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We applied Raman spectroscopy to brain and skin tissues from a minipig model of Huntington's disease.
Differences were observed between measured spectra of tissues with and without Huntington's disease,
for both brain tissue and skin tissue. There are linked to changes in the chemical composition between
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indicating that the test would have a similar accuracy when used as a diagnostic tool for the disease.

DOI-10.1039/d3ay00970j This suggests the technique has great potential in the rapid and accurate diagnosis of Huntington's and
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Introduction

Huntington's disease (HD) is a neurodegenerative disease
affecting 5-10 people per 100 000 population.* Its symptoms are
of involuntary movements and loss of co-ordination, and later
cognitive dysfunction.”> Currently, the onset of disease is diag-
nosed inaccurately through a collection of behavioural tests
after symptoms become unambiguous.”® HD is caused by
a genetic mutation, with a repeat of cytosine-adenine-guanine
(CAG) in the huntingtin gene. This causes a repeat of glutamine
in the protein sequence which in turn causes the protein to
misfold and aggregate into plaques® in neurons. Above 40
repeats tends to produce full penetration of the disease, and
below 35 repeats tends not to lead to the disease,> but the
number of repeats is not an exact predictor of the severity of the
disease, and does not predict the age of onset of the disease.
This explains why, although a genetic test is available, less than
5% of those who may have inherited the huntingtin gene choose
to perform this test.”

There is therefore an unmet need for a quantitative, accurate
test for the onset of disease. In order for such a diagnostic test to
be taken up in the clinic it should be minimally invasive,
affordable and accurate enough to be applied at the onset of
symptoms.

Raman spectroscopy is a form of optical spectroscopy
whereby a laser focussed onto a region is able to excite vibra-
tional modes within molecules. An individual photon loses
energy when exciting the vibration, so by measuring the energy
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other neurodegenerative diseases in a clinical setting.

of these interacting photons with a spectrometer we can deduce
the energy, and therefore frequency, of a vibration excited
within the molecule. A single molecule has several vibrational
modes at different frequencies, each frequency relating to
a specific vibrational mode within the molecule, such as the
symmetric stretching of a C-H bond found in abundance in
lipids, or a C-N bond characteristic of proteins. The chemical
composition of an unknown sample containing a mixture of
molecules can be quantitatively deduced, provided each type of
candidate molecule has previously been characterised. Cells
and biological tissues contain highly complex mixtures of
biomolecules, and subtle changes in chemical composition
caused by a disease can be revealed with Raman spectroscopy.”™
Brain tumours have been diagnosed with Raman spectroscopy*’
but neurodegenerative diseases are not localised to the brain -
the protein aggregates are formed in various tissues in the body,
but affect the physiological functioning of neurons first. One
recent study has looked at blood serum with surface enhanced
Raman spectroscopy and gold nanoparticles, and found
a significant distinction between patients with and without
Huntington's disease.™ This suggests that the analysis of tissue
and fluids far from the brain can be used to diagnose Hun-
tington's disease. Raman spectroscopy has previously been
applied to fibroblast cells from a patient with Huntington's
disease™ which separated cells into diseased and healthy
controls with an accuracy of 95%. As these fibroblasts -
connective tissue cells — are far from the brain, these results
raise the hope that a more accessible part of the body than the
brain could be analysed with Raman spectroscopy and provide
an accurate diagnosis due to the presence of protein aggregates
throughout the body in neurodegenerative diseases.

Raman spectroscopy has been used to analyse a variety of
neurodegenerative diseases.”® Parkinson's disease was diag-
nosed with an accuracy of 71% by investigating circulating

Anal. Methodss, 2024, 16, 253-261 | 253


http://crossmark.crossref.org/dialog/?doi=10.1039/d3ay00970j&domain=pdf&date_stamp=2023-12-28
http://orcid.org/0000-0003-0228-5970
http://orcid.org/0000-0001-6695-6345
http://orcid.org/0000-0002-9750-3143
https://doi.org/10.1039/d3ay00970j
http://creativecommons.org/licenses/by/3.0/
http://creativecommons.org/licenses/by/3.0/
https://doi.org/10.1039/d3ay00970j
https://pubs.rsc.org/en/journals/journal/AY
https://pubs.rsc.org/en/journals/journal/AY?issueid=AY016002

Open Access Article. Published on 15 December 2023. Downloaded on 7/30/2025 11:22:04 AM.

Thisarticleislicensed under a Creative Commons Attribution 3.0 Unported Licence.

(cc)

Analytical Methods

extracellular vesicles filtered from the blood.** Alzheimer's
disease has received the greatest focus from researchers. Raman
spectroscopy of blood serum was able to differentiate patients
with more than 95% sensitivity and specificity,' and this rose to
98% in another study with a tertiary model for differentiating
Alzheimer's, other neurodegenerative dementias, and healthy
controls." Raman spectroscopy of Lewy Bodies in Blood"” ach-
ieved 84% sensitivity and 86% specificity in predicting early
stage Alzheimer's. Raman studies were performed on cerebro-
spinal fluid with 84% sensitivity and 84% specificity,'® and
mouse retina with an accuracy of 85.9%.' Saliva was used as
a diagnostic fluid for Alzheimer's and Parkinson's disease,
achieving an accuracy of 97%.°

Alternative methods for diagnosis of Huntington's disease
are an ongoing research theme. Magnetic Resonance Imaging
(MRI) and Positron Emission Tomography (PET) imaging are
the two methods with most potential but as one review*
concludes, despite continued research “no single technique has
been validated as an optimal biomarker”.

In this study we aim to be the first to diagnose Huntington's
disease by analysis of brain tissue with Raman spectroscopy,
and also investigate the hypothesis that Raman spectroscopy
analysis of skin can be used to diagnose Huntington's disease.
We chose a minipig model of Huntington's disease*** to test
this hypothesis, and if successful Raman spectroscopy could be
applied to humans in a clinical setting, providing a rapid,
minimally invasive diagnostic test on skin with near-instant
results for Huntington's disease. This would also open up the
potential of diagnosing and discriminating other neurodegen-
erative diseases with higher prevalence in the population, such
as Alzheimer's disease.

Materials & methods
Sample preparation

A minipig animal model of Huntington's disease has been
developed by the Czech Academy of Sciences.?*** HD transgenic
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(TgHD) minipigs were bred with a modified huntingtin (HTT)
gene with the insertion of 124 CAG repeats. No developmental
or gross motor deficits were noted up to 40 months of age.
Mutant HTT mRNA and protein fragments with these 124 CAG
repeats were detected in both brain and peripheral tissues. The
emergence of HD-like phenotypes in the TgHD minipigs was
clear at 60-70 months: significant cell loss was detected in the
caudate nucleus, putamen and cortex. This was accompanied by
activation of astrocytes and accumulation of clusters of struc-
tures in the neurites of neurons.

Samples of brain and skin were taken from minipigs aged 60-
70 months - 4 TgHD animals, and 4 wild type (WT) animals
without the HTT gene as controls. Only one of the WT animals
was male, but all the TgHD animals were female. Tissue of size
~5 mm was cut from carcasses and stored at —80 °C and trans-
ported to Edinburgh on dry ice. Samples were subsequently
thawed over 15 minutes, and soaked in ethanol overnight to
reduce fluorescence observed in Raman spectra. Samples were
rinsed three times in phosphate buffer saline (PBS) 1x and
mounted into a sample holder picture in Fig. 1. A glass coverslip
(#1, 0.17 mm thick) acts as the base, and the sample is squashed
to a thickness of 2 mm by a top quartz coverslip (0.17 mm thick).

Raman spectroscopy

In order to align with the goal of applying Raman spectroscopy to
human subjects, we used a fibre optic probe spectrometer which
illuminates a sub-millimeter spot in all 3 dimensions, rather than
our confocal Raman spectrometer which focusses the laser to
a micron-size spot and hence employs orders of magnitude higher
laser intensity unsuitable for safe use on humans. Another benefit
of the probe system is that sampling over a larger region produces
a more representative spectrum from a larger volume of tissue.
Confocal Raman spectroscopy produces spectra which vary
considerably according to the lateral position of the focal spot,
and has very low depth penetration. Confocal illumination and
detection is advantageous in many applications, but not in the
spectral analysis of a piece of tissue - due to its heterogeneity and

from 785nm Laser

Raman probe

micrometer stage

Fig.1 Left: a schematic diagram of the sample slide setup. Centre: a side view of the sample and probe and the arrangement of its fibres. Right:
photograph of the probe above a power meter on a glass slide attached to a vertical micrometer stage.
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damaging laser intensities. A major drawback of the probe system
is its low collection efficiency compared to confocal detection
through a microscope objective lens - the probe has a ring of 7
multimode fibers for collection of light, surrounding a central
fiber for delivery of the laser. The reduction in collection area and
reduced numerical aperture (angle) of collection in optical fibers
is apparent in a greatly reduced signal, and our probe system also
has inferior noise with its detector compared to the triple Peltier
cooled CCDs present in confocal Raman systems.

Our Raman fiber optic probe system compromises an Ocean
Optics 785 nm laser (350 mW power output), Ocean Optics
QEPro spectrometer (cooled silicon photodiode linear array)
and Art Photonics Raman probe with ball lens. The laser power
at the sample is 184 mW, after losses due to launching into the
central fiber. A limit of 296 mW cm™? applies for the use of
a 785 nm laser on skin (IEC 60825/ANSI Z136.1), but when
samples are placed at a distance of several centimeters the
collection efficiency is greatly reduced. The highest signal to
noise ratio is achieved when the probe is in contact with the
sample, but with full laser power focused into a sub-millimeter
spot this still achieves intensities far higher than that permis-
sible in human skin. Reducing the laser power to achieve this
allowable intensity in humans was attempted, but signal levels
were too low to be practically applied to tissue. Thus, full power
was used at zero distance to achieve good quality spectra, with
the knowledge that alternative Raman spectroscopy systems
could achieve good signal levels combined with illumination
over a large area. These will be discussed later.

After the sample is mounted, the probe is approached care-
fully as depicted in Fig. 1. Using a micrometer driven translation
stage, the point of contact can be sensed by a change in force
applied, where separation between probe tip and quartz cover-
slip, d, is zero. This allows for high signals and reproducibility,
without damaging the surface of the ball lens. The probe is fed
into a light tight chamber to allow for long acquisition times.

The acquisition time was set as 50 seconds, with 20 averages,
giving a total acquisition time for each Raman spectrum of 1000
seconds. The sample is immersed in phosphate buffered saline
(PBS) during the acquisition of Raman spectra, and 5-8 spectra
were acquired from different regions within the same sample.
After a Raman spectrum was acquired, the tissue was removed
and replaced by PBS solution, then a background Raman
spectrum acquired and subsequently subtracted to remove the
contribution from the quartz, glass, PBS, and glass fiber probe,
and reduce other potential artefacts such as detector noise. For
brain, 23 Raman spectra were taken from 4 tissue samples of
wild type (WT) and 25 Raman spectra from 5 transgenic (HD)
tissue samples. For skin, 23 Raman spectra were taken from 4
samples of WT, and 29 Raman spectra were taken from 4
samples of WT. Each tissue sample was from a different animal.

Spectral processing

The pre-processing steps for the Raman spectra were carried out
as previously described.”* This performs 4 types of pre-
processing on spectral data. Raw spectra were first filtered by
applying a spectral window 600-1700 cm ' to select the
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‘fingerprint’ region relating to biomolecules. Subsequently,
a Savitzky-Golay first derivative filter was applied to reduce low
frequency signals associated with the background, and
Savitzky-Golay smoothing to compensate for amplification of
high frequency signals and noise within spectral peaks. Back-
ground subtraction (‘flattening’) of spectra was achieved using
the routine ‘msbackadj’ in Matlab 2023b. Finally, spectra were
normalized and mean-centred.

All processed spectra from HD and WT groups were
compared by principal component analysis (PCA). PCA trans-
forms a number of possibly correlated variables into a smaller
number of variables called principal components. The first
principal component loading, PC1, is a spectrum which
contains the most variance between the full set of all Raman
spectra (both WT and HD), and subsequent component spectra
(PC2, PC3...) contain ever decreasing variance between the full
set of Raman spectra.

Machine learning and validation

Classification of spectra can then be performed by plotting
principal components against each other, to reveal the pair of
components giving best separation. However, higher classifi-
cation accuracies were observed by excluding principal
components which account for the smallest variations which
are dominated by noise. To this end, scree tests were performed
to determine the number of principal components that explain
95% variance in the data.

Subsequently, several classification techniques were per-
formed on these most significant components in custom Python
3.11 code using the Scikit-learn library version 1.3 and employing
its default parameters for each of the 5 machine learning
methods. These classification techniques were: partial least
squares discriminant analysis (PLS-DA), artificial neural
networks (ANN), linear discriminant analysis (LDA), linear
support vector classification (LSVC), and logistic regression (LR).

Cross-validation was performed using a method called
Stratified K-Folds validation that distributes the data into n
evenly (not randomly) selected splits, in this case n = 5, there-
fore 1/5 of the data (test set) is randomly selected iteratively and
evaluated against the remaining 4/5 (training set); this process
is repeated 5 times i.e. k = 5. In this method, the value of & is
fixed to n (k = n) to enable each spectrum to be employed as
a test sample. The process of PCA decomposition in this anal-
ysis was conducted post k-fold split to enhance robustness,
effectively mitigating potential biases. By applying PCA sepa-
rately within each fold, the risk of the PCA model being overly
influenced by the data in the initial split is significantly
reduced. Varying the number of layers in ANN from the default
size of 1 x 100 neurons produced limited overall effects, and
varying the number of latent variables in the PLSDA model had
no discernible impact on the data, suggesting that the initial
latent variables capture all relevant information and the data
has not been over-fitted. Additionally, permutation tests were
applied to each data split to validate the significance of the
model's results. In these tests, data labels (in this case, wild-type
or Huntington's disease) were randomly shuffled 100x, and the
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model was rerun. As the results given by the model are signifi-
cant compared to random labels, the model can be considered
significant. These measures, while effective in reducing over-
fitting, highlight the necessity for more data to strengthen the
robustness of the model further.

Results & discussion

Individual Raman spectra are shown in ESI Fig. S1 and S2.}
These are already processed to remove the reference spectrum
of water in place of tissue. A large variation in intensity and
offsets is apparent, due to slightly different focus position and
different region of sample with varying material density and
composition. Variations in overall signal intensity are corrected
for, by normalisation of each flattened spectrum.

Average spectra for each group are presented in Fig. 2, after
each spectrum has been normalized and a baseline correction
applied. Brain spectra are noisier than skin spectra — presum-
ably due to higher water content in brain tissue.

Each spectrum contains peaks which relate to molecular
bonds, such as C-H, C-C, C-N within proteins, etc. A full database
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Table 1 Tentative assignment of Raman peaks within difference
spectra in Fig. 2, for brain and skin

Raman peak (cm ") Assignment

Brain (positive peaks)

742 DNA, tryptophan

880 Ethanol artefact

998-1004 (negative) Phenylalanine

1035-1042 Proline/collagen

1083 C-N stretching mode of proteins
1109 Unidentified

1138 Unidentified

1275 Amide III of proteins

1480 Amide II

1660-1676 Amide I of proteins/beta sheet

Skin (negative peaks)

639 Tyrosine

688 Unidentified

1343 C-H proteins/carbohydrates
1539 Red blood cell/amide II

brain (HD - WT)

1000 1100 1200 1300 1400 1500 1600 1700

wavenumber (cm™)

Fig. 2 Average spectra and difference spectra for minipig brain and skin tissues. From top to bottom: wild type (WT) brain, Huntington's disease
(HD) brain, brain difference spectrum: HD minus WT, skin difference spectrum: HD minus WT, WT skin, HD skin. Offsets of each curve, to aid
clarity: WT brain +0.0002, HD brain +0.0001, skin difference —0.0001, WT skin —0.0006, HD skin —0.0007.
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of Raman peaks at specific frequencies can be found here.” It is
not possible to unambiguously assign peaks to specific biomol-
ecules, as several types of molecule can have the same peak in the
spectrum due to having the same type of chemical bond.

A visual comparison between average brain and skin spectra
in Fig. 2 reveals some common peaks, but many differences.
There is little similarity in chemical composition between brain
and skin, or fibroblast cells from a previous Huntington's
Raman study.”

The difference spectrum - the WT spectrum subtracted from
the HD spectrum - shows clear features far greater than the noise

View Article Online
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level, in both brain (blue) and skin (green). The difference
spectrum for each tissue type contains a mixture of positive
peaks, for molecules more abundant in HD tissues, and negative
peaks which imply a reduction of those molecules in HD tissues.

The difference spectrum for brain tissue contains some
changes in Raman peaks, but also possible variations in
broader autofluorescence peaks,”**® which are also excited by
the 785 nm laser, or changes in the amount of quartz substrate
and probe fibre in the spectrum due to a difference in laser
absorption and scattering. Raman peaks are tentatively
assigned in Table 1. A number of other studies have acquired

PCA Scree Plot

—— Cumulative explained variance

[0 Individual explained variance

Explained variance ratio

Principal component index

PCA Sqree Plot

—— Cumulative explained variance
[0 Individual explained variance

0.8

o
)

Explained variance ratio
e
ES

3
Principal component index

Fig.3 Top: scree plot for the first 4 principal components for brain tissue. Values for components 1-4 are 0.566, 0.269, 0.09, and 0.031, and the
cumulative value reaches 0.954. Bottom: scree plot for the first 5 principal components for skin tissue. Values for components 1-5 are 0.482,

0.213, 0.125, 0.091, and 0.05, and the cumulative value reaches 0.961.
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Raman spectra from brain tissue***' which show broad simi-
larities in structure with spectra in Fig. 2 and between each
other, but differences due to many possible factors such as
animal type, site within brain, sample preparation, and spec-
trometer characteristics. We are not able to attribute the
difference Raman spectrum for brain tissue to protein aggre-
gates, instead we appear to see a variety of changes in chemical
composition as a result of the disease. Increased lipofuscin has
been observed in the brain of people suffering from HD.?**

Ref. 27 states “Enhanced accumulation of autofluorescent
material (most probably representing lipofuscin) was specifi-
cally observed in layer V pyramidal cells of tgHD rats, resem-
bling enhanced lipofuscin accumulation in the human
disease.”

For skin, we measure similar spectra to those previously
published,**” although extra peaks in Fig. 2 at 1343 and
1539 cm™ ' most likely relate to blood.***® We see clearer Raman
peaks in the difference spectrum, with lower autofluorescence
than brain tissue.** Most positive peaks are also visible in the
average spectrum, suggesting an increase in density of material
or lower laser absorption, but there are four clear negative peaks
which are listed in Table 1.

Although there are detectable changes in biochemical
composition for cells (reported previously), skin and brain and
a clear spectral signature for HD in each tissue type, this is not
down to a common specific molecule nor a common spectral
signature for HD in all tissues.

The establishment of a clear spectral signature for HD in
brain and skin tissues permits the use of this spectral data as
a diagnostic database. Tissue from an animal with unknown
HD status could be diagnosed as either HD or WT by comparing
a newly acquired spectrum with the database. Firstly, we need to
know how each acquired spectrum differs from those in the
same group (HD or WT) and from spectra in the other group.

Principal component analysis (PCA) was performed on the
whole data set for brain, and separately for skin. Scree plots in
Fig. 3 show that the first 4 principal components are sufficient
to describe over 95% of the variance between spectra for brain
tissue, and 5 components are required for skin tissue. Applying
this threshold to data, and rejecting the remaining components
which represent less than 5% of variance, leads to significantly
improved accuracies when classifying the data. This is because
as the principal component number increases, the larger the
proportion of noise that component contains.

The reduced number of principal components were then
used as inputs to a variety of machine learning methods: partial
least squares discriminant analysis (PLS-DA), artificial neural
networks (ANN), linear discriminant analysis (LDA), linear
support vector classification (LSVC), and logistic regression
(LR). Using four fifths of the data to train the classifier and one
fifth of the data as a test set, and repeating the process 5 times,
linear scores are produced for every spectrum for brain and
separately for skin. As each spectrum is used as test data, and its
origin as WT or HD is prior knowledge, we can adjust the
threshold of score - above or below which a spectrum is
assigned as WT (‘negative’) or HD (‘positive’). A receiver oper-
ating characteristic (ROC) graph is a plot of the true positive rate
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(sensitivity) as a function of the false positive rate (1 - speci-
ficity), as the threshold is varied. If a method has no predictive
ability, it will produce a line close to a gradient of 1, with an area
under the curve (AUC) of 0.50 - i.e. a 50% chance as if guessed. A
perfect classification with 100% accuracy produces a square
shaped curve, with an AUC of 1.00. Hence the area under the
cure is a measure of the predictive accuracy of the method. As
diagnostic tests do not value false positives and false negatives
equally, the plot allows a visualisation of how the specificity
varies when the sensitivity is adjusted.

The predictive accuracy for each of our 5 machine learning
methods, is presented in Table 2, for brain tissue and for skin.
The ROC graph for the most accurate method for both tissues -
partial least squares discriminant analysis (PLS-DA) - is plotted
in Fig. 4, and ROC graphs for the remaining methods are
plotted in ESI Fig. S3 (ANN), S4 (LDA), S5 (LinearSVC) and S67
(Logistic regression). Each fifth of the data is plotted separately
(folds 1 to 5) to give an idea of variability within the 5 different
test sets, along with a mean value incorporating each fifth.

The repeatability within each test set, and within tissue type
- brain or skin - shows that the most accurate method for
classification is PLS-DA. At 96% for both brain and skin, it offers
a highly accurate diagnostic test for the disease as the minipig
model, so the next step is to use a human cohort to see if similar
observations can be made, and if an earlier diagnosis can be
made.

It is significant that we detect changes in the chemical
composition of skin as a result of HD. This opens the possibility
of a simple diagnostic test without the need to access the brain
or require any tissue or body fluid to be taken from the patient.
This means that mass screening would also be possible, and
may also reveal other neurodegenerative diseases.

The accuracy could be further improved, in order to be able
to detect the disease at an earlier stage. The Raman probe
system used in this study has a low collection efficiency and
relatively noisy detector, so produces spectra with a far lower
signal to noise ratio than confocal Raman systems, so an opti-
mised Raman system should be able to acquire spectra of
superior quality than this study, along with a shorter acquisi-
tion time. A confocal system could not be used in practise, as it
focusses a laser to a spot usually smaller than 0.01 mm, which
results in laser intensities of the order 10° W cm ™2 - enough to
burn skin. There is a maximum safe exposure limit for laser

Table 2 Predictive accuracies for the five machine learning tech-
niques used to classify Raman spectral data for brain and skin tissues,
for the Huntington's disease model

Testing accuracies (mean =+
standard deviation, in %)

Classifiers Brain Skin
PLS-DA 96 + 5 96 + 4
ANN 99 86 + 20
LDA 96 + 5 96 + 4
LinearSVC 94 + 8 91 + 12
Logistic regression 96 + 5 91 + 12

This journal is © The Royal Society of Chemistry 2024
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Fig. 4 Top: ROC plot for brain tissue using PLS-DA as the method of
classification, with a mean area under curve of 0.96, indicating
a predictive accuracy of 96%. Bottom: ROC plot for skin tissue using
PLS-DA as the method of classification, also with a mean area under
curve of 0.96, indicating a predictive accuracy of 96%.

intensity of 296 mW cm™> for human skin using 785 nm. This
means that the laser needs to illuminate over ~1 cm? for good
signal levels and acceptable acquisition times for patients.
Some Raman techniques can be used over such large areas, as
alternatives to confocal systems, and these are discussed in
a review paper.**

Conclusion

We investigated brain and skin tissue from minipigs with the
Huntingtin gene as a model of Huntington's disease, and
observed clear differences in Raman spectra between diseased

This journal is © The Royal Society of Chemistry 2024
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and wild type animals. Although the assignment of changes to
chemical composition is not linked to a simple signal of protein
aggregation, differences in chemical composition were clear
and repeatable enough to give an accuracy in PLS-DA classifi-
cation of 96% for brain tissue and 96% for skin. These values
suggest that Raman spectroscopy, coupled with machine
learning, is suitable for in vivo diagnostics on humans for rapid
and accurate diagnosis of Huntington's disease, and likely other
neurodegenerative diseases, without any need for a brain biopsy
or even a blood sample to be taken.
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