can be poorly edictive of

an underlying muscle disder (Shaibanet al., 2015)

Neurophysiological investigations are based around EMG. As already mentioned above EMG can
effectively differentiate between diseases caused by nerve pathology ance thassed by
primary muscle diseas During the examination muscle doaction is performed and the
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recruited motor units are recorded by the EMG needle; these are known as motor unit potentials.
The configuration of these potentials is analysed, eitherlitatavely (by eye), or quantitately,

using specialist software. imyopathies, short duration, low amplitude, polyphasic potentials are
present(Liguoriet al., 1997) However, similar potentials can be recordéaring the phase of
early nerve egeneration and in disorders of theeuromuscular junction. Thus, the context of
such observations is crucial. Overall, the sensitivity of EMG to detect myopathic pathology has
been reported between 54983% in various studs (Fuglsang-rederiksen, Q06) one
retrospective studyn an adult setting reported sensitty and specificity of EMG at 74% and 67%,
respectively(Cardy and Potter, 2007} is important to note that thee values reflect the ability

of the test to detect muscle pathology and not identify the exact diagnosis.

Imaging may also be of use in muscle disorders. For inflammatory myopathies magnetic
resonance imaging (MRI) andralsound (USS), may be used anerthare reports that suggesting
that use of these tests can aid reaching a diagnosis by identifying muscle sites for biopsy
(Jungltuth et al, 2004; Tomasova Stynkovaet al, 2007) as well as @tentially identifying
features more specific to particular diagnogii®to et al,, 2014) USS is inexpensive and has the
advantage of being a bedside test but is highly operator depen@aftiffenbauer, 2014)

As a result of the limitations of these methqgdauscle biopsy remains the gold standard for
diagnosiof myopathiesas itcan provide valable information ormuscle health and pathological
features However, there can be difficulties with muscles biopsies as Wedl an invasive and
expensive proceduré&some muscles are difficult to biopsy and, as enhall pieces of tissuare
taken, pahology can be missedt has beerpreviouslyreported thata total of 86 biopsies were
required to diagnose inclusion body myositis in 43 patig¢Btahlbom, Lindberg and Oldfors,
2002) while in another report histological data from 258 biopsy samples ladstecific diagnosis

in only 43% of the casélsaiet al, 2010) Sone authors suggest simultaneous biopsy of multiple
sites(Prayson, 2006although decreases the possibility of missing pathology, this approach does
expose patients to increased procedlrisk for examplebleeding and infection) and discomfort.
Neurogenic disordersay also be difficult to diagnosA.good example of a difficult neurogenic
diagnosis can be MNDhe variable presentation of MND and the lack of a specific diagnostic test
means that the diagnosis remains a clinical judgement, reached through exchisiother
disorders following a mukinodal approach, including radiological and neurophysiological testing
(Vucic, Rothstein and Kiernan, 201Keurophysiological testing focuses e pattern of non
specific EMG abnormalitieacross multiple cranigpinal regiongKrarup, 2011)These findings

are in boththe El Escorial and Aw&ghima dignostic criteria, although only the latter suggests
that these findings are equally important as bedside observgtdvookset al., 2000; de Carvalho

et al., 2008) The specificity of the EMG data varies with the highest sensitinidly specificity
achieved in the liros and the cranial and thoracic regions respecti{@bnkinset al., 2016)
Diagnosis of ALS and the challenges it entails are described in more detail in sdcion 1

In addition to diagnosis, the monitoring of neuromuscular disease progreasidmesponse to
treatments poses sigficant challenges. This area is under intense investigation as a sensitive
measure of new treatment efficacy could help in detectingtke treatments effect and reduce

the cost of clinical trials. In primary musclealiders examples of difficulties fa include the
contribution of steroid treatment to weakness in patients with inflammatory muscle disease,



when it can be difficult to mderstand if theweaknesss due to the disease only, or if the steroid
treatments dso contributes to it.

1.1.2Neuronuscular disease mouse models and translation: Differences in human and
mouse skeletal muscle

Mice and humans share part of their genome and have many common physiological and
pathological feature¢Rosenthal and Brown, 200 omparative analysis of human and mouse
genomes hasnovided insight into gene homologuesd allowed genomic manipulation that led

to the creation of transgenic, knoék and knockat mice that can be used as models of human
pathology(Perlman, 2016)Furthermore, breedingral maintaining mice is easy and mudlore
inexpensivahan other larger mammal@Rosenthal and Brown, 2007; Justice and Dhillon, 2016;
Perlman, 2016)Hence, the laboratory mgse is a widely employed model orgsm in human
biology and disease resear¢Rosenhal and Brown, 2007; Justice and Dhillon, 2016; Perlman,
2016)

In regard to neuromuscularigease, a wide range of mouse models of various neuromuscular
disorders have been developed and have offered valuable insighds pathophysiological
mechanisms ad the development of new drug candidates and therafi@srneyet al., 1994;
HsiehLi et al., 2000; Bwgess, Cox and Seburn, 2016jowever, preclinical studies are often
hampered by poor translation that can partially be attributed to poor experimental design and
biological noise in the mouse model backgrour(@ott et al, 2008; Meadet al., 2011)
Additionally, antomical and physiological differences between mice and humans can lead to
erroneous conclusions in preclinical studies amenouse models that do not fully recapitulate
the human disease pmotype and progression and, hende,findings that are not trarnatable.
Despite well documented similarities in various internal organ systems, like the musculoskeletal,
endocrine and cardiovascular, notable differences in, for example, ontogeny, imogynahd
pathology of mice and humalmave also been reporte(Rosenthal and Brown, 2007; ldt al,,
2017) In therest of this section differences the musculoskeletal systent$ the two species,

and in particular, the skeletal muscle, which is of particular interest for this study, are presented.
Mice have a much smaller body mass than humans and are also quadigremals. Hence, in
order to meettheir movement requirementstheir muscles differ in size, architecture and
geometry(Huet al, 2017) In a study comparing human and mouse neuromuscular junctions
(NMJ) Jonest al. showed that human NMJs were only half the size of the NMJs that iateerv
mouse muscle and their axons veeonly a third of the calibre of their mouse counterpaitbey

also showed thathe muscle fibres tat human NMJ#nervate are up to twice the diaeter of
those in mice(Joneset al, 2017) Regarding muscle fibre length, it has been shown that the
relative optimal fibre length, calculated as tinatio of the fibre length over the muscle belly
length, allometricallydecreases with body masdiewener, 19902005) There is also an
allometric increase of the muscle momentawith the body mas¢Enget al., 2008; Huet al,,
2017) Hence, mouse skeletal muscle fibres have smaller optimal fibre length and exhibit larger
moment arm. Body size plays an important role also inrgyanetabolism(Schiaffino and
Reggiani, 2011Energy metbolism for unit body mass is inversely related to body size. Thus, the
metabolic activity of skeletal mule; which is the most abundant tissue in the body, is higher in
muscle of small than large animals and mitochondrial volume density in muscle lidsdseen
shown to be much smaller in humans than small mamr{fadsiaffino and Reggiani, 2011)
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Differences in gait kinematics asell as muscle geometry and arclitare can lead to
biomechanical differences between human and mice limbs as shown in a study conducted by Hu
et al. (Hu et al, 2017) In this study joint kinematics acquired from existing studies and
musculoskeletal modelling were used to simulate musetelon dynamics in order to compare
fibre length chages of mouse hindlimb muscle and their counterparts in human lower limbs in
walking(Huet al., 2017) It was shown that during walking, 19 out of 25 hindlimb mouse muscles
experience significantly smaller fibre excursions (48 + 19%pared to the homolog muscles in
humans (Huet al, 2017) It was also Ilsown that reducedoint excursions and smaller muscle
moment arms in mice musculoskeletal system primarily led to the smaller fibre excufsioats

al., 2017) Such biomechanical differences during everyday activities, like gait, could lead to
differences in disease phenotypes between nseunodels and pats that carthenlead to non
translatable preclinical findinggHuet al, 2017) An example of such model could be tmelx
mouse model of DMD. As discussed in various sections in this thesmditimouse exhibits a

mild phenotype ompared to DMD patients. Differencesfibre excursions, i.e. in the magnitude

of muscle lengthening and shortening in each gait cycle, suggest that mouse limbs could work
under different repeated biomechanical loads ialking(Huet al,, 2017) A large nagnitude of
muscle lengthening haseen shown to cause more damagertwscles, particularly dystrophic
ones(Petrofet al,, 1993; Brooks, Zerba and Faulkner, 1995; Consolino and Brooks, 2004)

the smaller fibre excursions in the mouse hindlimlaymcause less muscle damage andyma
contribute, along with other mechmasms, to the milder phenotype imdx mice muscles
compared to patients with DM[Huet al,, 2017)

Skeletal muscle is a heterogeneous tissue with muscle fibres that exhibit different morphological
and functional charderistics(Scott, Stevensra BinderMacleod, 2001) The divesity between
muscle fibres stems from the existence of multiple myofibrillar proteins isomers (myosin isoforms
being the most important), different metabolic enzymes present in eacke fipredominance of
glycolytic or nitochondrial activities) and from fierences in various subcellular systems, like
intracellular calcium signallingschiaffino, 2010; Schiaffino and Reggiani, 208&hce, muscle
fibres can be classified into groups based on properties such as contsgetiel, myosin heavy
chain (MyHC)xpression, and metabolic capac{§loemberg and Quadrilatero, 201Z)ue to the
central role of myosinni muscle cell physiology and théfdrent MyHC isoforms distributech i
various fibres, MyHC is a very commonly used marker for fiber ty{ficgiaffino and Reggiani,
2011) Muscle fibres of small mammals, like mouse and rat, contain four major MyHC isoforms,
namely MyHCI (slow isoform) and MyHClla, MyHCIIx, MyHCIIb (fast isqfecois)Stevens and
BinderMacleod, 2001) Fibres expressing YHCI are termed type libres, whereas fibres
expressing MHClla, MHCIIx, and YHCIIb are termed type lIA, type IIX, and type IIB fibres,
respectively(Bloemberg anQuadrilatero, 20120 LYy I RRAGA2Y X WKE@ONARQ FA
isoforms can also be present in muscle in the following sequernge:W2AT 2AT 2A/2XT

2XT1 2X/2BT 2B(Schiaffino and Reguii, 2011) However, this is nan obligatory pattern of
MyHC gene expression since, for example, fibregxpmessing MyHCI and MyHCIIx but not
MyHClla have been previously detec{€hiozzet al., 2003; Schiaffino and Reggiani, 2QM/)th

the discovery of type 2X fibre typen rodents, it was shown that human fibres previously typed
as 2B by ATPase staining actually contained the human orthologue of rat M{&iadhduet al,,

1994; Ennioret al, 1995; Pette, Peuker and Staron, 199S)milar to other large mammals, the
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human MyHCIIb gene is only expressed in extraocular and larymgessles(Andersenet al,,

2000; Smerdu and Cvetko, 201Blerce, the main difference between human and mouse muscle
fibres arises from the fact that, unlike rodent muscle, human limb muscles only express
myosin isoforms and do natontain type 2B fibre¢Pette and Staron, 1997; Hilbet al., 1999;

Scott, Stevens and BiadMacleod, 2001; Schiaffino, 2010; Schiaffino and Reggiani, 28¢h4)id
MyHC expression in different fibres allows, thus, for the folhgascheme in human skeletal
musce: 17 1/2AT 2AT 2A/2XT 2X(Talbot and Maves, 2016)

Apart from the fact that human skeletal muscle fibres contain less MyHC isoforms and have thus
less hybrids, the relative proportions and metabolic properties of muscle fibres also vary between
humans and rodent§Schidfino, 2010) In general, there is greater abundance of slow fibres in
human muscle, which is, thus, primarily composed by type 1 and type 2A fibres. Type 2X fibres
are a relatively small component in most individuggghiaffino, 2010)On the contrary, mouse
muscle primarily contains type 2B and 2X fibres, with type 2A fibres being a relatively limited
component and type 1 fibres being extremely rare and mostly confined to specific muscles (for
example the skeus) (Schiaffino, 2010)Additionally, the maximum velocity of muscle shortening
within each fibre type decreases with increasing body @zene, Sosnicki and Goble, 1990; Seow
and Ford, 1991, Pellegoret a., 2003; Marx, Olsson and Larsson, 20@&nce, slow fibres in
human skeletal muscle are slower than those in mouse myBakegrincet al., 2003)

In regard to metabolic activity, staining for SDH activity is weaker in human compared to mouse
muscle sections, showing that the oxidative enzyme complensedfferent in the two species

and suggesting higher mitochondrial content and oxygen consumption in mice muscles
(Schiaffino, 2010; Schiaffino and Reggiani, 20Adfitionally,whereas in human muscles the
abundance of mitochondria and oxidative enzymes is greatest in type 1 fibreswaestla 2X
fibres, in mouse and rat muscles the oxidative potential is highest in 2A fibres and lowest in 2B
fibres(Schiaffino, 2010; Schiaffino and Reggiani, 2011)

Differences between human and mouse skeletal muscle satellite cells have also been observed,
despite the cells sharing chatadstics of morphology and surface markéBarejaet al,, 2014;
Mierzejewskiet al, 2020) For example, apart from PAX7, which is the canonical marker of
satellite cells in both species, mouse satellite cells also synthesise wHrkers, like CD34;c
MET, integrin a7 and nest{Mierzejewsket al., 2020) Such set of markers has not been detected

in human satellite cells. Additionally, in differentiating mouse satellite cells cultured in vitro for
one, two and three days both PAX7 and MYOD transcription factors were present in most of the
nucki (Zammitet al., 2004) On the contrary, in human muscles MYOD was only found in a small
number of satellite cells early on and only at half of the differentiating myoblasts after six days of
in vitro culture suggdsg, thus, differences in the myogenic differentiation betwemice and
humans(Barejaet al., 2014; Mierzejewslet al, 2020) Differences in satellite cells and myogenic
differentiation can largely affect skeletal muscle growdhd regeneration, and can, thus,
potentially complicate the aiical translation offor exampledrugs validated in mouse models.

To summarise, there are large differences between human and mouse muscle, including
differences in muscle fibre size, arduture, type, type profile, energy metabolism and
biomechanicaproperties. It is, thus, important to keep in mind these species differences when
trying to extrapolate conclusions derived from studies on mouse muscle from models of
neuromuscular disease drcautious interpretation of the results is required.
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1.13 Amyotrophic Lateral Sclerosis

Motor neurone disease (MND) is a progressive neurodegenerative disease that affects motor
neurones in the brain and spinal cord. ALS is the most common form of &tdDPepresents 75%

of all MND case@Hobsoret al.,, 2016)

Worldwide, ALS has an annual incidence rate of approximai2lget 100,000 individuals, and a
prevalence rate of approximately 5 per 100,000 peoffterrauolo et al, 2011; Léscher and
Feldman, 2014)The overall lifame risk of ALS is higher for men (1:350) than women (1:400)
(Kiernaret al,, 2011) The mean age of clinical onset of the disease is arourGD53®ars, with an
onset before the age of 40 and after the age 6fl&ing quite unusudFerraiudo et al., 2011;
Kiernanet al, 2011; Hobsoret al, 2016) Median survival of ALS patients is approximate8/ 2
years from onset of symptomEouratieret al, 2016) However, both age at disease onset and
disease duration vary considerably amadifferent patients(Régakt al., 2006; Robberecht and
Philips, 2013)

In ALS both upper ntor neurones (UMN)in motor cortex and lower motoneurones (LMN)in

the brainstem and spinal cord degenergRobberecht and Philips, 201&)orticospinaheurones

are directly or indirectly connected with spinal motwguroneswhich innervate skeletal muscles,
controlling thus voluntary muscle movement. In ALS, corticospinal nm&orones degenerate

and their descending axons in the lateral spinal cord harden and appear scarred; it is this
appearance, together with mate wasing, that led Charcot to propose the name AISylor,
Brown and Cleveland, 2018n addition, spinal and brainstem motoeurones are lost, which
leads to secondary denervation and muscle was(ifigylor, Brown and Cleveland, 201&he

initial axonal retraction and denervation of the lower motoreurones or the muscles is
compensated by rénnervation from collateral sprouts of neighbouring surviving motor axons
(Robberecht and Philips, 2013)uring the course of the disease, as more resisteurones
degeneate, this mechanism fails. This leads to apparent loss of mmarones, muscle atrophy

and fasciculationgRobberecht and Philips, 2013)loreover,accumulating evidence suggests
that primary muscle degeneration may also be involved in ALS pathogéBéset al., 2010;
Moloney, de Winter and Verhaagen, 2014). S starts at a specific area and contiguously spreads
to other pats of the body(Baume, Talbot and Turner, 2014)n many patients with ALS,
prefrontal and temporal cortices are also affected, although the degree they are involved varies
(Baumer, Talbot and Turner, 2014&eterioration of tle frontal and temporal cortices results in
executive dysfunction (upo 50% of ALS patients develop subtle dysexecutive syndrome),
behavioural changes and for up to 15% of ALS cases to frontotemporal deifigniaer, Talbot

and Turner, 2014)

ALS is subdivided into two gnost familial ALSALS, that represents approximately 10% of cases
and sporadic ALSSAL$ that accounts for 90% of all ALS cafédong and Martin, 2010;
Robberecht and Philips, 2013; Al Sul&ral, 2016) fALSs inherited with a Mendelian pattern

and usually as an autosomal dominant trait. Currently, there are 26 known DNA loci associated
with ALS and ALSTD(AI Sultanet al, 2016) The most common genetic causesFHLSare
mutations observed in one of the folldng genes: C9ORF72 {80%), SOD1 (20%), TARDBP (5%)
and FUS (5%AI Sultaret al., 2016) Mutations in thesegenes are also responsible for a small
amount ofSALSases (approximately 10%). Identification of the geneariants of ALS has aided
the understanding of vital molecular mechanisms involved in ALS pathogenesis and progression.

6



Many molecular mechanisnimve been identified and described including excitotoxicity, protein
aggregation, oxidative stress, mitamidrial dysfunction, dysregulation of RNA processing,
microglial activation and impaired axonal transpdrhere is also strong evidence that many of
these mechanisms intersect at different points. However, for many of these mechanisms it is yet
unclear ifthey are pathogenic or if they are a result of the disease. In addition to genetic and
molecular mechanisms, several environmental factors havelmsa suggested to increase the

risk of ALS and tested in several epidemiological studies. Examples déstarhk are smoking,
exercise and cyanotoxirgd+Chalabi and Hardiman, 2013jowever, there are not any definitive
large-scale environmental risk factors identified yet.

There is no established diagnostic test for ALS, with thecaliexamination findings of signs of
UMN and LMN dysfunction being therefore the most importantt jpé the diagnostic procedure
(Loscher and Feldman, 2014#ncillary investigations includimgeuroplysiological studies and
neuroimagingare also used to support the clinical diagnosis and to exclude rare miBrosks

et al, 2000; de Carvalhet al., 2008; Nzwal@t al,, 2014) LMN pathology can best be identified
with electromyography (EMG) and nerve conduction studies (\x8)sonet al, 2016) EMG

signs of acute and chronic denervation in various areas of the body support the clinical diagnosis
of ALY CooperKnock, Jenkins and Shaw, 201&preover, rare mimics such as inclusion body
myositis can usually be excluded. NCS are mainlyamaglin order to exclude AkSimicking
disorders such as multifocahotor neuropathy with conduction blockd.6scher and Feldman,
2014)

Involvement of UMN pathology can be investigated using neuroimaging st(tdadsonet al.,

2016). Brain or cervicdghoracic spine MRI is mainly used to exclude alternative pathological
causes, such as structural intracranial or spinal pathology/commegsiobsonet al, 2016;
CooperKnock and Jenking013) Since ALS can have several varying clinical manifestations
muscle biopsy, blood tests, genetic testing aaderal other types of investigations may alen

used in certain cases in order to increase the diagnostic certé@dpperkKnock, Jenkins and
Shaw, 2013)

Whenthere are clear signs of LMN and UMN degeneration in conjunction with absence of sensory
system involvement, the dgmosis ALS can be cléiraemer, Buerger and Berlit, 201Bowever,

due to limited, norspecific symptoms at disease onset and tleeessity of multiple supportive
investigations to decrease the likelihood of an incorrect diagnosis, there is a significant delay
between synptom onset and confirmed diagnosiBaganonkt al, 2014) Moreover, atypical
disease presentations as well as varying symptoms at early disease stages can render the
diaghosis more challenging and time consum{Kgaemer, Buerger and Berlit, 2010; Guetaal.,

2012; CoopeKnock, Jenkins and Shaw, 201I3)is delay between symptom onset and definitive
diagnosis usually varies bet@n 8 and 15 months constituting a very important proportion of
disease duratior{Paganonet al., 2014) Apart from the psychological effects that such a delay
and uncertanty can have on patients, it also prevents them from entering clinical trials and/or
starting treatment at an earlier disease stage, when few®tor neurores may be been lost
(Paganonet al, 2014) As a result, patients may not be able to fully benefit from developing or
existing treatmentgPaganonet al,, 2014) Additionally, since it isiore likely that any potential
treatment will be more effective at an earlier stage, earlier disease diagnosis would also facilitate
clinicaltrials.



To date there is only one widely accepted pharmacological treatment for ALS with a limited
survival benét, riluzole (Bensmon, Lacomblez and Meininger, 1994; Coeldaock, Jenkins and
Shaw, 2013)The response of different patients to medicationtwitiuzole varies, but the average

life extension is approximately 3 montti§liller et al, 2007). Additional to this drug, a new
medication, edaverone, was developed and licenced recently (May 2017) in the USA. However,
this drug is not yet licensed in Europe.

Symptomatic treatments are beneficial for patients, especially in terms of improvaigghality

of life. Such treatments often require a multidisciplinary approach with neurologists, specialist
nurses, speech anthnguage therapists, dieticians, physiotherapists, gastroenterologist and
respiratory therapists being involvd@aumer, Talbot and Turner, 201&xample interventions

that are often considered in such cases are gatbroy (for patients that have difficulties in
swallowing and nonrinvasive ventilation. Apart from quality of life improvement, Aomnasive
ventilation also offers a modest survivaleantage(Baumer, Tdlot and Turner, 2014)

Diagnosis only after the occurrence of significaetironal damage and lack of efficient treatment,
YEN] GKS ySSR T2N) STFAOASYG O0A2YIN]JSNA Ay
measurement that acts as an indicator of nal biological processes, pathogenic processes or
pharmacologic responses to thérdS dzi A O A y(TlugnBiIBtSal, 2009 yhéthat sense a
biomarker could, depending on its characteristics, aid early disease diagnosis or even prognosis,
monitor disease progress, categorise patients in terms of potential beneficialniexgts and
evaluate new therapeutic approachéBurneret al, 2013; Benataet al., 2016; Vucic, 2016Jhe

field has gained a lot of attention over the past 10 years and promising candidatiesie
proteotomic studies in biofluids such as CSF and blood, neurophysioltggtaliques and
neuroimaging techniques (Radionuclide imaging, NiRBdat and Dib, 2009; Turner al.,, 2013;
Bameet al, 2014; Benataet al., 2016) Despite the potential biomarkers indited by these
techniques there still is no validated clinically implemented biomarker ifBdi8eet al., 2014)

1.13.1SODXzene

The SOD1 gene comprises 5 exons interspersed with 4 introns and encodes -axicamti
ubiquitously expressed enzyme d3d amino acids, known as Cu, Zn superoxide dism(kcendr,
McKeown and Rashid, 2018he SOD1 protein functions as a homodif@roperKnock, Jenkins

and Shaw, 2013Each subunit of the protein consigisan eightstranded beta barrel and two
metal ions, a copper and a zi(RRakhit and Bakrabartty, 2006)The metal atoms play an essential
role in the antioxidant catalytic activity of the enzyme. SODbtpin acts as a free radical
scavenger, catalysing the production of hydrogen peroxide and oxygen from free radical
superoxidgKaur, McKeown and Rashid, 2018)peroxide anion ees as a bproduct of aerobic
metabolism, mainly because of electron leakage from the respiratory chain that lead to th
incomplete reduction of molecular oxygen during oxidative phosphorylation in the mitochondria
(Pasindl and Brown, 2006; Coopd&nock, Jenkins and Shaw, 20130D1 catalyzes the
inactivation of superoxide through cyclical reductiordaoxidation of the copper ion in its active
sites(Pasinelli and Brown, 2006; Barber and Shaw, 2@B0OP1 activity prevents celluldamage

from superoxidgKaur, McKeown and Radh2016)

Mutations in the SOD1 gene were the first identified genetic cause of ALS and are thus the most
widely studied(Rosenet al, 1993; Hilton, White anc€rouch, 2015)They account for 20% of
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familial ALS cases andr2o of sporadic ones and are mainly associated with tilsease onset

(Al Sultaret al, 2016) Up to date more than 180 mutations throughout the whole gene have
been found to be associated with the diseagd Sultanet al, 2016) Most of the currently
identified mutations ae point mutations with some frameshift mutations resulting in truncated
proteins also present{Hilton, White and Crouch, 201%he man pathological feature that
distinguishes SOD1 ALS cases from other forms of ALS is the existence of neuronal cytoplasmic
protein aggregates of mutated SODL1 proteins instead of4x}Rotein aggregates as is the case

in most of the other ALS cas@SooperKnock, Jenkins and Sha@13)

Due to the large amount of different mutations as well as the wide range of physiological
functions affected by the mutations, determining the cellular mechanisms involweALiS
pathogenesis due to SOD1 mutations has been challenging. Initiallg suspected that reduced
dismutase activity mainly contributed to ALS pathogenéditton, White and Crouch, 2015)
However, tle fact that specific SOD1 mutants do retain their full enzymatic activity along with
evidence thatmutated SOD1 gene knockout in mice does not result in developing ALS led to
rejection of that hypothesis(Reaumeet al., 1996; Barber and Shaw, 2010; Hilton, White and
Crouch, 2015)Thus, it is now widely accepted that SOD1 mutations calis:through one or
more gained toxic functions (gain of toxic function), the detailed nature of which still remains
undetermined(Pasinelli and Brown, 20Q6)arious mutually compatible pathogenic mechanisms
have been suggested to contribute the toxicity of mutated SOD1 proteins and some of them
will be discusse in the following paragraphs.

The important antioxidant enzymatic activity of superoxide dismutase suggests that oxidative
stress could play a crucial role in the pathogenesiS@DIALS(Bozzo, Mirra and Carri, 2017)
Oxidative stress re#ts from imbalanced production and removal of reactive oxygen species (ROS)
along with a decreased ability of the biological system to control damage induced by the elevated
amount of RO$Ferraiuoloet al,, 2011) ROS generation increases with age and oxidative stress
could therefore be he mechanism that, in middle or later life, starts inhibiting the abilityao
biological system to cope with a toxic insult such as a mutation, leading thus to
neurodegenerationBarber and Shaw, 2010; Ferraiuetbal,, 2011) Moreover, here is strong
evidence of oxidative damage (i.e. a role of oxidative stre#\LS) to several biomolecules (lipids,
proteins, DNA, mRNA) in human paosbrtem analysed tissue of familial and sporadic ALS
patients as well as SOD1 mutated mouse mod8kibataet al, 2001; Changet al, 2008;
Ferraiuoloet al> H n m M Tet d@,Q01¥ Bd2, Mirra and Carri, 2017)

Various &errant oxidative reactions catalysed by mutated SOD1 proteins, have been proposed
to cause oxidative stress in SOD1 induced (®zSinelli and Brown, 2006The idea behind
oxidative stress caused by any of these aberrant chemical readidhat altered conformation

of the mutated protein allows various differeaubstrates to enter the active site and react with
any of the metal ions and is thus still based on an altered catalytic activity of the eriBamieer

and Shaw, 20%C~erraiuoloet al, 2011) However, it has been shown that mice with tations

that lead to a limited amount or complete lack of SGiLind copper and thus with a reduced or
completely lost dismutase activity still develop motor neuron disg&@genget al., 2000; Wang

et al, 2003; Pasinelli and Brown, 2006he contribution of aberrarchemistry in oxidative stress
FYR !''[{ LIGK23ISySara KIFIa (Kdza 02YS Ayid2 |ljdSaid,
Syt egvySqQa OFdltedaarod I Obexanplé & prépbsgdSmecn&nBry invole® LJ2 & S
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dysregulation oftranscription factor nudar erythroid Z2related factor 2 (NH2) mediated
signaling antbxidant pathways due to a dowregulation of Nrf2 (Cooksoret al., 2002; Barber

and Shaw, 2010)ncreased NADPH oxidase mediated superoxide production by mus&&rl
proteins in microglia leading to prolonged ROS production has also beenseatarrazet al.,

2008) Although these mechanisms are likely to contribute to the progression of thesgistee
degree to which they contribute to the gain of toxic function of the prottiat leads to ALS
pathogenesis still remains elusive.

Protein instability and subsequent protein aggregation have also been proposed to play a crucial
role in SOD1 toxicity since SOD1 inclusions have been found in motor neurons and astrocytes of
transgenc SOD1 mice and fALS patie(fasinelli and Brown, 2006; Ferraiuabal., 2011)
Protein instability causedither by mutations that lead to misfolding or demetaltat, or by the
dissociation of wild type and mutant SOD1 dimers into monomers due to oxidative stress related
damage has been shown to render mutated SOD1 proteins more prone to aggre(iitoer

and Shaw, 2010)nterestingly, it has also been reported that mutations associated with a more
aggressive phenotype of the disease in transgenic SOD1 mice produce proteins that are more
sugeptible to formation of inclusiond.indbeget al,, 2005; Satet al., 2005; Pasinelli and Brown,
2006). Moreover, Munch et al. suggested that SOD1 protein misfolding, once present, spreads
through molecules and neighbouring cells in a piikte way and SOD1 aggregates are built
0adzy OK3X ¢ Bertohi, 2911) Buggested mechanisms by which these protein inclusions
might contribute to SOD1 toxicity include decrease of dismutase activity due to aggregation and
overwhelming of proteosom activity which could lead to sequestering of spediiat shock
proteins and subsequent impairment of their chaperone and/or-apiptotic function(Pasinelli

and Brown, 2006; KauMcKeown and Rashid, 201@&)though protein inclusions are a hallmark

of ALS and other neurodegenerative disorders it is still unknown if they are a cause of disease
pathogenesis or a consequenai&the disease. It is also still not clear if they rdc or favourable

in terms of sequestering harmful proteifBarber and Shaw, 2010)

Mitochondrial dysfunction is a feature of BO® induced ALS and various studies have focused on
its role in disease pathogenesis. Once again though it is unknown whether it is a primary or
secondary pathological event. Mitochondria are important cellular organelles that are involved in
various cellwr functions such as energy metabolism, calcium homesistas well as apoptosis
initiation and regulationCozzolino and Carri, 2012)here are numerous examples of dat
mitochondrial morphological abnormalities and dysétion in cell lines, mutant mice and ALS
patients including SOD1 protein aggregates in vacuolated mitochondrial intramembrane space,
defects in respiratory chain function, impaired calcium bufferarg] altered antioxidant defense
mechanism. In additioto externally inserted mutated proteins, it is also believed that mutant
SOD1 could directly damage mitochondria due to SOD1 protein expression within the
mitochondrion through various toxic mechanismwhich could lead to initiation of apoptosis,
change m the mitochondrial proteome and/or oxidative damageigginset al, 2002; Pasinelli

and Brown, 2006; Barber and Shaw, 20/part from oxidative stress, protein aggregation and
apoptosis, there also is a possible crosstalk betweenchdadrial dysfunction and other ALS
pathogenesis related mechanisms such as excitotoxicity and ER stress.

Disrupted axonal transport and dig@nization of axonal cytoskeleton are common pathological
features of ALS and are thought to contribute to SOD@diated disease pathogenesis
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(Robberecht and Philips, 2013)he cytoskeleton is responsible for determining the cell shape
and it also aids intracellular movementafganelles. Disorganisation of cytoskeleton in terms of
abnormal neurofilament aggregation is observed in AL&pist and transgenic mid®arber and
Shaw, 2010Q)This could be triggereloly reduced expression of neurofilamegtight (NFL), or by

ROS induced damage to-NBubunits due to mutant SOPpdoteins and increased oxidative stress
respectively(Barber and Shaw, 201@)ue to the crucial role of the cytoskeleton in intracellular
transport and in the maintenance of axonal celip neurofilament aggregates have been
suggested to physically affect axonal anterograde transf®asaki and Iwata, 1996; Rao and
Nixon, 2003)Motor neurones are asymmetrical cells with long axons. Axonal transport of various
componens such as proteins and organelles from the cell body to the axons and synapses
(anterograde transport) and viceeksa (retrograde transport) is therefore essential for their
survival. Slowing of anterograde and retrograde routes was evident in SOD1 mansgee
before the initiation of neurodegeneration and in also a clinical feature in ALS p&i@ntsiuolo

et al, 2011) Moreover, it has beemdicated that axonal transport is affected by mutant SOD1 in

a cargespecific way. Such an example is the disruption of the anterograde transport route of
mitochondria but not the retrograde ongKieranet al, 2005; De Vost al,, 2007; Bilslaneét al.,

2010; Ferraiuolet al., 2011) There is also potential crosstalk between disrupted axonal transport
and several other mechanisms that are related to ALS pathogenesis and progression. Defective
transport of mitochondria due to impaired mitochondffianction (mentioned abwe) could lead

to impaired axonal transport of other cargoes as well due to lack of energy, required for that
transport(Ferraiuolcet al., 2011) Moreover, elevated levels of ROS are known to cause inhibition
to axonal transpor{Kaur, McKeown and Rashid, 2016)

Other mechanisms such as excitotoxicity, endaplasc reticulum stressjmpairment of
ubiquitingproteasome system (UPS) and other protein degradation mechanisms have also been
implicated in SOD1 mediated ALS pathogenesis, although the degree to which they contribute to
the toxic gain of function is dtilnknown. Moreover, SD1 mutants seem to play an important

role in function of nomeuronal cells. Mutant SOD1 protein aggregates are also found in glial cells
(Tobisaweet al.,, 2003; Kaur, McKeown and Rashid, 20E&ythermore, misfolded SOD1 proteins
within microglia and astrocytes in conjunction with activation of these cells due to damage in
motor neurons can lead to idinmation and a subseque release of elevated levels of toxic
factors(Boillée, Vande Velde and Cleveland, 2006; Kaur, McKeown and Rashid|r@i&jtion

of mutants with protein components of the neuroendocrine system could cause secretion of the
mutated proteins which can the lead to microgliosis activation and neuronal cell death
(Urushitaniet al, 2006;Kaur, McKeown and Rhid, 2016) Hence, it is obvious that SOD1 can
affect many different factors and mechanisms involved in ALS pathogenesis and progression. It is
therefore likely that it is a combination of several different pathways that are iedoha the
toxicity of ®D1.

1.13.2 Musclein SODImediatedALS

Skeletal muscle is affected in all ALS patients. As the disease progresses, progressive muscle
denervation leads to muscle atrophy and weakness, resulting in loss of limb and bulbar function
and, ultimately, respatory failure. ALS has traditionally bedascribed as disease that initially
causes degeneration of motor neurons, which in turn causes muscle at(bjatyney, de Winter
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and Verhagen, 2014)However, studies on mutant SOD1 mice have shown thatneomonal

cells may also participate in disease pathogen@disloney, de Winter and \feaagen, 2014;
Pansarasaet al, 2014) With regard to skeletal muscle cells, it has been reported that
neuromuscular junction abnormalities and muscle dysfunction occur before motor neuron
degeneration(Dupuis and Loeffler, 2@; Musaro, 20Q; Siet al, 2014) In support of this
hypothesis, two independent studies have shown that selective overexpression of mutant SOD1
in muscle only leads to muscle atropmossibly indicating muscle as a primary target of SOD1
toxicity (Dobrowolnyet al, 2008; Wong and Martin, 2010 the study conducted by Wong et al.
skeletatmuscle restricted expression of mutant SOD1 also led to neurodegene(§tiong and
Martin, 2010) Conversely, it was reported that although mussfeecific overexpression of the
transcriptional coactivator, PGI&a can delaynuscle weakness, it does not affect survii@zad Cruz

et al, 2012; Weket al,, 2013) Finally, it has been shown that disease progression is not affected
by attenuation of mutant SOD1 solely in musgMdler et al., 2006; Set al., 2014) Thus further
investigation is required in order to determine the degree to which skeletal muscle participates
in triggering or maintaining, the disease. Despite this uncertainty, most of the pathophysiological
mechanisms described above have albeen implicéed in muscle degeneration with
mitochondrial dysfunction, protein aggregation and oxidative stress being the most investigated
characteristics of muscle pathology.

Mutant protein aggregates (suggestive of biochemical abnormalitsdsyatedlevels of ROS, as
well as structurally altered and functionally impaired mitochondria have been found in SOD1
mouse musclgDobrowolnyet al, 2008; Halteret al., 2010; Loefér et al., 2016) Decreased
amounts of muscle heat shock proteins compared to the amount of such proteins in motor
neurones have also been observed. This could potentially iseré@e intrinsic susceptibility of
malformed mutant proteins and protein acewlation in the muscl¢Weiet al., 2013; Loeffleet

al.,, 2016) Luo et al. demonstrated that SOD1 protein aggregates ianmhired mitochondrial
dynamics are casually linkéiduoet al., 2013) Mutant SOD1 protein aggregates formed in muscle
mitochondria resulted in fragmentation of the mitochondrial network as well as &s lof
mitochondrial membrane polarizatiofLuo et al, 2013) However, the role of muscle SOD1
protein aggregates in protein misfolding and ROS production has come into question by Wei et
al. (Weiet al, 2012) In this study there were no SOD1 protein aggregates detecteldletal
muscle of SOD1 mig&Veiet al, 2012) This was attributed t@ better proteasomal activity in
muscle (2 to 4old increased proteasomakttvity was observed from prenset to symptomatic
disease stage(Wei et al., 2012) Moreover, they also demonstrated that although there were
KAIKSN) £t S@gSta 2F GKS az2ftdzonfS adlridsS 2F Ydzil G6SR
mitochondrial release of RO$stead norRSODicontaining protein fractions that undgo
conformational changes due to mutant SOD1 toxicity seem to impair mitochondrial function and
possibly affect mitochondrial ROS reled®¢ei et al., 2012) Thus, although these mechanisms
definitely play a crucial role in ALS muscle paiby] detailed understanding of their contribution
and their potential crosstalk stilemains elusive. Proteotomic and biochemical studies have
additionally revealed changes in expression of regulatory proteins of cytoskeletal processes, iron
and calcium bmeostasis as well as apoptosis prompting thus the role of additional mechanisms
in muscle degeneratiofChung and Suh, 2002; Capitaetal., 2012)
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1.13.3 SOD1 MuseModel

Varbus transgenic mouse models with oxexpressed mutant SOD1 have been generated and
used as a research model of ALS for more than 20 years. Being a well characterised mouse model,
it has proven quite useful over the years in terms of identifying astrig potential pathogenic
disease mechanisms, novel hypotheses and potential therapies. Moreover, structural and
functional differences between mutated and wiighe SOD1 proteins have been studiédilton,

White and Crouch, 20157 he developed disease phenotype exhibits many features that are also
seen in human ALS cases including muscle denervation, weakness, atrophy and subsequent
paralysis, axonal degeneration and demise of mobt@urones in the spinal corcas well as
activation of glial cell§Mead et al, 2011; Robberecht and Philips, 201BJpwever, there are
several limitations in the results obtaiddrom animalbased reesarch.Overexpression of the
mutated gene, which is required in order to achieve the desired phenotype, is an important
disadvantage of this mouse model as it can lead to experimental art{Rotsberecht and Philips,
2013) Moreover, as SOD1 is ontyie of several genetic Ah&riants, the importance and
applicability of the findings obtained in the mutant SOD1 model to other types of familial and
sporadic ALS cases needs to be demonstrétiiton, White and Crouch, 2015)he main source

of criticism regarding the mutant SOD1 mouse model has been its utility in preclinical trials of new
therapeutics. This arises from the fact thmtmerous therapeutic apprches that produced mild
effects when tested in the mouse model were proven unsuccessful when tested in human
(Benatar, 2007)Possible causes for that include biological noise and poor preclinical study
designg(Ferraiuoloet al., 2011; Meacet al., 2011) Moreover, the fact that treatment studies in

the moue model sometimes start aa quite early, often presymptomatic disease stage in
contrast with the human trials in which treatment is tested at a much later stage (usually after
symptom onset) might also play a crucial r@Reobberecht and Philips, 2013)

The G93Aglycine 93 changed to alanine) pseundidd type mutation, which does not affect the
enzymatic activity of the proteins a quite rare SOD1 mutatigHilton, White and Crazh, 2015)
However it has been studied very thoroughly due to the fact that the S@O3BA transgenic
mouse model was the first ALS animal model produced (generated in 1994) and it is up to date
the most employed AL®Bodel (Weydtet al, 2003; Hatzipetrost al., 2015; Browne and Abbott,
2016; Kimet al,, 2016) Multiple disease associated mechanisms and potential drug therapies
have been tested in this mouse modkdspite the fact that due to the rareness of the mutation

in human ALS cases, the applicability of the results to other types of ALS is uncertain.

1.13.3.1 Establisheith vivoBiomarkers

Due to the severe motgshenotype of the SOF#3*mouse the mairin vivotechniques employed

to study disease onset and progression include tests that assess motor function like neurological
scoring, rotarod running, grip strength and gait analygéeydtet al., 2003) The phentype of

the SOD%°**mice highly dependsrothe number of transgene copiegth relatively high copy
number models exhibiting a disease onset betweerl®@0 days and an endpoint between 120

160 daygBameet al,, 2014; Pfohl, Halicek and Mitchell, 2015nket al., 2016) All of the above
mentioned tests, or at least some of their outcome measures, have been shown to successfully
detect changes in the motor function of transgeificg) SOB*¥3Amice at some point near or
straight after disease onset (as defd in each study) and they usually remaignificantly
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different between the two groups as the disorder progresses until the endpuiemaMenaet

al., 2005; Knippenbergt al,, 2010; Mancuso, Olivaet al., 2011; Meackt al, 2011; Suret al,,
2014; Olivaret al,, 2015) There is, howeveno agreement in the literature as to which one of
these tests is more sensitivparticularlyin detecting changes at an earlier stage or after an
intervention. Some studies claim that footprint and gait lysas can detect changes earlier, while
others slow that rotarod and/or grip endurance tests are more sensiiiMdanaMena et al,
2005; Knippenbergt al., 2010; Mancuso, Olivaet al., 2011; Meacket al., 2011; Suret al., 2014;
Olivanet al,, 2015) Adlitionally, some of these tests have been showrbe very variable and
require large animal numbers (rotarod, grip endurance), whereas others arecom&iming (gait
and footprint analysis) or subjective (neurological scor{Kgippenberget al, 2010;Meadet al,,
2011; Hatzipetro®t al., 2015) Imaging tools, likeMRI, have also been shown to noninvasively
detect changes in muscle due to disease progres@uarcuzzeet al,, 2011; Meacet al,, 2011,
Caronet al,, 2015) For example, Marcuzzo et demonstrated that muscle volume in Tg mice
was sigificantly reduced frontontrolmice at 8 weeks of age and continued decreasing until the
endpoint (18 weeks of agéMarcuzzoet al, 2011) It is worth mentioning that this difference
was seen 4 weeks befra scoring system and the grip endurance testevable to detect
significant differences between Tg aoahtrol mice (first observed at 12 weeks of age). Therefore,
muscle atrophy and possibly biochemical changes take place in the muscle before dissgtse o
as this defined by functional tes{®larcuzo et al, 2011) The main disadvantages of MRI, as
discussed above, are that it is a very expensive test and requires prolonged anaesthesia,
rendering, thus, longitudinal measurements difficult.

Electrophy®logical studies have also been shown to detettanges before functional
assessment tests. For example, some studies document significant differences in certain
electrophysiological parameters between Tg acmhtrol as early as 20 days of age, while
imparment of classical parameters (scoring systenanding wire, rotarod, gait analysis
parameters) were not seen until after 90 days of §§kveset al, 2011) Other studies have also
shown the ability of electrophysiological parameters to detect changes in muscle of Tg mice and
successfully separate thefrom control at an early agéMancuso, SanteBlogueiraet al., 2011;

Li, Sung and Rutkove, 2013; Mancudeta and Navarro, 2014Electrophysiological recordings
can, however, be technically challenging and require large animal nunillerscuso, Santes
Nogueiraget al, 2011; Mancuso, Osta and Navarro, 2014)

In the rest of the thesis the terms MND and AL3enesed interchangeably.

1.1.4 Duchenne Muscular Dystrophy

Muscular dystrophies are a group of inherited disordemhich cause progressiveusce
weakness without an abnormality in the central or peripheral nervous system. Although the
disorders share certain clinical features as well as dystrophic pathological findings in muscle
biopsies they exhibit clinical, genetnd biochemical heterameity, which is the basis for their
classification(Emey, 202). DMD, which results from a mutation in the-likked gene that
encodes the protein dystrophin, is the most common and most severe muscular dystrophy in
childhood(Biggar, 2006; Maht al, 2014) The incidence rate of DMD is appimately 1 in 3500

to 10000boys(Mahet al,, 2014) Clinical symptoms of the disease usuallyesgpbetween 2 and

5 yearsof age and early signs include delayed gait or alteration in gdftculties in jumping,
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runningand standing ups well asoe walking(Geet al., 2004 Ruiten, Bushby and Guglieri, 2017)
Calf hypertrophy can also be observedaatearly disease stagéEmery and Muntoni, 2015)
Subsequently, all skeletal muscles (upper limb muscles and distal lower limb muscles) are affected
and untreated children usulgl becamewheelchairdependent between the ages of; 82 (Geet

al., 2004; Ruiten, Bushby and Guglieri, 20H8art and respiratory muscles also affected in a
similar way at various stages of the diseas®l wually untreated patients die in their early
twenties due to cardiac or respiratory failufiRuiten, Bushby and Guglieri, 201Bghavioural and
cognitive problems as well as problems regarding langusyelopmentre also present in some
casegqCyrulniket al., 2007; Flanigan, 2014)

Making a DMD diagnosis requires a clinical examination, blood tests, geneitigtastl in some
cases muscle biopsy. If DMD is suspected alitgical examination, a blood test is usually the first
screening test undertaken in order to measure the concentration of serum creatine kinase (CK)
(Ruiten, Bushby and Guglieri, 201K levels arargely elevated in DMD with values in the first

5 years of life thaare 10 ¢ 20 (often 56200) times higher than the upper limit of norm@liu and
Kornberg, 2015)Elevated CK levels, though to a lower degree, can also be seen in newborns.
Subsequently, a genetic tes performed in order to look for mutations in the styophin gene.
Finaly, in caseswith clear clinical features of DMD but no apparent gene mutatemuscle
biopsy is undertaken in order to investigate the dystrophin expression in the musuléen,
Bushby and Guigri, 2017)

Corticosteroids are currently the only pharmacologicaeatment effective in DMD.
Corticosteroids do not treat DMD but they slow down disease progression in terms of prolonged
ambulation (for up to 3 years) and decreaseafdiorepisratory function declinéBalabaret al,,

2005; Kinget al., 2007; Yiu and Kornberg, 2015) most of the cases symptomatreatment is

also employed and a multidisciplinary approach is necessary when it comes to DMD management
due to the multiple systems it affects. Novel treatment stragsgnclude new drugs, cell and gene
therapies(Cossu and Sampaolesi, 2007)

1.14.1 DystrophinGene

Thedystrophin gene is located in the short arm of the X chromosome and is the largest gene in
the human genome comprising 79 exdifdowak and Davies, 2004; Biggar, 200&)tations that

lead to DMD can be throughibthe whole length of the gendnowever, mosbf them arelocated
between exons 2 and 10, exons45 and 55Ruten, Bushby and Guglieri, 201 R®jore than half

of the different mutations associated with DMD (B0%) are large deletions resulting in
frameshift errors, 7%at 11% are duplications and around 20% are small (point) mutafivhse

et al, 2006; Oshimat al,, 2009;AartsmaRus, Ginjaar and Bushby, 201BMD results when the
mutation in the dystrophin gene causes absolute lack of the protein. The dystrophin protein is a
427kDa protein and under normal circumstances it is expressed in the skeletal muscle, the brain
and the heart.In the muscle, dystrophims found in the inner cell membrane surface and is
elevated at the costameres and ceé#ll contact sitesDystrophin forms dystrophkassociated
glycoprotein complex (DAGC) at the sarcolemma by assembling sevarsinembrane
(dystroglycan, sarcoglycasarcospan) and cytosolisyntrophin, dystrobrevin ancheuroneal

nitric oxide synthase (nNOSproteins (McGreevyet al, 2015) Dystrophin connects the
intracellular cytoskeleton to the extracellular matrix via the DAGC. ddngpkex plays thus a
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crucial role inthe stability of the muscle membrane and aids shock absorption during muscle
contraction(Guiraudet al,, 2015) In addition to its structural function dystrophin is also believed
to play a part in cellular signalingégere expressiorfCacabiarelliet al,, 2010; Constantin, 2014,
Carret al,, 2017)

1.14.2. Muscle andisease&Pathophysiology

It is known that DMD is caused due to a lack of dystrophin. However, the mechanisms that lead
from the absene of the protein to muscle degeneration are yet to be fully clarifis@rious
histopathologic and biochemical changes occur in DMD muscle dubsenee of dystrophin
(Flanigan, 2014 Histdogial studies on muscle samples of DMD patients and animal models have
revealed an ongoing process of repetitive degeneration and regenerationyofibres (focal
areas of regenerating and degeneratifiigres and increased number of internal nuclei pre§e

with progressive loss of regenerative capacity that leads to an increasing amount of necrotic
musclefibres infiltrated by monocytes and macrbages(Geet al., 2004) Necrotic fibres are
progressively replaced by fat and connective tissue (increased amowatlagen and adipose
present) which leads to the apparent fibrosis and chronic dan{@geabe, Esaki and Naira,
1986; Marshall, Williams and Goldspink, 1989; Bonilla, Tanji and Minetti, 199; &ke2004;
Smith and Barton, 2014; Catral., 2017; Ruiten, Bushby and Guglieri, 20Bipchemical changes
due to muscle wasting inclugeduction in muscle mysin,carnitine, and most glycolytic enzymes
whereas alterations due to inflammation and ini@s of fibroblasts involve an increase in
enzymes present in fibroblasts and macrophages (such as -N#@E dehydrogenases),
proteases (cathepsins, lysosomaldabydolases, and calciuractivated proteases) and immune
related proteins(Emery, Muntoni and Quinlivan, 201%)floreoer, increased calcium levels and
oxidative damage in terms of higher protein cangtation have also been observed in the skeletal
muscle of DMD patients anddx mice (Fonget al,, 1990; Dunn and Radda, 1991; Kaczoal.,
2007)

As already mentioned, the main function of dystrophin is to connieeirtracellular cytoskeleton

and contractile apparatus with the extracellular matemsuring thus the lateral transmission of
mechanical stress during contraction and membrane staliityery, Muntoniand Quinlivan,
2015) An absence of this structural linkage can lead to membrane fragility and increased
membrane permeability due tenicrolesionsor other types of rembrane damage induced by
mechanical stress during muscle contractig@ensdino and Brooks, 2004; Deconinck and Dan,
2007; Guirauckt al., 2015) Membrane damage and increased membrane permeability could lead
to increased levels of intreellular calcium (and other micromolecules) and subsequently to cell
dysfunction and death i adivation of proteases(Marshall, Williamsand Goldspink, 1989;
Deconinck and Dan, 2007; Guiraetdal., 2015) Continued cell death results in the apparent
imbalance between degeneration and regeneration of muscle iien causes an inflammatory
response and the observed muscle fibrosis withltration of adipose and connective tissue
(Marshall, Williams and Goldspink, 1989; Deconinck and Dan, 2007; Gatraud2015) This
mechansm explains the main histological observations.

It has also been suggestetiat increased influx of calcium ions could be sequestered in
mitochondria and could thus lead to mitochondrial overload and reduction in oxidative
phosphorylation (Emery, Muntoni and Quinlivan, 2015 support of these mechanisms
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proteotomic studies on DMD skeletal musclamaixmice havaevealed changes in expression of
proteins involved in metabolism and energy production e.g. a decrease in adenylate kinase 1 (AK
1), calcium homeostasidqr exampleupregulation of PP1) and cytoskeletal reorganization and
maintenance for exanple increased pression oRhoGDIL, gactin, and tropomyosin)i(Geet

al., 2004) Moreover, an increase of stress related paeone proteins that play an important role

in calcium storage and changes in the expression of mitochondrial proteins have also been
observed imdxmice(Carret al., 2017) Such changes couddsobe indicative of impaired calcium
homeostasis and oxidative phosphorylati@arret al, 2017) Comprehensive understanding of

the abovementioned mechanisms and other observed pathophysiological and biochemical
changesds essential for the development of an effef@ treatment.

1.14.2 mdxMouseModel

Themdxmouse model is the most used and bekaracterisedMD animal modglGranchellet

al., 2013) The nonsense point mutation in exon 23tleé dystrophin gene that results in lack of

dystrophin in this mouse model arose spontaneously in the early 1980s in a colony of
C57BL/10ScSn mi@Bulfieldet al,, 1984a) Despite the absence of dystrophindxmice deelop

a milder phenotype of DMD than huma(Nowak andDavies, 2004)This ioften attributed to

the fact thatmouse muscle exhibits a better and more robust regenerative cap@Nioyvak and

Davies, 2004)Histological studies ofndx skeletal muscle show ongoing degeneration and
regeneration of musclébres, starting atbout threeweeks and persistingproughout the whole

life of the mouse with a peak at aroud® mmths(@ F YY Ay 3 | YR hXdmebverf S8 X H.
GKSNBE A& SJGARSY OSeudoi® LASyNHif (ERYLGKIS (AN, 2008) Hoyidver Mid Ja

lifespan ofmdxis decreased by approximately 25% (whereas the decrease f@ pafents is
approximately 75%) and fibrosis and loss of limb muscle function occur at a much more moderate
degree(Coultonetalz My y T al yYYAy 3 I YR ehah 8015 Unfkéskeletaln mp T a
and cardiac muscles which are much more mildly affected in mice, the degeneddtithre

diaphragm is similar to thegthology observed in human&tedmaret al, 1991; Guirauett al.,

2015) Despite these disadvantagabjs model has proven very useful in understam the

molecular changes and pathophysiological mechanisms that occur due to dystrophin deficiency,

as well as in testing new therapeutic approacbea  YYAy 3 YR .hQal ffSe&> wHnw

1.14.2.1 Establishem vivoBiomarkers

The mairin vivotechniques used to study disease onset and progression and to evaluate potential
treatments or the results binterventions for the mouse models of DMD are tests that probe
muscle strength, function and coordination such as whole body or forelimb gepgtr, two or

four limb wire hanging and rotarod runnirf@roundset al., 2008) The main advantages of such
tests are that they are nosnvasive, inexpensive and usually not particularly tcoasuming.
Protocols and test regimes that combine these tefkis the mdx mouse model have been
established and have been shown not to affect the disease, making theablaigsts to study
disease progression or the effect of potential therapeutic agents and rendering results from
studies undertaken in different koratories more comparabléSiegekt al., 2009; Carlsost al,,

2010; Van Puttert al, 2010; Salet al,, 2012;AartsmaRus and Van Putten, 2014; Mcdonald

al., 2015; Carlson, 2019; Putten, 2018he main disadvantages of these techniques are that they
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are confounded by animal weight, balance and behaviour. Also, due to the variability in the
performance ofthe mice sometimes very large numbers of mice are required for reliable
measurementgGrownds et al, 2008; Carlsort al, 2010; Carlson, 2019; Putten, 201Bpom
conditions, such as room temperature, odours and noise, as well as time of the dayaafiesis

the performance of the micéCarlson, 2019; Putten, 201%or the whole body temsn and wire
hanging tests it has also been shown that using more than one investigators for the tests
introduces variability; thus, each longitudinal series of sest best performed by a single
investigator, or a high degree of standardization is nedgdedduce intertrial and interexaminer
variability(Carlson, 2010; Carlsat al, 2010; Putten, 2019)

Numerousmdxstudies have been published using these t@ghes. Various whole body tension
parameters have been measured from one month to two geaf age and shown to differ
significantly betweemmdxand C57BI/10 mice throughout the lifespanméix mice (Siegekt al,,
2009) Forelimb and hindlimb grip stretighave also been shown to significantly vary between
mdx and wildtype mice from 10 to 4@veeks but other outcome measures such as normalised
duration of maintained grip has been reported to not vary significantly between the two groups
(Spurneyet al,, 2009; Mcdonaldet al,, 2015) It has also been shown that between four and 13
weeks of agandx mice perform worse in the two limb hanging test than agatched control
mice, with the mean longest time hanging ranging between 100 and 300 seconds fardihe
mice at the different time points and between 300 and 500 seconds for the-tygd mice
(AartsmaRus and Van Putten, 20149ther outcome measures were shown not to differ between
the two groups at specific timepoinf@\artsmaRus and Van Putten, 2014he four limb wire
hanging performance ahdxand C57BI/10 mice differed less and rotarodming times did not
differ for the two groups at any time poirfAartsmaRus and Van Putten, 2014)ther studies
have also reported that there was no differencetle rotarod performance betweemdxand
control mice at various timepoints, with some staslireporting significant differences in latency

to fall between three and five months of age o§purneyet al, 2009; Mcdonalct al,, 2015)

All the above showhat tests that probe function and coordination, although useful, are not
always able to idetify the mild phenotype of thendx mouse model and monitor progression
consistently and are therefore typically used in combination with blood marker measurements
and post-mortem tests like muscle force studies and histological analysis. The need fer thes
additional tests renders longitudinal measurements very difficult (for example CK measurements)
or impossible (posimortem tests).

MRI has also been used to novasiely detect disease activity at specific time points and
evaluate the outcomes of therapeutic or other interventions in thexmouse mode(Dunn and
ZaimWadghiri, 1999; Amthoet al, 2004; Walteret al., 2005; Prattet al., 2013). Moreover,
magnetic resonance imaging and spectroscopy have been employed to successfully monitor
disease progression longitudinallprattet al., 2013; Heieet al., 2014) In both studies foci of
hyperintensity, preset in the mdx tissue, were use@s ameasure of tissue heterogeneity, in
order to quantitatively monitor changes mdxmuscle pathology. Pratt et al. demonstrated that
heterogeneity was present imdx muscle from 5 to 80 weeks of age, peaked between 9 and 13
and then dropped in a stablmamer until 80 weeks of ag@Prattet al, 2013) This study only
used onemdx mouse and no control mice for comparison. Heier et al. also showed that the
percentage bhyperintense foci within the hind limb muscle tissue differed significantly between
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mdx and wildtype mice at 6, 8, 10 and 12 weeks of ggteieret al, 2014) Spectroscopic
measurements also revealed altered bioenergeticenioix muscle compared to wditype mice
mainly at 6 weeks of ag@ieieret al, 2014) None of these studies compmthe data acquired
from mdx mice at different timepoints in order to better evaluate if the technique is sensitive
enough to detect changes compared to previous disesiages and not between healthy and
diseased muscle. Nonetheless, they do show theeipibal of MRI to monitor onset and disease
progression of DMD at the preclinical settifidhe main limitations of MRI at the preclinical setting
include that it is a ver expensive method and the long scanning often required pose difficulties
in maintainng bady temperature and recovering the animal.
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1.2Raman Spectroscopy

Raman effect was discovered in 1928 by C.V. Raman, who used stmiightitationand a
telescope to collect the Raman scattered liflRtman, 1928; Ferraret al,, 2002) In 1934 Cohan

et al. using a mercury lamp as the exdgatsource and an exposure time of 24 hours managed

to study the Raman spectra of amino acids, exploring thus for the first time the biological
applicability of Rman spectroscopfCohnet al., 1934) In 1962, laser light sources for use with
Raman spectroscopy were developed and facilitated Raman experimentation (&itdori970)

8 years later Lord et al. studied various proteins and theirsétuent amino acids in aqueous
solutions using a laseaxcited Raman systenfLord and Yu, 1970)Further technological
advancements have led to Raman systems able to measure the chemical compositionus vario
complex biological samples at a molecular I§¥efmyret al., 2016) The Raman spectrum of the
sample, known as its molecular fingerprint, offers essential tpaiale and quantitative
biochemical information(Noothalapatiet al, 2017) Molecular changes, that occur due the
progressionof a disease, or could cause a disease can be optically probed using Raman
spectroscopyDaset al., 200§ Sbne and Matousek, 2008; Rehman, et al., 2012)Jus Raman
spectroscopy can be used for disease prognosis and diagnosis.

In this field significant advances have been made particularly regarding cancerous pathology, with
various applications demonstiiag the ability of Raman spectroscopy to grade, diagnose and in
some cases even prognosticate on various types of canceraaisgtissue or biofluid@Butleret

al.,, 2016) The development of fibreptic probes led to an increase in the vivo diagnostic
applications of the technique withexamples in lung (McGregor et al, 2016) cenvcal
(Duraipandiaret al, 2012) and oesopageal (Wanget al., 2015)cancer detection. Aditionally

to the wide range of cancer applications, the technique has been used to shed light on bone
disease and, using biafds like blood plasma and urine, on diabe(8saferPeltieret al., 2003)
asthma and malari@Hobroet al,, 2013). Moreover, recently application of Raman spectroscopy

in monitoring and diagnosing of neurodegenerative dgesa(Tiaret al, 2016) and myopathies
(Gautamet al., 2015) has started to gain attention.

Promisingn vivoresults (>80 % sensitivityd Pecificity, often with very short acquisition times)

in various cancer studies across several different labs alétigthe fact that the technique is
non-invasive and can be used for measurements of chemical composition (with high molecular
specificiy) and imaging of biological samples at a very low cost indicate the ability of Raman
spectroscopy to be used in théirdcal environment and clinical implementation is firmly on the
horizon(Byrneet al,, 2015; Kongt al., 2015; Jermyet al., 2016) One of thdimitationsregarding

the translation of Raman spectroscopy into the clinic arises from the inherently weak Raman
signal. This induces a limit in the speed of Raman systems, since short acquisition times can lead
to the detection of veaksignals with poor signal toomse ratiogKonget al., 2015) However the
development of new techniques that enhance the Raman signal along with advancements in
Raman instrumentation constitute essential steps toward maximizing the speed of the technique.
Additional challenges include stamdlising the data analysis methedand demonstrating the
safety of Raman devicg®ence and Mahadevaiansen, 2016)Thus, studies that evaluate
biologicaldamage @aused by Raman systems hawdoe conducted before the adoption of Raman
technology in healthcard=inally, the developed technology needs to address unmet needs and
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provide new information regarding a clinical target. Thus, input from cliniciansarstant multi-
disciplinary collaborations are essential for delivery of the next steps.

In the subsegent sections the theory of Raman effect and Raman technology will be presented.
Furthermore, the limited applications of Raman spectroscopy in neuronhustigorders will be
discussed.

1.2.1Theory

1.2.1.1Quantum Theorgf Raman Effect

In quantum theory light consists of massless particles called photons. Upon interaction with
matter photons can be transmitted through the material, absorbed or scattbsghe molecules

of the material.

Virtualenergy ~~— -~~~ """ " """ - TTTTTSo S s m oo s s s s ey y ‘i I

levels alnladedadebaballed Yl Sl 7w ek ===
4
. . 3
Vibrational 5
energy levels I 1
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a) absorption  b) Rayleigh c) Raman Stokes  d) Raman Anti-Stokes
scattering scattering scattering

Figure 11: Absorption and different types afcattering.
The arrows depict the change in the molecular state due to photon absorption (upward arrows) and
emission (downward arrows). The colour of the arrow desgtitmeenergy (i.e. colour) of the light.

Absorption occurs when the energy of the pbos matches the energy gap between two
molecular energy states. Once the molecule absorbs the photon, it gets promoted from the
ground state to a higher (excited) enertgwel (Figure 1la). For scattering to occur, photon
energy does not need to correspd to the energy gap between the energy levels of the molecule.
Moreover, scattering is a twphoton process, during which photons get absorbed andmétted
instantaneasly.

In scattering there is energy transfer between the molecule and the incidestbps (Straughan

and Walker, 1976)This leads to the creation of an eanely shorilived complex, formed
between the photons and the electrons in the electron cloud of the molecule, known as a
molecular virtual state. However, this new maldar state isunstable,and light is emitted
instantaneously as scattered radiationu® to the fact that virtual states arise from the
interaction of light with electrons their energy is dependent on the energy of the incident
radiation.

In Rayleigh sdtering the scattered photons have the same energy (i.e. the same frequency) with
the incident photons, thus, the molecule, after being promoted to the virtual energy level, relaxes
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back to its initial energy state (Figlh) (Smith and Dent, 2005Y his occurs when only eleotr

cloud distortion takes place during scattering and it is the dominant scatterimgegg Straughan

and Walker, 1976)

On the other hand, in Raman scattegithe interaction of photons with electrons induces nuclear
motion (Straugharand Walker, 1976)This movement causes a noticeable change in the energy
of the molecule and thus in the energy of the scattered photons. This leads to the molecule
relaxing to a different vibrational state and to the scattered photon hadifigrent energy from

the incident one(Rehmaret al, 2012) The change in the energy of the incident and scattered
photon corresponds to the energy of the molecular vibration and is known as Raman shift. If a
molecule, due to Raman scattng, undergoes a vibrational transition from the ground state to
the firstexcited level, the scattered photon has less energy than the incident one (FigSniit)

and Dent, 2005)On the contrary, if the molecule undergoes a transition from a vibrationally
excited state o the ground state, the scattered photon has more energy from the incidest on
(Fig. 1.1d). When the photon energy decreases (energy is offered to the molecular vibration),
Raman scattering is known as Stokes scattgiigmet al.2008; Rehmaeet al., 2012) When the
photon gains energy it is known as ABtokes scattering. Raman scattering is a much weaker
process than Rayleigh scattering. Only oneviary 13 ¢ 10'° photons are scattered inelastically
(Conroyet al, 2005; WachmannHogiuet al., 2009; Kongt al., 2015)

1.2.1.2Molecular Vibrations and Raman Spectroscopy

Molecules are made up of atoms, which are held together by chemical b@hdsnergy of a
molecule can be divided into translational energy, rotational energy and vibrational energy
(Cothlup and Daly, 1975l N is the number of atoms that make up a molecule there will be 3N
degrees of freedom of motion for all the atoms in the molecule (eadmatas 3 independent
degrees of freedom of motion, in the y,or z direction). Three of these degrees describe the
translational movement of the molecule in space and three describe the rotational movement for
non-linear molecules (two for linear molece Thus, there are 3N6 vibrational degrees of
freedom and therefore 3M different vibrational modes for nelinear molecules (3% for linear
molecules)Cothlup and Daly, 1975; Straughan and Walker, 1976, Smith and Dent, 2005)

During a molecular vibration thénapeof the surrounding electron changes due to the change in
the configuration of the nucleus. This can lead to a change of the molecular dipole moment or a
change in the polarizability of the molecule. In order for the vibration of a molecule to betddtec

by Raman spectroscopy (Raman active), the polarizability of the molecule needs to be altered.
Infrared spectroscopy detects the vibrational modes of the molecules that represent a change in
the dipole moment.

Molecular vibrations take place when theoats nove periodically. This movement can induce a
change in either the distance between the atoms (i.e. the bond length) or the angle between two
bonds(Rehmaret al. 2012) Depending on the change there are two different types of vibrations,
stretching and bendingKkumar, 2013)Symmetrical and drsymmetrical stretching as well as
scissoring, rocking, wagging and twisting (bending modes) can be seen inlf@uvibrational
transitions ae the origin of Raman spectra. An example Raman spectrum can be seen in Figure
1.3.
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Figurel.2: Mbrational modes.

The arrows depict the direction of blue atoms movement. Straight arrows are used when the
movement induces change in the length oé thand (stretching) and curved arrows when the
movement changes the angle of the bonds (bending).
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Figure 1.3: Raman spectra of different tissues.
The Raman peakgresent in the spectrare assigned to specific biomoleculé&e spectra were
acquired ugg an 830nm lasefLasempower=60mW, Acquisition time=40s)

For a diatomic linear molecule (N=2), there is only one possible vibration. For an oxygen molecule
this is a simple stretch of the-O bond(Smith and Dent, 2005Y his vibrational transition (from

the ground to thefirst excited vibrational state) will appear as a band inR@&nan spectrum of

the molecule. In order to assign peaks of a Raman spectrum to molecular vibrations it is essential
to understand that bonds between atoms in a molecule which are in closenpitg>and of similar
energy interact with each other. The reBofg Raman peak will correspond to the vibration of all
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the atoms linked by these similar bonds. However, bonds between atoms that are well separated,
or have a large difference in energy vitioas, can be treated separately (and will give different
peaksin the Raman spectrum).

In Raman Spectroscopy the sample is illuminated with laser, lighich ismonochromatic
radiation usually in the visiblmfrared region Ferraroet al, 2002) The dsewved Rayleigh
scattered light has the same frequency witketimcident radiation”Q The Raman scattered light

is weaker and has frequencies™Q "Q , where™Q is a vibrational energy of the molecule
(Ferraroet al, 2002) The'Q "Q are the antt Stokes lines whereas th@ "Q are the Stokes

lines of the spectrum. Often in spectroscopy wavenumber is used instead of the frequency of
light. The wavenumber is given by the following expression:

. Q
0 - P
w _
where_is the wavelength of light (in cmjis the speed of light aniis the freqiency of light (in
1/s) (Ferraroet al., 2002)

1.2.2Technology

1.2.2.1 RamaMicro-spectroscopy

Raman spectroscopy is most commonly perforrasihg visible onear infrared NIR lasers. As a
result, coupling of Raman spectrometers with brigiletd or confocal microscopes is highly
efficient (Delhaye and Dhamelincourt, 1973)pon coupling with a microscope the spatial
resolution of the recorohgs depends on the properties of the microscope sys(Sattoet al,,
2014) Thus, lateal spatial resolution is diffraction limited and is determined by the wavelength
of the excitation laser lightrad the numerical aperture (NA) of the objective |dBaitleret al,,
2016) For wavelengths in the visible and NIR region and NA values ranging from 0.5 to 1.2,
resolutionvalues of about 0.8m can be achievedA conventional Raman micspectroscopy
system can be seen in figure 1.4.

Rayleigh filters Focusing mirror

-

Beam expander

Grating

I Sample g
— /F"'H‘:‘:i?j

Detector !

Microscope

Figurel.4: Generalised conventional Raman miespectroscopy systertadopted from Butleet
al., 2016)

The key components that comprifleis system are a microscope, a laser source, a Rayleigh filter
(usually notch filter), a monochromator and a detector. As already mentioned above Raman signal
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is inherently weak. Therefore, it can easily be masked by ma@scence generated in the
biological samples. However, in the wavelength region from 700 to 900 nm (i.e. the window
between melanin and water absorption) most tissues and body fluids exhibit minimum light
absorption and thus minimum autofluorescen@erafft et al, 2009; Krafft, Dietzek and Popp,
2009) Therefore, systems designed for biomedical applications largely use excitation lasers in the
NIR region; most frequently diode lasers at 785 or 830nm are being (Sedft et al., 2009;

Krafft, Dietzek and Pqy 2009) Notch filters are used to separate Rayleigh from Raman scattered
light by blocking the elastically scattered photons. Subsequently, Raman scattered light is
dispersed (by the morahromator) before reaching the detector, in order to separatd arentify

all the different Raman shifts in it. Usually cooled chasgepled device (CCD) detectors are used

to collect the dispersed Raman light.

The Raman spectrometer can also begled with a confocal microscope. In this case a pinhole

is placed infront of the detector. Raman scattered light is passed through the pinhole before
being detectedDiem, 2015)This arrangement prevents scattered (or fluorescent) light emerging
from out-of-focus planes from passindfieiently through the pinhole, and thus beinigtected.

1.2.2.2Fibreoptic Probes

Raman spectroscopy can be performed using optical fibres to deliver the excitation light and
collect the Raman scattered light. The main advantage of these compactexitulef probes is

that they renderin vivomeasirements much easier since they can be inserted into the human
body. However, significant levels of photoluminescence and Raman scattered light are generated
in both the excitation and collection silica optiddres. This can easily mask the weak Raman
light scattered by the sampl@onget al., 2015) Furthermore, Rayleigh scattered light must be
prevented from entering the collection fibre (and thus again masking the Raman signal but also
generating more photoluminescense in the collection fil{Mptz et al., 2005) Filters and lenses
must therefore be implemented in a very small probe. In addition, in order to detiraalin vivo
measurements enough Ramastattered light must be collected (i.effieient throughput
collection) in a short time.

Various haneheld fibre optic probes have been previously reported. Haaltl probes of
different configurations have used for various applications. These include:

1 a probe consisting of a 1.27cm diametiBurmination arm (with single excitation optical
fibre) and a 2.53cm diameter collection arm (with a bundle of 58 collection fibres) for skin
measurementgHuanget al,, 2001; Luet al,, 2012)

1 a penlike probe made up of 19 illuminatidibres interspersed with 38 collectidibres
in a 3 mm ring, and 12 collectidibbres placed in the center of the ring for arthroscopy of
joint tissueg EsmondéWhite et al,, 2011)

1 a handheld microprobe consisting of 7 ¢ettion fibres placed around a single excitation
fibre for intraoperative detection of brain cancédesroche®t al., 2015)

Miniaturisation of fibreoptic probes allows coupling of the probes with endoscopes for real time

in vivomeasurements in hollow orgar(Stevenset al, 2016) Once again probes of various sizes
and configurations have been reported. Huang et al. developed a 1.8mm diameter Raman probe
comprising 32 collection fibres placed around a single exeitdibre that was coupled to a trimodal
imaging endoscopic system forvivodetection of gastric canc€Huang, Telgt al, 2010) A 606-m
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diameter fibreoptic probe consisting of 8 collection fibres surrounding a single excitationtfiate
could be coupled to an intravascular endoscope alas reported Komachet al.,, 2005)

Further miniaturization of the Raman fibagtic allows insertion of the probes in needig&ng

et al, 2015; Stevenst al, 2016) Dayet al.developed a needle probe made up of an excitation
and a single collection fibor&'he Raman probe was integrated into a hypodermic syringe with a
20ga needle. This configuration allows protection of the fibres but also accessidoorgans

such as breast, lymph nodes, or as testethis project musclegDay and Stone, 2013)

As Raman signal is very weak,amreling spectra in short acquisition times (1 second or less) can
be quite challenging with miniaturized probes. Delivery of excitation light anebtiolh of Raman
scattered light using the same optical fibre would maximize the collection efficiency af sm
probes, since the light cones of the illumination and collection beams would o\(&teqyg Chong

et al,, 1992) However, this arrangement suffers from a lot of background noise due to the Raman
scattered light generated in the core of the optical fijBay and Stone, 201.3n order toavoid

this problem different fibres are largely used for delivery and collection of light. Multiple
collection fibres increase the collection efficiency but they also increase the size of the probe.
Additionally, since the excitation and collection conésist f R2y Qi 2@SNI I L) Saa
scattered light is lost. By using beveled tip collectiomefh the collection light cones can be
angled to increase the overlap with the excitation cai@himet al, 1999) Another way to
enhance the collection effiency but also the excitation (by providing a collimated illumination
spot), is to incorporate a ball lens at the tip of the prdotz et al., 2005; Moet al., 2009).

As previously described optical fiblgased probes suffer from background signal due to
photoluminescence and Raman scattering that take placearcthie of glass fibres. Filters must
therefore be incorporated to block the unwanted light. Band pass filters are implemented in the
excitation fbres. Band pass filters allow only wavelengths in a certain range to pass. Therefore,
they can block all thednan and fluorescent light generated in the excitation fibre and allow only
laser light to pass. In addition, long pass or notch filters areemehted in the collection fibres

for the same reason but also to prevent Rayleigh scattered light from enteérengpectrometer.

The filters can be implemented at the tip of the pralbéattoriet al., 2007) at both endgHuang,
Teh,et al,, 2010) or at some point in the length of the prok@ay and Stone, 2013)n alternative

way to avoid the generation of backgrousdnal in the optical fibres is to develop probes that
work in the high wavenumber region 4@y nn OYbL mU ® legion thétehigi stilla LIS O G N.
essential biological information and Raman scattering does not take place in the core of the
optical fibres(Koljenovieet al., 2007). Seveal probes that work in the high wanumberregion

have been reportedKoljenovb et al., 2005; Moet al., 2009; Liret al., 2016)

1.2.3 Raman Spectroscopy and Neuromus@isarders

The potential for Raman spectroscopy to aid thegdiasis and monitoring of neuromuscular
disorders has recently started to gain attentioA microscopic Raman system wased to
differentiate between different myopathies iex vivoDrosophilla preparations (Drosophilla
mounted on a slidejGautamet al, 2015) Mutants related with nemalinenyopathies were
distinguished from flies carryingutations associated with cardiomyopathy. Disease progression
was also monitored with spectra acquired from 2 days old and 12 days old flies. An overall
increase in thdevek of nucleic acids andsheet proteins, with a decrease lirhelix proteins
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were observed as both types of myopathy progressed in all different types of mutants.
Additionally, the same Raman system and classification algorithm were used to recothspe
from a human sample witnemalinemyopathy and in the subsequent analysis the spectrum was
grouped with the nemalinenyopathy fly spectra.

Recently, Tien et al. used SRS microscopy to image degeneration of peripheral nerves-in SOD1
G93A micdTianet al., 2016) SRS imaging ekited comparable sensitivity to electromyography
(EMG), which is the standard examination for MND, but could adilip offer information

about the structure of peripheral nerve. This allowed the detection of lipid ovoidshginly
resulting from degenmating myelinated cells, before EMG could detegidence of neuronal
degeneration, suggesting thus that Raman spmsttopy can be used for early disease detection.
Moreover, in this study the potential of Raman spectroscopyef@luation of new therapeit

drugs was explored. Reduction in the speed of peripheral nerve degeneration due to
administration of minocyclineould be detected in SRS images.

Spontaneous Raman mieepectroscopy was used to study the spinal cordS@fl1®°*A and

control miceex vivo (Picardiet al, 2018) Spectra were acquired from grey and white matter
sections from a small number of mice at 75 and 90 days ofRigardiet al., 2018) Several peaks

and regions (45®50 cm?t, 10561200 cm', 1300 crt, 1440 cmt and 1660 cm) were shown to

differ markedly between diseased and control mice from 75 days of age in the spectra acquired
from the grey matter regiongPicardiet al, 2018) The observed changes were tentatively
associated with processes thsignal the progression oflL&, like axonal demyelithan and the
structural degradation of associated lipifRicardiet al., 2018) The spectra acquired from white
matter areas of diseased and control mice did not exhibit considerable differéRe=sd et al,,

2018)

A microscoe Raman system was usby Morasso et al to study plasntgerived small and large
extracellular vesicles and blood plasma extracted from blood samples acquired from 20 sporadic
ALS patients and 20 agend sexmatched control{Morassoet al., 2020) The dtained results
demonstrded that large extracellular vesicles derived from ALS patient plasma display an altered
biochemical profile compared to those derived from healthy cont{id®rassoet al., 2020)
Changes in the relatv spectra were tentatively ssociated with alteratios in lipids and
phenylalanine metabolism and following PCA analysis an AUROC value of 0.84 was achieved
(Morasseoet al.,, 2020) Finally, plasma and sEVs were shown to be rather homogeneous between
patients and controls(Morassoet al., 2020) Plasma surfasenhanced spectroscopy has also
been recently used to study differences in the blood plasma of sk longduration ALS
patients(Zhanget al, 2019) SERS was shown to be able to distinguish with sensitivity and
specifiaty values between the te groups (AUROC=0.97) due to changes attributed to various
metabolic pathway$Zhanget al.,, 2019)

Recently, saliva acquired from ALS patients was also studied using Raman spectroscopy by
Carolmagno efal. In this study saliva waascquired from 19 ALS patients, 10 patients with

t I NJAyazyQa RAaASFaASYT wmn LI GASyda althy €odidE SR g A
(Carlomagncet al, 2020) Multivariate analysis was used to study the obtained speatrd
demonstrated a significd difference between the different groups, allowing precise
RAAONAYAYIGA2Y 2F (KS a LIS QdaNdmagn@ hl.A2020)Spect@INE ¥ ! [
differences related to nucleic acids, glycogen and glucose add yere observed between ¢h
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WI[{Q IyR WRSBlborfagndt&lO20ZDNhaliy, JAaman data (more specifically scores
of the principal compoents) were shown to correlate with clinical symptom scqi@arlomagno

et al,, 2020)

While some of tlese studies employed techmilty challenging methods, rely @x vivoanalysis,

or are based on a limited number of samples, they demonstrate the pateotithe technique

for the study of neuromuscular disorder§urther studies are required to investigathe
potential ofin vivoRaman systems and classification models to distinguish between different
types of neuromuscular disorders and identify bioewmlles that could be used for
differentiation. Since, for these diseases, early detection and mongane important it will be
useful to further explore the potential of Raman spectroscopy to facilitate earlier diagnoses
(perhaps even at prgymptomaticstages) and monitoring of the disease progression
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1.3Aims and Hypothes

1.3.1Aims

The aim of tis work is to explore the potential of Raman spectroscopy as a biomarker for
neuromuscular disease. This will be dom&ngin vivo measurements in preclinical murine
models of MND (SOB%*and TDR4323*1¥mice) and DMDnidxmice) andex vivchuman muscle
samples.

1.3.2 Hypotheses

i)In vivointra-muscular Raman spectroscopy can distinguish between neurogenic and myopathic
disorders.

i) In vivointra-muscular Raman spectroscopy can detect changes over time in murine models of
neuromuscular disease.

iii)In vivointra-muscular Raman spectrogmp will not cause significant muscle injury and impair
motor performance in mice.

iv)Raman spectroscopy @x vivohuman muscle samples catetect muscle pathology and
distinguish between @uromuscular diseases
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2. Methods

2.1 Animal Experiments

The ethics statement for the animal experiments is presented in section Ziehnimals used

in each of thein vivostudies along with the study protocols are summarisedection 2.1.2.
Finally, he experimental proceduregerformed as part of the animal studies are described in
sections 2.1.2.17.

2.1.1Ethics Statement

All mouse experiments were carried out in accord with the Animals (Scientific Procedures) Act
1986 wnder UK Home Office projetdicense number 70/8587. Theroject methodology was
reviewed and approved by the Ethical Review Committee Project Applications and Amendments
SubCommittee of the Sheffield University Ethical Review Committee and by the Animal
Procedures Committee (LondoblK). Animals were housedd cared for according to the Home
Office Code of Practice for the Housing and Care of Animals Used in Scientific Procedures.

2.1.2 Animals and Study Protocols

All animals used in this study withalexception of C57BL/10Sc3aldsd mice were from thouse
colonies. The SOB®”mice were transgenic mice (the human gene has been transferred te wild
type C57BI/6 mice) that express a G93A mutant form of the human SOD1 gene. Maf¥*30D1
were bred withfemale wildtype C57BI/6 mie in an inhouse colony. Tims, the SOB?*Acolony
consisted of both SOB%A (transgenic) and C57Bl/6 (ndransgenic/wildtype) mice. The non
transgenic C57BI/6 littermates were used as control mice for the S®ice.

Themdxmutation of the DMD genés a spontaneously arisen mutation. Hence, ith@xmice are

not transgenic mice. In thendxin-house colony female homozygous and male hemizygous mice
for the Dmd® allele were bred. Thus, thedx colony only consisted of mic&ith the mdx
mutation in theDMDgene. Wildtype C57BL/10ScSnOlaHsd (C57BI/10) mice were used as control
mice for themdxcolony and were bought from Envigo.

The TDRI3 mice are transgenic mice. Thehiouse colony TDB3 colony consisted of TBRB
(micewith the humanTARDBBene lut without any mutation in the gene) and TEB*3(mice

with the humanTARDBRBene and a Q331K mutation). The T£8Pmice were used as control
mice for the TDR33K The C57BI/6, C57BI/10 and T8 mice will be referreda as control
mice in the nekchapters.

Study 1: Neurogenic/Myopathic Neuromuscular Disorders

The aim of this study was to evaluate the potentiairo/ivoRaman spectroscopy of muscle to
detect muscle pathology and to explore the potential of the tegne to distinguish between
muscle pathology induced by a neurogenic and a myopathic neuromuscular disorder. The
SOD$°**mouse model oMNDand themdxmousemodel ofDMDalong with their control mice

were used for this study. Additionally, potential tissdamage caused by the vivo recordings

was also investigated.

A total of 227 me and three months oldhicewere used in this study. Age and strain/genatyp
clustered the mice in the different groups. In each group some of the mice underwent the active
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Raman procedure and some BdNB Sy i G KS WaKlF YQ 2[1IBLR Thé BrdupsE 6 4SS
with the number of mice usegder group are shown in tabl2.1.

Table2.1: Number of mice used in each group in Studyde and strain/genotype clustered the mice
in each group. Procedure desed the mice in one of two subgroups.

Group Procedure Number of animals
One month old Raman 16
SOD$%3A Sham 10
One month old Raman 16
C57BI/6 Sham 6
One month oldmdx Raman 16
Sham 16
One month old Raman 16
C57BI/10 Sham 16
Three months all Raman 16
SOD$%3A Sham 16
Three months old Raman 16
C57Bl/6 Sham 16
Three months old Raman 16
mdx Sham 16
Three months old Raman 16
C57BI/10 Sham 3

In order to assess the potential tissue damage caused by thaitpad the rotarodtest and gait

analysis Catwall (see section 2.1.4yere performed on all the mice one week before and one

day after the experimental procedurd@ NJ 6 2 G K | Ol A @S) ahd/oR haWaf thé Y Q  LIN.
cohort two weekspost-experiment The protocol for this study lang with the total animal

number used ireach step can be seen in figu2d.

1 Week Day O 1 Day 2 Dag 2 Weeks
Before After After After
Baseline Experimental Rotarod and Rotarod and Catwalk
rotarod and Procedure Catwalk recordings
Catwalk (Active or recordings n=113
recordings Wa Kl YQ( n=227
n=227 n=227 Mice culled for tissue
collection

Half of the animals i
each group culled fc
tissue cdkction

Figure2.1: Study 1 Protocol.
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Nine additional one month old C57BI/6 mice that underwent the active experimerakpdure

were used for postmortem MRI eithe six hours (n=3), two days (n=3) or two weeks (1pei)-
experiment(see section 2.1.5Four one month old C57BI/6 mice thayuRSNB Sy i G KS
experimental procedure were used for pasibrtem MRI either sixiours (n=2) or two days (n=2)
postinjury.

Study 2 Intervention Study imdx

The aim of this study was to explore the potential of the technique to detect more subthgeba

in muscle pathology after an intervention. A total of 60 three months old femmalxand control
mice were used for thistedy (table 2.2). Voluntary exercise using running wheels was used to
exacerbate the muscle pathology of thedxmice and the ability oin vivoRaman spectroscopy

to detect the change in the muscle pathology wagestigated. Both exercised and nerercsed

mdx mice had the active Raman procedure (see section 2.1.3.2). Serum Creatine Kinase activity

was measuredsa broad indicator of muscle damaggee section 2.1.6.2The protocol for this
study along withthe total animal number used in each step dsnseen in figur@.2.

Table2.2 Number of mice used in each group in Stuglywoluntary exerciselustered the mice in
each group. Procedure clustered the mice in subgroups.

Group Procedure Numberof animals
Exercised three Raman pectroscopy 15
months oldmdx (Subgroup 1)
mice Creatine Kinase 10
Measurements

(Subgroup 2)
Non-exercised three Raman spectroscopy 15

months oldmdx (Subgroup 3)

mice Creatine Kinase 10
Measurements
(Subgroup 4)

Non-exercised three Creatine Kiase 10

months oldC57BI/10 Measurements

mice (Subgroup 5)
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Figure2.2: Study2 Protocol.

Study3: PreclinicaMND Study

The aim of this study was texplore the potential of the technique to detect differences insuole
pathologybetweentwo mouse models of the sae disorder. A total of 24 female three months
old SOD%°*4 TDP43and TDR4333mice was used for this studtaple2.3). All mice underwent
the active Raman procedufsee section 2.8.2).

Table2.3: Number of mice used in each group in Study 3.

Group Number of animals
Three months old 8

SOD¥#%A

One month old 8

TDP43

Three months old 8

TDR43331K

Study4: MalemdxMice Study

This study aimed to investigate the performance of the modelsegated using Raman spectra
acquiredin vivofrom malemdxmice and compare it with the performance of femahelx mice
(used in Study 1). A total of 32 mahelxand control mice were used fohis study (able2.4). All
mice underwent the active Raman pemture (see section 2.1.3.2)

Table2.4: Number of miceused in each group in Study 4.

Group Number of animals
One month old male 8

madx

One month old male 8

C57BI/10

Three months old 8

male mdx

Three months old 7

male C57BI/10
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Study 5: Combined Prol&udy

The aim of this study was to test arhouse bult combined probe, that can acquire both Raman
and electrophysiological data. Moreover, this study aimeaddmpare the electrophysiological
recordings acquired with the combined probe with standard &Mnd NCS methods (ring
electrodes, needle electrodelRaman spectrand compound muscle action potenta(CMAPS)
and were recordedn vivofrom 16 SOD3*Aand control micet@ble2.5).

Table2.5: Number of mice used in each group in Study 5.

Grouw Number of animals
Three months old 8

SOD¥#%*Amice

Threemonths old 8

C57Bl/6mice

2.1.3RamarectroscopyExperiments

2.1.3.1 Anaesthesia

Inhalational anesthesia was induced and maintained with Isoflurane. Mice were placed in the
induction ctamber of the anaesthetic machine until anaestbetl (5% isdtirane vapouy oxygen

flow rate 4.0L/min). Consequently, animals were placed on a heating pad and anaesthesia
maintained throughout the whole experimental procedure with inhalation of the anas&th

agent through a nose cone (2% isoflurane vapour, oxylgswn 2.0L/mir). Postprocedure they

GSNB LI +FOSR Ay Ly AyOdzol G2NJ F2NJ | LILINBEAY!I (S¢
anaesthesia. Once the mice were fully mobile and feeding, they wereneduto their home

cage.

2.1.3.2Ramarspectroscopy

A fibre-optic Raman nedle probesystemwas used for the experimental procedu(Pay and
Stone, 2013)A schematic of the probspectrometer interface can be seen in fig@&. A 830

nm semiconductor laser (Innovative Photonics Solutions) is fiber coupled to an inline filter unit,
which collimates the lght through a laser line bandpass filter (Semrock, Inc.) to remove Raman
and fluorescence generated in the fiber and refocuses the filtered light into a short length (15cm)
of low-OH fiberwith 105mm core and 0.22NAThor Labs, Inc.) to the distal end bétneedle. An
identical second fibre was used to collect scattered light at the sample and transmit it to the
spectrometer via a similar inline filter unit containing a long pass filter that rejects the elastically
scattered laser light. The excitation aodllection fibres were sheathed in a stainledsel tube

with a 0.5 mm outer diameter which was then inserted into a 21G needle attached to a syringe.
The spectrometer used was a Raman Explorer spectrograph (laéd&ivotonics, Inc.), and iDus
420BRDD @D camera (Andor Technology, Lthdled to-70°C. Acquisition time was 4 seconds

for each spectrum and 10 spectra were acquired at each site (total acquisition time at each site
40 seconds).
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Figure2.3: Raman gstemschematic

Prior to the initiationof each set of experiments the system was calibrated in amensure tte
reproducibility of theCCD eadout so that recordingsobtained on different days could be
compared.Laserpower output was measured and adjusted to 60 mW at tipeof the probe.

Power output measurements were repeated often during the experiments to ensure the power
remained consistent (at 60mW) throughout all the spectral recordings. Spectra from PTFE were
aqquired for wavelength calibration. Followinige correction ofPTFE oftt an air background
signd was alsaacquired in ordeto check visual consistency with previous measurements.

Thein vivoexperimental setup can be seen in figurd.Hindlimbs ofthe anaesthetizedanimals

were shaved prior to the experimental proce@urActive and sham procedures were performed
with each animal having only one type of recording. For both procedures the needle was inserted
in both the medial and lateral heads of both gastrocnemiussafes of each animal (4
sites/mouse) and the fibreptic Raman probe was deployed through the tip of the needle by
gently pushing the syringe. For the active Raman procedure, the laser was switched on, laser light
shined into the muscle and the Raman dpaavere acquired from the sites of interest. For the
sham recordings the procedure was the same, but the laser was not switched on.
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Anaesthetised
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Figure2.4: In vivoRaman experimentasetup.
The probe is inserted in a 21G needle and the needle is inserted iasthecgemius muscle of
the anaestletised mouse

The filre-optic Raman system described above was also used foexhavorecordings in mice
musclesamples. The samples were stored-&°C and were left in room temperature to thaw
prior the recordingsPower output of the laser was initially measured anduatid tomaximum
power at the probe tip For the recordingsite samples were placed on white paper aedlshown

in figure2.5. Specta were acquired at multiple sites of each samplé (@tes depending on the
size of the sample). The probe was placedtbe surface of the sample and ten spectra
(acquisition time: 4s/spectrum) were acquired from each sitée ten spectra were then
averaged prior data analysis.

Figure2.5: Ex vivoRaman experimentasetup.
The sample was placed on white papdt animal tissue) and the spectra were recorded by placing
the probe on the surface of the sample.

36



2.1.3.3Combinedlectrophysiolgical and Ramarecordings

Prior to the electrophysiological recordinggetfur ofboth hindlimbs of the anaesthetised mice

was shavedand the remaining fur was removed usidgpilatory creamto facilitate better
contact

All electrophysiologcal recordings were made using a Dantec Keypoint Focus EMG System
(Optima, UK).To record theCMAR twisted pair subdermal electrodes werused to apply
supramaximal stimuli subcutaneously at the sciatic nofitiree different methods of recording

the CMAs were used whenever possible and compared) electrodes (standard method 1),
needle electrode (standard method 2) and combined prfimv method). For the ring electrodes
recordings) aidl YRGS RPY Ot & &ILINR I OK g1 & dzdl Sverthe A (i K
muscles and another at the base of the anldegrounding electrode was placed in the base of
the tail. For the recordings usinthe concentric needle electrode, the grounding electrode was
again placed on the base of the tail and theedle electrode was placed in the gastrocnemius
muscle. Similarly, when the combined probe was used to acquire the CMAPSs, the grounding
electrode vwas placed on the base of the tail and the probe was inserted in the gastrocnemius
muscle. Two electrophysimgical recordings were obtained when the combined probe was used
with a recording of a Raman spectrum (acquisition time: 40s) in between (seers2cti8.2 for

the Raman recording method). Whenever possible CMAPs were acquired from both hindlimbs of
each mouse using all three methods in each hindlimb. When that was not feasible CMAP
recordings were undertaken using one of the two standard methodisthe combined probe.

A single, square wave electrical impulse of 0.1ms duration was applied to the sotatian order

to record the CMAPs. The stimulation intensity was increased until no further increase in the
CMAP amplitude was observed (that isugpramaximal response was obtained).

2.14 PostexperimentMotor Function Assessment

Motor function testirg was carried out on all the animals in Studly drder to evaluate the impact

of the in vivoRaman recordings on muscle functi(see section 2.2.for time points and group
sizes).

2.1.4.1 Accelerating Rotarod Test

All mice were trained on theotarod test for three consecutive days prior the first set of
performance recordings. For the performance recordings mice were placed on the rotarod for up

to 300s. The rotarod (Ugo Basile 7650) was set to accelerate from 3 to 37 rpm in 270 seconds.

Latercy to fall was recorded in seconds for each mouse. Each mouse was allowed two runs and
the best performance used for the data analysis. The rotarod appacatuve seen in figur26.
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Figure 26: The rotarod apparatus

2.14.2 Catwalk GaifAnalysis
The CatWalk gait analysis system version 7.1 (figuflewas used for gait analysis. The Catwalk

system consists of an enclosed runway with a glass platévemglastic panels perpendicular to

the glass plate, an encased fluorescent tube thmaits light inside the glass plate and a high speed

colour camera positioned underneath the runw@arvathy and Masocha, 2013&jormally, the

light emitted bythe fluorescent lamp gets internally reflected and is therefore restricted to the

glas surface plateWhen the air in contact with the surface plate is replaced by a different
YSRAdzZYY ¥2NJ SEI YL S5 6KSy G(GKS | yaxislthe @assabd ¢ § 2 d
AffdzYAyldSa GKS O2yidal OG0 | NBdthe glassplate drlykhE plaRetzNA y 3
2F O2y G OG 2F GKS I yAYIl{ @aumedeval 2007) Th&runiokite 3 | a &
animal is recorded by the video camera underneath the run(i@gumenst al,, 2007) Data are

acquired, stored, analysed and quantified bg tCatWalk software 7 grogram.
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Enclosed
Runway

Camera

Figure2.7: The Catwalk 7.1 system

In this study mice were familiarised with the Catwalk runway and trained to crossday before

the first recordingMotor performance of all the mice waken recordedbefore andafter the
Raman experimental procedure. Animals were placed on the catwalk apparatus in complete
darkness and left to walk freely on the glass plate. Whenever possible six runs were acquired fo
each mouse and three were selected for analysis. Catwalwamdtwas used to manually identify

the footprints in each runRF=RighEront, RH=RighHind, LF=LefEront, LH= LefHind) in the
walkway panel, as can be seen in fig@@&. After the footprnt labelling, paw prints were
displayed in the print view. Theme-based gait diagram (i.e. duration of contact of the paws with
the glass floor for all the step cycles in each run) was displayed in the timing view. Subsequently,
the associated gait paragters were automatically calculated by the softwafbe data vere then
exported and collected using Excel.
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Actions
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Hide rectangles
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Print
view
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Left hind paw
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Taill

Undefined
Right hip

Right knee
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Timing
view

Figure2.8: Catwalk 7.1 gait analysis softwaré&ach paw (digitised prinid manually labelled in\ery
sequence in the walkway panel. Different colours are associated with the different paws in the print
and timing panels. Paw prints are displayed in the print view. The bars in the timing view represent the
stand for each paw and each step cycle.

The gait parameters calculated by the Catwalk softwasre grouped in the following five
categories a) Runharacterization, b) Temporal parameters, c) Spatial parameters, d) Kinetic
parameters, e) Interlimb coordination parametdf3aballereGarridoet al, 2017) The tempoal,

spatial and kinetic parameters as well as stride length are calculated for each paw separately. A
full description of the panaeters from each category that were analysed in this study is given in
table 2.6. A graphical representation sbme examplg@arameters is given in figur29.

Table2.6: Full list and definitions of gait parameterg&djusted from(CaballereGarridoet al., 2017)
Parameter Definition

Run Garacterisation

Duration (s) The duration of the entire run.

Temporal Parameters

Stand or Stance Phase (¢ The duration of contact of a paw with the glass floor during a ¢
cycle (fig2.9).
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Swing (s)

Duty Cycle (%)

Initial Contact (s)

Max Contact (s)

SpatialParameters

Print Lengthrfim)

Print Width (nm)
Print Area hm?)

Max Area ifim?)

Intensity (a.u)

Kinematic Parameters

SwingSpeed (m/s)

Stand Index

Interlimb Coordination

Base of Support (BOS

(mm)

Stride length (mm)

The duration that a paw is not in contawatith the glass floor
during a step cycléig. 2.9.

Stance phase duratioas a percentage of the duration of the
step cycldfig. 2.9.

The time in seconds since the start of the run at which a |
makes contact withtte glass floorfig. 2.9.

The time in seconds since the start of the atrwhich the largest
part of a paw is in contact with the glass pldiig.(2.9.

The length of the complete prinfig. 29). The complete print
consists of the sum of all contacts of a paw with the gidate.

The width of the complete prinfig. 2.9.
The surface area of the complete prifig( 2.9.

Maximum area of @aw that contacts the glass. (Print area at M
Contact).

The mearbrightness of all pixels of the print at Max contact. T
intensity is dependent on contact of the paw with glass plate ¢
rises with increasing pressure. Thus, Intensityg measure of
weight support of each paw.

The speed of the paw during swirfgg(2.9

Measure for the speed at which the paw loses contact with
glass floor.

The average distance between either the front pawsher hind
paws fig. 2.9.

The distance between successive placements of the same
(fig. 2.9.
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Print positions (mm)

Step Sequence

Step Sequence: Number

of Patterns

StepSequenceCa (%)
StepSequenceC (%)
StepSequenceAa (%)
StepSequenceAb (%)

StepSequence Regularity

Index(%)

Support (%)

Support Zero(%)
Qupport: Single(%)
Support Diagonal%o)
Support Girdle (%)
Support Lateral(%)
Support Three(%)

Support Four(%)

The distance between the position of pament of the hind paw
and the position of placement of previously frquaw on the
same side of the body during one step cycle.

Order in which the paws are placed on the glass floor.

Number of patterns usgthrough the entire run.

Cruciate step pattern (RLFRHLH).
Cruciate step pattern (ERFLHRH).
Alternate step patter(RFRHLFLH).
Alternate step patternl(FRHRFLH.

The number ofnormal step sequence patterns (as descrik
above) relative to the total number of all the paw placements
the run fig. 2.9.

Percentage of a run when the animal is supportgdzero, one,
two three or four paws simultaneously on the glgdate in each
Step Cycle.

Zero paws in contact with the glass plate

One paw in contact with the glass plate.

Two paws in contaawith the glass plate (LRH or REEH)
Two paws in contact with the glass plate-®F or RHLH)
Two paws in contact with the glass plate-{IHFor RIRH)
Three paws in contact with the glassig

Four paws in contact with thglass plate
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B @ A c Stand Swing
O D — «—>
Width
O " N

Step cycle |
Print Length [

Duty cycle (%) = 100*Stand/(Stand + Swing)
Swing speed = Stride length/Swing

Figure2.9: Graphical representation of gait parameter#\) Stride lengths (in mm) for left and right

hind paws (white arrows) and hindlimb base of support (in mm) (yellow arrow) shdka print view

panel. B) Print width (in mm), prilgngth (in mm) and print area (mdn(shadowed area). C) Stand (in
seconds), swing (in seconds), step cycle (in seconds), example of initial contact (in seconds) (orange
dashed line) and max contact §aconds) (black dashed line) of the second placeaie¢né right hind

paw shown in the time view panel. Formulas for the calculation of the duty cycle and swing speed
displayed.

2.15 PostexperimentTissue Damage Assessment

Postmortem MRI was used insaall cohort of animals from study 1 in order to assess the tissue
damage induced by tha vivoRaman recordingéSee section 2.1.2 for time points and group
sizes)

2.1.5.1 Postnortem Magnetic Resonance Imaging

The gastrocnemius muscles of both lefishe mice were imaged posnortem, after the Raman
recordingsn order to assess potential muscle injury from the Raman recorditige were culled
either six hours (n=3), two days (n=3) or two weeks (pal}experiment, the hind limbs were

cut, placedinto saline solution and transferred into the MRI unit, where they were scanned
immediately. Each mouse leg was placed in a separate eppendorf tube filled with oil. The two
eppendorfs were subsequently placed inGbl falcon tube on a layer of oil soakeotton, which

was inserted in the scanner.

A 7 Tesla magnet (Bruker BioSpecAVANCE, 310 mm bore, MRI system B/C 70/30),-with pre
installed 12 channel R§him system (E530) and fitted with an actively shielded, Irhén inner
diameter, water cooled, 3 cogradient system (Bruker BioSpin MRI Gmb8A&1.2. 400 mT/m
maximum strength per axis with 8ds ramps)was used for imagingA 'H birdcage volume
resonator (Bruker, 300 MHz, 1 kWmax, outer diameter 114 mm/inner diameter 72 mm), placed
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at the isocentre ofte magnet was used for both radiofrequency (RF) transmission and reception.
A workstation configured for use with ParaVisionTN doftware operated the spectrometer.
Following field shimming, ofiesonance correction and RF gain setting-plaine FLAS$§equence
(Repetition time (TR) = 100 ms, Echo time (TE) = 6 ms, Flip angle = 30u, Number of Averages = 1,
Field of view (FOV)80mm*80mm, slice thickness = 2mm, Matrix = 128*128, spatial resolution =
0.625mm*0.625mm) was used to localize the subject. 8gbently, fast rapid acquisition with
refocused echo (RARE) sequences allowed low digimadise ratio (SNR) visualisation bétarea

of interest and thus planning of axial high SNR RARE images (TR = 58J00mss, TE= 56 ms,
Number of Averages=4800, FOV=20 mm*20 mm, Slice thickness = 0.3 mm, Matrix = 256*256)
covering the entire region of interest. Fat suppression was tsedevent high intensity fat signal
from obscuring the signal of interest (i.e. bright areas in the muscle due to injury).

2.1.6 Running wheel induced damage
Running wheel exercise was carried out on some of the animals in Study 2. Serum was collected
from some of the animals in the same study (see section 2.1.2 for group sizes and study protocol).

2.16.1 Running Wheel Exeeis

For the running wheel activity mice were caged individually. The running wheel consisted of a
37.8cm circumferencelasticFas Trac wheehttachedon a 4cm postfixed on the floor of the

cage and it was placed in the corner of each c#geagnet waslged to the underside of each
wheel and a bicycle computer with reed switch vedtachedto the side of the cageMice were
exercised voluntarily on the running wheel for 48 hours #maldistance rurby each individual
mousewasmeasured andecorded ddy. Food and water were administered ad libitum.

2.16.2 Serum CK Activity Measurements

The blood collection ahCK measurements were done accordinthtreat-nmd neuromuscular
network protocol (Carlson, 2014)Briefly, mice were anesthetised with an intraperitoneal
injection of pentobarbital (100>l) and blood was collected via cardiac puncture. Blood was
allowed to clot for approximately four hours in room temperature. Clotted blood was
subsequently centrifuged &t0,000 rpm for 10 minutes at 4°C and serum was collected. Serum
was stored at80°C.

Serum CK activity measurements were damgngthe Pointe Scientific Creatine Kinase (CK10)
NEBIFI3ISyido ¢KS NBFIASYyd 61 a LINBLI NBER eOvORiNgR A y 3
reagent and serum were mixed in9&ll cell culture plates. Two aliquotd each serum sample
were prepared100>| of working reagent were added in each one of the used wells and the plate
was prewarmed at 37°C for 4 minute®.5 >l of serum was then added to the wells and the
absorbance was measured at 37°C every minutehiee minutes at 340m usinga microplde
reader (PHERAstar The absorbance of the two aliquots was averaged for each measurement.

The differences in absorbance per minufe (g "oswere calculated and averaged. To express

the creatine kinase activity in units per Iitr'g@) the following calculations were done:
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2.1.7 Histology

2.1.7.1TissueCollection

Mice were sacrificed bgervicaldislocation.After removing the skingastrocnemius muges of
both hind limbs weralissectedrom all themicein Study 1The quadriceps and tibialis anterior
musclesof both hind limbsas well as the diaphragmuscleof all the mice in Study 2 were also
dissectedlsopentane was used for tissue freezinge IBopentane was poured inraetal canister
and the canister was placed liquid nitrogen After dissectionthe muscles were embedded in
optimal cutting temperature (OCT) compound, dminediately snap frozen in isopentane. The
frozen samples were theri@ed at-y n g /

2.1.7.2S=ctioning H&ESainingand Imaging

Histological analysis was performed gastocnemius muscleacquired from one and three
months oldmdx SOD%°%* C57BI/6 and C57BI/10 mice (n=3 samples/groEp).sectioning, the

muscle senples were acclimatised a20s / T 2 NJB *myfissezezibls werebtained using
acryostat (cryostat chamber and object temperatu®e /and mounted on uncoated, charged

slides. Five sections were mounted per slMéenever possiblenenty slidesvere acquired per

sample with 80>m intervals between every four slideSlides were tan stored at20¢ / @

Prior to staining, Igdes were left in room temperature to thaw for 30 minutéhe slides were

then placed in 95% alcohol for 5 minutes and threackd in tap water. Subsequentlghe tissue
sectionswere stained in Harris haematoxylin for 2 minutes and then washed in tap water. After
0SAYy3a 41 AKSR Ay {0200GQa GFL) ¢ GSNJ F2NJ . YAydzi
Subsequently the t&le sections were washed in tap water and then quyiofiéhydrated in
alcohols (75%, 90%, 100%, 100%). The sections were then cleared in xylene and mounted in DPX.
The slides were imaged using a digital slide scanner (Nanozoomer series, Hamamatsu). The
histological images were acquired using tRBP.view2 Viging software(Hamamatsu).
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2.2 Human Tissue

2.2.1 Ethics Statemeand Tissue Collection

The collection and use of human tisswere approved by an NHS Research Ethics committee
(reference 16/¥4/0261).

Postmortem human muscle from patients with a diagnosis of Mie obtained from Sheffield

Brain Tissue Bank. Muscle collected with a core needle biopsy from patients with a diajnosis
mitochondrial disease, was obtained from Newcasd@ochondrial Tissue BiobankHealthy

muscle tissue, collected during knee surgery from subjects with no known neuromuscular
conditions, was also obtained from Newcadflgéochondrial Tissue Biob&nFnally, open muscle
biopsies were collected prospectively fropatients undergoing investigation for possible
neuromuscular disease at the Royal Hallamshire Hospital (Sheffield Teaching Hospitals NHS
Foundation Trust).

2.2.2Study protocol
The ains of thisstudy wereto:

1 testif the fibreoptic Ramarprobe can recordRaman pectraex vivafrom human muscle

1 explore the potential of the technique tdetect muscle pathologdistinguish between
healthy and diseased muscle

i to investigateat which stage of the diagnostic pathw&aman spectroscopgould be
useful

1 to compae the peaformance of the fibreoptic probe with that of a Raman microscope
system

All the samples described in section 2.2.1 were used in this stidynumber of sampsin each
groupcan be seen in tabl2.7.

Table2.7: Summary of the human muscle satepusedin the study.
Group Number of samples

MND tissue 14
(Sheffield Brain Tissue Bank)

Mitochondrial disease 14
(Newcastle Mitochondrial Tissue Biobank
Tissue from healthy volunteers 10
(Newcastle Mitochondrial Tissue Biobank
Prospective mude biopses 39

(Sheffield Teaching Hospitals)

The tissue samples were transferred to the Biophotonid®esearch Unit in Gloucester
(Gloucestershire HospitaNHS Foundation trustyvhere all the Raman recordings took place.
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The samples were stored é80°C and vere left in room temperature to thaw prior the Raman
recordingsEx vivdRaman recordings weigcquired with the fibreoptic Raman probe and with a

Raman microscope system (see section 2 f208h all the samples except for four MND samples
Ramanrspectrafrom these samples were collected using the fHogic probe only.

2.2.3 Raman Spectroscopy

2.2.3.1 Optical Fibre Probe
The fibreoptic Raman system described in sectih.3.2was also used for thex vivarecordings

in human samplesPower outpt of the laser was initially measured and adjustechtaximum
powerat the probe tip The samples wenglaced ora Calcium Fluoride slidéigure 2.10) Spectra

were acquired at multiple sites of each sample5(8ites depending on the size of the sample)
The pobe was placed on the surface of the sample and ten spectra (acquisition time:
4s/spectrum) were acquired from each site. The ten spectra were then averaged prior data
analysis.

Figure2.10: Ex vivoRaman experimentasetup.
The sample wa placeddn a glass slide (human tissue) and the spectra were recorded by placing the
probe on the surface of the sample.

2.2.3.2 Microscope

Following the recordings with thébre-optic probe Raman spectra were also acquirading
830nm excitation wavelgth with an acquisition time of 40s (in each siteing a Renishaw
Raman spectrometer systeri0O00 (Renishaw Plc. Wottennder-Edge, UK)Spectra were
acquiredusing a x50 objective fromultiple sitesin each sampl€2-6 sites depending on the size
of the sample The power at the objective w&0OmW,
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2.3 Combined Probe Construction

A fibre-optic Raman probe like the one used for the rest of the experiments (see section) was
constructed. To build the combined probe the metal bore containing the tptical fibres was
AYASNISR Ay | KSIG &aKNAYy] 0 héated usidggialh& ¥ir gpnbnnnop
Approximately 1 mm was left without insulation at both ends of the metal bore to allow for
electrical contact (figure 2.11yhe standard corectorsfrom the EMG machine were then looped

around the needle and the uninsulated enfithe probe(contact sitefigure 2.11)}o make the

contacts.

Metal Bore

wihtwo o p— T

optical fibres J i

Contact Site

Heat Shrink

Figure 2.11: Combined Raman/EMG probe schematic
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2.4 Data Analysis

2.4.1Spectral Anlgsis

Spectral analysis was done in Matlab environment (Matlab R2019b The MathWorks, Inc.,Natick,
MA). Rawspectrawere interpolated to integer wavenumber spacirgsween900and 1800cm

!, normalised using standardormal variatenormalisation (SNV)and meancentred (Barnes,
Dhanoa and Lister, 198%pectra were windowed between 9@d! and 1800cm? as outside

this region the spectra were dominated by background related to silica Raman signal generated
in the optical fibres (before 900 cthor consisted of uninformative noise (after 1800 YnMore
specifically, there is a peak loeataraind 800cmt that has been previously shown to be related

to fused silicdSaaedraet al,, 2014) Since, this pak wasvery prominent in the Raman spectra
acquired with the fibreoptic probe the spectra region up to 900émvas excluded from the
analysis in order to avoithe artefact of the probe fibres affecting the da#amalysis and being
used for classification.

Prindpal component fed linear discriminant analysis (ROA) principal component fed
guadratic discriminant analysis (PQ®A)and partial least squares discriminant analysis{PAB
classification models werbuilt for all the dataset? CAvas usedo process the spectra and the
most appropriate principal components (largest difference between the groups of interest) were
aSft SOiGSR dzatdsy(Ebmpatisorb&wedrQwio gridups)analysis of variarc(ANOVA)
(comparison between three or morgroups) applied to the PCs followed fgtsediscovery rate

(fdr) correction (Q=0.05PCs up to PC12 were examined as components above thatfewerd

not to contain discriminatory informatiorin PLSDA selection of the optimal number was done
by increaing e number of components included to build the classification model until the ability
of the algorithm to accurately predict the spectra mmd@ier increased.

The classification performance of the different models was validated using-teee/spectrun-

out (LOO), leavene-mouse/sampleout (LOMO/LOSQ® and repeated leavsomemice
(RLMOCYV) out crosgalidation (CV) As can be seen ifigure 2.12 in the leaveout-cross
validation the dataset is split into a training and test set. The classificationIrisoalglt using the
training set data. The test set is then projected on the model to evaluate its performance. The
processis repeated until eat spectrum has been left out once and its label (group) has been
predicted by the model. In order to ensureaththere is no prior information of the test dataset

in the training set model, components to include were selected for each training dgtiskeout
including the spectra of the given test selh the caseof the repeatedieavesomeout cross
validationthe entire crossvalidation process was repeated 100 times using differesntdomly
selectedcombinationof left out mice.
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Figure2.12 Leaveout crossvalidation.

The data set is split into training and test sets. The model is generated usspgtita in the training
set and validated using the label predictions from the data in the tesThetcycle is repeated until
each spectrm is left out onceFor repeatedleavesomemice/samples out the whole process was
repeated 100 times.

For thein vivo animal work each animal group consisted of the same number of mice (see
methods sectiorR.1.2for animal numbers). For models generated from mice groups consisting
of 16 mice each, the repeated leatw@o-mice/group cross/alidation was performed. For
exanple, in the case that two groups were used to build the model, four mice (two from each
group) were left out in each step of the cregalidation. This was done to avoid biasing the model
by leaving out 4 mice of the same group in any step. For mageigated from mice groups
consisting of 8 mice leawene-mouse/group crossalidation was performed. The human samples
(ex vivowork) were not split in equally sized groups and this cx@dglation was not possible.
Background subtraction was performéar darity but not as a prgrocessing stefLieber and
MahadevanrJansen, 2003)

PCA, LDA and RD3techniques are gesertedin the following sections.

2.4.1.1Principal Components Analysis

Principal Component Analysis is a method for exploratory data analysis (unsupervised learning)
and a dimensionality reduction techniqu&he main aim of dimensionalitgduction techniques

is to simplify the data describe a given data set with a reduced number of varidbidsle
preservingas much of the variation in the original data set as possible. PCA computes a new set
of uncorrelated latent variables that are éar combinaions d the original variablesThese new
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variables or coordinates (Principal Components) are defined by the directions that maximise the
variance in the dataset and the most important information present in the data can usually be
described umg the firg few PCsA new orthogonal coordinate system cainus, be formed using

only the most informative dimensions (only the PCs of irggréfigure 2.13. Each Raman
spectrum can be accurately fitted to a linear combination of these PCs.

k
a) Spectrum 1 :
|11 Spectrum 1
o
3
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o
Q
£
k
kq k, lll 1
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c) K, d)
PC1 |
’ e .
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Figure 2.13 lllustration of principal component analysifor example data set with two original
variables.a) Example spectrum with two wavenumbeld The spectrum represented as a data point

in the spectral space (space with as many dimensions as the oxigitables).c) Mor spectra (red

dots) in the spectral space. The two principal components (directions of maximum variance) are also
illustrated (blue arrows). d) The spectra are projected on the direction of the principal components
(green and yellow dojysand the sare ofeach spectrum for each PEftir PC1 and.tfor PC2) can be
computed by projecting the data in the direction of the PCs (dashed lines).

Mathematically, the eigenvectors of the covariance matrix of the original variables represent the
directions ofthe axes where there is most variance. The eigenvalues associated with each
eigenvector give the amount of variance present in this direction (in this PC). Thus, ieeigpesv

are ranked in order of decreasing eigenvalues, the principal comepts are ankedin order of
significancgVarmuza and Filzmoser, 2009)

For a data set consisting of observations (spectra) aral original variables the direction with
the most variance is the first principal compaie@nd is defined by a loading vector:

- 188
The score®f each componentwhichare orthogonal pojection coordinates on the direction of
the respectiveloading vector, are linear combinations of the original variables andasective
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loadingg(Varmuza and Filzmoser, 200Bpr observatioif)defined by the vectos. with elements
@ 8 w the scored forPClis

O wn E 0 Q p8&

And so, for alk observations arranged as rows in a mattixhe score vector,«, of PC1 is
obtained by
< L 30m

Thesecond principal componeiPC2) is defined as an orthogonal directioR @1 and possessing
the largest residuavariance of the score@/armuza and Filzmoser, 200BCs up to the number
of the originalvariables can beatculated and each PC is loogonal to all the previously
computed ones. Due to the fact that the amount of explained variarem@eahses in every next
PC, the variances of the later PCs are often very small or(Yarmuza and Filzmoser, 2009)
These Bs represent noisein the dataset andcan be removedfrom subsequentanalysis
(dimensionality reduction).

If all the loading vectorsare collected as columns in the loading matrj,and all score vectors
are collectedn the score matrix{|, (figure 2.14) the PCA scores acemputedby the following
equation:

The loading vectors are orthogonal to each other and their lengths are normalised to 1:

o= p 0 p8&
o T WO p8H GEV T

The PCA scores are also orthogonal to each other and uncorrgldtechuza and Filzmoser,
2009)
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Figure2.14: Graphical representation of PCA matrices.
Since PCA is used for dimensionality redud¢tiemmumber of components usdd) is usually smaller
than thenumber of original variable@n). Adjusted from(Varmuza and Filzmoser, @9).

ThePCA scores can be used to restonct the original datasgto-matrix) (Varmuza and Filzmoser,
2009) To do that usually, only the PCs that preserve the most important information are
employed.Thus, an approximatedi>matrix (@ ) with reducednoise can beconstructed.If all
possible PCwere used, the error (residual) matri® would be zerobut that wouldlead to
overparameterisation ofthe spectra and would defeat the purpose of usin@AP for
dimensonality reduction(Varmuza and Filzmoser, 2009)

£=|= J|| 3| 1 + J|| O| 1 Mrmv Mr-ev = £=|=

As already mentioned above PCA is an unsupervised methioidh means that there is no
knowledge of the different groups present in the dataset (e.g. diseased/healthy spectra). Thus,
PCAidentifies the directions in the spectral space that maximise vamatin the data
independently of the sample groups andrnsnany cases not idefdr spectral discrimination and
classificatior(Notingheret al, 2004}p t / Q@ diagfoktidally significant (variance in the data

is due todifferences between healthy and diseased tissues) are therefore often used for further
Fylrfeara oA0K WAdzZLISNIDAASRQ GSOKYyAljdzSa fA1S Ydz
2.4.1.2 Lineabiscriminant Analysis

Linear discriminant analysis a superised method that is often used as a classification technique.

It can be described using two different approaches, the Bayesian and the Fisher approach. The
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non-Bayesian approach will be usediwis chapter. LDA finds the directions in the spectral space
Nt/ Q& &aLI OS AF daASR FFGESNI t/ 10 GKFEG YIFEAYASZ
directions, also known as Linear Discriminant Functions (LDs), are linear combinations of the
original variables! G A f A & Ay 3 KDL akedlddicsl Kyhe di@dtidng tBaNdaginfise

the inter-group variance, while minimising the intgroup variability of specified groug€onrad

and Bonello, 2016Lonrad and Bonello, 201&or a data seb with &€ observations belonging in

two different groups andx original variables the linear discriminant function is

o o0 E oo

The coefficientso 8 & form a decision vectotoand projecting the observations on an axis
defined by the decision vector give the discriminant scores of the observatidivarmuza and
Filzmoser, 2009)A natural measure of class separation between the projected panthe
difference between their meansin order to have good class separation and hence good
classification performance in a given direction, the separation of the means needs to be as large
as possible in that direction relative to some measure of dsipearof the observations within

each chss (that needs to be minimised).

If  is the arithmetic mean of the discriminant scores of the observations belonging in the first
group andw is the arithmetic mean of the discriminant scores for the secondigyéhe LD is
defined by the vectoto that maximises theunction:

bo B0
Y

Where"Y is the square root of the pooled variance, which is a weighted sum of the variances of
“Y and"Y of wfor the two groups (i.e. measure ofdldispersion of the observations within each
class)YVarmuza and Filzmoser, 2009)

Usingo and ife ande are the arithmetic mean vectors of the data from groups 1 and 2
respectively the classification threshold is given by the following ggua

'H'i%z:é M (1 -H'ii:i viu>

C

w

Which is the mean of the scores obtained by projecting the gmepns on thediscrimination
direction (Fig. 2.1p

The LDA classification model built using the original datacaetthen be used as a predictive

model of group membership for new observations. The discriminant sc@fea new observation
o is:

O g v tar
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Thenew observation is classified to one of the two groups by compabing « (Varmuza and
Filzmoser, 2009)

t
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Groupl /.4’ // P ‘Q ° Group2
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yZm
Assigning to
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(Vi< Yo)

Figure2.15 Fisher discriminant rule in a-R P@ space.

Score scatter plot of PC1 and PC2 scores with observations shown @sdistsiminant variable y is
computed and the group assignmentdsneby comparing the discriminant score of an observation y
to a threshold valuegfaverage of the priected group meansiyand ym - dashed line). The diamonds
represent the group means and they are projected (using disbetidotted line) on the discriminant
variable y. The dashed line is the separator of the two classes iAOlepace. For-dimensimal data
(i.e. in an Adimensional space) the separation line becomes a hyperphadjasted from(Varmuza
and Filzmoser, 2009)

For two classes there is only one linear discriminant function (showruiref@y. LDA can besed

to build a classification model when there are more than two groupst [Etasses there are

p LDs.Once the tassification model is developed using a given dataset, the membership of
unknown samples to one of the fieed classes can be predicted (predictive mo(@4§llabio and
Consonni, 2013 limitation of LDAIs that the number of original variables is required to be
smaller than the number of observatio(idotingheret al.,, 2004) If there are more variables than
samples PCA cdrme performed as the first step of the multivariate analysis and LDA is then
performed on PC scores of relevant PCs. LDA requires an assumptipralbé@variance matrices
between the input variables of the different classes. This méad®es not takento account any
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differences in the variance structures of each gréBpereton and Lloyd, 2014Unlike LDA, QDA

allows for different variance structures for each grogyereton and Lloyd, 2014)n QDA the

separator (boundary that separates the classes) is no longer lindggomes quadratic

Classifying spexd that have been sed to generate the classification model in order to assess the
predictive performance of the PAZDA model can lead to ov8rLJi A Y A & (I ®AS NNESAAlidiat Adyz3de
can be avoided by using some of the spectra of the original dataset to heilchddel and some

other to assess its performance. However, this solution leads to less spectra being lmeld to

the model. Instead leaveut crossvalidation can be used.

2.4.13 Partial Least Squas®iscriminant Analysis (RD3\)

PLS was initially introduced as egression method. And as such it was proposed to handle
continuous response variablésee, Liong and Jemain, 201B) order to use it as a discriminant
analysis tool the response variablaust contain the group information and is therefore
categorical (replaced by dummy variables désog the different categoriesjLee, Liong and
Jemain, 2018)PLDA is a dimensionality reduction éelassification method that has been used
extensively in chemometrics for prediction model construction.-BAScomputes new latent
variables (LVPLS components) that are linear combinations of the original variablesotte!

the relevant sources of dataariability (Ballabio and Consonni, 2013he LVs are defined byeth
directions that have a maximum cariancebetween the data anthe class variabléhis criterion
ensures maximum variance of the data in the spectral space and high correlation with the
interesting property (the group labeljVarmuza and Filzmoser, 200%)ke in PCAa new
coordinate system can thus be formed using only the most informative dimensions
(dimensionality reduction)Similarly, the scores are the coordinates of the observations in the
direction of the LVs andhe loadings are the coefficients tife original variables in the linear
combinations which determine the LVs and as such they can be interpreted as the influence of
each original variable on each (Ballabio and Consonni, 2013)he description of PL3A as a
supervised PCA needs to happen with caution though since the actual score and loading matrices
computed by the two different methodsliffer in some of their propertiesFor examplgin PLS

DA, unlike in PCA, the loadings are not orthog¢Batreton and Lloyd, 2014 he fundamental
PLSDA equations for a matri (original dataset) consisting éfobservations belonging in two
different groups are:

Lok ¢
b 4ol

Where"Yand0 andrj are score and loading matrices respectivéhand Care residual§Brereton

and Lloyd, 2014)

After the classification model is built prediction of group membership for new or training dataset
observations can be achieved by calculating dhealue (class valuend comparing it with a
threshold value (usally the value between the two class labels).
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Thus, PLBA is a supervised method that combines dimensionality reduction and discriminant
analysis into one algorithm. Unlike LDA the f@mof observations does not need to be larger
than the number of variables and it does not assume equal covariantéces between the two
groups(Lee, Liong and Jemain, 201B). DA can also be extended to the case where the dataset
is split into more than two group&imilarto LDA, PLBA is also susceptibte oveffitting. Thus,
crossvalidation is an important stegwhen building a PLEBA classifie(RuizPerezet al,, 2018)

2.4.14 Measures of Predictive Models

Three very common measure$ the ability of a statistical model to correctly predict the class of
the observations of a given data set are the sensitivity, spagitimd accuracy. The confusion
matrix is often used to describe the performance of a classifier. F@8rehows the confusion
matrix of a data set with two classes.

Table2.8: Confusion matrix of a twegroup model
Predicted Class
1 2
True Positive (TP) FalseNegative ()
FalsePositive (FP)  True Negative (TN)

True Class

Using class 1 as thmositive class the sensitivity, specificity and accuracy are defined as follows:
.
l 5 Tt
Yo %u P
B QOO = YO,
W - Tt
! Ryt P
TR v T ’ "YG "Yl'-')

O WWO | Ordr—————— T
Y5 Y5 oo op P

Thus, the sensitivity is the proportion of the positive class observations that were correctly
classified byhe model. Specificity is the proportion of the negative class observations that were
classified as negatives by the model. Finally, accuracyipdtcentage of all the observations
that were correctly classified. A perfectly accurate model would harefatsepositives andalse
negatives and would result in sensitivity, specificity and accuracy values of 100%.

Receiver Operating CharacterisfROC) curves are plots of the true positive rate (sensitivity)
against thefalse positive rate (ispecificity and illustrate the ability of a classifier to separate
between classes as the discrimination threshold is varied. Thus, the area under an RO cur
also a measure of how well the model can distinguish between the two classes. A model with AUC
near toone iswell able toseparate the two classed model with AUC close to 0.5 approaches a
random coin tossSensitivity, specificity, accuracy and@ are often useith medicineto describe

the ability of a diagnostic te$td correctly predict the presenaar absence of a medical condition

In that case the diseased group is considered taheepositive class. Hence, the sensitivity of a
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diagnostic test is defined as the ability of the test to correctly identify the individuals with the
disease and the spdicity of the test is its ability to correctly classify the individuals without the
disease.

In the case of assigning a sensitivity, specificity and accuracy to thgrowp models used in this
study the medical approach was used when one of the tvamugs consisted of spectra acquired
from diseased tissue and the other one from healthy these cases, the diseased group was
considered as the positive class and the sensitivity demonstrated the ability of the model to
correctly identify the diseased spga. When this was not the case one of the two groups was
chosen as the positive clkeand this will be stated in the results section. For the ruithup
models the performance indices for each group were calculated by using each one group as the
positive class and the rest of the groups as the negative class@rseisall approach).

2.4.2Rotarod and Catwalk Daganalysis

GraphPad Prism version 8 was used for statistical analysis of rotarod data (GraphPad, San Diego,
CA, USA). The rotarod performardata were not normally distributed for all the different sub
groups and time points. All rotarod recordings at two time psiatere analysed using paired
sample ttest for normally distributed data and Wilcoxon matchealrs signed rank test for nen
normadly distributed data. For the analysis of rotarod performance at three time points repeated
measures onavay ANOVA with Turk@d O2 NNBOUGA 2y F2NJ YdzZf GALX S O2Y
significant) was used for normally distributed data and the Friedmanaesidn-parametric data.

Mean and standard deviation are shown in the graphs that display normally distributed data.
Median andinterquartile range are shown in the graphs that display snonmally distributed

rotarod data.

Matlab (Matlab R2019b The MathWks, Inc.,Natick, MA) was used for statistical analysis of the
Catwalk gait parameters. Multiple paired sampldests (one fo each parameter) were
performed between two time points (one week before vs one day aftda collected from the

full cohort inStudy 1 and one week before vs two weeks aftatata collected from half the

cohort, which had the third recording) followedy Benjamini & Hochberg/Yekutiefalse
discovery rate control. The adjustedvplues (gvalues) were also calculated and showhen
significant.

2.4.3Running Wheel Distanc& Levelsnd EMG performance Data

GraphPad Prism version 8 was used dtatistical analysis of creatine kinase levels and EMG
performance in studies 2 and 5 respectively (GraphPad, San Diego, CAndsAyR& H & GdzRSyY
t-test and oneway ANOVA were used in order to compare the distance run by two different mice
groups andthe CK levels of the different mice groups (exercisetk, non-exercisedmdx and
C57BI/10 micedespectively. In study 5, mixezifect model repeated measures ANOVA was with
Turkey posttest was used to compare the CMAP amplitudes acquired from the saoewiith
0KS RAFTFSNByl (-&8WwKashskdzScandparé thedZRAR/ ainfitude ibf SBH1
with that of control mice. Paimk t-test was used to compare CMAP amplitude from
electrophysiological recordings acquired with the combined probe froensdime mice before
and after the Raman recordings.

58



3. Results

3.1 Animal Experiments

3.1.1 Summary of experiments

3.1.1.2In vivo

A total of 8640 spectra were recorded from gastrocnemius muscles ofimigea A summary of

the spectra acquired for eaatf the studies can be seen in TaBlé. As already described in the
methods (see sectin2.1.3.3 for each mouse the probe was insedten both medial and lateral
heads of both gastrocnemius muscles (4 sites/mouejuisition time was 4 seconds for each
spectrum and 10 spectra were acquired at each site (total acquisition time at each site 40
seconds) The ten spectra acquired in easite were averaged prior the multivariate analysis
resulting in four spectra per mouse.

Table3.1: Summay table ofin vivoexperiments.
Study Mice Groups Number of Number of averagec
mice/group spectra

Study 1 Onemonth oldmdx 16 512
Neurogenic/Myopathic Threemonths oldmdx

Neuromuscular
Onemonth old SODA%A

Disordes
Threemonths old SODP3A
Onemonth oldC57Bl/6
Threemonths oldC57BI/6
Onemonth oldC57Bl/10
Threemonths oldC57BI/10
Study? Three months old exercisec 16 128

. madx
Intervention Study

Three months old non

exercisedndx
Study 3 Threemonths old SOD#*A 8 96
MND Study Threemonths old TDR3

Threemonths old TDR 39331k
Study 4 Onemonth old malemdx 8 124
Male mdxmice Threemonths old malendx 8

Onemonth old male 8

C57BI/10

Onemonths old male .

C57BI/10
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Study 5 Three months ol8OD$%*A 8
Combined Probe Stud Three months old C57BI/6

The first study aimed to explore the ability of the techniquedistinguish between healthy and
diseased muscle, to detect muscle pakogy at different disease stages and to discriminate
between neuromuscular disorders of different origin. The second and third studies aimed to
investigate the potential of detecting me subtle pathological changes or differences in the
muscle as couldbe the case after an intervention (Intervention studg)y between different
animal models of the same disorder (MND study). The fourth study aimed to assess the
performance of the modsl generated with malendxmice and compare it to that of the models
generated using femalemdxmice. Finally, the fiftistudy aimed to test the combined probe, that

can acquire both Raman and electrophysiological data.

3.1.1.3Ex vivo

A total of 3000 spdca were recorded from gastrocnemius, tibialis anterior, quadricepd a
diaphragm muscles of exercised and rexercisedndxmice ex vivo A summary of thex vivo
spectra acquired for study 2 can be seen in Ta8e As already described in the methode¢
sectin 2.1.3.3 for each sample the probe was insertedmnltiple sites Acquisition time was 4
seconds for each spectrum and 10 spectra were acquired at each site (total acquisition time at
each site 40 secondslhe ten spectra acquired in eachesiwere averaged prior the multivariate
analysis.

Table3.2. Summary table oéx vivorecordings

Muscle Group Numberof Total number of averaged spectr
samples
Gastrocnemius  Exercisedndxmice 3 18
Non-exercisedndxmice 4 24
Tibialis Anterior Exercisedndxmice 11 44
Nonexercisedndxmice 12 48
Quadriceps Exerciseandxmice 8 48
Nornexercisedndxmice 10 60
Diaphragm Exerciseandxmice 8 32
Nonexercisedndxmice 9 36

Ex vivaneasurements were undertakean order toexplore if the various muscles were affected
differently by the running wheel exercise. Moreoverethbility of the technique to distinguish
between different muscles was also assessed.
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3.1.2 Study INeurogenic/Myopathic Neuromuscular Disorders
The work presentedin the following sectionss Study lhas been published iIACSChemical
Neurosadence(Plesieet al, 2021)

3.1.2.1ClassificatioodelsPerformance

PCALDA, PG®DA and PLBA were used to generate classification models. Théopaance of
the models was validated using leawre-spectrum out (LOOCV), leasae-mouseout
(LOMOCYV) and repeated leasememice-out (RLSMCV) crossalidation (CV). The results for
the different two group models crosslidated using LOOCV and LOMCXZA/ presented in
section 31.2.1.1. Repeated crosgalidation is presented in section132.1.2.

3.1.2.1.1 Two Group Models

a) One month oldndxvs. C57BI/10 mice

This is a very early disease stage forri mice. Thus, the model generated using the cpe
from one month oldndxand control mice aimed to explore the ability of the technique to detect
muscle pathology at an early stage. Thedictive capability of the models using different analysis
and CV methods for the one month ohddx mice can be een in @ble 3.3. The ROC curves,
comparing the three different approaches for LOOCV and LOMOCYV can be seen BiXigure

Table3.3: Two group PCADA PCAQDA and PL-BAclassificationmodelsperformance evalated
using different CV methodfor the one month oldmdxand C57BI/10 mice.

PCALDA Sensitivity Specificity Accuracy
Leaveone-spectrum 73.4% 65.5% 70.0%
out CV

Leaveone-mouse 70.3% 62.1% 66.4%
out CV

PCAQDA Sensitivity Specificity Accuracy
Leaveone-spectrum 81.3% 63.8% 729%
out CV

Leaveone-mouse 79.7% 62.1% 71.3%
out CV

PLSDA Sensitivity Specificity Accuracy
Leaveone-spectrum 84.4% 82.8% 83.6%
out CV

Leaveone-mouse 84.4% 75.9% 80.3%
out CV
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Using LOMOCYV the ability to correctly classify spectra decreasBe@ADA and PLSA models.

The sensitivity of the PGBDA model also decreased when LOMOCV was used. However, the
specificity of the model slightly increased leading thus to a smallgy ierthe accuracylhe area
under the ROC curves also decreased @MODG/. Howeverthe AUC valuedid not fall below
0.7.In general, the models attained better sensitivity than specificity values with most sensitivity
values (for different methods andus) being above 70%.

For both CV approaches the HD& model perfamed better than the PCA related models. The
LOMO croswvalidated PLSDA model demonstrated a good performance for the early disease

stage achieving an accuracyd3% and an AUC of @.8

Leave-one-spectrum-out CV Leave-one-mouse-out CV
T T T T

PCA-LDA

AUC:0.74|
PCA-QDA
AUC: 0.72] 1
PLS-DA
AUC:0.89|

PCA-LDA

AUC: 0.80| - 0.8 |
PCA-QDA
AUC: 0.78] - 0.7
PLS-DA
AUC:0.91| ]
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g

o
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Figure3.1: ROC curves for the cross validated clasatimn models for the one month olchdx and
C57BI/10 miceROC curves for all models using leane-spectrumout and leaveone-mouseout CV
are shown. The area under the ROC curve (AU @)ef different models is also displayed.

b) Threemonths oldmdxvs.C57BI/10 mice

This is a more established disease stageus, the model generated using the spectra from three
months oldmdxand control mice aimed to explore the ability of the technique to detect muscle
pathologyat a later stage The predictive cagbility of the models generated using different
techniquesand CV methods for the three months atdixmice can be seen imble3.4.

The classification performance of the models was better for the three monthsral® mice
compared to one month old mic&hedifferent crossvalidation approaches did not have a big
impact on the models, with PLFA achieving same classification performance with both CV
methods and PGADA achieving very similar ones. Only the DA mdel demonstrated a
slightly decreasedcairacy, mainly due to a drop in specificity, when using LOMOKR/PLHA
model demonstrated the best classification performance, attaining a sensitivity of 93.8% and
specificity of 92.2%.
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Table3.4: Two group PCADA PCAQDA and PL-BA classification modelsperformance evaluated
using different CV métods for the threemonthsold mdxand C57BI/10 mice.

PCALDA

Leaveone-spectrum
out CV

Leaveone-mouse
out CV

PCAQDA

Leaveone-spectrum
out CV

Leaveone-mouse
out CV

PLSDA

Leaveone-spectrum
out CV

Leaveone-mouse
out CV

Sensitivity

90.6%

89.1%

Sensitivity

87.5%

85.9%

Sensitivity

93.8%

93.8%

Specificity
75%

72%

Specificity
75%

76.6%

Specificity
92.2%

92.2%0

Accuracy

82.8%

80.9%

Accuracy

81.3%

81.3%

Accuracy

92.9%

92.%

The ROC curvesrfie different techniques and CV methods can be seen in figj2reThe AUROC
was equal or above 0.85 for all the models generated using PCA and it was above 0.96 for both

PLSDA models.
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Figure3.2: ROC curves for the cross validated cléisation models for thethree monthsold mdxand
C57BI/10 miceROC curves for all models using leame-spectrumout and leaveone-mouseout CV
are shown. The area under the ROC curve (AUC) for the different models is also displayed.
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¢) Onevs.Three nonths oldmdxmice

The model built using the spectra of disedsmice at different ages aimed to investigate the
ability of the techniqueo detectthe changes in the muscle tissue as the disorder progresses from
an early stage to a more established onke Ppredictve capability of the models using different
analysistechniques and CV methods can be seen in tébte All the models yielded better
sensitivity than specificity values when distinguishing between one and three monthadxd
mice. This indidas that he models were able to identify more accurately tineete months old
mdx mice compared to the one month old. Using LOMOCYV only the specificity of the*CA
model decreased considerably. The F@QIPA model demonstrated a very similar performance
with the dfferent CV methods, yielding sensitivity, speci§icind accuracy values above 80%.
LOMOCYV slightly increased the performance of the[PA$hodel compared to LOOCV. ThePCA
LDA models achieved the best sensitivity values. However, th®RUIMO crossvalidated
model had the highest accuracy and more Ibaked sensitivity and specificity values and was
therefore considered to have demonstrated the best performance.

Table 3.5 Two group PCADA, PCADA and PL-BA classification modelperformance evaluagd
using different CV method®r the one andthree months oldmdx mice.

PCALDA Sensitivity Specificity Accuracy
Leaveone-spectrum 98.%% 76.6% 88.7%
out CV

Leaveone-mouse 96.8% 69.0% 82.8%
out CV

PCAQDA Sensitivity Specificity Accuracy
Leaveone-spectrum 90.6% 80% 85.2%
out CV

Leaveone-mouse 89% 80% 84.%%
out CV

PLSDA Sensitivity Specificity Accuracy
Leaveone-spectrum 95.3% 84.4% 89.8%
out CV

Leaveone-mouse 95.3% 87.5% 91.%%
out CV

The ROC curves for the diffatdechniques and Cwiethods can be seen figure 3.3. The AUROC
0.90 or above for all the models generated using PCA. BotbRInsodels yielded an AUC of 0.96.
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Figure3.3: ROC curves for the cross validated classification models for theaodéhree monthsold
mdx mice ROC curves for all models using leame-spectrumout and leaveonemouseout CV are
shown. The area under the ROC curve (AUC) for the different models is also displayed.

d) One month old SOB%*vs. C57Bl/énice

This is gre-synptomatic disease stge for the SODP* mice. Therefore, this model investigated

the ability of the technique to detect very subtle changes that might take place in the muscle
before the appearance of any symptoms. There were no PC scores sidlyifiifierent between

one nonth old SOD%%*Aand C57BI/6 mice. Hence, LDA and QDA could not be performed. The
predictive capability of the PLZA model using different CV methods can be seen in tabland

the respective ROC curves can be seen in figudre

As can be seen fronhe accuracy values achieved with both CV methods and from the ROC curves
the PLSDA models were not able to discriminate between one month old $&tdnd C57BI/6

mice. Using LOMOCYV the sensitivity, specificity and accura@s\diiogped below 50% indidang

that the technique was not able to detect differences in the muscle that would allow it to correctly
classify spectra in the different groups.

Table 3.6: Two group RSDA classification model performance evaluated using different CV
methodsfor the one month old SOB*¥**and C57BI/6 mice

PLSDA Sensitivity Specificity Accuracy
Leaveone-spectrum 53.3% 56.1% 54.7%
out CV

Leaveone-mouse 41.7% 47.1% 44.4%
out CV
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Figure3.4: ROC curves for the crogalidated classification PL-BA model for the oe month old
SOD$£%*and C57Bl/6mice. ROC curves for leavane-spectrumout and leaveone-mouseout CV are
shown The area under the ROC curve (AUC) is also displayed.

e) Three months old SOB¥vs. C57Bl/énice

This is an estalsihed disease stagerfthe SOD%°**mice. Thus, the model generated using the
spectra from three months old SO®¥#*and C57BI/6 micaimed to explore the ability of the
technique to detect muscle pathology resulting from a neurogenic disorder at an isbiadhl
disease stagelhe predictive capability of the models using different analysis and CV methods for
the three months old SO5%**mice can be seen imble3.7 The ROC curves, comparing the three
different approaches for LOOCV and LOMOCYV can berségaore3.5.
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Table3.7: Two group PCADA PCAQDA and PL-BA classificationmodelsperformance evaluated

using different CV methodfr the three months old SOF¥¥**and C57BI/6 mice

PCALDA Sensitivity Specificity Accuracy
Leaveone-spectrum 83.9% 85% 84.4%
out CV

Leaveone-mouse 82.3% 75% 78.7%
out CV

PCAQDA Sensitivity Specificity Accuracy
Leaveone-spectrum 79% 83.3% 81.1%
out CV

Leaveone-mouse 79% 75% 7%
out CV

PLSDA Sensitivity Specificity Accuracy
Leaveone-spectrum 77.4% 70% 73.8%
out CV

Leaveone-mouse 79.3% 70% 74.6
out CV

Using LOMOCYV the ability to correctly classify spectra decreased fdtCand QDA models.
For both models this was primarily due to a decrease in specificity. For thBAb®del the
specificiy remained unchanged and the sensitivity increased when OOM was implemented,
leading to an increased accuracy. The DA model achieved the best performance, with a
sensitivity above 80% for both cresalidation methods.The area under the ROC cunaso
decreased for LOMOQWr the PCALDA and QDA modelsd increased for the PHSA model.
AUCvalues remained above 0.8 for all models and CV approached.[PEAemonstrated the
demonstrated an AUC of 0.86 for the leawee-mouseout CV and had the gihest AUC for both
CV methods.
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Figure 3.5: ROC curves fothe cross validated classification models for thbree months old
SOD$£%Aand C57BI6 mice. ROC curves for all models using leame-spectrumout and leaveone-
mouseout CV are shown. The areader the ROC curve (AUC) for the different models is also

displayed.

f) One vs. Three months old SG™¥mice

The model built using the spectra of SGB¥tmice at different ages aimed to investigate the
ability of the technique to monitor disease progsen in terms of detecting the changes in the
muscle tissue as the disorder progresses from agyraptomatic stage to a more established
one. The predictie capability of the models using different analysis techniques and CV methods
can be seen inable 3.8. The sensitivity and specificity values were very balanced for all the
models and CV techniques. Using LOMOCYV there was a very small decrease inytioé albihe
models to correctly classify spectra. Specificity, sensitivity and accuracy aldéveedd achieved
using PCADA with both CV techniques. The RQ@IBA model demonstrated a very similar
performance when using LOSOCV and slightly decreasedtwre using LOMO still yielding
sensitivity, specificity and accuracy values above 80% thoughPTSDA model achieved the
best performance with all accuracy values being above 95%.
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Table3.8: Two group PCADA PCAQDA and PL-BA classificationmodes performance evaluated
using different CV methodf®r the one and hree months old SOF¥** mice

PCALDA

Leaveone-spectrum
out CV

Leaveone-mouse
out CV

PCAQDA

Leaveone-spectrum
out CV

Leaveone-mouse
out CV

PLSDA

Leaveone-spectrum
out CV

Leaveone-mouse
out CV

Sensitivity

87.1%

85.5%

Sensitivity
85.5%

82.3%

Sensitivity

95.2%

93.5%

Specificity
88.3%

86.7%

Specificity
86.7%

85%

Specificity
98.3%

98.3%

Accuracy

87.17%

86.1%

Accuracy

86.1%

83.6%

Accuracy

96.7%

95.9%

The ROC curves for the different techniqgues and CV methods can be seen i.6glilee AUROC
was 0.90 oabove fa all the models. Both PH3A models yielded an AUC of 0.99.
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Figure3.6: ROC curves for the cross validated classification mottelshe oneand three months
old SOD%°**mice.ROC curves for all models using leame-spectrumout and leaveone-mouse
out CV are shown. The area under the ROC curve (AUC) for the different models is also displayed.



g) One month oldhdxvs. SOD®**mice

This is a very early disease stage for boitix and SOD£°**mice. Thus, the model generated
using the spectrérom onemonth old diseased mice aimed to explore the ability of the technique
to detect muscle pathology for disorders of different origin atany fndx) and presymptomatic
(SOD%°%A disease stage. The predictive capability of the models usingetiffanalsis and CV
methods for the one month olchdxand SOD£°**mice can be seen in tab89. The ROC curves,
comparing the three different approaches for LOSOCV and LOMOCYV can be seen 3i/figure

Table3.9: Two group PCADA PCAQDA and PL-BA dassificaion modelsperformance evaluated
using different CV methodfor the one month oldmdxand SOD£%**mice.

PCALDA Sensitivity Specificity Accuracy
Leaveone-spectrum 92.2% 96.7% 94.5%
out CV

Leaveone-mouse 90.6% 98.3% 94.4%
out CV

PCAQDA Sansitivity Specificity Accuracy
Leaveone-spectrum 92.2% 96.7% 94.4%
out CV

Leaveone-mouse 89.1% 95% 91.9%
out CV

PLSDA Sensitivity Specificity Accuracy
Leaveone-spectrum 93.8% 98.3% 95.7%
out CV

Leaveone-mouse 93.8% 98.3% 95.7%
out CV
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Fgure 3.7: ROC curves for the cross validated classification models footremonth old SOD$%A
and mdxmice.ROC curves for all models using leame-spectrumout and leaveone-mouseout CV
are shown. The area under the ROC curve (AUC) for the mliffieoeelsis also displayed.

Using LOMOCYV the ability to correctly classify spectra slightly decreased fuDRGC#d QDA
models whereas the performance of the HD& model remained unchanged. Except for the
LOMO croswalidated PCADA sensitivity alltber performance indices were above 90% for all
models and CV methodshe area under the ROC curves also desgdalightly for PCA DA and
QDA modelg$or LOMOCYV

For both CV approaches the FD& model performed better than the PCA related models. The
LOMO crossralidatedPLSDAmodel demonstrated avery good performance fodistinguishing
betweenSOD £°**andmdx mice at an early diseastage achieving an accuracyd7% and an
AUC of (9.

h) Three months olchdxvs. SOD**mice

This is a more ¢ablisheddisease stagéor both mouse models. Thus, the model generated using
the spectra from three months diseased mice aimed to explore the ability of the technique to
distinguish between more established muscle pathology of the two different neuramarsc
disarders. The prdictive capability of the models generated using different techniques and CV
methods for the three months olchdxmice can be seen in tab&10.

The different crossalidation approaches did not have a big impact on the PCA retatetls,

with only the sensitivity values of both models slightly decreasing when using LOMOCYV. Both
models achieved accuracy above 80% for both CV methods. Both models (and for both CV
methods) demonstrated a better ability to correctly classifgx mice (highe sensitivity than
specificity values). Using LOMOCYV both sensitivity and specificity of #izAPi8del decreased.
However, the PL-BA demonstrated the most balanced sensitivity and specificity values for both
CV methods with higher (for LOOCVY arery sinilar (LOMOCWgccuracy values and so it was
considered to have achieved the best performance.
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Table3.10 Two group PCADA PCAQDA and PL-BAclassificationmodelsperformance evaluated

using different CV methodfor the three months oldndx and SO1*%**mice.

PCALDA Sensitivity Specificity Accuracy
Leaveone-spectrum 95.4% 74.2% 84.9%
out CV

Leaveone-mouse 93.8% 74.2% 84.1%
out CV

PCAQDA Sensitivity Specificity Accuracy
Leaveone-spectrum 90.6% 77.4% 84.1%
out CV

Leaveone-mouse 87.5% 77.4% 82.5%
out CV

PLSDA Sensitivity Specificity Accuracy
Leaveone-spectrum 93.8% 85.5% 89.7%
out CV

Leaveone-mouse 87.5% 80.0% 83.4%
out CV

The ROC curves for the different techniques and CV methods can be seen i8.8gliree AUROC
was equaor above 0.89 for all the models. The l&model generated the ROC curve with the
highest AUC for both CV methods, yielding an AUC of 0.96 andod.B®SOCV and LOMOCV
respectively.
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Figure 3.8: ROC curves for the cross validated clisation models for the three months old
SOD#%%*# and mdx mice. ROC curves for all models using leame-spectrumout and leaveone-
mouseout CV are shown. The area under the ROC curve (AUC) for the different models is also

displayed.

3.1.2.1.2Repeated_eaveSomeMice-out CrossValidation(RLSMOCV)

Repeated crosgalidation, has been employed in order to validate the classification performance

of the models more robustly and to evaluate how much it can vary for the same dafblegd

et al, 2012, 2013)In this case cross validation has been performed by randomly selecting two
YAOS FTNRY SIFOK Y2dzaS 3INRdzL) 6 FeamtatAy G20+ €0 G2

a) mdxmice
Table 3.1Misplays the classification performance of the creaBdated PCADAPCAQDA and

PLSDA models for the one month oltidx mice. The mean sensitivity, specificity and accuracy
values (+) one standard deviation and thepefficierts of variability (CoV) are shown. The PLS
DA model achieved the best performance with an acopd@6.3%. The coefficients of variability
were similar for the different models with the sensitivity being the most variable parameter in all
three. For althree approaches RLSMOCYV yielded a similar performance with LOMOCYV.
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Table3.11 Repeated CV PGDA, PCADA and PL-BA models classification performance for one
month oldmdxand C57BI/10 miceThe mean sensitivity, specificity ancda@cy values fromhe 100
repetitions are shown. Standard deviation and coefficients of variability are also édpagV:
Coefficient of Variability.
One month oldmdx/ Sensitivity Specificity Accurcy
C57B/10 mice

(+/- Standard (+/- Standard (+/- Standard
Deviation, CoV) Deviation, CoV) Deviation, CoV)
PCALDA 71.3% 65.7% 68.6%

(+/-3.1%, CoV: 4.306 (+/-2.6%,CoV:4.0%  (+/-2.0%, CoV:3.0%%

PCAQDA 76.7% 63.1% 70.4%
(+/-3.1%, CoV:4.0p6 (+/-1.8%, CoV:2.990 (+/-1.9%, CoV:2.7%

PLSDA 80.5% 71.6% 76.3%
(+/-4.0%,CoV:5% (+/-3.4%, CoV:4.7% (+/-3.1%, CoV:4.1%

TheROC curves generated in each of the repetitions and the mean ROC curve for each model can
be seen in figur8.9. The mean AUC value for each mode})(®he standard deviation is also
showvn. The PCADA and@DA ROC curves had mean AUCs of 0.76 and Op&ttieely whereas

the PLSDA ROC curve had a mean AUC of 0.85.
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Figure 3.9: ROC curves generatefifom repeated croswvalidation of one month oldmdx and
C57BI/10 mice modelsROC cuns are shown for eacbf the hundred repetitions during cress
validation. The mean ROC curve (black line) is also shown. The mean AUC value for each-model (+/
one standard deviation also displayed.

Table3.12displays the classification perfoance of he crossvalidated EALDA, PGRDA and
PLSDA models for the three months olddxmice. The performance of all models is improved
compared to the performance of the models for the one month old mice and the coefficients of
variability decreasedof all the classification indes and models. The PCBRA and QDA models
attained similar accuracy values, with the LDA model having a better sensitivity. TBARh&lel
achieved the best performance with a sensitivity of 94.2%, a specificity of 88 #naactcracy

of 91.3%. Theaefficients of variability were similar for the different models. The specificity was
the most variable parameter in all three models.
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Table3.12 Repeated CV PGALDA, PCADA and PL-BA models classification performance for three
months oldmdx and C57BI/10 miceThe mean sensitivity, specificity and accuracy values from the
100 repetitions are shown. Standard deviation and coefficients of varadnié also displayedCoV:
Coefficient of Variability.

Three months old Sensitivity Specificity Accuracy

mdx/ C57B10 mice

(+/- Standard (+/- Standard (+/- Standard
Deviation, CoV) Deviation, CoV) Deviation, CoV)
PCALDA 91.6% 764% 84.1%

(+/-2.2,CoM 2.4%  (+/-3.0,CoM 3.8%  (+/-1.7,CoV 2.0%

PCAQDA 88.6% 78.4% 83.5%
(+/-18,CoV 2.0%  (+/-2.0,CoM 2.6%  (+/-1.2,CoV 1.4%

PLSDA 94.2% 88.7% 91.9%

(+/-2.3, CoV 2.4%  (+/-29,CoM3.3%  (+/-1.8,CoV 2.0%

TheROC curves generated in each of the repetitions and the mean ROC curve for each model for
the three months ad mdxmice can be sen in figure3.10. The PGADA and QDA ROC curves had

a mean AUC of 0.90 and 0.91 respectively whereas th®RLchirves demomsated a mean AUC
of 0.96.
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Figure 3.10: ROC curves generatedrom repeated crossalidation of three months old
mdx/C57BI/10 mce modelsROC curves are shown for each of the hundred repetitions during cross
validation. The mean ROC curve (black line) is also shown. The mean AUC value for each-model (+/

one standard deviation also displayed.

The classificadn performance of te RLSMOCWYCALDA, PG®DA and PLBA models for
distinguishing between one and three months ahdix mice can be seen in tab&13. TheROC

curves generated in each of the repetitions and the mean ROC curve for each model can be seen
in figure3.11. ThePCALDA andPLSDA models attained similar sensitivities, both around 95.5%,

but the PLDA model achieved much better specificity, having thus, a better overall performance
(Accuracy 88% and mean AUC 0.96). The coefficients of vgyialgte similar forthe different

models, remaining below 5% for all the indices. The-QDA model had the most balanced
sensitivity and specificity values but the lowest accuracy and mean AUC values.
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Table3.13 Repeated CV PGDA, PCADA and PL-BA models classifican performance for one
and three months oldndx mice. The mean sensitivity, specificity and accuracy values from the 100
repetitions are shown. Standard deviation and coefficients of variability are also displaged.

Coefficient oWariability.

One/Three months Sensitivity
old mdxmice (+/- Standard
Deviation, CoV)

PCALDA 956%
(+/-1.8, CoV: 1.9%

PCAQDA 89.1%
(+/-1.5, CoV: 1.7%

PLSDA 95.4%

(+/-1.6, CoV: 1.9%
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Specificity
(+/- Standard
Deviation, CoV)
71.6%
(+/-3.4, CoV: 4.7%
77.6%
(+/-2.5, CoV: 3.2%
80.6%
(+/-3.2, CoV: 4.0%

Accuracy
(+/- Standard
Deviation, CoV)
836%
(+/-2.0, CoV: 2.4%
83.4%
(+/-1.5, CoV: 1.8%
88%
(+/-2.0, CoV: 2.3%
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Figure3.11: ROC curves generatdtbm repeatedcrossvalidation of oneand three monthsold mdx
mice modelsROC curves are shown for each of the hundred repetitions duringvalimtion. The
mean ROC curve (black line) is also shown. The mean AUC value for each m)auted gtandard

deviation aso displayed.

An aditional three groupmodel was built using the spectra of the one and three monthsralg

mice as well as the spectra of the three months old C57BI/10 mice to investigate the ability of the
technique to simultaneously separate disedsiom healthy tissa and the different tease
stages. This model could be more useful in a clinical setting, where the diseased group will be
more heterogeneous since it will most probably include patients at different disease stages. The
model was validted using RLSMOCH(the results for tke different models are displayed below.

Two mice from each group were left out in each CV step. Thus, each test set consisted of six mice
in total. All models showed high sensitivity and specificity for the threathmoold mdx mice,

with all the values beg above 85%. The PLBA model achieved the best performance for this
group. However, it demonstrated the lowest sensitivity for the healthy mice. In general, all the
models achieved good accuracy for one monthrotxmice and threenonths old C57BI/1fice

though with much higher specificities than sensitivities.
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Table 3.14: Repeated crossalidated PCALDA, PCADA and PLBA three group model
classification performance fomdxand C57BI/10 miceThe mean sensitivity, specificégd accuracy
values fom the 100 repetitions are shown. Standard deviation and coefficients of variability are also
displayedCoV: Coefficient of Variability

PCALDA

3 months oldmdx

1 month oldmdx

3 months old
C57BI/10

PCAQDA

3 months oldmdx

1 month oldmdx

3 months old
C57BI/10

PLSDA

3 months oldmdx

1 month oldmdx

Sensitivity

(+/- Standard
Deviation, CoV)

95.6%
(+/-1.6,Co\V 2.4%
70.2%
(+1-3.2, CoV 2.0%
584%

(+/-3, Co\l 2.4%

Sensitivity

(+/- Standard
Deviation, CoV)

86.3%
(+/-3.0,CoV 3.5%
67.3%
(+-3.3, Co\ 4.9%
69.9%
(+/-2.9,Co\ 2.9%

Sensitivity

(+/- Standard
Deviation, CoV)

92.7%
(+/-1.9,CoV 2.0%
66.7%
(+/-3.4,CoV 5.1%
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Specificity

(+/- Standard
Deviation, CoV)

87.4%
(+/-1.3,Co\ 3.8%
84.0%
(+/-1.5,CoV 2.6%
90.6%
(+/-1.9, CoV 3.3%

Specificity

(+/- Standard
Deviation, CoV)

89.4%
(+/-1.4,CoV 1.5%
87.2%
(+/-1.5,CoV 1.7%
85.2%
(+/-2.0,CoV 2.3%

Specificity

(+/- Standard
Deviation, CoV)

88.3%
(+/-2.0,CoV 2.3%
86.6%
(+/-2.0,CoV 2.2%

Acairacy

(+/- Standard
Deviation, CoV)

90.2%
(+/-1.1, CoV 2.0%
79.4%
(+/-1.5, Co\ 1.4%
79.9%
(+/-1.6,CoV 2.0%

Accuracy

(+/- Standard
Deviation, CoV)

88.4%
(+/-1.2,CoV 1.4%
80.6%
(+/-1.6, Co\ 2.0%
80.1%
(+/-1.8,Co\V 2.2%

Accuracy

(+/- Standard
Deviation, CoV)

89.8%
(+/-1.4,CoV 1.6%
80.0%
(+/-1.5,CoV 1.9%



3 months old 68% 88.9% 81.9%

C57Bl/10
(+/-5.6,C0V 8.2%  (+/-1.9,CoV 2.1%  (+/-2.1,CoV 2.6%

b) SOD%**"mice

The classification performance of the RLSMOCV-LP2A PGODA and PLBA models for
distinguishng between three months old SOB# and C57BI/6 mice can be seen in taBl&5.

The PCA.DA model demonstrated the best performance with sensitivity, specificity and accuracy
values of 82.5%, 76% and 79.3% respectively. The ceptfimf variability wee similar for the
different modelswith the specificity being the most variable index.

Table3.15 Repeated CV PAMDA, PCAHDA and PL-BA models classification performance for three
months old SOD®**and C57BI/6 miceThe mean sasitivity, specificitand accuracy values from the
100 repetitions are shown. Standard deviation and coefficients of variability are also dis@layed.
Coefficient of Variability.

Three months old Sensitivity Specificity Accuracy
DE°¥C578BI
i(i?:e 1CS7BII6 (+/- Standard (+/- Standard (+/- Standard

Deviation, CoV) Deviation, CoV)

Deviation, CoV)
PCALDA 82.5% 76% 79.3%
(+/-2.0, CoV: 2.4%  (+/-3.1,CoV: 4.0%  (+/-2.3, CoV: 2.9%
PCAQDA 78.8% 72.6% 75.8%
(+/-2.8, CoV: 3.6  (+/-3.4,CoV:4.6%  (+/-2.2, CoV2.9%
PLSDA 80.0% 74.8% 77.4%
(+/-2.7,CoV:3.4%  (+/-4.2,CoV:5.6% (+/-2.6, CoV: 3.4%

TheROC curves generated in each of the repetitions and the mean ROC curve for each model for
the three months ollSOD£%**mice can be seen in figuB12. The PCALDA and QDA R@Qrves

had a mean AUC of 0.86 and 0.81 respectively whereas thBRIc8rves demonstrated a mean

AUC of 0.85.
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Figure3.12 ROC curves generatdtbm repeatedcrossvalidation of three months old SO5%**and

C57®B/6 mice models ROC uarves are shown for each of the hundred repetitions during €ross
validation. The mean ROC curve (black line) is also shown. The mean AUC value for each-model (+/
one standard destion also displayed.

The classification performancef the RLSMOCV PCBA, PCAQDA and PLBA models for
distinguishing between one and three months old SEftcan be seen in TabR16 TheROC

curves generated in each of the repetitions and the mean ROC curve for each model can be seen
in figure3.13. The PCA.DA and PGA&DA models had a similar performance with both models
achieving an accuracy value around 85% and mean AUC around 0.80.S% model achieved

much better sensitivity and specificity, both around 95%, and a mean AUC of 0.99. Tiuéernef

of variability remained below 5% for all the indices and models.
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Table3.16. Repeated CV PGDA, PCADA and PL-BA models classifation performance for one
and three months old SO5* mice. The mean sensitivity, specificity and accuradyesfrom the

100 repditions are shown. Standard deviation and coefficients of variability are also displag¥d.
Coefficient of Variability

One/Three months

old SOD%°*"mice
PCALDA

PCAQDA

PLSDA

Sensitivity

(+/- Standard
Deviation, CoV)

85.5%
(+/-3.8,Co\ 4.4%
83.9%
(+/-3.5,Co\ 4.1%
94.3%
(+/-1.8, CoV 19%
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Specificity

(+/- Standard
Deviation, CoV)

86.6%
(+/-2.5,Co\ 2.9%
86.6%
(+/-2.7,Co\ 3.1%
96.9%
(+/-2.0, CoV: 2.1%

Accuracy

(+/- Standard
Deviation, CoV)

85.9%
(+/-2.3,Co\V 2.7%
85.2%
(+1-2.2, CoV 2.6%
95.6%
(+/-1.5,CoV 2.0%
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Figure3.13 ROC curves generatdlom repeated crossvalidation of oneand three months old
SOD#%* mice models ROC curves are shown for each of the hundred repetitions duringt cros
validation. The mean@®C curve (black line) is also shown. The mean AUC value for each mpdel (+/
one standard deviatin also displayed.

An additional three group model was built using the spectra of the one and three months old
SOD%°**mice as well a the spectra of the tlee months old C57BI/6 mice to investigate the
ability of the technique to simultaneously separaliseased from healthy tissue and the different
disease stages. The model was validated using RLSMOCYV and the results for the diidedst

are displayed blew. Two mice from each group were left out in each CV step. Thus, each test set
consisted of sixice in total.
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Table 3.17. Repeated CV PGLDA three group model classification performance fiordx and
C57BI/10 miceThe mearsensitivity, specificitand accuracy values from the 100 repetitions are
shown. Standard deviation and coefficients of variability are also displ&y@d: Coefficient of

Variability.
PCALDA

3 months old SOy

1 month old SOE934

3 months oldC57BI/6

PCAQDA

3 months old SOBA

1 month old SOE934

3 months old C57Bl/¢

PLSDA

3 months old SOY3A

1 month old SO&P*

3 months old C57Bl/¢

Sensitivity

(+/- Standard
Deviation, CoV)

78.7%
(+/-1.8,Co\ 2.3%
94.1%
(+/-1.4, Co\l 1.5%
74%
(+/-3.7,Co\ 5.0%

Sensitivity

(+/- Standard
Deviation, CoV)

76.5%
(+1-2.8,CoV 3.6
89.3%
(+/-1.5,CoV 1.7%
70.5%
(+/-4.5,Co\ 6.4%

Sensitivity

(+/- Standard
Deviation, CoV)

80.7%
(+/-2.6,CoV 3.2%
95.0%
(+-3.4, Co\ 3.5%
80.5%
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Specificity

(+/- Standard
Deviation, CoV)

88.6%
(+/-1.8,Co\ 2.0%
95.7%
(+/-1,CoV 1.0%
88.9%
(+-1.9, Co\l 2.4%

Specificity

(+/- Standard
Deviation, CoV)

87.4%
(+/-2.3,Co\ 2.6%
94.2%
(+/-1.1,CoV 1.2%
86.5%
(+/-1.6,CoV 1.9%)

Specificity

(+/- Standard
Deviation, CoV)

89.2%
(+/-1.3,CoV 1.4%
98.1%
(+/-2.0,CoV 2.1%
90.7%

Accuracy

(+/- Standard
Deviation, CoV)

85.2%
(+/-1.4,CoV 1.6%
95.2%
(+/-0.8, CoV 0.8%
84.0%
(+/-1.5,CoV 1.2%

Accuracy

(+/- Standard
Deviation, CoV)

83.8%
(+/-2.0,CoV 2.4%
92.6%
(+/-0.8, Co\ 0.9%
81.2%
(+/-1.9,CoV 2.3%

Accuracy

(+/- Standard
Deviation, CoV)

86.3%
(+/-1.3,CoV: 1.6%
97.1%
(+/-0.9,Co\V 0.9%
87.3%



(+/-2.8,CoM 3.5%  (+/-1.5,CoV 1.7%  (+/-1.4,CoV 1.6%

¢) mdxvs.SOD%%"mice

Table3.18displays the classification perforemce of the crossalidated PCADA, PC®DA and
PLSDA models for the one month olddxand SOD£%**mice.TheROC curves generated in each

of the repetitions and the mean ROC curve for each model can be seen inJigdrdte PCA

LDA and QDA models aihed similar accuracy values, with the LDA model having slightly better
sensitivity and specificity. The PD8 model demonstrated the best performance mainly due to
higher sensitivity. The coefficients of variabilityene simiar for the different modelsand
remained below 2.5% for all the indices. The ROA and QDA ROC curves had a mean AUC of
0.97 and 0.96 respectively whereas the 1/Scurves demonstrated a mean AUC of 0.98.

Table3.18 Repeated CV PGIDA, PCADA and PEDA models classificationgsformance for one
month oldmdxand SOD%***mice.The mean sensitivity, specificity and accuracy values from the 100
repetitions are shown. Standard deviation and coefficients of variability are also displayed.
Ceefficiert of Variability.

Sensitivity Specificity Accuracy

One monthold (+/- Standard (+/- Standard (+/- Standard
mdx'SOD£%Amice Deviation, CoV) Deviation, CoV) Deviation, CoV)
PCALDA 89.9% 97.1% 93.4%

(+/-1.8,CoM 2.0%  (+/-1.9,CoM 2.0%  (+/-1.4,CoV: 1.5%
PCAQDA 89.3% 95.3% 92.2%

(+/-2.1,CoM 2.4%  (+/-1.8,CoM 1.9%  (+/-1.5,CoV 1.4%
PLSDA 93.4% 97.3% 95.3%

(+/-0.8, CoV 0.9%

(+/-1.3, CoV 1.3%

(+/-1,Co\ 1.0%
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Figure3.14: ROC curves generatdtbm repeated crossalidation of one months old SQI5***and
mdx mice modelsROC curves are shown for each of the hundred repetitions duringveilmksion.
The mean ROC curve (black line) is also shown. The mean AUC value for each-jnouiek(ahdard
deviation also didayed.

The classificatiorperformance of the RLSMOMCALDA, PG®DA and PLBA models for
distinguishing between three months ofddxand SOD3***mice can be seen in Tal8el9 The
ROC curves generated in each of the repetitions and the mean RGCfaueach model can be
seenin figure3.15. The diffeent models attained similar accuracies, all around 83%. TheLPBA
model yielded the highest sensitivity but the lowest specificity. Hence, theDRL®odel was
considered to have achieved the bestrfsgmance due to the highesiccuracy and mean AUC
and more balanced sensitivity and specificity values. The-H@Z#A and QDA ROC curves had a
mean AUC of 0.89 whereas the H1S curves demonstrated a mean AUC of 0.92.
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Table3.19 Repeated CV PGALDA, PCADA and PL-BA models clasfication performance for hree
month oldmdxand SOD%***mice.The mean sensitivity, specificitgd accuracy values from the 100

repetitions are shown. Standard deviation and coefficients of variability are also displagéd.
Coefficient of Variabilit

Three months old
mdx'SODF%Amice

PCALDA

PG\-QDA

PLSDA

Sensitivity

(+/- Standard
Deviation, CoV)

93.5%
(+/-2.6,Co\ 2.8%
87.4%
(+/-2.8,Co\ 3.2%
88.2%
(+/-3.8, CoV 4.3%
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Specificity

(+/- Standard
Deviation, CoV)

73.3%
(+/-1.7,Co\ 2.3%
78.5%
(+/-2.1,CoV 2.7%
78.2%
(+/-4.8, Co\ 6.1%

Accuracy

(+/- Standard
Deviation, CoV)

83.5%
(+/-1.6,CoV 1.9%
83.0%
(+/-1.6, CoV 1.4%)
83.2%
(+/-3.0,Co\V 3.6%)
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Figure3.15 ROC curves generatdobm repeated crossvalidation of three months old SO¥#**and
mdx mice modelsROC curves are shown for each of the hundepdtitions during crossalidation.
The mean ROC curve (black line) is also shown. The mean AUC value for each-jnuake(ahdard
deviation also displayed.
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3.1.2.2Understanding the Basis of Classification

3.1.2.2.1Mean and Differenc8pectra

The mean and difference spectra of the different mice groups were plotted to visually examine
the most prominat peaks and to idetify the major differences between thgroups of each
model. In figure 3.16 and 3.17 the mean spect of each group(+/-) standard deviation are
shown.

4 - = = - 1 month old mdx
3 months old mdx
— — — - 1 month old C57BI/10

— — — - 3 monthsold C57BI/10

Intensity (a.u)

900 1000 1100 1200 1300 1400 1500 1600 1700 1800
Wavenumber (cm’1 )

Figure3.16: Mean Raman spectra fandxand C57BI/10 mice groups

The mean spectra fondxand corrol mice of one and three months of age shown with the dotted
lines. The shaded areas represent)ehe standard deviation from the mean spectrum. The spectra
have been offset for clarity.
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Intensity (a.u)

L i L L 1 L L i

900 1000 1100 1200 1300 1400 1500 1600 1700 1800
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Figure3.17: Mean Raman spectréor SOD£%”*and C57B 6 mice groups

The mean spectra f@@®1°%**and C57BI/6 mice of one and three months of age are shown with the
dotted lines. The shaded areas represent)(ehe standard deviation from the mean spectrum. The
spectra have been offset for clarity

Figues 3.18-3.25show the mean and differae spectra of the combinations of groups used to
build the two group modelsThe mean spectra of the different groups are very similar, with the
same prominent peaks being present in all of therasjiitethe signal © noise ratio of the spectra
acquired wih the probe being limited by the fluorescent backgroubchemically reliable peaks
could beseenin the mean and difference spectra.
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Figure3.18 Mean and difference spectra of one month atdxand C57BI/10 nde
a) Mean spectrdor one and month @l mdxand C57BI/10 micandb) difference spectrumProminent
peaks that differ between the two groups are indicated in both graphs.
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Figure3.19 Mean and difference spectra dfiree months old mdxand C57BI/10 rice.
a) Mean spectrdor three months al mdxand C57BI/10 micandb) difference spectrunProminent
peaks that differ between the two groups are indicated in both graphs.
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Figure3.20. Mean and difference spectra of orend threemonth oldmdxand C5BI/10 mice
a) Mean spectra for one arthree months olandxmice and b) difference spectrum. Prominent peaks
that differ between the two groups are indicated in both graphs.

A decreasén the prominent peaks located arou®@5cnmt, 1000cnm?, 1044cnm?, 1300cn?, 1330

cnt, 1445cmt, 1655cm™? as the disorder progresses can be seen in the difference spectra of the
mdxandC57BI/10 mice and orendthree months oldndxmice. Tentative peak assignments for
these peaks can be seen in tal8€20 A more dé¢ailed table with the references for ehc
assignmentound in this and all the following tablesin be found irAppendix A
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Table3.20. Prominent Raman peaks immean and differencespectraof the mdxand C57BI/10 mice
and tentative peak assignment® decrease in these peaks was observethaslisorder progressed
for themdxmice

Major Assignmerd

Proteins

Proteins (Phenylalanine)
Proteins

Lipids, Amide III (proteins)
Proteins, Nucleic Acids
Proteins, Lipids

Amide | (proteins), Lipids

Wavenumber (cm)  Vibrational
Modes
935 GC stretching
1000 Phenyl ring breathing mode
1044
1300 CH twisting
1335 CHCH wagging
1444 CH bending
1654 C=0 stretching, C=C stretch
b) 0.4
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N\ -
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Figure3.21 Mean and difference spectra of one month d®OD$%*and C57BIb mice
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a) Mean spectrdor onemonth dd SOD$%**and C57BB miceandb) difference spectrumProminent
peaks that differ between the two groups are indicated in both graphs.
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Figure3.22 Mean and difference spectra dfiree months old SOD£°**and C5BI/6 mice.
a) Mean spectrafor three mornths old SOD$% and C57BB mice and b) difference spectrum
Prominent peaks that differ between the two groups are indicated in both graphs.
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Figure3.23 Mean and difference spectra @ine and threemonths old SOD***mice.
a) Mean spectrdor one aml three months old SOD%°** miceand b) difference spectrumProminent
peaks that differ between the two groups are indicated in lgytphs.

Thedifferences observed in the intensity of the most prominent peakbermean and difference
spectra of theone month oldSOD£°**when compared to the C57BI/6 mice were very subtle.
Larger differences were observed in the intensity of thaksewhen comparing spectra acquired
from three months oldSOD$%*#to C57BI/6 anadne month oldSOD£%**mice.Similarto the mdx

mice, the most prominent peaks present in the spectra also decreased as the disorder progressed
for the SOD%***mice.Table3.21 summarises these peaks and their tentative assignments.
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Table3.21: Prominent Raman peaks irmean and differencespectra of the SOD%**#and C57BI/6
mice and tentative peak assignmentsA decrease in these peaks was observed as the disorder
progressed for th&OD$%**mice

Wavenumber (cm)  Vibrational Assignment
Modes
935 GCstretching Proteins
1000 Phenyl ring beathing mode Proteins (Phenylalanine)
1044 Proteins
1300 CH twisting Amide Il (proteins), Lipids
1335 CHCH wagging Proteins, Nucleic Acids
14451450 CH bending, CECH bending  Proteins, Lipids
1654 C=0 setching, C=C stretch  Amide | (proteins)Lipids
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Figure3.24 Mean and difference spectra of one month aladx and SOD £°**mice
a) Mean spectra foone month oldndx and SOD3***mice and b) difference spectrum. Prominent
peaks that differ betwen the two groups are indicated inthagraphs.

95



Intensity (a.u)

3 menths old SOD
3 months old max

GA3A

1 \\‘
. P
05 = ‘
Ap°

2 . . . . . L . )
900 1000 1100 1200 1300 1400 1500 1600 1700 1800

Wavenumber (cm'w)

b)

Intensity (a.u)

01

0.2

03

04t

0.4

03

02r

0.1F

90

0 koo A e

3 months old mdx-3 months old SOD16%34

b B B L - . . - -
1000 1100 1200 1300 1400 1500 1600 1700 1800

Wavenumber (cm'1)

Figure3.25 Mean and difference spectra dfiree months old mdx and SOD£%*mice.
a) Mean spectra fothree months old mdxand SOD3*** miceand b) difference spectrum. Prominent
peaks that differ betwen the two groups are indicated inthagraphs.

Similar diffeences were observed in the mean and difference spectradfand SOD3%**mice
at different ages. The difference in the intensity in the bands located around &@001044cny
Land 1653cm? appeared to have decreased in theestra acquired from the older mice. Table
3.22summarises these peaks and their tentative assignments.

Table3.22: Prominent Raman peaks imean and differencespectraof the SOD%%**and mdx mice
and tentative peakassignments.

Wavenumber (cm)

935

1000
1044
1300
1335
14451450
1654

Background subtraction was used to aid identification of more spectral features present in the

Vibrational
Modes
GC stretching

Phenyl ring breathing mode

CH twisting

CHCH wagging

CH bending, CkCH bending

Assignment

Proteins

Proteins (Phenylalanine)
Proteins

Amide Il (proteins), Lipids
Proteins,Nucleic &ids

Proteins, Lipids

C=0 stretching, C=C stretch Amide I (proteins), Lipids

spectra. Théackground subtracted naen spectra of the different groups icde seen in figure
3.26and3.27. A larger number of peaks were identifiable in these mean spectra.
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Figure3.26 Background subtracted mean spectra widxand C57BI/10 mice group3he spectra
have been offset farlarity and the most prominent peakave been highlighted.
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Figure3.27: Background subtracted mean spectra 8OD£%*and C57BI/6 mice groupJhe
spectra have been offset for clarity and thest prominent peaks have been highlighted.
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Additional sholder peaks can be saearound 95 cm?, 1030cm?, 1550cm?, 1575cm? and
1615 cmt. Tentative peak assignments for the peakesent in the background subtracted mean
spectraare presented in tabl8.23

Table 3.23 Prominent Raman peaks in backgrounsubtracted spectraand tentative peak
assignments.Amino acids are specified when the peaks are largesociated with them in the
literature.

Wavenumber (cm)  Example \brational Assignment
Mode

935 GC stretching Proteins

950 Proteins (Valine, Btine,
Phenylalanine)

975 CH deformation Proteins, Nucleic Acids

1000 Phenyl ring breathing mode  Proteins (Phenylalanine)

1030 GH bending Proteins (Phenylalanine,
Proline)

1044 Proteins

1076 GC stretching, €© stretching Proteins (Tryptophan),
Lipids, Nucleic Acids

1121 GC stretching, @ stretching  Proteins, Lipid

1170 GH bending Proteins (Tyrosine,
Phenylalanine)

1205 V(GGshHk) Proteins (Phenylalanine,
Tyrosine, Hydroxyproline)

1260 GN stretching Amide Il (proteins), Lipids

1300 CH twisting Amide Il (proteing Lipids

1335 CHCH wagging Proteins, Nucleic Acids

1444 CH bending Proteins, Lipids

1550 A 6Q) Proteins (Tryptohan)

1570 Ring breathing modes of the Nucleic Acids

DNA/RNA bases
1615 C=C stretcimg Proteins (Tyrosine)
1654 C=0 stretching, C=Qetiching Amide | (proteins), Lipids

Table3.24 compares the peaks present in the spectra of the main muscle constituents and of
skeletal muscle found in the literature with the peaks present indhietractedmean spectraA
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more detailedlist of peaksof musclerelated componentswvith the referencescan be found in
AppendixB.

Table 3.24 Prominent Raman peaks in background subtracted speatoanpared with peaks of
major muscle components and skeletal muscle found in the litera.

Wavenunber Myosin Tropomyosin Actin  Typel  Muscle Skeletal
(e Collagn Fibre  Muscle
935 P P P P P
950

975 P P

1000 P P P P P P
1030 P P

1044 P P

1076 P P P
1121 P P P P
1170 P P P
1205 P P P

1260 P P P
1300 P P P
1335 P P P P P
1444 P P P P = =
1550 P P P
1580 P P
1610 P

1654 P P P P P P

As can be seen in tabB24the peaks identified in the Raman muscle spectra wamasistent

with previously repaed peaks from skeletainuscle. As expected, most of these peaks are
associated with proteis probablydue to the high protein content in the muscle and many of
them can be found in the spectra of myosin, actin, tropomyosin and @vllégable3.24). The
Raman spectrum of skeldtauscle is complex due to several overlapping bands (different protein
bands as well as protein and lipid overlap). Band overlapping often leads to broadening of the
Raman peaks, as is often the case with pleaks in the Amiderkgion (and can be seen the

mean spectra)Thus, identification of individual constituents from Raman spectra acquired from
muscle tissue is quite complex.
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3.1.2.2.2Multivariate Analysis

As can be seen in the mean adifference figures in the prewus section lhe most proninent

peaks were present in the mean spectra of all the different grolesspite differences in the
intensity of these peaks clear visual differences were not easily apparent. Hence, multivariate
techniques were employed in orddo utilise and further alcidate the biochemical features
present in the spectraThe P& loadingsandthe linear discriminant function (LD&3$ well as the

PLS weights were plotted in order to illustrate the important peakspectral classification. BL
weights were used inst&l of loadings because the weight matrix is orthogonal whereas the
loadings matrix is not. Thus, the weights for each component can be interpreted independently
of the weights for the other components

Assigning specific peaksdae of the two groups uskin each model was not trivial since the two
groups were not always clearly separated around zero in the corresponding score histograms or
score plots. Additionally, the peaks in the loadings or Wepjots were most often not agred
around zero probalyl due to the presence of background in the spectra. Hence, a combination of
the information found in the difference spectra and the loading/weight plots was used in an
attempt to better understand thalifferences present in the sp&ra from the different goups.

The score histograms and loading/weight plots in which the separation of the spectra from the
different groups was best for each model are shown in the following sections. The loading/weight
plots for the rest of the PCs amtbmponents used to buildach model are shown is\ppendix C
Tables 3.253.31 summarise and compare the most prominent peaks found in all the
loading/weight plots (from all the components used for each model) and the onexlfm the
difference spectra beach twegroup model.

a) One month olandxvs C57BI/10 mice

PAAyYy 3 { dexR HHowed sy fdr correction PC2 and PC3 scores were found to be
significantly different between the one month atddxand C57BI/10 micé&2C3 scores were found

to havethe largest difference gveen the healthy and diseased mi(gc: 1.8e-04, tpc3 6.7e-

05). Thescore histogram and loading plot of PG de seen in figur8.28 The loading plot of
PC2 can be seen Appendix C
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Figure 3.28 PC3score histogram andoading plotfor the onemonth old mdxand C57BI/10 mice.
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The results of the LDA analysis using PC2 and PC3 as input variables can be see.i2Yigure
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Figure3.29 LD1 score histogram and LDF pfot the one month oldndxand C57BI/10 mice

The pominent bands found in ® and LDA loading plots were very similar with the bands
discussedn the previous sectionséction 3.1.2.2.2demonstrating thatOK | y3S& Ay Y dza (
biochemical composition are portant for discrimination. Even though thergassome overlap

it can be sem from the histogram of the LD scoréigure 3.29) that positive LD1 values have a
larger contribution from spectra acquired from tiedx mice whereas negative values from the
spectra acquired from C57BI/10 mic8imilarly, by loking at the histogram dPC3 scores (figure
3.28) spectra from C57BI/10 mice have a larger contribution to the positive values whereas those
from mdxmice have a larger contribution to the negative onesafgs are upside down in PC3 and

LD loading plots)This indicates that the gaks located around 936m?, 1000cnv?, 1044cm?,
1336¢n?, 1445cmt and 1655t were decreased in the spectra of thedxmice. Smaller peaks
around 980cn?, 1076cm?, 1376cm? and 1483 cm! were found to be more prominenin the

mdx spectra. Thegeaks around 1076m! and 1433cm! have shown to have both protein and
lipid contribution. Fat droplets exist in the muscle and so the lipid peaks might result from spectra
acquired closer to muscle fat.

In the PLPA analysis & model generated usinghé first 4 components demonstrateche
highest accuracy valu@he spectra were not clearly separated around zero in any of the score
histograms. Similar peaks as the ones from the-POA analysis were found in the PLS weight
plots (AppendixC Table 1) dmonstrating that discrimination bateen the different groups using

the different models was done on a similar biomolecular basis. The most prominent peaks in the
loading/weight plots for all the PCs and PLS components and iniffeesdce spectra and the
tentative peak assignments areramarised in table3.25.
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Table3.25 Summary table of the peaks associated withe one month oldmdxand C57BI/10mice
and tentative peak assignmentdn the group column, the group that tipeaks were more prominent
is displayed.

Wavenumber Tentative Assignment PCA LDF PLS Difference Group

(cnt?) loading weight  Spectrum

plots plots
935 Proteins P P P C57BI/10
985 Proteins, Nucleic Acids P P P mdx
1000 Proteins (Phenylalanine) P P P P C5®8BI/10
1045 g:g}tienig)s (Pheylalanine, P P p = C57BI/10
1075/1080  Lipids, Phospholipids P P mdx
1124 Proteins P P
1170 Proteins (Tyrosine) P
1200 Proteins P
1265 Amide IlI (proteins), Lipid P
1300 Amide Il (proteins).ipids P P P
1335 Proteins,Nucleic Acids P P P C57BI/10
1376 Proteins, Nucleic Acids P P P
1433 Lipids P P P mdx
1445 Proteins, Lipids P P P P C57BI/10
1655 Amide | (proteins), Lipids P P P P C57BI/10

102



b) Three months olthdxvs.C57BIl/10mice

OnlyPC2 was found to be sifinantly different between three months olchdx and C57BI/10
mice (gpc=8.2€9). A sensitivity of 93.8% and a specificity of 76.6% was achieved priofr cross
validation using PC&s an input to the LDASince only PC2 was impext to LDA the PCA and LDA
smre and loading plots were identical and can be seen urdi@ 30.
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Figure3.30: LD1 score histogram and LDF plot for therée months oldndxand C57BIl/10mice.

In the PLPA analysis using the first five components generates riiodel with the highest
accuracy value. Thecore and weight plot of the first component can be seen in fiQugéd. The
weight plots of the rest of the components can be seeAppendixC
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Figure3.31 PLSComponent 1score histogram and weight plotor the three months oldndx and
C57BI/10 mice.

It can be seen in the score histograms in figur@9a8nd 3.30that a better separation is achieved

for the spectra acquired from three months old mice compared to the one month old mice. The
LDA score histagm plot (figure 330) stows that positive values correspond to the spectra of the
C57BI/10 mice whereas negative values correspond to the spectra ohdixenice whereas in

the score histogram of the first pls component (figild@1) the spectra of thendx mice were
mostly acumuated in the positive values and the spectra of the C57BI/10 mice in the negative
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ones. The LDF and (component one) weight plots (figuB&a®d 3.31respectively) consisted of
very similar peaks (in opposite directionsgatedaround 935cm?, 1000cm?, 1044cnv?, 1304
cnl, 1336cm?, 1445cm! and 1650cm™. In both plots these peaks were not centred around
zero, rendering associating them with one group more difficult. However, the direction of the
peaks was in both caseseltsame as the direcn that the contribution of the spectra from the
C57BI/10 mice was largerhis couldndicate that these peaks decreased in the spectra of the
mdxmice. This was consistent with the findings from the difference spectrum since mbsisef
peaks were alspresent in that spectrum and were shown to have decreased fomtld& mice.
Thus similarly to the one month old mice, most of the major peaks (peaks aroundr&351002
cnl, 1046cm?, 1336¢m, 1445cntt and 1655cm™) seemed tdhave been reduced in thepectra

of the three months oldndx mice when compared to the C57BI/10 mirelicating that the
changes found in the early disease stage are also seen in the more establishéthemaost
prominent peaks in the loadimgeight plots of the models and irhe difference spectra and their
tentative peak assignments are summarised in t&bR.

Table 3.26 Summary table of the peaks associated withe three months old mdxand C57BI/10
mice and tentative peak assignmenti the groupcolumn, the grouphat the peaks were more
prominent is displayed.

Wavenumber Tentative Assignment PCA LDF PLS Difference Group

(cn?) loading weight  Spectrum

plots plots
935 Proteins P P P C57BI/10
1000 Proteins (Phenylalanine) P P P P C57BI/10
1045 E:zﬁs:g)s (Phenylafane, P p p p C57BI/10
1075/1080  Lipids, Phospholipids P P P
1124 Proteins P P P mdx
1265 Amide Il (proteins), Lipid P P
1300 Amide lli(proteins), Lipids P P P P C57BI/10
1335 Proteins, Nucleic Acids P P P P C57BI10
1445 Proteins,Lipids P P P P C57BI/10
1653 Amide | (Proteins), Lipids P P P P C57BI/10

¢) Onevs.Three months oldndxmice

PCs 1 t@ were found to be significantly different between one and three monthsnottk mice.
PC2 demonstrated the largedifference betweerthe different groups followed by PC3. These
PCs had a much smallerglue than PC1 fg: 2.8e-14, gpc3 4.8e-04, gpci 002). The loading plots
of these PCs can be seenAippendix CThe LD score histogram and LDF using PCs 1 toli&ca
seen in figure3.32
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Figure3.32 LD1 score histogram and LDF plor the one and three months oldndx mice

The PL®Amodel was built using the first threRLS components. The PLS score histognagn
weights plotfor component 1can be seen indure3.33 The PL®%eight plots for the rest of the

components be found iAppendix C
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Figure3.33 PLSComponent Iscore histogram and weight pldior the one and three months old
mdx mice

As can be seen from the histogram of the LDA scores arttleotcores from thefirst PLS
component most of the spectra of the three months old mice have positive score valuesagher
the spectra of the one month old mice have negative score values (for both models). The
respective loading plots shomegativepeaksaround 935cnm?, 1002cmt, 1046¢m?, 1305cnt?,
1336¢n?, 1445cmt and 1655, The most prominent peaks the loading/weight plots of the
models and in the difference spectra and their tentative peak assignments are summarised in

table 327.
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Tale 327: Summary table of the peaks associated withe oneand three monthsold mdxmice and
tentative peak assignmentsin the group column, the group that the peaks were more prominent is
displayed.

Wavenumber Tentative Assignment PCA LDF PLS Difference Group

(cnmh) loading weight  Spectrum
plots plots
930 Proteins P P P
1000 Proteins (Phenylalanine) P p p p One month
old mdx
1016 P P
1045 Proteins (Phenylalanine One month
. P P
Proline) old mdx
1080 Lipids, Phospholipids P
1121 Proteins P P P
1265 Amide Il (Proteins), Lipic P
1300 Amide lli(proteins), Lipids One month
P P
old mdx
1335 Proteins, Nucleic Acids P p p p One month
old mdx
1375 Proteins, Nucleic Acids P P
1435 Lipids P P
1445/1450  Proteins, Lipids P p p p One morth
old mdx
1655 Amide | (Proteins), Lipids P p p P One month
old mdx

d) Three months ol&0ONC*AysC57BI/6 mice

PaAy 33 (| dedisRi@lghi@dbi fdricorrection PCRC3PC6 and PGstores were found to be
significantly different between thethree months old SOD%%# and C57BB mice. PC2
demonstrated the largest difference between the different groups followed by PC3 and PC7 and
then PC6. These PCs had a much smafedwe than PC2 fgz 1.3e-08, ¢bc3 0.006, @¢o: 0.006,

grc: 0.02). Thescore hstogram and loading plot of PC2 can leers in figure3.34, whereas the
loading plots of PCs 3,6 and 7 can be seen in Appéhdix
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Figure3.34 PC2score histogram andioading plotfor the three months old SO¥#**and C57BI/6
mice

The LIF andthe LD score histogram calculated using the significant PCs, can be seen in figure
3.35 Using all significant PCs the sensitivity, specificity and accuracy of thed?Cdvodel prior
crossvalidation were85.5%, 86.7%, 86.1%.

18 0.2
Three months old
16 SOD169% 0.15
Three months old
14 b C57BI/6
0.1
© 12| =
] s 0.05
:i_‘, 10 F é”
3 3
2 8r <]
E —
S 0 -0.05
Z 6+ |
L 0.1
ol 015+
0 02 . . L . . . . .
-0.6 -0.4 -0.2 0 0.2 0.4 0.6 900 1000 1100 1200 1300 1400 1500 1600 1700 1800
LD1 scores Wavenumber (cm ™)

Figure3.35 LD1 scoe hitogram and LDF plofor the three months old SOF#**and C57BI/6 mice.
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In the PL®A analysis the model generated using the fBstomponents demonstrated the
highest accuracy value. TRLSDAscore andwveight plot of thefirst component @an be gen n
figure 3.36. Theweight plots of the second and third componean be seen ikppendix C
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Figure3.36: PLSComponent Iscore histogram and weight pldior the three months old SOF*4
and C57BI/6 mice.

The PCA and PLS weight plots for PC2 amdporent 1 were very similar (just in opposite
directions) demonstrating that discrimination between three months old SOD1 and C57BI/6 mice
was due to similar peaks for both models. Despite some overlap, it caed®ein the score
histogram of PC2 thahithis PC negative values largely correspond to spectra from the SS#D1
mice whereas positive values have a larger contribution from C57BI/6 mice. In the score histogram
of component one spectra from SOB¥ have a larger contribution in the positive itges
whereas spectra from C57BIl/6 mice have a larger contribution in the negative values. The main
peaks in the loading and weight plots were located around @8%, 1000cn?, 1044cm?, 1304

cnt, 1336¢m?, 1445cnt and 1650cmt and were all in theame drection as the direction that

the contribution of the spectra from the C57BI/6 mice was largessiblyindicating that these
peakscould have beemlecreased in the spectra of the S(Htmice. This was consistent with

the findings from the differace gpectrum since most of these peaks were also present in the
spectrum and were shown to have decreased for the S&brhice.

Most of these peaks were also found in the linear discriminanttion. Inthe histogram of the

LD scores positive LD1 valdesl a larger contribution from spectra acquired from tR&7BI/6
mice whereas negative values from the spectra acquired 8@ £°**mice. Positive peaks were
located around 93%m?, 1044cnm?, 1300cm?, 1336cm?, 1445cm? and 1650cm. Negative
peeks wee located around 1266m?, 1370cn?, 1462cm* and 1555cm®. The most prominent
peaks in the loading/weight plots of the models and in the difference spectra and their tentative
peak asgnments are summarised in talBe28
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Table 3.28 Summarytable of the peaks associated witthe threemonthsold SOD $**#and C57BIl6
mice and tentative peak assignments$n the group column, the group that the peaks were more
prominent isdisplayed.

Wavenumber Tentative Assignment PCA LDF PLS Difference Group

(cnm) loading weight  Spectrum
plots plots
935 Proteins P P P P C57Bl/6
955 Proteins, Hydroxyapatite P P P
1000 Proteins (Phenylalanine P P P C57Bl/6
1045 Proteins (Proline) P P P P C57Bl/6
1080 Lipids, Phospholipids P P
1121 Proteins P P P
1151 Proteins, Carotenoids P
1200 Proteins P P P
1269 Amide 1l (Proteins) SOD§%A
- P P
Lipids
1300 Amlde [l (proteins) p P P
Lipids
1335 Proteins, Nucleic Acids P P P P C57Bl/6
1370 Proteins, Nucleic Acids P P SOD§%A
1434 Lipds P P
1445 Proteins, Lipids P P P P C57Bl/6
1462 Nucleic Acids, Protein: SOD§%A
» . P
Palmitic Acid
1550 Proteins (Tryptophan) P P SOD%%3A
1615 Proteins (Tryptophan, P
Tyrosine)
1655 Amide | (proteins), Lipid P P P P C57Bl/6
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e) Onevs Three months ol&ON%***mice

Scores from PCs 1,3,6 and 7 were found to be significantly different between one and three
months old SOC*¥3**mice. When using all significant PCs, the DA model demonstrated a
sensitivity of 95.2%, specificity 06 9% and accuracy of 95.9% prior creatidation. PC{figure
3.37)was the most significant followed by PC7, PC3 and PC6. The latter PCs demonstrated a much
smaller gvalue thanPC1 f@: 1.2e-22, gpe: 0.02, @c: 0.04,grs: 0.04). The LD score histagn

and the LDF generated using all the significant PCs are shdignre3.38 The loading plots of

PCs 3,6 and 7 can be foundAippendix C
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Figure3.37: PClscore histogram andoading plotfor the one and three months old SO¥F#**mice.
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Figure3.38 LD1 score histogram and LDF plot for the@and three months oldSOD$%**mice.

The PL®A model was generated using the first four components. The score histogram and the
weight plot of the first component can be seen in fig@r89. The weight plots ofomponents 2
to 4 can be found il\ppendix C
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Figure3.39 PLSComponent 1score histogram and weight plot for ther® and three months old
SOD#%**mice.

The loading and weight plots of PC1 @ldScomponent one were very similar with the most
prominent peaks being in the direction where the contribution of tBpectra acquired from
younger SOD*** mice was larger (positive score values for PC1 and negative score values for
component 1). This was also observed in the respective difference specthus,. the bands
located around 93%nm?, 1000cn?, 1044cm?, 1336cn?, 1445cmt and 1650cn! appeared to
decrease as the disorder progressed. The LDF contained more noise. Hence, the identification of
the Raman peaks responsible for the discriminabetween the two groups was more difficult.

The peaks around 933w?, 1000cm?, 1336¢n?, 1445cm and 1650cm® were also identified

in the LDF. These were found to be increased in the spectra of the one month ol&°3@iide
(positive values in theDscore and loading plots). Additional peaks around @55 and 1226cnt

Lwere also found to & increased in these spectra. Negative peaks were located aroundchi 25

1, 1269cm?, 1426cmt and 1516¢cmt and were associated with the spectra acquirednirthe

three months old SOB*¥3*mice (negative values in the LD score plBhie most prominenpeaks

in the loading/weight plots of the models and in the difference spectra and their tentative peak
assignments are summarised in taBl@9.
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Table3.29: Summary table of the peaks associated witfie one/three months old SOD$%*mice
and tentative peak assignmentdn the group column, the group that the peaks were more
prominent is displayed.

Wavenumber Tentative Assignment PCA LOF  PLS Difference Group

(cnt?) loading weight  Spectrum
plots plots
935 Proteins Onemonth
P P P P old SOD%%A
950 Proteins, Hydroxyapatite P P P
1000 Proteins (Phenylalanine P p p P One month
old SOD%%A
1045 Proteins (Proline) P p p One month
old SOD%%A
1080 Lipds, Phospholipids P P
1121 Proteins p p p Three months
old SOD%%A
1151 Proteins, Carotenoids P
1200 Proteins P
1269 Amide III (Proteins), P P p Three months
Lipids old SOD%%A
1300 Amide Il (proteins),
. P
Lipids
1335 Proteins, Nuleic Acids One month
P P P P old SOD%%A
1370 Proteins,Nucleic Acids P
1400 Proteins, Nucleic Acids P
1430 Lipids P p Three months
old SOD%%A
1445/1450  Proteins, Lipids One month
P P P P old SOD%%A
1655 Amide | (proteins), Lipid One month
P P P P old SOD%%A

112



f) One month oldndxvs.SOD$%**mice

PCs 1,2,3,5,6,7 and 9 were found to be significantly different between one monthdXdnd
SOD%%**mice. PCs 3 and 6 were found to be the most significant RGs 1@e-05, ¢pe: 7.6e-

05) and demonstrated much smalleivglues than the rest of the PC scores. The score histogram
and loading plot for PC3 can be seen in fig8ré0. The LD score histayn and the linear
discriminant function generated using all the significans Bf@ slown in figure3.41
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Figure3.40. PC3score histogram andioading plotfor the one month oldmdxand SOD£%*mice
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Figure3.41 LD1 score histogram and LDF pfor the one month oldmdx and SOD£%**mice.

The PL®A model was generated ugjithe frst four components. The score histogram and the
weight plot of the first component can be seen in fig@rd2 The weight plots of components 2
to 4 can be found il\ppendix C
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Figure3.42 PLSComponent Iscore histogram and weight plot forte ane month old mdxand
SOD#%**mice

Despite some overlap in the score histogram of ,pG8itive score values seemed to have a larger
contribution from spectra acquired from one month oftixmice whereas negative score values
had a larger contributin fromthe spectra of the one month olsOD£%4 The negative peaks in

the PC3 loading ptavere located around 938m%, 1000cnt?, 1048cm?, 1338cntt and 1645nT

Land the positive peaks were around 968r%, 1019cm?, 1073cm?, 1267 cmt, 1300cm?, 1432
cmtand 18.0 cmt. Similar peaks were found in the weight plot of the fasponents from the
PLSDA analysisThe weight plotalsocontained some background. However, the peaks around
933 cnrl, 1000cm?, 1048cm?, 1338cntt and 1645cm? were also m the direction that the
contribution of the SOD**spectra were more proment. Additionally, in the weight plot the
peak around 1456m* also appeared and seemed to be increased in these spectra. Positive peaks
were located around 9B cnit, 1267 cnr?, 1300cm and 1506cnm.

In the histogram of the LD scordise spectra of tle different groups were very well separated
around zero angositive LD1 values baa larger contribution from spectra acquired from the
mdx mice whereas negative valué®m the spectra acquired fronsOD$%**mice. Hence, the
peaks in the associated LD&n be more robustly assigned to each group. Positive peaks were
located around 99%n?, 1020cm?, 1260cnt?, 1297cnr! and 1506cmt. Negative peaks were
found around940 cm?, 1003cm?, 1048cmt, 1338cm?, 1452cm! and 1645cm?. Table3.30
summarisesghe most prominent peaks in the loading/weight plots of the models and in the
difference spectra and their tentative peak assignments.
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Table 3.30 Summary tabé of thepeaks associated witlthe onemonth old mdx'SODZ*%/mice and
tentative peak assignmentdn the group column, the group that the peaks were more prominent is
displayed.

Wavenumber Tentative Assignment PCA LDF PLS Differerce Group

(cn?) loading weight  Spectrum
plots plots
935 Proteins P P P P SOD§%A
960 Proteins, Hydroxyapatite P P
995 Uracil, Proline P mdx
1003 Proteins (Phenylalanine P P P P SOD§%A
1035 Proteins (Proline, Valine mdx
) P

Phenylalanine)
1045 Proteins (Proline) P P P SOnG%A
1075 Lipids, Phospholipids P P
1125 Proteins P P
1265 Amlde Il (Proteins) p p p mdx

Lipids
1300 Amide [l (proteins) mdx

. P P

Lipids
1335 Proteins, Nucleic Acids P P P P SODg%A
1400 Proteins, Nucleic Acids P
1432 Lipics P
1445/1450  Proteins, Lipids P P P P SOD %%
1465 Nucleic Acids, Proteins,

Palmitic Acid
1512 Nucleotide Bases P mdx
1655 Amide | (proteins), Lipid P P P P SOD§%A

g) Three months olohdxvs. ®DF***mice

PCs 2 and 4 were found te Isignifcantly different between one month olchdxand SOD3%A
mice (¢pe: 1.2e-07, gpa: 1.02-08). The loading plots for PC2 and PC4 can Appendix CThe LD
score histogram and the linear discriminant function generated using PCs 2 and 4 cam loe see
figure 3.43 In the LDF negative peaks were located around 10809 1267cnv?, 1300cm?, 1445
cmtand 1645m?. Since, the spectra of the SGiIP'mice wee more prominent in the negative
values of the LD histogram, these peaks seemed to bedserkinthe spectra of these mice.
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Spectra from bothmdx and SOD3%*Amice both contributed in the positive values of the LD
histogram. However, the contribution tfie mdxspectra appeared to be larger.
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Figure3.43 LD1 score histogram and LDF plot fie three months oldndx and SOD$%**mice.

The PL®A model was generated using the first five components. The score histogram and the
weight plot of the first component can be seen in fig®d4 The weight plots of components
two to five can be founih Appendix C
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Hgure 3.44 PLSComponent 1score histogram and weight plot for thehtee months oldndx and
SOD%%"mice.

The peaks in the weight plot for component 1 were similar with the ones ofiiireplot Negative
peaks were located around 10@0n?, 1267 cm!, 1304 cnt, 1443 cm' and 1650 crt whereas
positive peaks were located around 931tm121 cmi, 1330 cmt, and 1512 cm. Table3.31
summariseghe most prominent peaks in the loading/weight plots of the models and in the
difference sgctra ard their tentative pe& assignments.
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Table3.31 Summary table of the peaks associated withe three months old mdx and
SOD¥#%*mice and tentative peak assignmenti the group column, the group that the peaks were
more prominent is displayed.

Wavenumber Tentative Assignment PCA LDF PLS Difference Group

(cn?) loading weight  Spectrum

plots plots
935 Proteins P P P mdx
955 Proteins, Hydroxyapatite P
1000 Proteins (Phenylalanine) P P P P SOD%%A
1045 Proteins(Proline) P P
1075 Lipids, Phospholipids P P
1125 Proteins P P P mdx
1267 Amide IIl (Proteins), Lipic P P P SOD§%A
1300 Amide lll (proteins), Lipid P P P P SOD%%3A
1335 Proteins, Nucleic Acids P P P P
1400 Proteins, Nuleic Ads P
1440/1455  Proteins, Lipids P P P P SOD%%3A
1465 Nucleic Acids, Proteins, P mdx

Palmitic Acid

1512 Nucleotide Bases P P mdx
1655 Amide | (proteins), Lipids P P P P SOD§%3A

3.1.2.3 Histology

Histological analysis was performed omsule tissue sections ohdx, SOD%°*4 C5BIl/6 and
C57BI/10 mice of both ages in order to investigate the morphological changes in muscle as the
two neuromuscular disorders progress. H&E sections of one and three monthmdXand
control muscles can bseen in figures 1 and 2 respectively. Sawiof e and three months old
SOD$%*and control mice can be seen in figures 3 and 4.

The histological assessment revealed that healthy muscle consisted of polygonal fibres, with
peripherally located nucleiifures 1c, 2c, 3c, 4c). Necrotic fibreshwihflammatory cells and a
small amount of early regeneration, indicated by small myofibres with centrall nuclei could be
seen in the muscle sections of the dystrophic mice at one month of age (figures 1la aAd 8.
disorder progressed, the main histgicalfindings were larger cells with centrally placed nuclei
indicating active regeneration (figures 2a and 2b). Areas of inflammation were also present (figure
2b). There were no signs of pathology displayedhie tissue sections of the one month old
SOD#%A mice (figure 3a). At three months of age the S&i¥imuscle showed signs of
denervation in the form of grouped atrophy (figure 4a, b). Small angular, as well as hypertrophic,
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fibres were present in the mscle. Finally, a small number of fibreshweentral nuclei indicated
limited regeneration.

Figure 3.45 Gastrocnemius muscle sections from one month oldx and C57BI/10 mice stained
with haematoxylin/eosin.In one month olandxmice sectionsecrotic fibres with inflammatory cells
(a,b, arows) armd small myofibres with centrally placed nuclei (a, arrow heads) indicating early
regeneration can be seen in tections acquired from one month atdix mice. Normal myofibers
from control tissue can be seen in figurdagnification: x40, scalbars: 1@>m.
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