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A B S T R A C T

Background: Lewy body dementias (LBD), comprising dementia with Lewy bodies (DLB) and Parkinson’s disease 
dementia (PDD), are defined by misfolded α-synuclein aggregation. Seed amplification assays (SAAs), such as RT- 
QuIC, enable sensitive detection of α-synuclein aggregates but typically provide binary readouts and require 
fluorescence labeling. Raman spectroscopy offers a label-free approach to detect subtle biochemical changes, and 
its diagnostic potential can be enhanced with machine learning.
Objectives: This proof-of-concept study aimed to evaluate whether Raman spectroscopy combined with machine 
learning can improve SAA-based discrimination of LBD from controls in cerebrospinal fluid (CSF).
Methods: We analyzed a small number of post-mortem CSF samples from pathologically confirmed DLB (n = 2), 
PDD (n = 2), and controls (n = 2) using a 7-day SAA. Raman spectra were collected on Days 1, 4, and 7 and 
analyzed using principal component analysis (PCA) and uniform manifold approximation and projection 
(UMAP).
Results: Following SAA, both PCA and UMAP distinguished combined LBD samples from controls within 24 h 
(Day 1), reflecting biochemical changes consistent with α-synuclein fibrillation. Spectral shifts indicated 
decreased α-helical content with increased β-sheet structures. No consistent separation between DLB and PDD 
was observed.
Conclusion: This preliminary study demonstrates that combining Raman spectroscopy with machine learning can 
enable rapid, label-free detection of disease-specific changes. Despite the very limited sample size, these findings 
highlight the potential of this novel workflow and strongly warrant its validation in larger cohorts.
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1. Introduction

Lewy body dementias (LBD), including Parkinson’s disease dementia 
(PDD) and dementia with Lewy bodies (DLB), are progressive neuro
degenerative disorders linked to the misfolding and aggregation of 
α-synuclein protein (Outeiro et al., 2019; Spillantini et al., 1998). The 
misfolded α-synuclein protein is thought to spread in a prion-like 
manner, leading to widespread neuronal damage and clinical symp
toms of dementia (Brundin and Melki, 2017). α-synuclein seed ampli
fication assays (SAAs), such as real-time quaking-induced conversion 
(RT-QuIC) and protein misfolding cyclic amplification (PMCA), rely on 
the self-propagation of misfolded α-synuclein aggregates, enabling 
sensitive in vitro detection of disease-related protein biomarkers. These 
assays have shown considerable promise in identifying α-synuclein ag
gregates in biofluid samples like cerebrospinal fluid (CSF) 
(Concha-Marambio et al., 2023) and more recently blood (Okuzumi 
et al., 2023), offering a potentially reliable pre-mortem diagnostic tool 
in LBD. However, SAAs do possess limitations. For instance, the RT-QuIC 
assay typically categorizes both conditions under a single binary 
outcome, overlooking their distinct pathophysiological differences and 
limiting its capacity to capture the nuances of LBD, as well as the ne
cessity for thioflavin T binding and fluorescence detection. In contrast, 
Raman spectroscopy is a label-free technique that analyzes light scat
tering to produce molecular fingerprints, allowing the detection of a 
wide range of subtle biochemical changes in samples without the use of 
dyes (Butler et al., 2016). Recent advancements in machine learning 
have further enhanced the diagnostic potential of Raman spectroscopy, 
as demonstrated in disease diagnostics studies (Quesnel et al., 2023). In 
this preliminary proof-of-concept study, we aim to explore the diag
nostic utility of combining Raman spectroscopy with machine learning 
in a small number of post-mortem CSF samples from patients with DLB, 
PDD and age-matched controls. While current diagnostic criteria are 
effective for established dementia, there remains a clear need for more 
sensitive, biological tools to enable early and differential diagnosis. Our 
platform aims to address this gap by providing a rapid, label-free method 
that generates rich biochemical data beyond a simple binary outcome. 
Establishing this capability lays a critical foundation for future 
large-scale studies, such as those aimed at differentiating LBD from 
Alzheimer’s disease (AD) or identifying individuals with prodromal 
LBD, such as REM sleep behaviour disorder.

2. Methods

Post-mortem CSF samples were obtained from a small cohort of pa
tients with pathologically categorized DLB (n = 2), PDD (n = 2), and 
age-matched controls (n = 2) from the Newcastle Brain Tissue Resource. 
This minimal sample size was selected for an initial proof-of-concept 
investigation. Ethical approval for use of the CSF samples was ob
tained from Newcastle University and the Newcastle and North Tyneside 
Health Authority. The control patients, aged 88 and 80, exhibited no 
Lewy body pathology and had high Mini-Mental State Examination 
(MMSE) scores of 26 and 30. The PDD patients, both aged 82, demon
strated high Braak PD stage (6), with neocortical Lewy body pathology 
and had MMSE scores of 13 and 17, respectively. The DLB patients, aged 
81 and 79, also had high Braak PD stage (6) and neocortical Lewy body 
pathology, with MMSE scores of 14 and 4, respectively. CSF was 
collected immediately after post-mortem, centrifuged to remove any 
blood contamination and stored at –80◦C. All cases underwent clinical 
assessments during life and neuropathological diagnosis confirmed. 
Human wildtype α-synuclein was produced and purified using an 
Escherichia coli (E. coli) expression system. Transfection of E. coli BL21 
(DE3) cells with pCDNA3.1-asyn plasmid (provided by Outeiro lab) was 
used for protein overexpression after induction with IPTG (1 mM) at 
37 ◦C. The cells were lysed, and the protein was purified via ion- 
exchange and size-exclusion chromatography, as described elsewhere 
(Coles et al., 2024b). To conduct the SAA, 100 μL of CSF from each 

sample was mixed with 100 μL of 0.1 mg/mL monomeric α-synuclein in 
a low-salt buffer. The mixture was incubated with glass beads at 37◦C 
and agitated at 1000 rpm for 7 days. Samples were collected at 3 time 
points: Day 1 (D)1, D4, and D7, then analyzed using Raman spectros
copy. Raman spectra were acquired using an inVia™ confocal Raman 
microscope (Renishaw, Gloucestershire, UK) with a 785 nm laser. For 
each sample, 5 spectra were recorded and processed to remove cosmic 
rays and perform baseline correction. The data were normalized using 
standard normal variate (SNV) transformation and analyzed with prin
cipal component analysis (PCA) to visualize the most significant group 
spectral variations. Uniform manifold approximation and projection 
(UMAP) analysis was also performed to analyze non-linear group 
separation.

3. Results

PCA and UMAP analyses were used to visually analyze spectral dif
ferences between the groups, testing for both linear and nonlinear re
lationships among variables. Without SAA induction, neither PCA nor 
UMAP could differentiate between disease and control CSF samples, 
suggesting that signal amplification is necessary for discrimination. 
However, after SAA induction, and despite the small group sizes, both 
PCA and UMAP analyses differentiated DLB and PDD samples from 
controls at D1, confirming early-stage biochemical changes in the dis
ease groups (Fig. 1, A and B). UMAP plots for D1 revealed clear sepa
ration between disease and control samples, though not between disease 
groups, with Random Forest analysis (100 trees, 10-fold cross- 
validation) classifying D1 samples with 73 % accuracy (κ = 0.6). This 
accuracy declined to 23 % and 50 % for D4 and D7, respectively, 
consistent with increasing spectral variability over time. This delinea
tion within 24 h demonstrates the ability to rapidly detect a multivariate 
spectral signature of disease, far sooner than the fluorescence readout of 
traditional RT-QuIC. PCA and UMAP analysis of Raman spectra could 
not detect differences between the disease groups (DLB and PDD) at any 
time point. 10 of the 20 influential wavenumbers identified from the 
spectra exhibited intensity changes in disease groups, primarily 
reflecting α-synuclein aggregation (Fig. 1, C). Increase in C-C-C bonds 
(802 cm⁻¹) was found, indicative of protein-protein interactions, along 
with a decrease in α-helical structures (1341 cm⁻¹, 1657 cm⁻¹, 
1718 cm⁻¹) and concurrent increase in β-sheet structures (1493 cm⁻¹, 
1625 cm⁻¹) (Ettah and Ashton, 2018; Girard et al., 2021; Palombo et al., 
2018; Pezzotti, 2021; Webster et al., 2011). Additionally, alterations in 
specific amino acids were observed, including reduced tyrosine-related 
intensities (805 cm⁻¹) and increased phenylalanine levels (1005 cm⁻¹) 
in PDD samples at D1 (Maiti et al., 2004; Pezzotti, 2021). These changes 
suggest rapid structural modifications linked to α-synuclein fibrillation 
after SAA initiation. However, no distinction in spectral variability was 
observed between the disease groups (DLB and PDD) and the 
age-matched controls at D4 or D7.

4. Discussion

In this proof-of-concept study, a modified SAA was combined with 
Raman spectroscopy and machine learning to analyze post-mortem CSF 
samples from a limited number of patients with DLB and PDD compared 
to controls. PCA and UMAP analysis revealed clear distinctions between 
the disease and control groups at day 1 of the assay, but not at days 4 or 
7, and no separation between the DLB and PDD groups was detected at 
any time point. This suggests that the most significant biomolecular 
changes occurred early in the assay, driven by the introduction of 
monomeric recombinant wild-type α-synuclein, which promoted the 
transition from α-helical to β-sheet structures, mirroring typical α-syn
uclein fibrillation spectral patterns we recently found in purified re
combinant protein samples (Coles et al., 2024b) and cell lines (Coles 
et al., 2024a). The primary innovation of this study is the synergistic 
integration of SAA, Raman spectroscopy and PCA/UMAP analysis into a 
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single workflow in the diagnosis of LBD. We demonstrate that this 
platform can rapidly decode the biochemical process of aggregation, 
providing a rich, multivariate profile that surpasses the binary ’yes/no’ 
result of standard seed amplification assays

Despite the small sample size (n = 2 per group), the combination of 
Raman spectroscopy and machine learning shows initial promise as a 
diagnostic tool for differentiating control from LBD samples after SAA 
induction. PCA and UMAP analyses of this spectral information distin
guished control CSF from both DLB and PDD CSF at D1 following SAA 
induction, demonstrating the potential ability to detect early biochem
ical changes. This approach could potentially thus provide a more effi
cient differentiation between disease and control samples compared to 
traditional assays like RT-QuIC, which typically require several days to 
detect protein misfolding patterns.

At D1, 10 spectral peaks displayed significant intensity changes in 
the DLB and PDD groups compared to controls, reflecting rapid α-syn
uclein fibrillation. There was a marked decrease in α-helical-associated 
peaks and a concurrent increase in β-sheet-associated peaks in the dis
ease groups, indicative of transition in α-synuclein from a soluble state 
to insoluble fibrils. Specifically, peaks related to amide I and III bonds, 
associated with α-helical structures, decreased in the disease groups, 

suggesting a loss of α-synuclein tetramers (Coles et al., 2024b; Ettah and 
Ashton, 2018; Spedalieri et al., 2023; Webster et al., 2011). In contrast, 
β-sheet-associated peaks increased, reflecting the recruitment of mono
meric α-synuclein into β-sheet-rich aggregates (Coles et al., 2024b; Maiti 
et al., 2004; Pezzotti, 2021). Additionally, a reduction in 
tyrosine-related peaks (805 cm⁻¹) was found in DLB samples, consistent 
with tyrosine involvement in early fibril formation. Tyrosine residues 
significantly influence α-synuclein aggregation, with specific regions 
acting differently based on protein conformation (Ruf et al., 2008). 
Aggregation of α-synuclein begins with the interaction of C-terminal 
region tyrosines, initially limited by a compact structure (Ruf et al., 
2008). Without an N-terminal region tyrosine (e.g., Tyr39), aggregation 
progresses from dimers to larger aggregates like tetramers and hexamers 
(Palomino-Hernandez et al., 2020; Zamel et al., 2023). Crosslinking 
promotes nucleation, stabilizing dimers as precursors for oligomers. 
Thus, the diminished vibrational activity of tyrosine peaks suggests that 
tyrosine residues become less accessible as they integrate into fibrils 
through intermolecular interactions. However, an increase in phenyl
alanine levels (1005 cm⁻¹) was observed in PDD samples at D1, sug
gesting a role in stabilizing β-sheet-rich aggregates. This transition 
emphasizes the critical role of hydrophobic and aromatic residues, like 

Fig. 1. A) PCA plot for D1 (early stage) of the modified SAA. B) UMAP plot for D1 of the modified SAA. Both plots reveal clear delineation between CSF disease (DLB 
and PDD) and control group. C) Ten wavenumbers which showed statistically significant changes in disease groups when compared to the control group. Most of the 
changes were found on D1, with two found on D4 and no changes found on D7. D) Spectral overlay for D1, showing average peak intensities, which were identified 
through unbiased machine learning and visual analysis to assess significant spectral differences.
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phenylalanine, in stabilizing fibrils with cross-seeding potential 
(Ramesh et al., 2013). Such subtle differences in amino acid changes 
between DLB and PDD samples may indicate the amplification of 
distinct α-synuclein strains (Kannarkat et al., 2024; Van der Perren et al., 
2020), which could manifest as phenotypic variations in the Raman 
spectra. However, these interpretations are based on a very small 
number of samples and further investigation in a larger patient cohort is 
necessary to confirm these findings and to fully elucidate the molecular 
mechanisms underlying these differences. The absence of significant 
differences between LBD and control groups at D4 and D7 suggests that 
disease-specific spectral changes occur early in the aggregation process. 
Later time points may represent a converged fibrillation endpoint or 
sample degradation, highlighting the importance of early-phase mea
surements for diagnostic accuracy.

We acknowledge the limitations of this study. Post-mortem samples 
are influenced by factors such as agonal state, post-mortem interval, and 
autolysis, which can alter protein and metabolite profiles and compli
cate the translation of findings to clinical settings (Ranganathan et al., 
2007). Moreover, as more dementia diagnoses are made in mental 
health than in neurology settings, where routine CSF analysis is often 
unavailable, this may further limit the generalisability and clinical 
translation of our findings. To establish the diagnostic utility of this 
approach in people living with dementia, it will be essential to validate 
the assay using ante-mortem CSF, standardize collection and handling 
protocols, and ensure reproducibility across laboratories. Future studies 
could also address a key clinical challenge by determining whether 
Raman spectroscopy can detect distinct spectral profiles that differen
tiate co-morbid pathologies, such as overlapping synucleinopathies and 
Aβ/tau proteinopathies, thereby improving diagnostic precision be
tween neurodegenerative diseases like AD and LBD. Extending this 
approach to prodromal cohorts, including individuals with REM sleep 
behaviour disorder, will further assess its potential as an early, biolog
ically based diagnostic tool for LBD. Incorporating a labelled approach, 
such as surface-enhanced Raman spectroscopy (SERS), in future 
research could further enhance detection sensitivity by amplifying 
specific molecular signals associated with disease markers.

Overall, our proof-of-concept approach demonstrates the potential of 
combining Raman spectroscopy with machine learning to advance SAA- 
based diagnostics in LBD and justifies more extensive validation in 
larger, more diverse cohorts, including patients with AD and prodromal 
disorders.
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