Wong Wing Yan Barbara Publications
DPhil in Primary Health Care
The University of Oxford

Z Ashkir, AH A Samat, R Ariga, L E M Finnigan, S Jermy, M A Akhtar, G Sarto, P
Murthy, B WY Wong, M P Cassar, N Beyhoff, E C Wicks, K Thomson, M
Mahmod, E M Tunnicliffe, S Neubauer, H Watkins, B Raman. Myocardial
Disarray and Fibrosis across Hypertrophic Cardiomyopathy Stages Associate
with ECG Markers of Arrhythmic Risk. Eur Heart J Cardiovasc Imaging. 2024
Oct 17, DOI: 10.1093/ehjci/jeae260 (Impact factor: 6.7)

Tng T*, Wong WY*, Sim E, Tan EK, Goh W, Lim KL. Systematic analysis of multi-
omics data reveals component-specific blood-based biomarkers for Parkinson’s
disease. Translational Medicine Communications. 2024 Apr 23, DOI:
10.1186/s41231-024-00169-9 (Impact factor 4.5)

Pang SY, Lo RCN, Ho PW, Liu HF, Chang EES, Leung CT, Malki Y, Choi ZY, Wong
WY, Kung MH, Ramsden DB, Ho SL. LRRK2, GBA and their interaction in the
regulation of autophagy: implications on therapeutics in Parkinson's disease.
Translational Neurodegeneration. 2022 Jan 31, DOI: 10.1186/s40035-022-
00281-6 (Impact factor 9.89)

Ren Mengda, Wong WY. A programme to detect contour and measure lengths of
sonicated PFF (a-syn preformed fibril) on TEM images
(https://qithub.com/rmd13/PFFdetection)



http://doi.org/10.1093/ehjci/jeae260
https://transmedcomms.biomedcentral.com/articles/10.1186/s41231-024-00169-9
https://translationalneurodegeneration.biomedcentral.com/articles/10.1186/s40035-022-00281-6
https://translationalneurodegeneration.biomedcentral.com/articles/10.1186/s40035-022-00281-6
https://github.com/rmd13/PFFdetection

Tng etal. Translational Medicine
Translational Medicine Communications (2024) 9:12

https://doi.org/10.1186/s41231-024-00169-9 Communications

, , : . ®
Systematic analysis of multi-omics data R

reveals component-specific blood-based
biomarkers for Parkinson’s disease

Teddy J.W.Tng"?3" Barbara Wing Yan Wong*', Esther H. Y. Sim®, Eng King Tan®, Wilson W. B. Goh'*”" and
Kah-Leong Lim'®"

Abstract

Parkinson’s disease (PD) is a prevalent neurodegenerative disorder affecting millions of elderly individuals worldwide.
Clinically, PD is diagnosed based on the presentation of motoric symptoms. Other methods such as F-DOPA PET scan
or a-Synuclein detection from the cerebral spinal fluid are either too expensive or invasive for routine use. Omics
platforms such as transcriptomics, proteomics, and metabolomics may identify PD biomarkers from blood, which

can reduce cost and increase efficiency. However, there are many biological moieties being measured and issues
with false positives/negatives. It is also unknown which omics platform offers most useful information. Therefore, it

is important to assess the reliability of these omics studies. Here, we shortlisted and analysed nearly 80 published
reports across transcriptomics, proteomics and metabolomics in search of overlapping blood-based biomarkers

for PD. The top biomarkers were reported across 29%, 42% and 12.5% of shortlisted papers in transcriptomics, prot-
eomics and metabolomics respectively. These percentages increased to 42%, 60% and 50% accordingly when stud-
ies were grouped by specific blood subtypes for analysis, demonstrating the need for test kits to be blood-subtype
specific. Following systematic analyses, we propose six novel PD biomarkers: two mRNAs (Whole blood, WB) — Arg1
and SNCA, two proteins (Plasma EV) — SNCA and APOAT1, and two metabolites (WB) — 8-OHdG and uric acid for fur-
ther validation. While these proposed biomarkers are useful, they are also snapshots, representing subsets of larger
pathways of origin where the different omics levels corroborate. Indeed, identifying the interconnections across differ-
ent biological layers can strengthen contextual reasoning, which in turn, would give rise to better quality biomarkers.
Knowledge integration across the omics spectrum revealed consistent aberrations on the same neuroinflammation
pathway, showcasing the value of integrative (i)-omics agreements for increasing confidence of biomarker selection.
We believe that our findings could pave the way for identifying reproducible PD biomarkers, with potential for clinical
deployment.
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Graphical Abstract

8-OHdG and Uric acid.

Six Proposed blood-based biomarkers. Seventy-nine publications across transcriptomics, proteomics and metabo-
lomics were shortlisted and analysed for reported biomarkers. The proposed biomarkers are SNCA, APOA1, Arg1,

Iranscriptomics

Proposed PD
Biomarkers

SNCA Protess (UP. 60%)
Plasam EV

APOA] Protem (Down: S0%)
Plasgun EV

Ao Mol Labmastory RCCAYT 20 44

Proteom:ca

79 papers

@

Arp) Gene (UR: 37
Whode Blood

SNCA Gene (Dowe: 41 7%
Whele Blood

J
i AN
=) >

=

Metabolomics

BOHAG (L. S0%)
Whole Bleod

Une ocid (Domu 31.3%)
Whole Blood

Background: Parkinson’s Disease and Current
Diagnostic Tools
Parkinson’s disease (PD) is a prevalent neurological disor-
der [1] characterized by the loss of dopaminergic neurons
in the substantia nigra pars compacta of the midbrain [2].
Since its discovery in 1817, the incidence rates of PD have
increased by 10 times over the past nine decades [3]. PD
prevalence is strongly associated with the elderly, a phe-
nomenon that aligns with the notion that age is a major
risk factor for the development of PD [4]. As the global
population continues to age rapidly, PD poses a signifi-
cant threat in deteriorating the quality of life for many
afflicted individuals as well as their caregivers.

PD is a progressive neurodegenerative disease typi-
cally diagnosed via neurological examination for classical

motor symptoms such as bradykinesia and resting trem-
ors [5]. Clinically, PD diagnosis is usually conducted
using the Unified Parkinson’s Disease Rating Scale
(UPDRS), which assesses an individuals’ PD-related
motor and non-motor deficits such as rigidity and olfac-
tory dysfunction [6]. Additionally, the UPDRS score is
used to track disease progression, with increasing score
indicating worsening of PD disability [7]. However,
even with clinical markers, the misdiagnosis rate for PD
remains high at 42% [8, 9]. Clearly, less subjective pheno-
typic biomarkers would be helpful to improve PD diagno-
sis. To reduce subjectivity in PD diagnosis, brain imaging
tools such as Magnetic resonance imaging (MRI) and
Positron Emission Tomography (PET) have been used
as a supplement and have shown potential to achieve a
reliable diagnosis for parkinsonism. In particular, the
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123I-ioflupane DaTSCAN was approved by the US FDA
in 2011 for doctors to confirm a PD diagnosis [10]. How-
ever, these imaging tools are expensive to conduct, and a
negative result does not absolutely rule out PD [11, 12].
Therefore, a cheaper but feasible alternative is needed for
PD diagnosis.

Recently, mounting evidence suggested that biofluids
can reflect the pathophysiology of PD [13-15]. This, in
part, is fuelled by the Braak’s hypothesis that sporadic PD
begins via the olfactory or gastrointestinal system before
affecting the central nervous system, suggesting that PD
is not confined to the brain [16]. Biofluids such as urine,
blood, cerebrospinal fluid (CSF) and tear fluid have been
studied for the metabolites of dopamine since PD is
driven by the loss of dopaminergic neurons. CSF analy-
sis could be a reliable prognostic tool as it better mirrors
pathological changes of the brain [13, 17]. However, col-
lecting CSFs is invasive and is not practically suitable in
clinical settings for suspected cases of PD [13]. Hence,
this had led to the investigations of using non-invasive
blood-based biomarkers such as serum, whole blood,
and exosomes to facilitate PD diagnosis. With the rise of
sequencing technologies, many studies have used omics
to analyse diverse biological modalities of the genome,
transcriptome, proteome, and metabolome in the blood
of PD patients, with the view that they may provide valu-
able insights into the etiology of PD. However, current
studies tend to be within the respective omics field and
lacks cross-platform corroborations. This was demon-
strated by Redensek et al. where only 4% (5 out of 107
papers examined) of PD-related omics study from 2005
to 2017 were integrative [18]. The lack of corroboration
represents an important research gap. The overall con-
tributory value of each individual study can be greatly
enhanced by careful data mining and knowledge integra-
tion, to demonstrate how functionally coherent (or dis-
cordant) the targets reported across the omics spectrum
are. Integrating multi-layered studies and identifying
corroborations could reduce false-positive and false-neg-
ative results. It could also strengthen our contextual rea-
soning and understanding of the interconnections across
different biological layers, thus deepening our insights
into PD prognosis. To achieve this, we examined a total
of 79 papers spanning transcriptomics, proteomics, and
metabolomics, which revealed six blood-based biomark-
ers suitable for PD diagnosis.

Individual omics platform demonstrate diagnostic
potential with improved agreement on biomarkers

across studies for specific blood components

Advances in high-throughput “omics” technologies
provides new ways of studying diseases. Omics refers
to a field of biological study that has the suffix -omics,
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which include genomics, transcriptomics, proteom-
ics, metabolomics and more recently microbiomics
[19, 20]. Omics technologies provide insight not only
at single biological moieties, but also at higher order
functional structures such as biological mechanisms
or pathways critical for initiating various diseases. For
example, genome-wide association studies (GWAS)
have identified common PD risk loci consisting of
PARKI6, ITPKB, MCCC1, SNCA, FAM47E-SCARB2,
DLG2, LRRK2, RIT2 and FYN [21]. Common risk loci
like SNCA provides a handle for researchers to inves-
tigate the pathology of PD, for instance alternative
splicing of SNCA risk loci can result in a SNCA112
transcript that results in SNCA proteins that are struc-
turally more prone to aggregation [22]. The aggrega-
tion of a-synuclein protein into Lewy bodies is the
histopathological hallmark of PD [23]. Through omics
studies, we also now know that LRRK2 interacts with
many other important proteins and play a central role
in pathways underlying PD [24].

To exploit omics for potential blood-based biomarkers,
we gathered papers about PD spanning transcriptomics,
proteomics and metabolomics studies via PubMed or
Google Scholar between 2015 to 2021. The screening cri-
teria is summarised by the PRISMA flow diagram (Fig. 1).
Briefly, in our predefined timeframe, the search engine
pairings of “Parkinson” and “Metabolomics” in PubMed
yielded 260 results, while “Parkinson” and “Proteomics”
yielded 568 results, whereas “Parkinson” with “Transcrip-
tomics” yielded 104 results. The search results suggest
that proteins are most popularly studied in the field of
PD, which reflects the widely accepted role of misfolded
protein aggregates in PD pathogenesis. As our focus is on
blood-based biomarkers, we finetuned our search terms
accordingly. The following final combinations of search
terms were used: “PD’, “Parkinson’s Disease’, “Blood” /
“Blood-based biomarkers’, “Plasma EV’, “Serum EV” with
“Transcriptomics” or “mRNA’, “Proteomics” or “Pro-
teins’, “Metabolomics” or “Metabolites” for the respec-
tive omics. Only original research articles were selected.
Review papers were examined for the original research
articles that were cited so as to avoid double counting,
thus resulting in some of the older original research arti-
cles being included in this analysis. This resulted in 18
transcriptomics- [25-42], 34 proteomics- [14, 43-74]
and 27 metabolomics-related papers [46, 59, 72, 75-99],
with a total of 6 different blood subtypes covered across
the 79 papers. These included whole blood (24.0%),
peripheral blood mononuclear cell (6.3%), serum (16.5%),
plasma (26.6%), plasma extracellular vesicle (EV) (15.2%)
and serum EV (11.1%). Interestingly, transcriptomic stud-
ies tend to focus on whole blood samples (66.7%), while
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Fig. 1 PRISMA 2020 flow diagram for new systematic reviews. The screening process of 932 papers on PubMed related to Parkinson,
Transcriptomics, Proteomics and Metabolomics to a final 79 papers for review that are blood-based specific

proteomic studies focused on EVs (55.9%) and metabo-
lomic studies on plasma (44.4%).

Individually, omics technology reveals some poten-
tial for identifying risk factors, diagnostic biomarkers
and therapeutic targets for PD as summarized in Sup-
plementary Table 1, 2, 3 and 4 across the 79 papers we
examined. For each of the 18 transcriptomics-, 34 pro-
teomics-, 27 metabolomics-related papers, we noted
the list of reported targets and examined the agree-
ment rate of reported targets across papers within each
omics field. For each transcript, protein or metabolite,
agreement rate is defined as the number of papers that
reported it as biomarker divided by the total number
of papers examined in the corresponding omics field.
The highest agreement rate was 29% amongst papers

publishing transcriptome signatures between 2007-
2021, 42% amongst papers publishing proteome signa-
tures between 2009-2021 and 12.5% amongst papers
publishing metabolite signatures between 2009-2021
(Table 1). For each omic field, we further subdivided
the transcript, protein or metabolite into the blood

Table 1 Comparison of highest agreement rates across all
papers within transcriptomics, proteomics and metabolomics.
Percentage agreement increased with specificity of blood
component

Transcriptomics Proteomics Metabolomics

ALL Blood types 29% 42% 12.5%
Blood Type-Specific  42% 60% 50%
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subtypes (ie. Serum, plasma, EV etc.) that they were
reported in and calculated the agreement rate within
the blood subtypes. Importantly, the highest agreement
rates increased to 42%, 60% and 50% for transcriptom-
ics, proteomics and metabolomics respectively, when
we grouped the papers by specific blood subtypes. This
suggests that different blood subtypes reflect varying
differential changes to PD that can be used as biomark-
ers and future studies should be specific about the com-
ponent of blood being examined.

Multi-omics analysis suggests 6 blood component
specific parkinson'’s disease biomarkers

Genetic analysis of biomarkers suggests the use of Arg1
and SNCA gene in whole blood as potential blood-based
mRNA biomarkers of PD

We included 15 studies that looked at gene upregula-
tion and 17 studies that looked at gene downregulation
across distinct blood subgroups (Table 2). Across all
studies, commonly reported upregulated genes include
Arginase 1 (ARG1) (26.67%) and Thrombomodulin
(THBD) (26.7%). These genes were also reported in
papers specific for whole blood. Interestingly, Argl,
an anti-inflammatory marker for anti-inflammatory
microglia polarisation, is reported to be supressed in
MPP+PD model [100] and affected by micro-RNA
miR-155 in AAV2-SYN PD model [101]. Given the role
of neuroinflammation and microglia polarisation [102]
in PD, we selected Argl as a candidate biomarker. On
the other hand, the most downregulated gene across
all papers is SNCA (29.4%). SNCA is also the most
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reported downregulated gene in papers on whole blood
(42%).

Protein analysis of the various blood subtypes suggest

use of SNCA and APOAT1 in plasma EV as potential protein
biomarkers of PD

We identified 31 papers studying protein upregulation
across various blood subtypes and 18 papers studying
protein downregulation suitable for our intersection
analysis (Table 3). The more commonly reported upregu-
lated proteins across all blood subtypes in these papers
are SNCA (42%), MAPT (10%), TTR (10%) and VWE
(10%) (Table 3). When examining the specific blood sub-
types, SNCA is still the most reported upregulated pro-
tein in plasma EV (60%), serum EV (57%) and plasma
(25%). The more commonly reported downregulated
proteins across all blood subtypes in the 18 papers are
APOA1 (16.7%), EGG (16.7%), IGKV3-20 (16.7%) and
SNCA (16.7%). Surprisingly, SNCA protein that is most
reported as upregulated is also reported to be downregu-
lated by other studies [53, 55, 73]. Although it seems puz-
zling to observe downregulation in aSYN gene expression
and upregulation in SNCA protein, various explanations
have been proposed. For example, a downregulation in
aSYN gene could be induced by upregulation in DNA
methylation in the CpG sites that lead to the exhibition of
PD phenotypes [103]. Contrastingly, an upregulation of
SNCA protein could be observed after autophagy-lyso-
somal pathway failure, where low-aggregated SNCA will
predominantly be released via exosomes, in line with our
observations of increased SNCA reported in plasma EVs

Table 2 Analysis of top transcriptomic hits categorised by blood subtypes

ALL UP (15) WB UP (10) PBMC UP (3) Serum UP (2)

Name  |Freq percentage| Name  |Freq per g Name  |Freq percentage Name  |Freq percentage
ARG1 4| 26.66667 THBD 4 40 ALAS2 1) 33.33333 ADAP2 2 100
THBD 4| 26.66667 ADARB2 3 30 AP1S2 1) 33.33333 ATATI1 2 100
ADARB2 3 20 ALOXS5A| 3 30 ARG1 1) 33.33333 CCL19 2 100
ALOXS5A] 3 20 ARG1 3 30 ARSB 1) 33.33333 1L.20 2 100
ARHGAP| 3 20 ARHGAP| 3 30 ASAHI1 1] 33.33333 MAPKAP| 2 100
ATP6VOL 3 20 BASP1 3 30 Atg7 1] 33.33333 MOB3C 2 100
BASP1 3 20 CLIC3 3 30 ATP6VOL 1] 33.33333 MRPL19 2 100
CLIC3 3 20 GPX3 3 30 CD68 1] 33.33333 RPS18 2 100
GPX3 3 20 GSTM3 3 30 CLTCL1 1] 33.33333 BRSK1 1 50
GSTM3 3 20 IDS 3 30 CTSA 1] 33.33333 BUD31 1 50
ALL Down (17) ‘WB Down (12) PBMC Down (5)

Name  |Freq percentage Name  |Freq percentage Name  |Freq percentage

SNCA 5| 29.41176 SNCA 5| 41.66667 NURRI1 2 40

LRRN3 4| 23.52941 LRRN3 4|  33.33333 ALAS2 1 20

ALAS2 3] 17.64706 CNTNAP 3 25 AMBRA] 1 20

CNTNAP:! 3] 17.64706 CTSE 3 25 APAF1 1 20

CTSE 3] 17.64706 FCER2 3 25 ARHGAP| 1 20

FCER2 3] 17.64706 FCRL2 3 25 ARPC5L 1 20

FCRL2 3] 17.64706 HBG1 3 25 ATG12 1 20

HBD 3] 17.64706 IGFBP2 3 25 ATG16L1 1 20

HBG1 3] 17.64706 ITLN1 3 25 ATG2 1 20

HBM 3| 17.64706 KCNH8 3 25 ATG4B 1 20
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Table 3 Analysis of top proteomic hits categorised by blood subtypes

ALL UP (31) Plasma EV UP (10) Serum EV UP (7) Plasma UP (8)

Name  |Freq percentage Name _ [Freq percentage Name _ [Freq percentage Name  [Freq percentage
SNCA 13|  41.93548 SNCA 6 60 SNCA 4| 57.14286 SNCA 2 25
MAPT 3] 9.677419 CALM3 2 20 AGT 2] 28.57143 APCS 1 12.5)
TTR 3] 9.677419 HLA-B 1 10 CRP 2] 28.57143 APOE 1 12.5
VWF 3] 9.677419 HLA-C 1 10 FGB 2] 28.57143 AB1-42 1 12.5
AGT 2] 6451613 ABCA7 1 10 IGKV3-2 2] 28.57143 C3 1 12.5]
APCS 2] 6451613 ABCB6 1 10 VWFE 2] 28.57143 CHI3L 1 12.5)
AB1-42 2] 6451613 ACTNI1 1 10 COL1A2 1| 14.28571 CHLI1 1 12.5]
CALM3 2| 6451613 ACTN2 1 10 ACTB 1] 14.28571 DEFALI 1 12.5
CLU 2] 6451613 ACTN3 1 10 AHSG 1] 14.28571 2 1 12.5]
CRP 2] 6451613 ACTN4 1 10 APCS 1] 1428571 FN1 1 12.5)
F2 2] 6451613 ADDI 1 10 APOAI 1] 1428571 FNI-10 1 12.5]
Serum UP (5) WB UP (1)

Name  |Freq percentage Name  |Freq

TTR 2 40 AB1-42 1

APOA4 1 20 MAPT 1

APOH 1 20

AZGP1 1 20

C4B 1 20

CF1 1 20

CFH 1 20

CLU 1 20

FGG 1 20

FIGNL1 1 20

FIGNL2 1 20

ALL DOWN (18) Plasma EV DOWN (2) Serum EV DOWN (5) Plasma DOWN (6)

Name  |Freq percentage Name  |Freq percentag Name  |Freq percentag; Name  |Freq percentag;
APOA1 3] 16.66667 CRLF3 2 100 IGKV3-21 3 60 ACY1 1] 16.66667
FGG 3] 16.66667 EPB41 2 100 IGHG1 2 40 ANTXR2 1] 16.66667
IGKV3-2 3] 16.66667 FGG 2 100 A2M 1 20 APOAI1 1| 16.66667
SNCA 3] 16.66667 PDIA3 2 100 ADIPOQ 1 20 B2M 1] 16.66667
CIR 2| 1111111 RAD23A 2 100 ANPEP 1 20 BAG2 1] 16.66667
C4B 2| 1111111 ABCCI 1 50 ATPS5A 1 20 CFH 1] 16.66667]
CRLF3 2] 1111111 ABCC4 1 50 C10B 1 20 CR2 1| 16.66667
EPB41 2| 1111111 ABCG2 1 50 C1QC 1 20 CTSD 1] 16.66667
F2 2| 1111111 ABHDI14} 1 50 CIR 1 20 F8 1] 16.66667]
IGHG1 2] 1111111 ACAT2 1 50 C18 1 20 FGG 1] 16.66667
Serum DOWN (4) WB DOWN (1) ALL Pathway UP (31) ALL Pathway Down (18)

Name  |Freq percentage |Name Freq I Name _ |Freq percentage Name Freq percentage
ALB 1 25 [sNca 1 Parkinson 15| 48.3871 Complem( 6] 33.33333
AMBP 1 25 Pathways 15 48.3871 African try 4| 22.22222
APOAL1 1 25 Alzheimer| 14| 45.16129 Parkinson 4| 22.22222
APOA4 1 25 Complemq 5 16.12903 Pertussis 4] 22.22222
APOE 1 25 ECM-rece 5 16.12903 Staphyloc 4] 22.22222
DYNCIH]| 1 25 Coronavir 4| 12.90323 Cholester 3] 16.66667
E2 1 25 Nil 4| 1290323 Coronavir| 3] 16.66667
HP 1 25 Staphyloc 4| 1290323 Fat digest: 3] 16.66667
HPR 1 25 MAPK si 3] 9.677419 Nil 3| 16.66667
HSA | 25 Neutrophi, 39677419 Pathways 31666667

[104]. Nonetheless, we selected SNCA as our biomarker
of choice since its expression is reported by most as being
affected in PD. We have also chosen APOAL1 alongside
SNCA as a downregulated biomarker for ease of testing
using a common plasma EV blood subtype and also due
to its relation to PD such as risk of having mild cognitive
impairment as reported by other literatures [105-107].

Metabolites analysis of various blood subtypes suggests
8-OhDG markers for PD patients

We studied 26 and 24 papers on metabolites upregula-
tion and downregulation in PD patients, respectively.

The more commonly reported downregulated metabo-
lites in PD patients are Uric acid (12.5%), Catechol sulfate
(8.33%) and Cis-aconitic acid (8.33%) (Table 4). When
examining the specific blood subtypes, the percentage
for uric acid increased from 12.5% to 33% in whole blood.
On the other hand, the more frequently reported upregu-
lated metabolites across all studies are Proline (11.5%),
8-OhDG (7.69%) and Alanine (7.69%) (Table 4). 8-OhDG
was chosen as our choice of upregulated biomarker for
ease of testing using a common whole blood subtype
and also due to its relation to PD via oxidative stress as
reported by others [108, 109].
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Table 4 Analysis of top metabolomic hits categorised by blood subtypes

Up Whole blood - 4 papers Serum - 7 papers Blood plasma - 11 papers Plasma EV -1 paper
Name  [Freq percentage Name  |Freq percentage Name  |Freq per g Name  [Freq per g
8-OHdG 2 50 Ornithing 2 28.6 Bile acid 2 18.2 ex-miR-3 1 100
13-hydro: 1 25 Phosph 2 28.6 Carnitineg 2 18.2 miR-1254 1 100
Arachido 1 25 Proline 2 28.6 LysoPC(1 2 18.2 miR-137 1 100
Cholest 1 25 Tyrosine 2 28.6 Succinate 2 18.2 miR-1814 1 100,
Ferritin 1 25 1-methyll 1 14.3 Alanine 2 18.2 miR-1934 1 100
|Glutathiq 1 25 3-hydrox 1 14.3 1,3-Dimet 1 9.09] miR-331 1 100)
|MDA 1 25 3-hydrox: 1 14.3 2-Octenoi 1 9.09] miR-454 1 100)
INitrite 1 25 3-hydrox] 1 143 2-oxoisoci 1 9.09 miR196- 1 100
Stearic a 1 25 Aliphatic 1 143 3-carbox; 1 9.09

Biliverdir 1 14.3 3-1 ph 1 9.09
Serum EV -1 paper ALL - Total 26 papers
Name Freq percentage Name  |Freq percentage
ex-let-7d 1 100 Proline 3 11.5
ex-miR-2 1 100) 8-OHdG 2 7.69
ex-miR-2 1 100 Alanine 2 7.69
miR-29a 1 100 Bile acid 2 7.69
ex-miR-2 1 100 Carniting 2 7.69
ex-miR-1 1 100 LysoPC(1 2 7.69
ex-miR-2 1 100) Ornithin 2 7.69
ex-miR-1 1 100 Phosph 2 7.69

Succinate 2 7.69

[Tyrosine 2 7.69
Down Whole blood - 6 papers Serum - 6 papers Blood plasma- 10 papers Plasma EV- 1 paper
Name _ |Freq percentage Name _ |Freq percentage Name _ |Freq percentage Name _ |Freq percentage
Uric acid 2 333 Catechol 2 333 Cis-aconi| 2 20 ex-miR-5 1 100}
12-hydro: 1 16.7 Citrulling 2 333 FFA 11:1 2 20 miR-626 1 100
17,18-dih 1 16.7 1-myristo 1 16.7 Formic a 2 20 miR-505 1 100
Acetate 1 16.7 1,3-dimet] 1 16.7 Kynureni 2 20
Amino m 1 16.7 2-myristo 1 16.7 Linoleic a 2 20
Ascorbaty 1 16.7 3-methyl{ 1 16.7 Oleic acid 2 20
Br-GSH 1 16.7 Arg/3-AA 1 16.7 Pal 1 2 20
Butanoic 1 16.7 Bilirubin 1 16.7 Trigonell 2 20
Catalase 1 16.7 Caffeine 1 16.7 1,5-anhyd 1 10
Cholest: 1 16.7 Ergothiox 1 16.7 186.11894 1 10
Serum EV- 1 paper All - total 24 papers
Name IFreq Ipercentagel Name  |Freq percentage
ex-miR-1| 1] 100| Uric acid 3 12.5

Catechol 2 8.33

Cis-aconi| 2 8.33

Citrulling 2 8.33

Ethanol, 2 8.33

FFA 11:1 2 8.33

Formic a 2 8.33

Hypoxan 2 8.33

Kynureni 2 8.33

Linoleic 2 833

Overlap of biomarkers from multi-omics integration likely

to be true signal amongst false positives or false negatives
artefact from omics methodologies

Given that there are usually more expressed genes
relative to acquired samples, transcriptomic analy-
ses typically suffer from a lack of statistical power
(curse-of-dimensionality) or produce many false
positives/negatives due to erroneous assumptions on
data distribution [110]. To counter such issues, more
appropriate bioinformatics algorithms were devel-
oped such as DESeq2 [111] or limma-voom [112]. In
addition, fluid-based proteomics also face many chal-
lenges and complexities. High abundance proteins
such as albumin can mask low abundance proteins
and must be removed to facilitate observation of lower

abundance proteins. However, the removal of albumin
might result in unintended removal of non-targeted
low abundance proteins [113, 114]. Many peptides in
serum also give highly intense signals that makes iden-
tification of endogenous peptides difficult. In addi-
tion, there is a wide array of technical variables that
can influence the proteomic results [115]. Variables
such as blood withdrawal site or simply letting serum
samples sit beyond 60 min can lead to detection of
false targets arising from hemolysis caused by residual
disinfecting alcohol [116] or unwanted cell lysis [117]
respectively.

The current way transcriptomics and proteomics
are conducted and analyzed, may produce many false
positives and false negatives. Multi-omics integration
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can value add by reducing the extent of false positives
and false negatives presented. With the large amount
of transcriptomics, proteomics, and metabolomics
data available, targets that are repeatedly reported as
common across the different omics layers are more
likely to be true signals rather than technical artefacts.
We define a cross-omics agreement rate as the inter-
section of transcriptomics and proteomics set of tar-
gets divided by the minimum number of targets of the
2 sets [ie. ANB/min(A, B)]. Analysis between the lists
of compiled upregulated mRNAs and proteins identi-
fied 53 overlaps (13.7%) amongst the 2515 mRNAs and
386 proteins reported by the various studies. Simi-
larly, between the lists of compiled downregulated
mRNAs and proteins, there were 66 overlaps (12.9%)
amongst the 1504 mRNAs and 508 proteins reported
by the various studies. However, not all mRNA expres-
sion is positively correlated with protein expression
[118]. Hence, we examined cross-omics agreement
regardless of direction of expression as well. There
was an increase in percentage overlap with a total of
211 overlaps (23%) between the 4019 mRNAs and 894
proteins reported by the various studies. The Hyper-
geometric test is an important statistical instrument
used to estimate the probability of chance occurrences
of overlapping genes between 2 genes sets [119].
Using the phyper() function in R and the assumption
of 19,950 protein coding genes in the GRCh38 human
genome [120], cross-omics biomarker overlap between
all mRNAs and proteins reported is significant (p-
val=0.005339753). This suggests that overlapping
biomarkers via multi-omics integration are likely true
signals and should be further validated, including our
proposed biomarkers SNCA and Argl.

Both transcriptomics and proteomics point to common
theme of neuroinflammation and metabolic processes
despite seemingly different list of biomarkers

Omics technologies can easily produce a large number
of differentially expressed targets which is often over-
whelming for researchers to look at individually. Hence,
a common strategy is to identify the higher-order func-
tional perspective by summarizing observed differential
genes in light of their parent pathway (for instance, via
DAVID) [121]. Pathway analysis can improve experiment
credibility by locating the most important pathways. For
instance, when the protein list from each study was ran
through EnrichR to obtain pathways affected for each
study (Table 5), 33% reported downregulation of Com-
plement and coagulation cascades for proteomics (vs
17% overlap in protein targets). Pathway analysis may
also reduce the study’s scope to a few hundred pathways
rather than thousands of DEGs. Hence, in addition to
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intersections analysis, we exploited popular public repos-
itories like Gene Ontology (GO) to study the pathways
associated with PD.

We observed unifying themes for GO pathways derived
from the compiled list of transcripts and proteins (Fig. 2).
We pooled together upregulated differentially expressed
genes from all the literature analysed and ran a pathway
analysis using enrichGO function from clusterProfiler
package in R (v4.0.5). The same was done for downreg-
ulated DEGs, upregulated proteins and downregulated
proteins. Significant GO pathways from upregulated
DEGs point towards IL6 and immune system changes,
which were also observed in significant GO pathways
from upregulated proteins. A study by Fielding et al.
reported that IL6 is the key signal for neutrophil traf-
ficking during inflammation, chemokine production and
leukocyte apoptosis [122]. Similarly, we observed signifi-
cant pathways of IL6 production, regulation of IL6 pro-
duction and positive regulation of IL6 production from
upregulated DEGs, which were supported by significant
pathways of neutrophil degranulation, neutrophil activa-
tion involved in immune response, cell killing and other
inflammatory pathways involving MHC I from upregu-
lated proteins. Despite seemingly modest overlap in
the list of upregulated DEGs and proteins, PD is associ-
ated with neuroinflammation when evaluated collec-
tively across omics layers as illustrated in the upset plot
(Fig. 3A). The upset plot shows that different pathways
were upregulated predominantly across the different
omics, with neuroinflammation dominating transcrip-
tomics; amino acid metabolism dominating metabo-
lomics and blood related changes dominating proteomics
(Fig. 3A).

Many significant pathways from downregulated DEGs
and proteins are inflammation-related (eg. T-cell activa-
tion, lymphocyte proliferation and antigen processing /
presentation). Other than neuroinflammation, the signif-
icant pathways from both downregulated DEGs and pro-
teins converged on downregulated metabolic pathways
such as cellular response to toxic substance, hydrogen
peroxide catabolic process, ubiquitin-dependent protein
catabolic process and regulation of cellular amino acid
metabolic process. This reaffirms the proposition that PD
is a metabolic disease [123] and also demonstrated in the
upset plot, where the top hits other than neuroinflamma-
tion are protein and lipid metabolism (Fig. 3B).

Inter i-omics agreement on pathways can deepen
confidence in selected biomarkers

The importance of integrating multi-layered studies is
demonstrated when we observe how pathways across
transcriptomics, proteomics and metabolomics cor-
roborate. Pathways for the list of compiled metabolites
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Table 5 Related pathways across transcriptomics, proteomics and metabolomics

SNo. Blood Component Top 10 pathways affected

Level in PD (compared to healthy controls)

Transcriptomics
1 Whole blood Nil

Dilated cardiomyopathy, Hypertrophic
cardiomyopathy, Cardiac muscle contraction,
ECM-receptor interation, Platelet activation,
Arrhythmogenic righ ventricular cardiomyopathy,
Antigen processing and presentation, Adrenergic
signaling in cardiomyocytes, Focal adhesion,

2 Whole blood Nil

Staphylococcus aureus infection, Complement
and coagulation cascades

3 Whole blood Nil
Osteoclast differentiation, Leishmaniasis, Tuber-
culosis,

4 Whole blood Parkinson disease, Alzheimer disease, Pathways
of neurodegeneration

5 Whole blood Nil

Osteoclast differenciation, Natural killer cell medi-
ated cytotoxicity, Antigent processing and pres-
entation, B cell receptor signalling pathway,
Graft-versus-host disease, Lysosome, Phago-
some, Chemokine signaling pathway, Fc gamma
R-mediated phagocytosis, Tuberculosis

6 Whole blood Parkinson Disease, Perussis, Prion Disease, Hun-
tington disease,
Nil

7 peripheral blood mononuclear cells (PBMCs) Th1 and Th2 cell differentiation, Th17 cell differ-
entiation, Epstein-Barr virus infection, Toxoplas-
mosis, Leukocyte transendothelial migration,
Human immunodeficiency virus 1 infection,
Tuberculosis, Leishmaniasis, Pathways in cancer,
Human cytomegalovirus infection

Porphyrin and chlorophyll metabolism, Amoe-
biasis

8 peripheral blood mononuclear cells (PBMCs)  Sulfur metabolism, Collecting duct acid secre-
tion, Glycine, serine and threonine metabolism,
Porphyrin and chlorophyll metabolism, Malaria

9 Whole blood Nil

Endocrine and other factor-regulated calcium
reabsorption, Nitrogen metabolism,

10 Whole blood / leukocytes Citrate cycle (TCA cycle), Pyruvate metabolism,
Cocaine addiction, Aminoacyl-tRNA biosynthesis,
Amphetamine addiction, Salmonella infection,
Parkinson disease, Prion disease, Huntington
Disease, Amyotrophic lateral sclerosis
Nil

11 peripheral blood mononuclear cell (PBMC)  Autophagy, Mitophagy, RIG-I-like receptor signal-
ing pathway, NOD-like recptor signaling pathway,
Shigellosis
Lysosome, Glycosaminoglycan degradation,
Other glycan degradation, Glycosphingolipid
biosynthesis, Phagosome, Sphinagolipid metabo-
lism, Collecting duct acid secretion, Apoptosis,
Tuberculosis, Synaptic vesicle cycle

12 Whole blood Nil

Nil

Downregulated
Upregulated

Downregulated
Upregulated

Downregulated
Upregulated

Downregulated

Downregulated
Upregulated

Downregulated

Upregulated
Downregulated

Upregulated

Downregulated

Downregulated
Upregulated

Downregulated

Upregulated

Downregulated

Upregulated

Downregulated
Upregulated
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Table 5 (continued)

S No. Blood Component Top 10 pathways affected Level in PD (compared to healthy controls)
13 peripheral blood mononuclear cells (PBMCs)  Nil Downregulated

14 Whole blood
15 Whole blood

16 Whole blood

17 Peripheral blood
18 Blood Serum

Blood Serum
Proteomics
1 Plasma EV

2 Plasma EV

3 Plasma EV

4 Plasma EV

5 Plasma EV

6 Plasma EV

7 Plasma EV

8 Plasma EV

9 Plasma EV
10 Plasma EV

11 Plasma EV

12 Serum EV

Inflammatory bowel disease, Cytokine-cytokin
receptor interaction, African trypanosomiasis,
Malaria, Perussis, Leishmaniasis, Asthma, IL-17
signaling pathway, Hematopoietic cell lineage,
Amoebiasis

Nil

Ubiquitin mediated proteolysis, Protein process-
ing in endoplasmis reticulum, Parkinson disease

Fructose and mannose metabolism, Inflamma-
tory bwel disease

Nil

Arachidonic acid metabolism

Nil

Nil

Viral protein interaction with cytokine

and cytokine receptor,

Parkinson disease, MAPK signaling pathway, Alz-
heimer disease, Pathways of neurodegeneration

Parkinson disease, Alzheimer disease, Pathways
of neurodegeneration

Parkinson disease, Alzheimer disease, Pathways
of neurodegeneration

Parkinson disease, Alzheimer disease, Pathways
of neurodegeneration

Parkinson disease, Alzheimer disease, Pathways
of neurodegeneration

Parkinson disease, Alzheimer disease, Pathways
of neurodegeneration

Parkinson disease, Alzheimer disease, Pathways
of neurodegeneration,

Ferroptosis, Prion disease, Pathways of neurode-
generation,

Nil

Complement and coagulation cascades, Staphy-
lococcus aureus infection, Coronavirus disease,
Vitamin digestion and absorption, African
trypanosomiasis, Fat digestion and absorption,
Cholesterol metabolism, PPAR signaling pathway,
Pertussis, Platelet activation,

Proteasome, Gastric acid secretion, Endocytosis,
Parkinson disease, Phagosome, Aldosterone-
regulated sodium reabsorption, Salivary secre-
tion, Adrenergic signaling in cardiomyocytes,
Aldosterone synthesis and secretion, Glycolysis
/ Gluconeogenesis, Endocrine and other factor-
regulated calcium reabsorption,

Proteasome, Pentose phosphate pathway,
Spinocerebellar ataxia, Prion disease, Parkinson
disease, Amyotrophic lateral sclerosis, Hunting-
ton disease, Pathways of neurodegeneration, Gly-
colysis / Gluconeogenesis, Cysteine and methio-
nine metabolism,

Parkinson disease, Alzheimer disease, Pathways
of neurodegeneration

Nil

Upregulated

Downregulated
Downregulated

Upregulated

Downregulated
Upregulated
Downregulated
Upregulated
Upregulated

Upregulated
Upregulated
Upregulated
Upregulated
Upregulated
Upregulated
Upregulated
Upregulated

Upregulated
Downregulated

Upregulated

Downregulated

Upregulated

Downregulated
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S No. Blood Component

Top 10 pathways affected

Level in PD (compared to healthy controls)

13 Serum EV

14 Serum EV
15 Serum EV
16 Serum EV
17 Serum EV
18 Serum EV

19 Serum EV

20 Blood Plasma

21 Blood Plasma

22 Blood Plasma

Parkinson disease, Alzheimer disease, Pathways
of neurodegeneration

Asthma, African trypanosomiasis, Allograft rejec-
tion, Graft-versus-host disease, Type | diabetes
mellitus, Type Il diabetes mellitus, Malaria,
Legionellosis, Inflammatory bowel disease, Fc
epsilon Rl signaling pathway,

Thermogenesis, Citrate cycle (TCA cycle), Asthma,
Oxidative phosphorylation, Non-alcoholic fatty
liver disease, Diabetic cardiomyopathy, Parkinson
disease, Melanoma, Prion disease, Huntington
disease,

Parkinson disease, Alzheimer disease, Pathways
of neurodegeneration

Parkinson disease, Alzheimer disease, Pathways
of neurodegeneration

Parkinson disease, Alzheimer disease, Pathways
of neurodegeneration

Complement and coagulation cascades, Platelet

activation, Pertussis, Systemic lupus erythemato-
sus, Neutrophil extracellular trap formation, ECM-
receptor interaction, Hypertrophic cardiomyopa-
thy, Coronavirus disease, Staphylococcus aureus

infection, Dilated cardiomyopathy,

Complement and coagulation cascades, Pertus-
sis, Staphylococcus aureus infection, Systemic
lupus erythematosus, Coronavirus disease,
Renin-angiotensin system, Ferroptosis, Porphyrin
and chlorophyll metabolism, Type Il diabetes
mellitus, Glutathione metabolism,

Complement and coagulation cascades, Platelet
activation, Coronavirus disease, ECM-receptor
interaction, Staphylococcus aureus infection,
Neutrophil extracellular trap formation, Focal
adhesion, , ,,

Allograft rejection, Staphylococcus aureus infec-
tion, Autoimmune thyroid disease, Viral myocar-
ditis, Systemic lupus erythematosus, Pertussis,
Complement and coagulation cascades, Dilated
cardiomyopathy, Chagas disease, Coronavirus
disease,

Complement and coagulation cascades, Coro-
navirus disease, Neuroactive ligand-receptor
interaction

Complement and coagulation cascades, Staphy-
lococcus aureus infection, Vitamin digestion

and absorption, African trypanosomiasis, Fat
digestion and absorption, Cholesterol metabo-
lism, PPAR signaling pathway, Platelet activation,
Neutrophil extracellular trap formation, Lipid

and atherosclerosis,

Nil

Nil

PI3K-Akt signaling pathway, ECM-receptor
interaction, Growth hormone synthesis, secretion
and action, JAK-STAT signaling pathway, Focal
adhesion, Cytokine-cytokine receptor interaction,
Human papillomavirus infection, Neuroactive
ligand-receptor interaction,

Arginine biosynthesis

Downregulated

Upregulated

Downregulated

Upregulated
Upregulated
Upregulated

Upregulated

Downregulated

Upregulated

Downregulated

Upregulated

Downregulated

Upregulated
Downregulated
Upregulated

Downregulated
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Table 5 (continued)

(2024) 9:12

S No. Blood Component

Top 10 pathways affected

Level in PD (compared to healthy controls)

23 Blood Plasma

24 Blood Plasma

25 Blood Plasma

26 Blood Plasma
27 Blood Plasma

28 Blood Plasma

29 Blood Serum

30 Blood Serum

31 Blood Serum

32 Blood Serum

33 Blood Serum

34 Whole Blood

Metabolomics

1 Blood plasma
2 Blood plasma
3 Blood plasma

ECM-receptor interaction, Staphylococcus aureus
infection

Pantothenate and CoA biosynthesis, Comple-
ment and coagulation cascades,

African trypanosomiasis, Malaria, AGE-RAGE
signaling pathway in diabetic complications,
NF-kappa B signaling pathway, TNF signaling
pathway, Leukocyte transendothelial migration,
Fluid shear stress and atherosclerosis, Cell adhe-
sion molecules, Lipid and atherosclerosis,

African trypanosomiasis, Graft-versus-host
disease, Malaria, Legionellosis, Inflammatory
bowel disease, Pertussis, Antigen processing
and presentation, Epstein-Barr virus infection,
Human T-cell leukemia virus 1 infection, Human
cytomegalovirus infection,

Sphingolipid signaling pathway, Lysosome, Estro-
gen signaling pathway, Autophagy, Apoptosis,
Protein processing in endoplasmic reticulum,
Tuberculosis, Diabetic cardiomyopathy
ECM-receptor interaction

Parkinson disease, Alzheimer disease, Pathways
of neurodegeneration, MAPK signaling pathway
Parkinson disease, Alzheimer disease, Pathways
of neurodegeneration

Nil

Nil

Cholesterol metabolism, Thyroid hormone syn-
thesis, Complement and coagulation cascades
Vasopressin-regulated water reabsorption
Complement and coagulation cascades, Staphy-
lococcus aureus infection, Platelet activation,
Neutrophil extracellular trap formation, Corona-
virus disease

Vitamin digestion and absorption, Fat digestion
and absorption, Cholesterol metabolism, African
trypanosomiasis, Lipid and atherosclerosis, PPAR
signaling pathway, Complement and coagulation
cascades, Platelet activation, Phospholipase D
signaling pathway,

Nil
Asthma, JAK-STAT signaling pathway, Cytokine-
cytokine receptor interaction

Parkinson disease, Alzheimer disease, Pathways
of neurodegeneration

Parkinson disease, MAPK signaling pathway, Alz-
heimer disease, Pathways of neurodegeneration

Parkinson disease, Alzheimer disease, Pathways
of neurodegeneration

Sphingolipid metabolism

names not identified

names not identified

Citrate cycle (TCA cycle), Arginine biosynthesis
NIL

Upregulated

Downregulated

Upregulated

Downregulated

Downregulated

Upregulated
Upregulated

Upregulated

Upregulated
Downregulated
Upregulated

Downregulated
Upregulated

Downregulated

Upregulated
Downregulated

Upregulated
Upregulated

Downregulated

Upregulated
Downregulated
Upregulated
Upregulated
Downregulated
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S No. Blood Component

Top 10 pathways affected

Level in PD (compared to healthy controls)

4

14
15

18
19
20

Blood plasma

Blood Plasma

Blood Serum

Blood Plasma

Blood Plasma

Blood Plasma

Blood Plasma

Plasma EV

Serum EV

Whole blood

Whole blood
Whole blood

Blood Plasma

Whole blood

Blood Plasma
Blood Plasma
Blood Serum

Nicotinate and nicotinamide metabolism, Tyros-
ine metabolism

Tryptophan metabolism

Steroid hormone biosynthesis

NIL

Arginine biosynthesis, Aminoacyl-tRNA biosyn-
thesis, Pantothenate and CoA biosynthesis, beta-
Alanine metabolism, Glutathione metabolism,
Alanine, aspartate and glutamate metabolism
LPyrimidine metabolism Phenylalanine, tyrosine
and tryptophan biosynthesis, Tyrosine metabo-
lism, D-Glutamine and D-glutamate metabolism,
Nitrogen metabolism

Thiamine metabolism ,Taurine and hypotaurine
metabolism, Pantothenate and Co biosynthe-

sis, Glutathione metabolism, Glycine, serine

and threonine metabolism, Cysteine and methio-
nine metabolism

Arginine biosynthesis, Butanoate metabolism

Taurine and hypotaurine metabolism, Biotin
metabolism, Lysine degradation

Linoleic acid metabolism, alpha-Linolenic acid
metabolism

Glycerophospholipid metabolism, Glycosylphos-
phatidylinositol (GPl)-anchor biosynthesis

Valine, leucine and isoleucine biosynthesis,
Aminoacyl-tRNA biosynthesis

Biosynthesis of unsaturated fatty acids, Linoleic
acid metabolism

Phenylalanine, tyrosine and tryptophan biosyn-
thesis, Phenylalanine metabolism

NIL

names not identified
names not identified
names not identified
names not identified
Glutathione metabolism
Purine metabolism
names not identified
NIL

NIL
Glycerophospholipid metabolism

Biosynthesis of unsaturated fatty acids, Linoleic
acid metabolism, Arachidonic acid metabolism,
Synthesis and degradation of ketone bodies,
Tryptophan metabolism

Biosynthesis of unsaturated fatty acids, Arachi-
donic acid metabolism

Biosynthesis of unsaturated fatty acids
Purine metabolism
NIL

D-Glutamine and D-glutamate metabolism,
Nitrogen metabolism, Arginine biosynthesis

Arginine and proline metabolism

Upregulated

Downregulated
Upregulated
Downregulated
Upregulated

Downregulated

Upregulated
Downregulated

Upregulated
Downregulated
Upregulated
Downregulated
Upregulated

Downregulated
Upregulated
Downregulated
Upregulated
Downregulated
Upregulated
Downregulated
Downregulated
Upregulated
Downregulated
Upregulated
Downregulated

Upregulated

Downregulated
Downregulated
Upregulated
Upregulated

Downregulated
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Table 5 (continued)
S No. Blood Component Top 10 pathways affected Level in PD (compared to healthy controls)

21 Blood Serum
biosynthesis

Arginine biosynthesis

22 Blood Serum Histidine metabolism
NIL

23 Blood Serum

Arginine and proline metabolism, Arginine

Sphingolipid metabolism, Glycerophospholipid

Upregulated

Downregulated
Upregulated
Downregulated
Upregulated

metabolism, Arginine and proline metabolism

Arginine biosynthesis

24 Whole blood

Butanoate metabolism, Alanine, aspartate

Biosynthesis of unsaturated fatty acids

Downregulated
Upregulated
Downregulated

and glutamate metabolism, Arginine and proline
metabolism, Nitrogen metabolism, D-Glutamine
and D-glutamate metabolism

25 Blood Serum

Tyrosine metabolism, Phenylalanine, tyrosine

Upregulated

and tryptophan biosynthesis, Ubiquinone
and other terpenoid-quinone biosynthesis, Phe-
nylalanine metabolism, Arginine biosynthesis

Tryptophan metabolism, caffeine metabolism

26 Whole blood

Citrate cycle (TCA cycle), Glyoxylate and dicarbo-

Downregulated
Downregulated

xylate metabolism, Pyruvate metabolism, Galac-
tose metabolism,Alanine, aspartate and gluta-

mate metabolism

27 Blood Serum NIL

Upregulated

(Table 5) were obtained using MetaboAnalyst 5.0 [124].
Arginine biosynthesis was the most frequent path-
way, followed by biosynthesis of unsaturated fatty acids
and ROS related pathways like aspartate and glutamate
metabolism and glutathione metabolism. The metabo-
lomic pathways exhibit great relevance to the transcrip-
tomic and proteomic pathways identified. Arginine has
been shown to inhibit acute microglia-mediated inflam-
mation [125] while fatty acids can serve as inflamma-
tory response signalling molecules [126]. Additionally,
glutathione metabolism is related to hydrogen peroxide
catabolic process [127] that was picked up by proteomics.
The interconnectedness across different biological lay-
ers comes to light with metabolomic pathways support-
ing the major neuroinflammation and metabolic themes
highlighted by both transcriptomics and proteomics.
Integration of cross omics findings can also result in
greater confidence in differentiating targets with clini-
cal value amongst a pool of false positives. For instance,
knowledge integration of our proposed biomarkers
SNCA, ARG1 and 8-OhDG reveals complex biologi-
cal relationships. SNCA (a-syn) was shown to increase
ARGI in bone marrow derived macrophages [128], sug-
gesting that SNCA may be responsible for triggering
inflammation and immune response. In turn, there is
observable increase in 8-OhDG, as interestingly, ARG1
also showed positive correlation with 8-OhDG levels

[129]. Hence, via i-omics agreement, there is increased
confidence in our proposed biomarkers.

Pathway changes with age, motor severity and medication
status agrees with disease progression

Information on the age range, UPDRS III assessment and
medication status were used to subset the cohort into
younger or older (>67yrs.old for transcriptomics and
proteomics, > 65 for metabolomics), less or more severe
(>UPDRS mean) and not medicated or medicated for
further pathway analysis.

When segregated by age, transcriptomics of younger
patient cohorts exhibited downregulation in detox and
oxidative stress response pathways and upregulation of
movement related pathways. Older patient cohorts sub-
sequently exhibited upregulation of IL6 and inflamma-
tion pathways. In terms of proteomics, both young and
old cohorts experienced dysregulation of various immune
response. Younger cohorts also experienced downregula-
tion of TCA cycle related metabolites.

We divided the cohorts obtained from studies that
reported UPDRS III values based on their UPDRS scores
(into low:<22 for transcriptomics and proteomics, <18
for metabolomics and high). At low UPDRS III scores,
transcriptomic changes mainly involved downregula-
tion of autophagy and upregulation of lipid metabolism
related processes which was supported by metabolomic
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Fig. 2 Gene Ontology (GO) Biological Processes (BP) Pathway Analysis indicates immunological and metabolic implications. A GO—BP
pathways for compiled upregulated protein list. B GO - BP pathways for compiled upregulated transcript list. € GO—BP pathways for compiled
downregulated protein list. D GO — BP pathways for compiled downregulated transcript list

changes involving steroid hormone and fatty acid metab-
olism. Interestingly, proteomic changes at low UPDRS
highlighted downregulation of many pathways involving
dopamine uptake and biosynthesis as well as protein sta-
bility suggestive that changes start at low UPDRS status
which leads to disease progression.

Lastly, the transcriptomics of drug-naive patient
cohorts generally exhibited downregulated ROS process-
ing and upregulated IL-6 production and inflammation.
Downregulated phagocytosis but upregulated defence
response to bacterium, killing of symbiont cells and
immune responses were observed in proteomics. Meta-
bolically, drug-naive patient cohorts had downregulated
energy production related to citrate cycle and pyruvate,
but upregulated arginine and tryptophan metabolism
related to inflammation as previously discussed. Inter-
estingly, the drug treated patient cohorts showed some
counteracting pathways. When treated, the transcrip-
tomics of medicated patient cohorts had downregulated
T cell activation and upregulated regulation of immune

responses. Downregulated post translational pro-
tein modification and upregulated antigen processing,
response to stress and protein removal were observed
in proteomics. Metabolically, medicated patients had
downregulated biosynthesis of unsaturated fatty acid and
upregulated arginine biosynthesis. Taken together, medi-
cation had a positive effect on reducing inflammation
and regulating protein stress. These pathway changes
should however be taken with caution as they were not
derived from paired studies of before and after treatment
of the same patient but instead via comparison of differ-
ent cohorts.

Taken together, by comparing age, motor severity and
medication status, we observed that older, more severe
and unmedicated patient cohorts exhibit dysregula-
tion in energy [130], inflammation [131], lipid [132] and
dopamine related pathways [133] which are in agreement
with disease progression. A further examination of our
6 proposed biomarkers revealed preferences for differ-
ent age, motor severity and medication status (Table 6),
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Fig. 3 Upset Plots Reveal Different Pathway Changes Dominated Different Source of Omics Analysis. A Upset plot for all pathways upregulated.
Inflammation, amino acid metabolism and blood related changes dominated transcriptomics, metabolomics and proteomics respectively. B Upset
plot for all pathways downregulated. Inflammation, Lipid metabolism and combination of Inflammation, Protein modification, Metabolic processes
and polarity dominated transcriptomics, metabolomics and proteomics respectively

with the majority of the biomarkers favouring detection
of younger PD patients. In agreement with our findings,
previous studies have also identified reduced levels of
APOA1 [134, 135] and uric acid [136] to be associated
with greater motor severity.

Standardisation of analysis and UPDRS patient staging

can improve reproducibility and accuracy of biomarker
identification

We observe modest overlap in agreement of targets across
studies. However, this is unsurprising since the statistical
thresholds, and multiple test corrections used in each inde-
pendent study differed. We demonstrate this point by com-
paring the results produced via publicly available database
and analytical tools on Gene Expression Omnibus (GEO)

Table 6 Preference for age, UPDRS scoring and medication

status of our proposed biomarkers. (-) indicates no information or
no preference

upP Argl SNCA 8-OHdG
Age Younger Younger -

UPDRS - High -
Medication - No medication Medication
Down SNCA APOA1 Uric Acid
Age Younger Older Younger
UPDRS - High [134, 135] High [136]
Medication - Medication Medication
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repository and those reported by the original literature.
We analyzed five microarray datasets to detect DEGs in
PD patients, including GSE62283, GSE165083, GSE22491,
GSE100054, GSE99039 datasets. Using the inbuilt GEO2R
function on GEO repository and an intersection analy-
sis (adjpvalue<0.05, logFC>1|logFC<-1) for the 5 data-
sets coded using R, we found that the most upregulated
DEGs are CLTCL1, COMMD6, GNS, HGSNAT, LAMP2,
LSM 3.00, LSMEM1, MANBA, SCARB2, SDPR, TCIRG1I,
and TPP1 as appeared twice in those microarray data-
sets (Table 7), while a lack of overlapping upregulated
DEG is detected from the corresponding literature papers
(Table 7). The full table of analysis from GEO2R can be
found in Supplementary Table 5. Furthermore, the cor-
responding literature papers suggested BCL2 (using
GSE6613 and GSE22491 datasets) [31, 33] and TRAF6
(using GSE99039 and GSE22491 datasets) [30, 31] are the
most downregulated DEGs in PD patients, while a lack of
overlapping downregulated DEG is identified using GEO2R
analysis (Table 7). Interestingly, we found that XIST is more
upregulated, and EIF1AY and KDM5D are more downreg-
ulated in females than in male PD patients using GSE7475
and GSE100054 datasets (Table 7), but this phenomenon
has not been documented thus far. The lack of consistent
overlapping DEGs between GEO2R analysis and the corre-
sponding literature papers may be due to non-obvious con-
founding or batch factors that were known and corrected
by the authors but not available in the inbuilt GEO2R func-
tion on GEO repository or due to our strict foldchange
cut-off. In addition, the lack of overlapping genes seen in
RNA sequencing data can also be attributed to the differ-
ent analysis packages used (ie DESeq2 and edgeR). Deal-
ing with these issues requires good quality meta-data. We
therefore propose for more transparency in batch effects
and standardisation of analysis pipelines by various studies
to enhance reproducibility of results.

Another observation was that studies do not prop-
erly synchronize and stage patient severity (or not pub-
lished) via the universal UPDRS scale (~30% among our
reviewed papers did not use UPDRS), which makes it dif-
ficult to properly find early diagnostic markers. In addi-
tion, some papers classified early PD as Hoehn and Yahr
stage <2 [46], while other papers used Hoehn and Yahr
stage 1 to 3 [14]. This means that they are not comparing
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patients at the same time point and given how PD is a
progressive disease, it is thus expected that different tar-
gets will be reported. Clearly, there is a need for better
alignment between researchers and their clinician part-
ners on how patient samples should be categorized and
stored. A community-wide standardized framework for
characterizing patient’s PD status and disease severity
using the UPDRS scale with a defined range of scores that
distinguishes early PD from advanced PD patients would
be useful. We also recommend that researchers use sam-
ples from the same PD staging and treatment to minimise
confounding factors. This will aid in better comparisons
and understanding of omics changes in PD progression.

Future directions: human-microbe i-omics

The gut microbiome is an exciting area to explore for
PD given the emerging acceptance of a gut-brain axis in
the pathogenesis of sporadic PD [16, 137]. Supporting
the hypothesis, gut microbiome alterations have been
reported by Toh et al, namely increased Akkermansia
and reduced Roseburia in PD patients [138]. In addition,
Sampson et al. also demonstrated that gut microbiome
from PD patients can induce enhanced motor deficits
when introduced into germ-free mice [139]. With the
average 70 kg adult male hosting a total of 39 trillion bac-
teria in the body, humans are thus considered as supra-
organisms and subjected to mutualistic microbiota-host
interactions [140]. Microbiomics hence hold great poten-
tial to identify new ways to screen risk factors, diagnos-
tic factors and therapeutics to various human diseases
[141] such as PD. Future research can focus on studying
human-microbe interactions by integrating genomic,
proteomic and metabolic analysis, which can lead to
some novel and interesting insights.

Concluding remarks

We analysed 79 papers related to transcriptomics, prot-
eomics and metabolomics profile of PD. Individual omics
platforms revealed potential in identifying PD blood-
based biomarkers with increased reporting rates when
grouped by blood subtypes, suggesting that different
blood subtypes reflect different expression changes. Our
study integrating the different omics datasets have vali-
dated SNCA as a potential useful biomarker and suggest

Table 7 GEO2Ranalysis of top transcriptomic hits categorised by blood subtypes

IGEO2R Up adjpvalue<0.05 - 5 datasets GEO2R Up Sex Female VS Male - 2 datasets GEO2R DOWN adjpvalue<0.05 - 6 datasets GEO2R DOWN Sex Female VS
[Name  |Freq percentage Name  |Freq percentage Name  |Freq percentage Name |Freq per g
CLTCL1 2| 40, XIST 2 100 AARD 1 16.7 EIF1AY 2 101
COMMD 2| 40, RPL36A4 1 50 ABHD17. 1 16.7 KDM5D 2 10
GNS 2] 40, ACADL 1 16.7 RPS4Y1 2 10
HGSNAT 2| 40, ACBD4 1 16.7 DDX3Y 1 5
LAMP2 2| 40, ACTL6B 1 16.7 MALAT] 1 5
LSM 3.0 2| 40, ACVRLI1 1 16.7 PRKY 1 5
LSMEM 2| 40, ADAM2 1 16.7 TXLNGY| 1 5
MANBA 2| 40, AGAP3 1 16.7 USP9Y 1 5
SCARB2 2| 40, AGBL3 1 16.7

|§,|)PR 2 40, AGTPBP| 1 167
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Argl expression, APOAL1 protein level and two metabo-
lites (WB) — 8-OHdG and uric acid could add further
value as additional biomarkers. It is also possible that
some of these potential biomarkers are more sensitive
or specific for certain PD subtypes (tremor dominant,
gait disorder etc.) and these should be further validated
in future studies. Corroboration of targets from different
omics platforms can help overcome the false positives /
negatives artefacts from current omics methodologies.
Interestingly, when we pool all the genes and proteins
together, there is indication of immunological and meta-
bolic implications for pathways associated with PD. Neu-
roinflammation and metabolic disruption are common
themes around the pathogenesis of PD, suggesting that
despite the seemingly different biomarkers, i-omics agree
in terms of overarching pathways. We also demonstrated
how knowledge integration of cross omics findings show
that our proposed targets SNCA, ARG1 and 8-OhDG
work in the same pathway and increase our confidence
in the proposed biomarkers. While current methodolo-
gies can yield biomarkers with potential for PD diagnosis,
there can be greater transparency by authors in terms of
the data cleaning and processing for greater reproduc-
ibility. Different data corrections used and thresholds
selected for differential expression will naturally lead to
different targets reported. Publicly available datasets
from some of the 79 papers analysed using tools on GEO
database resulted in different sets of targets reported
by the literature. Lastly, we suggest that future studies
standardise the usage of UPDRS scale and analyse sam-
ples from the same PD staging to minimise confounding
factors for more accurate biomarkers. We also propose
future research to make use of i-omics to gain deeper
understanding of PD progression via human-microbe
interactions related to the proposed the gut-brain axis
in PD, the clarification of which holds promise to reveal
prodromal markers for the disease.
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CSF Cerebral Spinal Fluid

DEGs Differentially Expressed Genes

DLG2 Discs Large MAGUK Scaffold Protein 2
DNA Deoxyribonucleic acid

EIFTAY Eukaryotic translation initiation factor 1A

EV Extracellular Vesicle
FAM47E-SCARB2  Family With Sequence Similarity 47 Member E-Scavenger
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Methods
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Conclusion

Myocardial disarray, an early feature of hypertrophic cardiomyopathy (HCM) and a substrate for ventricular arrhythmia, is
poorly characterized in pre-hypertrophic sarcomeric variant carriers (SARC+LVH-). Using diffusion tensor cardiac magnet-
ic resonance (DT-CMR) we assessed myocardial disarray and fibrosis in both SARC+LVH— and HCM patients and evaluated
the relationship between microstructural alterations and electrocardiographic (ECG) parameters associated with arrhyth-
mic risk.

Sixty-two individuals (24 SARC+LVH—, 24 HCM, and 14 matched controls) were evaluated with multi-parametric CMR
including stimulated echo acquisition mode DT-CMR, and blinded quantitative 12-lead ECG analysis. Mean diastolic fraction-
al anisotropy (FA) was reduced in HCM compared with SARC+LVH— and controls (0.49 + 0.05 vs. 0.52 + 0.04 vs. 0.53 +
0.04, P =0.009), even after adjustment for differences in extracellular volume (ECV) (P =0.038). Both HCM and SARC
+LVH— had segments with significantly reduced diastolic FA relative to controls (54 vs. 25 vs. 0%, P = 0.002). Multiple re-
polarization parameters were prolonged in HCM and SARC+LVH—, with corrected |T interval (JTc) being most significant
(354 +42 vs. 356 + 26 vs. 314 + 26 ms, P = 0.002). Among SARC+LVH—, | Tc duration correlated negatively with mean dia-
stolic FA (r=-0.6, P=0.002). In HCM, the JTc interval showed a stronger association with ECV (r=10.6 P =0.019) than
with mean diastolic FA (r=—0.1 P = 0.72). JTc discriminated SARC+LVH— from controls [area under the receiver operator
curve 0.88, confidence interval 0.76—1.00, P < 0.001], and in HCM correlated with the European Society of Cardiology HCM
sudden cardiac death risk score (r= 0.5, P=0.014).

Low diastolic FA, suggestive of myocardial disarray, is present in both SARC+LVH—and HCM. Low FA and raised ECV were
associated with repolarization prolongation. Myocardial disarray assessment using DT-CMR and repolarization parameters
such as the JTc interval demonstrate significant potential as markers of disease activity in HCM.
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Introduction

Myocardial disarray, a hallmark feature of hypertrophic cardiomyop-
athy (HCM) is an important substrate for ventricular arrhythmia. It is
known that myocardial disarray can develop before the onset of hyper-
trophy in patients,”* with emerging evidence indicating its presence
even in pre-natal animal models.® Despite this, myocardial disarray re-
mains poorly characterized in pre-hypertrophic sarcomeric variant car-
riers (SARC+LVH-), and the mechanisms by which it predisposes to
ventricular arrhythmia are yet to be fully elucidated.

cardiac magnetic resonance imaging ® arrhythmia ® sudden cardiac death

Several studies have explored the electrophysiological disruption
caused by myocardial disarray, specifically with regards to myocardial
conduction and action potential propagation.*® Changes in fibre orien-
tation and gap junction distribution are thought to lead to regional varia-
tions in conduction velocity and alterations in conduction pathways.
These alterations in turn lead to myocardial repolarization heterogeneity,
thereby facilitating an environment vulnerable to re-entrant arrhythmia.

Diffusion tensor cardiac magnetic resonance (DT-CMR) imaging has
now made it possible to non-invasively estimate the burden of myocar-
dial disarray. By tracking the directionality and magnitude of water
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diffusion through myocardial tissue, DT-CMR enables voxel-wise as-
sessment of myocardial microstructure. Two key DT-CMR para-
meters; fractional anisotropy (FA) and mean diffusivity (MD) are
sensitive to microstructural alterations caused by myocardial disarray
and fibrosis.”~® FA is a scalar value of the directionality in diffusion of
water molecules (with 1 representing perfect alignment or ‘isotropy’,
and O complete disorganisation or ‘anisotropy’), and MD measures
the magnitude of water diffusion (which increases with greater disrup-
tion of myocardial architecture). In recent years, our group and others
have demonstrated that HCM patients exhibit reduced FA, even after
adjustment for fibrosis and indicative of myocardial disarray.”'®""
We also showed that low FA independently associated with ventricular
arrhythmia, suggesting a possible link between the extent of myocardial
disarray and arrhythmic events.

Although DT-CMR is promising, its current status remains within the
research domain, with limited clinical applicability. This is partly due to
the need for complex hardware, software and expertise to interpret
the data. In contrast, surface 12-lead electrocardiography (ECG) is a
well-established and universally adopted clinical and diagnostic screen-
ing tool used in the management of both SARC+LVH— and overt HCM
patients. Abnormalities in repolarization on ECG have long been asso-
ciated with ventricular arrhythmia and sudden cardiac death (SCD) in
HCM,">™"® and as with myocardial disarray, have been shown to pre-
cede hypertrophy.w‘18 We hypothesize that myocardial disarray may
influence repolarization parameter duration and heterogeneity on
12-lead ECG, including in SARC+LVH— patients. Establishing a relation-
ship between myocardial disarray burden and ECG alterations could be
of significant clinical value and provide mechanistic insight into the role
of microstructural changes in HCM in arrhythmogenesis.

In this study, we aimed to characterize the extent of myocardial dis-
array in SARC+LVH— and HCM patients relative to healthy controls
using DT-CMR. We additionally probed the relationship between myo-
cardial disarray burden and ventricular repolarization using quantitative
ECG analysis.

Methods
Study population

Twenty-four pre-hypertrophic (pathogenic or likely pathogenic) sarco-
meric variant carriers (SARC+LVH-), 24 patients with HCM, and 14 age
and gender-matched controls were included this study. SARC+LVH— and
HCM patients were recruited from the inherited cardiac conditions service
at the John Radcliffe Hospital, Oxford, UK. All SARC+LVH— and HCM pa-
tients underwent genetic testing to establish presence/absence of patho-
genic and likely pathogenic sarcomeric variants (Sarc+ status) by the
Oxford Medical Genetics Laboratory. Patients who tested positive for var-
iants in genes associated with HCM phenocopies, e.g. TTR (amyloidosis) or
GLA (Fabry disease) were excluded, as were cases with variants of uncer-
tain significance. SARC+LVH— patients and healthy controls had confirmed
left ventricular (LV) wall thickness < 13 mm, and HCM patients > 15 mm
(or 213 mm in case of positive family history/genetic test) on CMR.
HCM patients with significant resting outflow tract obstruction (LV outflow
tract gradient > 50 mm Hg based on echocardiographic assessment) were
excluded. Any participants who had past medical history of significant car-
diac disease including severe hypertension (HTN), moderate/severe valvu-
lar dysfunction or ischaemic heart disease, and those with contraindications
to CMR scanning were also excluded. The study was approved by the
National Research Ethics Committee (REC ref 12/LO/1979). All partici-
pants provided written informed consent.

CMR protocol

CMR scans were performed using a 3T Siemens Trio scanner (Siemens
Healthineers, Erlangen, Germany). The standard protocol included cine

imaging, DT-CMR, pre- and post-contrast T1 mapping using a Shortened
Modified Look-Locker Inversion recovery (ShMOLLI) sequence,'” and
late gadolinium enhancement (LGE) imaging.

DT-CMR was performed using a previously described stimulated echo
acquisition mode (STEAM) sequence’ to obtain a single mid-ventricular
short axis slice at the diastolic pause. The same mid-ventricular slice pos-
ition was used during pre- and post-contrast T1 acquisitions to obtain na-
tive T1 and extracellular volume (ECV) mapping.

CMR analysis

LV volumetric, functional, and fibrosis analysis was performed using cvi42
(Circle Cardiovascular Imaging, Calgary, Canada). Focal fibrosis was esti-
mated from the extent of enhanced myocardial pixels (defined as signal in-
tensity > 5 standard deviations (SDs) above a normal reference region of
interest®®). Significant LGE burden was defined as > 15% of LV mass based
on increased risk of adverse clinical events.?*2" DT-CMR data underwent
rigorous quality control by two experienced observers (EMT, RA). No
case required repeat MRI acquisition. DT-CMR post-processing was per-
formed using a custom-built in-house software developed using MATLAB
(MathWorks, MA, USA) to obtain mean slice and segmental diastolic FA,
mean slice and segmental MD, as well as helix angle gradient (HA, a measure
of the helical arrangement of cardiomyocytes) and absolute diastolic sheet-
let normal angles (SA, a measure of myocardial sheetlet orientation). Strain
correction was not attempted due to the questionable validity of assuming
that microscopic myocyte strain is accurately represented by macroscopic
myocardial strain.* Previous work has shown that MD is strain-dependent,
but that diastolic FA appears largely unaffected by strain.”> All segmental
analysis was performed using the standard American Heart Association
(AHA) 16-segment model.

ECG analysis

Participants underwent standard 12-lead resting digital ECG using the
CARDIOVIT FT-1 Schiller ECG system (Baar, Switzerland). Standard mea-
surements of ECG axes, amplitudes and intervals were obtained for all leads
from the ECG reports. Two independent ECG analysts (AHAS and MA),
both senior physicians who were blinded to clinical data, interpreted the
ECG according to the Minnesota Code of Electrocardiographic findings."®
Specific ECG intervals were manually analysed using Adobe Acrobat Pro
DC (version 2022.001.20085). Each digitized ECG was magnified to
400% for optimum resolution. Parameters measured included: the QT
interval duration (ventricular depolarization and repolarization), QT disper-
sion (repolarization homogeneity), QTP (ventricular depolarization and re-
polarization), QTP dispersion (repolarization homogeneity), and JT interval
duration (ventricular repolarization). The terminal end of the T wave was
determined using the tangent method, defined as the intersection between
the isoelectric line and the line drawn along the steepest angle of the des-
cending arm of the T wave."® This technique has previously been used by
our group to study associations between quantitative ECG parameters
and multi-parametric CMR data.?* Heart rate-corrected intervals were gener-
ated using the Bazett’s formula [Corrected QT interval (QTc) = QT/ \/ R—-R
interval in second]. The inter-rater correlation coefficient between the two
observers for corrected QT (QTc) and JT interval (JTc) were 0.88 and 0.86,
respectively.

Statistical analysis

Statistical analyses were performed using SPSS Version 27.0 (IBM, Armonk,
NY, USA). Normality was determined using the Kolmogorov—Smirnov
test. Parametric continuous variables were presented as mean + standard
deviation (SD), and non-parametric variables as median with inter-quartile
range (IQR). Categorical data were described using frequency and percen-
tages. Difference between cohorts was assessed using either the independ-
ent Student’s t-test or Mann—Whitney U test and Kruskal-Wallis test or
ANOVA (with post hoc Bonferroni correction) as appropriate.

Gz0z fsenuep || uo1sanb Aq GySHZg8//09z8eal1olys/S60 L 0L /10p/ao1le-aoueape/buibewiolys/woo dno-oiwsapese//:sdiy woll papeojumod



Z. Ashkir et al.

Associations between categorical variables were determined using the x*
test for independence or the Fischer’s exact test. Correlation between con-
tinuous variables were analysed using Pearson’s correlation coefficient (r)
for parametric data and Spearman’s rank correlation coefficient (rho) for
non-parametric data. Linear regression using analysis of covariance
(ANCOVA) with Bonferroni correction for multiple comparisons was per-
formed to account for potential confounders. Associations between con-
tinuous variables derived from regression models were expressed as
standardized S coefficients. Statistical significance was set at P < 0.05.

Results

Study population baseline characteristics

Demographic and clinical data are shown in Table 1. All three groups
had comparable gender proportions, mean age, body mass index
(BMI), and resting heart rate. The majority of HCM patients (79%)
were on either beta blockers or (non-dihydropyridine) calcium channel
blockers, with four patients also on concurrent low dose disopyramide.
Two-thirds (18/24) of HCM patients possessed pathogenic sarcomeric
variants (SARC+HCM). HCM patients had greater LV maximum wall
thickness (MWT) compared with SARC+LVH— and controls, as well
as greater LV ejection fraction, greater LV mass index and left atrial
diameter. Pathological LGE was only present in HCM patients, where
it was visually apparent in 41% of cases, however only a fraction
(13%) had significant LGE burden (> 15% of LV mass). Native T1 was

Table 1 Baseline demographic and clinical parameters

raised in HCM and SARC+LVH— patients compared with controls
(1208 + 35 vs. 1196 + 22 vs. 1175 + 17 ms, respectively, P=0.003).
ECV was also raised in HCM relative to SARC+LVH— patients and con-
trols (30 +3 vs. 28 +£2 vs. 27 + 2%, P=0.039). HCM patients with
pathogenic or likely pathogenic variants (SARC+HCM) had lower
LVEF and greater LGE burden than the SARC-HCM sub-group (see
Supplementary data online, Table S7). In both SARC+HCM and
SARC+LVH— patients approximately two-thirds of likely pathogenic/
pathogenic variants were in the MYBPC3 gene, with the remainder in-
volving MYH?7, apart from a single Troponin | case in the SARC+HCM
group.

DT-CMR parameters in SARC+LVH—,
HCM, and control subjects

Mean diastolic FA was lower in HCM patients compared with both
SARC+LVH-— patients and healthy controls [0.49 +0.05 vs. 0.52 +
0.04 vs. 0.53 +0.04, P=0.009 (Table 1 and Figure 1A)], including after
adjustment for ECV (P =0.038). Even in patients where visible replace-
ment fibrosis was absent (i.e. no LGE) in the myocardium, HCM pa-
tients exhibited lower mean diastolic FA relative to SARC+LVH— and
healthy controls (see Supplementary data online, Figure S17). At a seg-
mental level, 6/24 (25%) SARC+LVH— patients had segments with sig-
nificantly reduced FA (defined as < 2 SD below control mean). A higher
proportion of overt HCM 13/24 (54%) patients had abnormal

Controls (14) SARC+LVH (24) HCM (24) SarctLVH- vs. controls HCM vs. controls 3-way comparison

P-value P-value P-value
Demographics
Male n (%) 11(79) 13 (54) 18 (75) 0.132 0.803 0.187
Age 32+8 32+9 36+ 11 0.859 0.234 0.322
BMI 23+3 24+4 26+4 0.288 0.013 0.050
Hazard ratio (HR) 61+13 63+7 60+ 10 0.454 0.386 0.463
HTN n (%) 0 0 4 (17%) 0.033
Anti-arrhythmic therapy 0 3(13) 19 (79) 0.283 < 0.001 < 0.001
ESC SCD risk score 33+1.9%
CMR findings

LV MWT (mm) 1Mx1 101 22+5 0.145 < 0.001 < 0.001
LV EDVI (mL/m?) 90 +17 83+ 15 81+9 0.216 0.046 0.157
LV EF (%) 66 +6 67 £6 76 +£5 0.776 < 0.001 < 0.001
LV mass index (g/m?) 56+ 13 51+13 73+20 0.289 0.010 < 0.001
LA diameter (mm) 31+7 32+6 37+6 0.805 0.002 < 0.001
LGE present n (%) 10 (41)
LGE > 15% of LV mass n (%) 3(13)
Native T1 (ms) 1175+17 1197 +£22 1208 + 35 0.052 0.002 0.003
ECV (%) 27 +2 28+2 30+3 0.076 0.014 0.039
Mean diastolic FA 0.53+0.04 0.52+0.04 0.49 +£0.05 0.535 0.009 0.009
Low segmental FA n (%) 0 6 (25) 13 (54) 0.041 <0.001 0.002
Mean MD (x 107> mm?%s) 1.20+0.08 1.28 +£0.08 1.30+0.10 0.006 0.005 0.007
SA (°) 69+7 59+14 47 +10 0.031 <0.001 < 0.001
HA (°/mm) 8+2 7+3 7+1 0.061 0.076 0.087

Values are mean + SD or n (%).
EDVI, end diastolic volume index; EF, ejection fraction; LA, left atrial; LVOT, left ventricular outflow tract.
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Figure 1 Mean diastolic FA and ECV correlation with JTc interval in SARC+LVH— and HCM. (A) Mean diastolic FA across groups. (B) Correlation
between mean diastolic FA and | Tc duration in pre-hypertrophic variant carriers. (C) Mean ECV across groups. (D) Correlation between mean ECV and
JTc duration in HCM patients. ECV, extracellular volume; FA, fractional anisotropy; JTc, | point — T wave tangential line, corrected for heart rate; HCM,
hypertrophic cardiomyopathy; SARC+LVH, pre-hypertrophic sarcomeric variant carriers.

segmental FA (Figure 2), both in patients with and without LGE (80 and
36%, respectively). There was no specific pattern in the location of low
FA segments within the SARC+LVH— cohort, but in the overt HCM
group abnormal segments were concentrated in the anteroseptum.

In SARC+LVH—, low segmental FA was not accompanied by raised
segmental ECV in most cases (5/6 cases). In the HCM cohort, 5/13
(38%) of low FA segments did not have significantly raised ECV. There
was no significant difference in mean or segmental FA in HCM patients
according to sarcomeric status (see Supplementary data online, Table S1).

Mean MD was raised in both HCM patients (including those without
LGE) and SARC+LVH- relative to healthy controls (1.30 + 0.1 vs. 1.28
+0.08 vs. 1.20 + 0.08, P = 0.007; Table 1. Given that impaired myocar-
dial strain is associated with lower MD on STEAM DT-CMR,> we eval-
uated if diastolic myocardial strain was also abnormal in SARC+LVH—
and HCM patients. Only HCM patients, but not SARC+LVH—, had im-
paired global longitudinal and circumferential diastolic strain (see
Supplementary data online, Table S2). Despite adjusting for diastolic
strain, MD was still raised in HCM patients relative to controls (P =
0.02).

In terms of secondary DT-CMR parameters, we noted an increase in
diastolic absolute SA between HCM and controls (circular mean 47 +
10° vs. 59 +14° vs. 69 + 7°, P < 0.001) indicating more radially orien-
tated sheetlet populations in the HCM patients, compared with both
SARC+LVH— and controls. There was no significant difference in
HA between groups. Mean diastolic FA correlated with LV wall thick-
ness (r=-0.352, P=0.005), LV mass (r=-0.381, P=0.002) and
LGE mass (r=-0.497, P < 0.001).

ECG parameters in SARC+LVH—, HCM,

and control subjects

ECG characteristics are depicted in Table 2. PR interval and ventricular
depolarization (QRS) durations were comparable between groups.
In contrast, a significant higher frequency of qualitative ST/T wave ab-
normalities and prolongation of most repolarization parameters were
observed in SARC+LVH— and overt HCM patients relative to healthy
controls. In terms of quantitative parameters, QTc, QTPc, and |Tc
durations were prolonged in both SARC+LVH— and HCM cases rela-
tive to healthy controls, as was QTc dispersion, which was significantly
longer in HCM patients compared with controls. The prolongation of
these parameters was evident in SARC+LVH— and HCM patients
even in the absence of regular anti-arrhythmic or QT prolonging medi-
cation use (see Supplementary data online, Table S3). There was no sig-
nificant sex difference in any of the repolarization parameters within
this cohort, and an increase in repolarization parameter durations
was also observed in SARC+LVH— and HCM patients relative to
healthy controls when sexes were analysed separately (see
Supplementary data online, Tables S4 and S5). Figure 3 shows scatter
plots displaying differences in QTc interval, QTc dispersion, and |Tc
interval across the three groups.

Within the HCM group, patients with pathogenic sarcomeric
variants tended to have longer repolarization parameters than those
without. As a result, a more pronounced stepwise prolongation of re-
polarization parameters was evident between healthy controls, SARC
+LVH— and SARC+HCM patients (Table 3). The clearest increase
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Figure 2 Microstructural abnormalities detected using DT-CMR in both SARC+LVH— and overt HCM are associated with prolongation of repo-
larization parameters linked to arrhythmic risk (main illustration). DT-CMR, diffusion tensor cardiac magnetic resonance imaging; HCM, hypertrophic
cardiomyopathy; SARC+LVH—, pre-hypertrophic sarcomeric variant carriers.

Table 2 ECG analysis results

Controls (14)

SARC+LVH-— (24)

Qualitative ECG parameters
Sinus rhythm
Abnormal ECG
LVH voltage criteria
Pathological Q waves
LBBB/RBBB
ST/T wave abnormalities
Quantitative ECG parameters
PR interval (ms)
QRS duration (ms)
QTc (ms)
QTc dispersion (ms)
QTPc (ms)
QTPc dispersion (ms)
JTc (ms)
cTPe (ms)

14 (100)
1)
0
0
0
1(8)

155+ 24
94+8
413 +27
48 +20
340 +24
40+ 16
314+ 26
89+ 10

24 (100)
9 (38)
7 (29)
3(13)

1(4)
5(21)

150 +17
91+16
454 +29
71+27
373 +28
66+ 18
356 +26
102 +£15

HCM (24) SARC+LVH- vs. HCM vs. 3-way
controls controls comparison
P-value P-value P-value

24 (100)

17 (63) 0.115 <0.001 < 0.001
9 (38) 0.07 0.014 0.053
52 0.536 0.088 0.220
2(8) 0.99 0.303 0.541
16 (67) 0.640 <0.001 < 0.001
165 + 21 0.451 0.239 0.052
98 +13 0.652 0.328 0.258
451+50 <0.001 0.026 0.013
78 £ 41 0.017 0.027 0.033
375+46 0.002 0.021 0.021
88 + 81 <0.001 0.064 0.057
354+42 <0.001 0.006 0.002

105+10 0.023 0.185 0.678

Values are mean + SD or n (%).

cTPe, corrected T wave peak — T wave end; ECG, electrocardiogram; JTc, ventricular repolarization (] point — T wave tangential line); LBBB, left bundle branch abnormality PR,
atrial depolarization (P wave — R wave); QTc, ventricular depolarization + repolarization (Q wave — T wave tangential line); QTPc, ventricular depolarization + repolarization

(Q wave — T wave peak).
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Figure 3 QTcinterval, QTc dispersion, and |Tc interval across groups. |Tc, ] point — T wave tangential line, corrected for heart rate; QTc, Q wave —

T wave tangential line, corrected for heart rate.

and distinction from healthy individuals were seen with the JTc interval;
this was significantly prolonged in both SARC+LVH- and overt HCM
patients (354 +42 vs. 356 + 26 vs. controls 314 + 26 ms, P =0.002).
Both the QTc and JTc intervals showed significant correlation with
the European Society of Cardiology (ESC) SCD risk score in HCM pa-
tients (r=0.418, P=0.042 and r = 0.494, P = 0.014, respectively). The
JTc interval also demonstrated substantial diagnostic potential in dis-
criminating SARC+LVH— from healthy controls with an area under
the curve of 0.88 (95% confidence interval (Cl) 0.76-1.00, P<
0.001), with a JTc interval > 342 ms delivering the highest combined
sensitivity (75%) and specificity (91%) (Figure 4). A JTc interval >
342 ms had a positive predictive value of 95% and a negative predictive
value of 63% for discriminating variant carriers from controls.

Relationship between DT-CMR and

repolarization parameters

In SARC+LVH-— patients, there was a clear negative correlation be-
tween FA and the JTcinterval (r= —0.6, P = 0.002) (Figure 1B) and to
a lesser degree the QTc interval (r=-0.5, P=0.012). This associ-
ation was not as strong in HCM patients and absent in healthy con-
trols (see Supplementary data online, Figure S2). MD did not show
significant associations with any repolarization parameters in the
SARC+LVH- group. In the HCM group, MD was associated with
longer JTc and QTc intervals, and greater QTc dispersion, even after
accounting for strain in the linear regression model (JTc f=0.407,
P =0.04, QTc f=0.385 P=0.036, and QTc dispersion = 0.54,
P=10.03).

Relationship between markers of fibrosis

and repolarization parameters

The presence of replacement fibrosis on LGE imaging did not signifi-
cantly affect the duration of repolarization parameters in HCM pa-
tients. In contrast, repolarization parameters, particularly the JTc and
QTc intervals demonstrated a strong positive correlation with ECV
(both r=10.6, P=0.019), an indicator of interstitial fibrosis which was
elevated in HCM (Figure 1D). This was also the case for QTc dispersion
(r=0.7, P=0.01) (see Supplementary data online, Figure S3). This rela-
tionship between repolarization parameters and ECV was not seen in
SARC+LVH— patients.

Discussion

This study assessed the sensitivity of DT-CMR in detecting micro-
structural changes in SARC+LVH— and HCM patients and exam-
ined whether a standard 12-lead ECG can be used to detect the
presence of microstructural abnormalities in early and late phases
of disease. Our findings indicate that: (i) myocardial disarray, in-
ferred from reduced FA on DT-CMR, is detectable in one in
four SARC+LVH— patients as well as the majority of HCM pa-
tients, (ii) relative to controls, SARC+LVH— patients and overt
HCM patients had a higher frequency of qualitative ECG abnormal-
ities and more prolonged repolarization intervals (i.e. QTc and JTc
intervals), and (iii) the JTc interval is associated with disarray and
fibrosis as a continuum in pre-hypertrophic variant carriers and
HCM patients and may serve as a promising marker for risk strati-
fication in patients.

Myocardial disarray in SARC+LVH-—

patients

In our study, a substantial subset of SARC+LVH— patients (25%)
exhibited low segmental FA compared with healthy individuals.
Our analysis showed that SARC+LVH— patients exhibited higher
mean MD in contrast to controls, a measure potentially suggestive
of cellular hypertrophy and early interstitial expansion. In the ab-
sence of significant fibrosis in our SARC+LVH— patients, we have
interpreted the reduced FA to primarily represent localized re-
gions of myocardial disarray. These findings are in line with pub-
lished histology from post-mortem studies which have shown the
presence of disarray in SARC+LVH— patients® and demonstrated
its patchy nature within the myocardium in HCM.%> Previous
work from our group has identified low FA as a marker of myocar-
dial disarray in overt HCM, which also correlates independently
with the risk of ventricular arrhythmias.” Complementing our find-
ings, a recent study by Joy et al. employed a spin-echo DT-CMR
sequence and similarly found reduced (systolic) FA in SARC+LVH—
patients.”® Other indicators of microstructural changes, such as dif-
fuse fibrosis, have also been observed in this group; however, the evi-
dence remains inconsistent. For example, Ho et al?” noted an
increased ECV, indicative of diffuse fibrosis, in SARC+LVH— patients,
whereas Joy’s study and ours did not find significant ECV differences.
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Table 3 ECG analysis results (incl. only SARC+HCM)
Controls SARC+LVH-— SARC+HCM SARC+LVH-— vs. SARC+HCM vs. 3-way
(14) (24) (16) controls controls comparison
P-value P-value P-value
Qualitative ECG parameters

Sinus rhythm 14 (100) 24 (100) 16 (100)

Abnormal ECG 0 9 (38) 10 (63) 0.115 0.004 < 0.001
LVH voltage criteria 0 7 (29) 4 (25) 0.07 0.113 0.117
Pathological Q waves 0 3(13) 4 (25) 0.536 0.113 0.156
LBBB/RBBB 0 1(4) 1(6) 0.99 0.99 0.692
ST/T wave abnormalities 1(8) 5(21) 10 (63) 0.640 0.006 0.003

Quantitative ECG parameters

PR interval (ms) 155+ 24 150 + 17 167 +22 0.451 0.208 0.043
QRS duration (ms) 94+8 91+16 98 + 14 0.652 0.400 0.382
QTc (ms) 411+ 14 454+ 29 458 + 44 <0.001 0.006 0.003
QTec dispersion (ms) 48 +£20 71+27 84 +43 0.017 0.017 0.021
QTPc (ms) 340 +24 373+28 379+42 0.002 0.009 0.007
QTPc dispersion (ms) 40+ 16 66 +18 96 + 94 <0.001 0.064 0.040
JTc (ms) 314126 356 +26 360 +40 <0.001 0.002 <0.001
cTPe (ms) 89+ 10 102+ 15 119+ 88 0.023 0.284 0.315

Values are mean + SD or n (%).

cTPe, corrected T wave peak — T wave end; ECG, electrocardiogram; JTc, ventricular repolarization (J point — T wave tangential line); LBBB, left bundle branch abnormality PR,
atrial depolarization (P wave — R wave); QTc, ventricular depolarization + repolarization (Q wave — T wave tangential line); QTPc, ventricular depolarization + repolarization

(Q wave — T wave peak).
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Figure 4 Receiver operator characteristic curve—diagnostic ability of JTc interval in discriminating SARC+LVH— from healthy controls. |Tc,
J point = T wave tangential line, corrected for heart rate; SARC+LVH—, pre-hypertrophic sarcomeric variant carriers.

Discrepancies between these studies may stem from variations in pa-
tient selection, particularly regarding the stage of disease in cohorts.
Nonetheless, our findings collectively imply that DT-CMR may detect
disarray before diffuse fibrosis becomes apparent, underscoring its
potential as an early marker for disease progression and clinical
surveillance.

Myocardial repolarization abnormalities in
SARC+LVH- and HCM patients
Using quantitative ECG analysis, we were able to show that repolariza-

tion is significantly delayed (evidenced by QTc and JTc interval prolonga-
tion) and more heterogeneous (indicated by increased QTc dispersion)
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in SARC+LVH— patients in comparison to controls. Importantly, none
of these patients were on medications that could prolong their QT
interval. Within the array of ECG parameters, | Tc exhibited the highest
diagnostic performance in discriminating HCM patients from controls.
We also demonstrate as expected, that prolongation and heterogeneity
of repolarization is more pronounced in overt HCM cases, despite most
of these patients being on anti-arrhythmic medications that serve to sta-
bilize ventricular repolarization.

In this study, we show that manual measurements on 12-lead ECG
can elucidate subtle delays in these repolarization parameters prior
to the onset of hypertrophy in variant carriers and demonstrate repo-
larization prolongation with the evolution of the HCM phenotype.
Although previous studies have described ECG changes including repo-
larization abnormalities in HCM, they tended to focus on those with es-
tablished hypertrophy, and ECG analysis has been mostly qualitative in
nature with only limited quantitative ECG analysis undertaken.'”2¢282
Those that did focus on repolarization intervals such as the QTc inter-
val, QTc dispersion, and JTc interval in overt HCM found, similar to us,
an association between prolongation of these parameters and SCD
risk. 131930732 More recently, studies using advanced automated ECG
analysis techniques have demonstrated prolongation of activation
time (a measure of depolarization onset) and increased duration and
dispersion of repolarization parameters in both overt HCM and
SARC+LVH—- pa‘cients.”’36 However, caution is needed when making
direct comparisons between studies due to differences in ECG analysis
approaches (e.g. use of tangent method for estimation of QTc interval
in our study), including the specific parameters measured, as well as var-
iations in group characteristics, such as the mean age of HCM cohorts.
For example, in another study by Joy et al,** which included a larger co-
hort (211 patients), the QRS duration was shorter in the SARC+LVH—
group compared with controls, while the QTc interval remained similar—
potentially suggesting subtle repolarization prolongation. Although the
JTc interval was not measured, this combination of shorter QRS and
unchanged QTc duration could theoretically indicate JTc prolongation,
aligning with our findings. Interestingly, in their study, repolarization
parameters obtained via CMR-guided electrocardiographic imaging
(ECGIi), such as the activation recovery interval and repolarization
time, were not prolonged in SARC+LVH— patients. However, it is im-
portant to note that both parameters incorporate parts of the QRS
complex, meaning they reflect a composite of both depolarization
and repolarization durations, rather than repolarization alone. While
complex CMR-integrated ECG mapping techniques like ECGi play an
important role in probing intricate conduction abnormalities in HCM,
our study used the simpler, widely available 12-lead ECG to demon-
strate that parameters such as the JTc interval can potentially differen-
tiate sub-clinical HCM (SARC+LVH-) from controls. It is also
noteworthy that we identified meaningful differences in ECG para-
meters with a modestly sized cohort, which highlights the sensitivity
of these easy-to-extract measures.

Relationship between disarray, fibrosis,

and repolarization parameters

Among SARC+LVH— patients, we found a significant inverse correl-
ation between FA and |Tc interval duration, providing further evidence
that myocardial disarray may be complicit in repolarization prolonga-
tion (in conjunction with other factors such as ionic remodelling and
aberrations in calcium handlingé). However, this association was less
pronounced in overt HCM patients and we postulate this divergence
may be due to the more prominent roles of myocyte hypertrophy, pro-
gressive interstitial fibrosis>” and microvascular dysfunction®®*—rather
than disarray—in altering repolarization in more advanced disease.
This is further supported by the strong correlation seen in overt
HCM patients between repolarization parameters (JTc interval and
QTc dispersion) and recognized markers of interstitial fibrosis such

as ECV and T1. This relationship between interstitial fibrosis and myo-
cardial repolarization (specifically QTc dispersion) was also observed
by Hurtado-de-Mendoza et al.>’ in their ECG and CMR study of 112
overt HCM patients. Similarly, Osterberg et al?® also observed an asso-
ciation between an ECG risk-score incorporating QTc duration and
LGE burden in early stage HCM. Most noteworthy of all and consistent
with our work is a comprehensive study by Kuroda et al,'> which em-
ployed both qualitative and quantitative ECG analyses, Holter monitor-
ing, and histological evaluations, and identified T wave alternans as
indicative of a higher burden of myocardial disarray and fibrosis on hist-
ology. Recent investigations have also highlighted the potential for quali-
tative ECG alterations in SARC+LVH- individuals as predictors of
disease progression and penetrance.***° The strong correlation ob-
served between repolarization intervals and FA in our study suggests
that these intervals might serve as reliable indicators of disease severity
and could potentially forecast long-term disease progression.

Clinical relevance

With the advent of disease-modifying interventions such as small mol-
ecule modulators of cardiac myosin and gene therapies, the early iden-
tification of individuals exhibiting microstructural changes—those
potentially on the cusp of developing HCM—has gained paramount im-
portance. Our study highlights the potential of myocardial disarray im-
aging and quantitative ECG analysis to serve as early markers of disease
activity in HCM, providing measures that can contribute to more
nuanced clinical surveillance of variant carriers. Traditionally, qualitative
12-lead ECG analysis has anchored the diagnostic process for HCM,
serving as an essential tool for familial screenings and risk evaluations,
especially for individuals considering competitive athletic sports. Our
findings suggest that more granular insight into microstructural changes
(both myocardial disarray and fibrosis) can be inferred from specific
quantitative ECG deviations across the disease spectrum. Our observa-
tions align with established literature indicating that repolarization ab-
normalities are closely related to microstructural abnormalities like
fibrosis,">*®3” and mirror documented associations with other prog-
nostic markers including strain abnormalities*' and arrhythmic bur-
den.’®3'3> Future endeavours however are needed to validate our
observations in larger cohorts, with comparative analyses of other
risk assessment strategies.

Limitations

Our study, albeit small and cross-sectional in nature, provided some valu-
able insights into the relationship between myocardial microstructure and
repolarization changes in both Sarc+LVH— and HCM patients. However,
these observations cannot be directly attributed to disease progression
without longitudinal follow-up. For a more comprehensive understanding
of causal relationships between microstructural alterations and repolariza-
tion anomalies, in-depth histological validation and electrophysiological
studies are imperative. It is also worth noting that cardiac DT-CMR remains
a research technique, work on standardisation of approach and improve-
ments in acquisition and data processing are pre-requisites to future longi-
tudinal, multi-centre clinical studies necessary for it to enter the clinical
domain.

Conclusion

Low diastolic FA, suggestive of myocardial disarray, is present in both
SARC+LVH— and HCM patients. Low diastolic FA in SARC+LVH—
and raised ECV in HCM patients associated with prolongation of
repolarization. Myocardial disarray assessment using DT-CMR and pro-
longation of key repolarization parameters such as the |Tc interval
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demonstrates significant potential as novel, sensitive, and prognostically
important markers of disease activity across HCM stages. These techni-
ques may come to support more nuanced surveillance of SARC+LVH—
patients and improved risk stratification of overt HCM patients.

Acknowledgements

B.R, S.N. and H.W. acknowledge support from the Oxford British
Heart Foundation Centre of Research Excellence.

Supplementary data

Supplementary data are available at European Heart Journal - Cardiovascular
Imaging online.

Funding

Z.A. is a recipient of a British Heart Foundation Clinical Research Training
Fellowship (FS/CRTF/21/24144). B.R. and S.N. report grants from NIHR
Oxford Biomedical Research Centre. B.R. is a recipient of an
Intermediate Clinical Transitional Research Fellowship from the BHF
Centre of Research Excellence, Oxford (RE/18/3/34214). AH.AS. holds a
doctoral scholarship funded by the Ministry of Higher Education Malaysia
and Universiti Kebangsaan Malaysia (National University of Malaysia).

Conflict of interest: None declared.

Data availability

The data underlying this article will be shared on reasonable request to the
corresponding author.

References

. Finocchiaro G, Papadakis M, Robertus JL, Dhutia H, Steriotis AK, Tome M et al. Etiology

of sudden death in sports: insights from a United Kingdom regional registry. | Am Coll

Cardiol 2016;67:2108—15.

McKenna WJ, Stewart J T, Nihoyannopoulos P, McGinty F, Davies MJ. Hypertrophic car-

diomyopathy without hypertrophy: two families with myocardial disarray in the absence

of increased myocardial mass. Br Heart | 1990;63:287-90.

. Garcia-Canadilla P, Cook AC, Mohun TJ, Oji O, Schlossarek S, Carrier L et al.

Myoarchitectural disarray of hypertrophic cardiomyopathy begins pre-birth. | Anat

2019;235:962-76.

Wei D, Miyamoto N, Mashima S. A computer model of myocardial disarray in simulating

ECG features of hypertrophic cardiomyopathy. Jpn Heart | 1999;40:819-26.

. Saumarez RC. Electrophysiological investigation of patients with hypertrophic cardio-

myopathy. Br Heart | 1994;72(Suppl. 6):19-23.

. Finocchiaro G, Sheikh N, Leone O, Westaby |, Mazzarotto F, Pantazis A et al.

Arrhythmogenic potential of myocardial disarray in hypertrophic cardiomyopathy: gen-

etic basis, functional consequences and relation to sudden cardiac death. Europace 2021;

23:985-95.

Ariga R, Tunnicliffe EM, Manohar SG, Mahmod M, Raman B, Piechnik SK et al.

Identification of myocardial disarray in patients with hypertrophic cardiomyopathy

and ventricular arrhythmias. | Am Coll Cardiol 2019;73:2493-502.

Nguyen C, Lu M, Fan Z, Bi X, Kellman P, Zhao S, et al. Contrast-free detection of myo-

cardial fibrosis in hypertrophic cardiomyopathy patients with diffusion-weighted cardio-

vascular magnetic resonance. | Cardiovasc Magn Reson 2015;17:107.

Abdullah OM, Drakos SG, Diakos NA, Wever-Pinzon O, Kfoury AG, Stehlik | et al.

Characterization of diffuse fibrosis in the failing human heart via diffusion tensor imaging

and quantitative histological validation. NMR Biomed 2014;27:1378-86.

10. Khalique Z, Scott AD, Ferreira PF, Nielles-Vallespin S, Firmin DN, Pennell D). Diffusion
tensor cardiovascular magnetic resonance in hypertrophic cardiomyopathy: a compari-
son of motion-compensated spin echo and stimulated echo techniques. MAGMA 2020;
33:331-42.

11. Das A, Kelly C, Teh I, Nguyen C, Brown LAE, Chowdhary A et al. Phenotyping hyper-
trophic cardiomyopathy using cardiac diffusion magnetic resonance imaging: the rela-
tionship between microvascular dysfunction and microstructural changes. Eur Heart |
Cardiovasc Imaging 2022;23:352-62.

12. Kuroda N, Ohnishi Y, Yoshida A, Kimura A, Yokoyama M. Clinical significance of T-wave
alternans in hypertrophic cardiomyopathy. Circ | 2002;66:457—-62.

13. Magri D, Santolamazza C, Limite L, Mastromarino V, Casenghi M, Orlando P et al. QT
spatial dispersion and sudden cardiac death in hypertrophic cardiomyopathy: time for
reappraisal. | Cardiol 2017;70:310-5.

N

N

w

>

wv

o

~

o

o

14.

15.

16.

17.

18.

19.

20.

21.

22.

23.

24.

25.

27.

28.

29.

30.

31.

32.

33.

35.

36.

37.

Yi G, Poloniecki ], Dickie S, Elliott PM, Malik M, McKenna WJ. Is QT dispersion asso-
ciated with sudden cardiac death in patients with hypertrophic cardiomyopathy? Ann
Noninvasive Electrocardiol 2001;6:209-15.

Buja G, Miorelli M, Turrini P, Melacini P, Nava A. Comparison of QT dispersion in hyper-
trophic cardiomyopathy between patients with and without ventricular arrhythmias
and sudden death. Am J Cardiol 1993;72:973-6.

Marian A, Mares A, Kelly DP, Yu QT, Abchee AB, Hill R et al. Sudden cardiac death in
hypertrophic cardiomyopathy. Eur Heart | 1995;16:368-76.

Konno T, Shimizu M, Ino H, Fujino N, Hayashi K, Uchiyama K et al. Differences in diag-
nostic value of four electrocardiographic voltage criteria for hypertrophic cardiomyop-
athy in a genotyped population. Am | Cardiol 2005;96:1308—12.

al-Mahdawi S, Chamberlain S, Chojnowska L, Michalak E, Nihoyannopoulos P, Ryan M
et al. The electrocardiogram is a more sensitive indicator than echocardiography of
hypertrophic cardiomyopathy in families with a mutation in the MYH7 gene. Br Heart
] 1994;,72:105-11.

Piechnik SK, Ferreira VM, DallArmellina E, Cochlin LE, Greiser A, Neubauer S et al.
Shortened Modified Look-Locker Inversion recovery (ShAMOLLI) for clinical myocardial
T1-mapping at 1.5 and 3 T within a 9 heartbeat breathhold. | Cardiovasc Magn Reson
2010;12:69.

Raman B, Ariga R, Spartera M, Sivalokanathan S, Chan K, Dass S et al. Progression of
myocardial fibrosis in hypertrophic cardiomyopathy: mechanisms and clinical implica-
tions. Eur Heart | Cardiovasc Imaging 2019;20:157-67.

Chan RH, Maron BJ, Olivotto |, Pencina MJ, Assenza GE, Haas T et al. Prognostic value of quan-
titative contrast-enhanced cardiovascular magnetic resonance for the evaluation of sudden
death risk in patients with hypertrophic cardiomyopathy. Circulation 2014;130:484-95.
Ferreira PF, Nielles-Vallespin S, Scott AD, de Silva R, Kilner P}, Ennis DB et al. Evaluation
of the impact of strain correction on the orientation of cardiac diffusion tensors with in
vivo and ex vivo porcine hearts. Magn Reson Med 2018;79:2205-15.

Stoeck CT, Kalinowska A, von Deuster C, Harmer ], Chan RW, Niemann M et al.
Dual-phase cardiac diffusion tensor imaging with strain correction. PLoS One 2014;9:
e107159.

Samat AHA, Cassar MP, Akhtar AM, McCracken C, Ashkir ZM, Mills R et al. Diagnostic
utility of electrocardiogram for screening of cardiac injury on cardiac magnetic reson-
ance in post-hospitalised COVID-19 patients: a prospective multicenter study. Int |
Cardiol 2024;415:132415.

Varnava AM, Elliott PM, Mahon N, Davies MJ, McKenna W]. Relation between myocyte
disarray and outcome in hypertrophic cardiomyopathy. Am J Cardiol 2001;88:275-9.

. Joy G, Kelly Cl, Webber M, Pierce |, Teh |, McGrath L et al. Microstructural and micro-

vascular phenotype of sarcomere mutation carriers and overt hypertrophic cardiomy-
opathy. Circulation 2023;148:808-18.

Ho CY, Abbasi SA, Neilan TG, Shah RV, Chen Y, Heydari B et al. T1 measurements iden-
tify extracellular volume expansion in hypertrophic cardiomyopathy sarcomere muta-
tion carriers with and without left ventricular hypertrophy. Circ Cardiovasc Imaging
2013;6:415-22.

Osterberg AW, Ostman-Smith |, Jablonowski R, Carlsson M, Green H, Gunnarsson C
et al. High ECG risk-scores predict late gadolinium enhancement on magnetic reson-
ance imaging in HCM in the young. Pediatr Cardiol 2021;42:492-500.

Ostman-Smith |, Wisten A, Nylander E, Bratt EL, Granelli A, Oulhaj A et al.
Electrocardiographic amplitudes: a new risk factor for sudden death in hypertrophic
cardiomyopathy. Eur Heart | 2010;31:439—49.

Yi G, Poloniecki ], Dickie S, Elliott PM, Malik M, McKenna WJ. Can the assessment of
dynamic QT dispersion on exercise electrocardiogram predict sudden cardiac death
in hypertrophic cardiomyopathy? Pacing Clin Electrophysiol 2000;23(11 Pt 2):1953-6.
Patel SI, Ackerman M), Shamoun FE, Geske JB, Ommen SR, Love WT et al. QT prolongation
and sudden cardiac death risk in hypertrophic cardiomyopathy. Acta Cardiol 2019;74:53-8.
Biagini E, Pazzi C, Olivotto |, Musumeci B, Limongelli G, Boriani G et al. Usefulness of
electrocardiographic patterns at presentation to predict long-term risk of cardiac death
in patients with hypertrophic cardiomyopathy. Am | Cardiol 2016;118:432-9.

Chow J-J, Leong KMW, Shun-Shin M, Jones S, Guttmann OP, Mohiddin SA et al. The
arrhythmic substrate of hypertrophic cardiomyopathy using ECG imaging. Front
Physiol 2024;15:1428709.

. Joy G, Lopes LR, Webber M, Ardissino AM, Wilson ], Chan F et al. Electrophysiological

characterization of subclinical and overt hypertrophic cardiomyopathy by magnetic res-
onance imaging-guided electrocardiography. | Am Coll Cardiol 2024;83:1042-55.
Suszko AM, Chakraborty P, Viswanathan K, Barichello S, Sapp ], Talajic M et al.
Automated quantification of abnormal QRS peaks from high-resolution ECGs predicts
late ventricular arrhythmias in hypertrophic cardiomyopathy: a 5-year prospective mul-
ticenter study. | Am Heart Assoc 2022;11:026025.

Domain G, Chouquet C, Réant P, Bongard V, Vedis T, Rollin A et al. Relationships be-
tween left ventricular mass and QRS duration in diverse types of left ventricular hyper-
trophy. Eur Heart | Cardiovasc Imaging 2022;23:560-8.

Hurtado-De-Mendoza D, Corona-Villalobos CP, Pozios |, Gonzales |, Soleimanifard Y,
Sivalokanathan S et al. Diffuse interstitial fibrosis assessed by cardiac magnetic resonance
is associated with dispersion of ventricular repolarization in patients with hypertrophic
cardiomyopathy. | Arrhythm 2017;33:201-7.

Gzoz Aenuer || uo 1sanb Aq GyS1z8/2/09zoeal/1olys/e60L 0L /10p/a101e-aoueape/buibewiolys/wod dno-olwapede//:sdiy woly papeojumoq



Myocardial disarray, fibrosis and arrhythmic risk in HCM

1

38. Lorenzini M, Norrish G, Field E, Ochoa JP, Cicerchia M, Akhtar MM et al. Penetrance of
hypertrophic cardiomyopathy in sarcomere protein mutation carriers. | Am Coll Cardiol
2020;76:550-9.

39. Anvekar P, Stephens P Jr, Calderon-Anyosa R|C, Kauffman HL, Burstein DS, Ritter AL et al.
Electrocardiographic findings in genotype-positive and non-sarcomeric children with definite
hypertrophic cardiomyopathy and subclinical variant carriers. Pediatr Cardiol 2023;45:1784-97.

40. Gruner C, Ivanov J, Care M, Williams L, Moravsky G, Yang H et al. Toronto hypertrophic

41.

cardiomyopathy genotype score for prediction of a positive genotype in hypertrophic
cardiomyopathy. Circ Cardiovasc Genet 2013;6:19-26.
Badran HM, Elnoamany MF, Soltan G, Ezat M, Elsedi M, Abdelfatah RA et al. Relationship
of mechanical dyssynchrony to QT interval prolongation in hypertrophic cardiomyop-
athy. Eur Heart | Cardiovasc Imaging 2012;13:423-32.

Gzoz Aenuer || uo 1sanb Aq GyS1z8/2/09zoeal/1olys/e60L 0L /10p/a101e-aoueape/buibewiolys/wod dno-olwapede//:sdiy woly papeojumoq



Pang et al. Translational Neurodegeneration
https://doi.org/10.1186/540035-022-00281-6

(2022) 11:5 Translational

Neurodegeneration

REVIEW Open Access

- : ®
LRRK2, GBA and their interaction el
in the requlation of autophagy: implications
on therapeutics in Parkinson’s disease

Shirley Yin-Yu Pang', Rachel Cheuk Nam Lo', Philip Wing-Lok Ho', Hui-Fang Liu', Eunice Eun Seo Chang',
Chi-Ting Leung', Yasine Malki', Zoe Yuen-Kiu Choi', Wing Yan Wong?, Michelle Hiu-Wai Kung',
David Boyer Ramsden? and Shu-Leong Ho'"

Abstract

Mutations in leucine-rich repeat kinase 2 (LRRK?) and glucocerebrosidase (GBA) represent two most common genetic
causes of Parkinson'’s disease (PD). Both genes are important in the autophagic-lysosomal pathway (ALP), defects

of which are associated with a-synuclein (a-syn) accumulation. LRRK2 regulates macroautophagy via activation of
the mitogen activated protein kinase/extracellular signal regulated protein kinase (MAPK/ERK) kinase (MEK) and the
calcium-dependent adenosine monophosphate (AMP)-activated protein kinase (AMPK) pathways. Phosphoryla-

tion of Rab GTPases by LRRK2 regulates lysosomal homeostasis and endosomal trafficking. Mutant LRRK2 impairs
chaperone-mediated autophagy, resulting in a-syn binding and oligomerization on lysosomal membranes. Mutations
in GBA reduce glucocerebrosidase (GCase) activity, leading to glucosylceramide accumulation, a-syn aggregation and
broad autophagic abnormalities. LRRK2 and GBA influence each other: GCase activity is reduced in LRRK2 mutant cells,
and LRRK2 kinase inhibition can alter GCase activity in GBA mutant cells. Clinically, LRRK2 G2019S mutation seems

to modify the effects of GBA mutation, resulting in milder symptoms than those resulting from GBA mutation alone.
However, dual mutation carriers have an increased risk of PD and earlier age of onset compared with single mutation
carriers, suggesting an additive deleterious effect on the initiation of PD pathogenic processes. Crosstalk between
LRRK2 and GBA in PD exists, but its exact mechanism is unclear. Drugs that inhibit LRRK2 kinase or activate GCase are
showing efficacy in pre-clinical models. Since LRRK2 kinase and GCase activities are also altered in idiopathic PD (iPD),

it remains to be seen if these drugs will be useful in disease modification of iPD.
Keywords: Parkinson’s disease, Interaction, LRRK2, GBA, GCase, Mutation, Autophagy, a-Synuclein

Background

Autophagy is a degradation process to remove pro-
teins and dysfunctional organelles from cells to pre-
vent subsequent toxicity and cell death. There are
three forms of autophagy: (1) macroautophagy, which
involves sequestration of portions of the cytosol into
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double-membrane vesicles or autophagic vacuoles
(AV) that then fuse with lysosomes [1]; (2) chaperone-
mediated autophagy (CMA), which involves the direct
transport of cytosolic soluble proteins across the lyso-
somal membrane in a selective fashion [2]; and (3)
microautophagy, which involves sequestration of cyto-
solic contents directly by lysosomes through membrane
invagination [3]. Parkinson’s disease (PD), the second
most common neurodegenerative disease after Alzhei-
mer’s disease, is characterized pathologically by loss
of dopaminergic neurons in the substantia nigra pars
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compacta and intraneuronal inclusions called Lewy
bodies (LB) that consist of aggregated a-synuclein
(a-syn) [4, 5]. In postmortem PD brains, reduction of
lysosomal markers is apparent in nigral neurons that
contain a-syn inclusions [6]. Furthermore, lysosomal
depletion has been shown to precede dopaminergic cell
death in a PD mouse model [7]. Since a-syn is degraded
in lysosomes, impairment of the autophagic-lysosomal
pathway (ALP) could lead to impaired a-syn clearance.
Aggregation of a-syn into toxic oligomers then further
aggravates the impairment in autophagic and lysosomal
functions, forming a vicious cycle [6-8].

Genetic studies have indicated that malfunctioning
degradation pathways contribute to the pathogenesis of
PD. Only 5%—10% of PD patients have familial forms of
the disease [8], and PD has traditionally been consid-
ered as a largely sporadic disease. However, advance-
ments in our understanding of the genetic basis of PD
suggest that genetic factors can cause or increase the
susceptibility to PD to a much larger extent than previ-
ously thought: the heritability of PD has been estimated
to be at least 27% and up to 60% in large genome-wide
association studies (GWAS) (reviewed in [9]). Genes
and genetic loci identified in familial and sporadic PD
are strongly enriched for autosomal/lysosomal func-
tions: among the 24 loci identified by GWAS to be
associated with PD [10], at least 11 genes are implicated
in the ALP [9, 11]. In particular, mutations in LRRK2
(encoding leucine-rich repeat kinase 2, LRRK2) and
GBA (encoding glucocerebrosidase, GCase) are now
recognized as two most common genetic causes of PD
worldwide [9]. Recent evidence in experimental models
of PD suggests that LRRK2 and GBA are closely related
to the regulation of ALP [12-14]. Importantly, enzy-
matic activities of LRRK2 and GCase have also been
shown to be altered in idiopathic PD (iPD) [15-17].

Dopaminergic neuronal loss in late-onset PD starts
20-30 years before first motor symptoms of rest
tremor, rigidity and bradykinesia appear, by which time
there is already 50% striatal dopamine (DA) reduction
[18]. There is a long prodromal or pre-motor period
during which non-motor symptoms such as hypos-
mia and rapid eye movement sleep behavior disorder
(RBD) already start to emerge [19]. It is hypothesized
that during different stages of the disease, a-syn aggre-
gates into oligomeric species, which then seed further
aggregation and spread within the nervous system in a
prion-like fashion [20, 21]. The long prodromal period
represents a window of opportunity to modify disease
progression. Understanding the roles LRRK2 and GBA
play in autophagy and a-syn aggregation will help elu-
cidate the pathogenesis of PD and formulate rational
therapeutic strategies.
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LRRK2 and autophagy

LRRK2 mutations in PD

Mutations in LRRK?2, located in the PARKS locus, are the
most common mutations in familial autosomal-dominant
PD [22, 23], and LRRK2 polymorphisms are associated
with increased PD risk in GWAS [24], suggesting a role
of LRRK?2 in both sporadic and familial PD. Pleomorphic
pathology including tauopathy or pure nigral degenera-
tion has been reported in rare cases. Nevertheless, most
LRRK2-PD cases have clinical and pathological features
indistinguishable from iPD with late-onset disease, dopa-
minergic neuron degeneration in the substantia nigra and
intracytoplasmic LB aggregates with positive staining for
a-syn [23].

The LRRK2 protein is ubiquitously expressed, with
highest levels in kidney, lung and brain (reviewed in
[25]). It consists of multiple domains: armadillo repeats,
ankyrin repeats, leucine-rich repeats, Ras of complex
(Roc) with GTPase activity, C-terminal of Roc (COR),
kinase, and WD40 domains [26]. The two most com-
mon mutations, G2019S located in the kinase domain of
LRRK2 and R1441C/G/H located in the GTPase domain,
account for up to 10% and 2.5% of sporadic iPD cases,
respectively [27]. Structural analyses of LRRK2 showed
that the kinase and GTPase domains are in close prox-
imity and can influence each other [28]. All known
pathogenic LRRK2 mutations, including G2019S and
R1441C/G/H, can lead to increased kinase activity [29—
32], suggesting that the increased phosphorylation of
LRRK?2 kinase substrates may result in toxicity to dopa-
minergic neurons.

LRRK2 and regulation of macroautophagy

Under normal conditions, autophagy occurs at a basal
level to maintain homeostasis. When cells are under
stress, autophagy promotes cell survival against apop-
tosis, but in some settings it can also cause cell death
[33]. There is evidence that LRRK2 plays a role in the
regulation of macroautophagy. Accumulation of AV,
shortened neurite length and reduced neuronal sur-
vival have been noted in rat neurons overexpressing
PD-associated LRRK2 mutant proteins in a LRRK2
kinase-dependent manner [34]. These abnormalities are
not seen in cells that overexpress wild-type (WT) LRRK2
or the kinase-dead LRRK2 K1906M mutant, suggest-
ing that the increased LRRK2 kinase activity is respon-
sible for the abnormalities observed. Accumulation of
AV has also been identified in dopaminergic neurons in
the substantia nigra of iPD patients [35]. The increased
amount of AV may be due to the increased induction
of macroautophagy, reduced clearance of autophago-
somes, or both. Fibroblasts from PD patients with LRRK2
G2019S mutation have increased basal macroautophagy
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as evidenced by increased numbers of autophagosomes
and autolysosomes, increased protein degradation, and
increased cell death [36]. Induction of macroautophagy
by rapamycin in human neuroblastoma cells overex-
pressing LRRK2 G2019S exacerbates autophagosome
accumulation and neurite shortening, confirming that
excessive macroautophagy induction can cause stress in
susceptible cells [37]. Furthermore, these abnormalities
can be reversed by inhibition of the mitogen activated
protein kinase/extracellular signal regulated protein
kinase (MAPK/ERK) kinase (MEK), suggesting that the
increased LRRK2 kinase activity leads to activation of the
MEK/ERK pathway, excessive macroautophagic induc-
tion and cell death [36, 37]. Another pathway implicated
in autophagosome accumulation in LRRK2 mutant cells
is the Ca’>"-dependent activation of the CaMKK/adeno-
sine monophosphate (AMP)-activated protein kinase
(AMPK) pathway, which can be blocked by calcium
chelation or by treatment with a specific antagonist of the
Ca?*-mobilizing messenger nicotinic acid adenine dinu-
cleotide phosphate (NAADP), suggesting that NAADP
receptors may be targets for regulation by LRRK2 [38].

Cellular stress, such as starvation, can induce macro-
autophagy by inhibiting the mammalian target of rapa-
mycin (mTOR) [39]. Interestingly, while rapamycin as
an inhibitor of mTOR induces macroautophagy similar
to that occurring in cells overexpressing LRRK2 G2019S,
the macroautophagy inhibitor 3-methyladenine reverses
autophagosome accumulation induced by rapamycin
but not by LRRK2 mutation. This suggests a mechanis-
tic difference between the mTOR- and LRRK2-mediated
macroautophagy induction [38]. When cells are fur-
ther stressed with a proteasome inhibitor, cell death is
markedly increased in LRRK2 mutant cells, which can
be rescued by rapamycin that increases autophagic flux
through the mTOR pathway.

Collectively, these studies show that the mutant LRRK2
protein with increased kinase activity causes excessive
induction of basal macroautophagy, AV accumulation
and cell death. Conversely, following proteasomal inhi-
bition, cells with mutant LRRK2 show reduced degra-
dative capacity and survival, which can be rescued by
macroautophagy induction via the mTOR pathway. These
observations suggest that LRRK?2 plays an important reg-
ulatory role in autophagic balance under different cellular
conditions, disturbance of which may lead to reduced cell
survival.

LRRK2 and lysosomal function

In addition to autophagosome induction, LRRK2 muta-
tion also compromises the maturation of autophago-
somes into autolysosomes as shown by reduced
co-localization of light chain 3 (LC3; an autophagosome

Page 3 of 14

marker) with lysosome-associated membrane protein
1 (LAMP1) [40]. Furthermore, lysosomes are abnormal
with increased alkalinization and reduced protein deg-
radation in a LRRK2 R1441C transgenic mouse model
and in SH-SY5Y cells overexpressing LRRK2 G2019S,
highlighting the role of LRRK2 in lysosomal biology
[41, 42]. Lysosomal dysfunction in LRRK2 mutant cells
is associated with increased detergent-insoluble a-syn,
accumulation of phosphorylated a-syn at serine 129
(pS129-a-syn), and increased neuronal release of «-syn,
all of which can be reversed by pharmacologic inhibition
of LRRK2 kinase [14, 42, 43]. Interestingly, in WT cells,
the same phenotype of abnormal lysosomal morphology
and increased insoluble a-syn can be induced by treat-
ment with lysosomal inhibitors, indicating that lysosomal
inhibition can increase insoluble a-syn in WT cells simi-
larly to that seen in LRRK2 mutant cells, thereby con-
firming the importance of functional lysosomes in a-syn
degradation [42].

LRRK2 may regulate lysosomal function through its
kinase activity on a subset of Rab GTPases, which have
been shown to be bona fide substrates of LRRK2 [31].
Upon lysosomal stress, LRRK2 is recruited by Rab7L1
(also called Rab29) from the cytoplasm onto enlarged
lysosomes [44]. Furthermore, Rab8a and Rab10 accumu-
late in LRRK2-positive enlarged lysosomes in a LRRK2
kinase-dependent manner. Collectively, the sequential
recruitment of Rab7L1, LRRK2, phosphorylated Rab8a
and Rab10 onto lysosomes under stress suppresses lyso-
somal enlargement and promotes release of lysosomal
content, illustrating the role of the Rab7L1-LRRK2 path-
way in lysosome homeostasis. LRRK2 and Rab7L1 are
also involved in retromer function which is required for
retrograde transport of selective cargos between endo-
some and Golgi [45]. Disruption of the retromer function
by LRRK2 mutation leads to impairment in recruitment
of lysosomal hydrolases, and lysosomal deficits. Another
LRRK2 substrate, Rab35, is increased and colocalized
with a-syn on enlarged endosomes in transgenic mice
overexpressing a-syn [46]. Treatment with LRRK2 kinase
inhibitor reduces Rab35 levels and its co-localization
with a-syn, normalizes the size of enlarged endosomes
and increases co-localization of a-syn with cathepsin,
indicating increased trafficking of a-syn to lysosome for
degradation. Collectively, this series of studies suggests
that LRRK2 regulates lysosomal function through its
kinase activity on a subset of Rab GTPases.

LRRK2 and CMA

There is evidence that CMA is perturbed in PD: lys-
osome-associated membrane protein 2A (LAMP2A),
which multimerizes to form a translocation complex on
lysosomal membranes essential for CMA, is reduced in
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Fig. 1 Defects in autophagy associated with LRRK2 mutations. a Mutant LRRK2 induces autophagosome formation by activating the MEK/

ERK pathway and the Ca?*-dependent AMPK pathway. b Fusion of autophagosome with lysosome is blocked, exacerbating autophagosome
accumulation. ¢ Mutant LRRK2 binds to LAMP2A and prevents its multimerization to form the translocation complex required for transport of CMA
substrates into lysosome for degradation. d Mutant LRRK2 promotes binding of a-syn onto lysosomal membranes where they form oligomers. e
Impaired protein trafficking from endosome to trans-Golgi network due to retromer dysfunction leads to hydrolase deficiencies in lysosome

the substantia nigra of postmortem PD brain samples
[47]. Notably, a-syn and LRRK2 are both substrates of
CMA and their paths may converge in the lysosome [48,
49]. Mutant LRRK2 binds to lysosomal membranes less
efficiently than WT LRRK2, but once bound, its bind-
ing to LAMP2A is more stable and it seems to prevent
LAMP2A multimerization to form the translocation
complex, leading to impaired degradation of other CMA
substrates including a-syn [49]. Furthermore, rather than
competing with a-syn for binding to LAMP2A, mutant
LRRK?2 actually enhances binding of monomeric a-syn to
lysosomal membranes. Since LAMP2A multimerization
is blocked by mutant LRRK2, a-syn bound to lysosomal
membrane would not be translocated into the lysosome,
resulting in a marked increase of the formation of a-syn
oligomers at the surface of lysosomes. Based on obser-
vations in induced pluripotent stem cell (iPSC)-derived
DA neurons from PD patients with LRRK2 mutation,
alterations in CMA appear to be an early event, detect-
able before impaired macroautophagy and overt neuro-
degeneration [40, 49]. In light of these findings, CMA
activation has been explored as a therapeutic strategy.
Our study using a LRRK2 R1441G-knockin mouse model
of PD has shown an age-dependent accumulation of oli-
gomeric a-syn, increased LAMP2A levels, and impaired
CMA and lysosomal activity [50]. Treatment of cells with
a CMA activator increases lysosomal activity and reduces

intra- and extra-cellular a-syn oligomers in primary
cortical neurons back to the levels comparable to WT,
suggesting that activation of CMA may be a viable thera-
peutic strategy to reduce a-syn accumulation and release.

In summary, the PD-associated pathogenic LRRK2
mutations increase phosphorylation of LRRK2 kinase
substrates iz vivo [31] and are associated with: (1) altera-
tions in the regulation of macroautophagy under different
cellular conditions, (2) impaired lysosomal function with
abnormal lysosomal morphology and increased alkalini-
zation, (3) altered endolysosomal trafficking mediated by
increased phosphorylation of a subset of Rab GTPases,
and (4) impaired CMA by enhanced binding to LAMP2A
and blockage of degradation of other CMA substrates
including a-syn. These abnormalities likely contribute to
a-syn accumulation and oligomerization in LRRK2-PD
(Fig. 1).

GBA and autophagy

GBA mutations in PD

GBA encodes the lysosomal enzyme GCase, which
cleaves the glucose moiety from glucosylceramide (Glc-
Cer). Homozygous mutations of GBA, resulting in
GCase enzymatic deficiency, cause Gaucher disease
(GD) in which affected cells are engorged with abnor-
mal lysosomes containing the GCase substrate, GlcCer
(reviewed in [51-53]). GBA is located on chromosome
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1q21. At least 495 mutations, including missense,
frameshift, splice-site mutations and null alleles result-
ing from recombination with the homologous GBA pseu-
dogene have been described in GD [53]. The prevalence
of different GBA mutations varies with ethnicity. N370S
is the most common mutation among Ashkenazi Jews,
while L444P is more prevalent in Asians and Caucasians
with non-Ashkenazi Jew ancestry [51, 52]. The earliest
clues of GBA involvement in PD came from observa-
tions that GD patients and their relatives had increased
incidence of PD compared with the general popula-
tion [54, 55]. Heterozygous GBA mutation carriers have
a 10%—30% probability of developing PD at the age of
80 (a 20-fold rise compared to non-mutation carriers)
(reviewed in [56]). Moreover, GBA mutations occur in
5%-10% of PD patients, making GBA mutations the most
significant genetic risk factor for PD [55, 57]. The most
common GBA mutations in PD patients worldwide are
N370S and L444P [52]. The pathogenicity of GBA muta-
tions in PD is thought to be related to reduced GCase
activity (i.e. loss-of-function) as severe GBA mutations
appear to be correlated with a higher risk of PD devel-
opment and significantly worse motor and non-motor
symptoms compared with mild mutations [58, 59].
Patients with GBA-associated PD (GBA-PD) have simi-
lar motor symptoms as iPD, but may have earlier age of
onset and increased prevalence of cognitive impairment
[60, 61]. GBA-PD is also shown to have similar brain
pathology in terms of Lewy-type synucleinopathy to non-
GBA PD subjects [61]. GCase activity has been found to
be reduced in the caudate and substantia nigra of iPD
patients [17, 62], suggesting that GCase dysfunction
is a common pathogenic mechanism in iPD. However,
in addition to GCase enzymatic deficiency, it is likely
that other pathogenic mechanisms are also involved.
Not all GD patients, even those with severe GBA muta-
tions, develop PD and some variants, notably E326K and
T369M, confer increased risk of PD but do not cause GD
[56, 63]. Although no mechanisms have been established
for the pathogenicity of the latter variants, a gain-of-
function mechanism is possible where mutated and mis-
folded GCase protein accumulates in the endoplasmic
reticulum (ER), leading to ER stress, ER-associated deg-
radation and cell death (reviewed in [53, 56]). Moreover,
GCase has been shown to be present in LBs [64]. Overall,
mutations in GBA represent a genetic risk factor for PD
as penetrance is incomplete, and both loss-of-function
and gain-of-function mechanisms have been proposed.
Regardless of the degree of GCase deficiency, GBA-PD is
characterized by increased a-syn aggregation, the mech-
anisms of which will be discussed below.
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GBA and lysosomal function

GCase is synthesized in the ER and transported by lys-
osomal integral membrane protein 2 (LIMP2) to the
lysosome. Upon reaching the lysosomal lumen, GCase
becomes active and hydrolyzes GlcCer to ceramide and
glucose (reviewed in [11, 56]). The link between GCase
deficiency and synucleinopathy was first reported in neu-
ropathological studies of GD patients with parkinsonism,
which revealed the presence of LBs and a-syn aggrega-
tion in the hippocampus [65, 66]. Since GCase is a lyso-
somal enzyme, GCase deficiency may perceivably alter
lysosomal function, leading to defective protein degra-
dation and synucleinopathy. Indeed, knockdown of GBA
in primary cortical neurons results in reduced GCase
activity, increased accumulation of its substrate GlcCer,
reduced rate of lysosomal proteolysis, accumulation of
enlarged lysosomes, and increased a-syn without increas-
ing its mRNA (suggesting that the increased a-syn is due
to reduced degradation) [67]. Neuroblastoma cells with
GBA knockout have increased accumulation of lysosomal
substrates p62 and polyubiquinated proteins, increased
Lysotracker staining indicative of reduced breakdown
of acidic organelles, increased abnormal accumulation
of enlarged autophagic vesicles and increased insolu-
ble a-syn as well as a-syn release, further illustrating
the critical role of GCase activity in maintaining nor-
mal lysosomal function and a-syn homeostasis [68]. DA
neurons derived from iPSCs of GBA-PD patients carry-
ing heterozygous GBA mutations show reduced GCase
activity and increased accumulation of GlcCer and a-syn
compared with control DA neurons [69]. Defects in ALP
are evident due to the following alterations: (1) increased
LAMP1-positive puncta suggesting accumulation of lys-
osomes, (2) reduced activity of other lysosomal enzymes,
(3) increased LC3-positive vesicles, and (4) reduced co-
localization between LC3 and LAMP1 vesicles, indicating
impaired autophagosome-lysosome fusion. Importantly,
these abnormalities are rescued by correction of the GBA
mutations. Furthermore, control neurons treated with a
GCase inhibitor show increased a-syn levels similar to
GBA-mutant neurons. Collectively, these studies suggest
that GCase deficiency causes numerous abnormalities in
the ALP: accumulation of lysosomes, reduced activity of
lysosomal enzymes, autophagosome accumulation with
impaired maturation, accumulation of the GCase sub-
strate GlcCer, and increased insoluble a-syn and a-syn
release.

Lysosome biogenesis and recycling are important for
cellular homeostasis. Lysosomal proteins are transported
to the lysosome via the endosomal system, where early
endosomes mature to late endosomes, which then fuse
with the lysosome, delivering their cargo [70]. There
is evidence that GCase deficiency impairs lysosome
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biogenesis via autophagic lysosome reformation [71].
Normally, after degradation of autolysosomal products,
mTOR is activated to terminate autophagy and phos-
phorylates its substrate p70S6Kinase (phopho-S6K).
This leads to formation of proto-lysosomal tubules in
the autolysosomes; these tubules are ultimately excluded
from autolysosomes to mature into functional lysosomes
via the endosomal system [70]. Mouse embryonic fibro-
blasts with GBA knockout or heterozygous GBA muta-
tion have reduced levels of phopho-S6K, which can be
reversed by recombinant GCase enzyme replacement,
confirming the direct relationship between loss of GCase
activity and loss of mTOR activity [71]. Furthermore,
these cells exhibit increased levels of Rab7 (a marker of
late endosomes) and increased co-localization of Rab7
with the lysosomal enzyme cathepsin D, suggesting
slower dissociation of proto-lysosomes from autolys-
osomes and slower lysosome maturation and recycling.
Over time, with repeated cycles of autophagy followed
by autophagic lysosome reformation, this would conceiv-
ably result in fewer functional lysosomes, contributing to
lysosomal dysfunction in GBA-mutant cells.

GCase and a-syn: a bi-directional loop?

Knockdown of GCase in neurons causes accumula-
tion of GlcCer, reduced rate of proteolysis, accumula-
tion and enlargement of lysosomal compartment, and
increased levels of soluble monomeric, oligomeric and
insoluble a-syn [67]. When these cells over-express W'T
or A53T a-syn, there is a significant decline in cell via-
bility compared with cells with normal GCase; interest-
ingly, cell viability is not reduced if the cells with GCase
knockdown over-express an artificially generated
fibrillation-incompetent a-syn mutant, suggesting that
GCase knockdown promotes accumulation and neu-
rotoxicity of a-syn through polymerization-dependent
mechanisms. Intriguingly, the effect of lysosomal dys-
function in GCase deficiency seems to preferentially
affect a-syn, since the levels of other aggregation-prone
proteins such as tau and huntingtin are not increased in
GCase-knockdown cells. Furthermore, treatment with
the lysosomal inhibitor leupeptin results in increased
total insoluble proteins but does not increase levels of
soluble oligomeric a-syn, while knockdown of GCase
results in increased levels of soluble oligomeric a-syn
but not total insoluble proteins. This suggests that
GCase deficiency preferentially affects the solubility of
a-syn and that this effect is due to alteration of the Glc-
Cer pathway rather than a result of general lysosomal
inhibition. In vitro data have shown that increasing the
concentrations of GlcCer can stabilize the formation of
a soluble assembly-competent intermediate a-syn spe-
cies and promote a-syn fibril formation, thus offering
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a potential mechanism by which GlcCer accumula-
tion in GCase deficiency may promote synucleinopa-
thy. These observations are corroborated in GD mouse
brain showing reduced GCase activity, accumulation
of GlcCer, and degeneration of neurons in substantia
nigra and cortex, with increased soluble oligomeric and
insoluble a-syn [67].

Decreased GCase activity has also been noted in post-
mortem brain samples of iPD patients; furthermore, the
decrease in GCase activity in the substantia nigra of PD
patients correlates with increased a-syn levels [16, 17, 65,
72]. In SH-SY5Y cells, over-expression of a-syn reduces
GCase activity in a dose-dependent manner, suggesting
that a-syn accumulation can lead to reduced activity of
WT GCase in cells with no GBA mutations. A study on
postmortem brain samples of early-stage iPD patients
has shown reduced GCase activity selectively in brain
regions that accumulate a-syn [16]. Furthermore, even
though there is no change in constituent lysosomal mem-
brane proteins (indicating no overt loss or accumulation
of lysosomes), there is evidence of impaired CMA with
reduced LAMP2A levels that correlates with increased
a-syn and reduced GCase activity, suggesting that these
are early events in the clinical course of PD.

a-Syn accumulation likely causes reduced GCase activ-
ity by interfering with the trafficking of GCase [66]. Nor-
mally, GCase binds the lysosomal transporter LIMP2
in the ER and is transported via the Golgi apparatus to
lysosomes. In neurons overexpressing o-syn, LIMP2 fails
to bind GCase and there is increased trapping of GCase
in the ER, with concomitant reduction of GCase activ-
ity in lysosomes [17, 67]. The mechanism underlying this
is unclear since LIMP2 does not appear to bind a-syn.
Interestingly, this effect is not observed if mutant a-syn
lacking amino acids 71-82 (i.e. fibrillation-incompetent
a-syn) is overexpressed, again suggesting that the impair-
ment in ER-to-lysosome trafficking of GCase is depend-
ent on polymerization of a-syn [67]. Retention of GCase
in ER may induce ER stress, as shown by activation of the
unfolded protein response in DA neurons differentiated
from iPSC of GBA-PD patients, together with numer-
ous defects in autophagy: increased autophagosomes,
impaired lysosomal protein degradation, increased num-
ber of lysosomes and increased a-syn release [73].

In summary, GBA mutations likely increase PD risk by
the following proposed mechanisms: (1) gain-of-function
mechanism where mutant and misfolded GCase accumu-
lates in ER, causing ER stress, (2) loss-of-function mech-
anism where GCase deficiency causes accumulation of
its substrate GlcCer, which stabilizes and promotes a-syn
aggregation, and (3) a bi-directional loop where oligo-
meric oa-syn interferes with GCase trafficking, further
exacerbating GCase deficiency, leading to more a-syn
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aggregation. These changes are associated with broad
abnormalities in the ALP (Fig. 2).

Crosstalk between LRRK2 and GBA

Both LRRK2 and GBA play critical roles in the ALP.
Mutations in either gene cause similar dysfunction in
macroautophagy, lysosomal biology and CMA, result-
ing in the aggregation and propagation of a-syn, raising
the possibility that LRRK2 and GBA mutations may con-
tribute to PD pathogenesis through a common biological
pathway. Dissecting how the two genes interact and regu-
late autophagy may identify potential therapeutic targets
for disease modification in PD.

Crosstalk between LRRK2 and GBA can been seen in
DA neurons with LRRK2 R1441C, R1441G or G2019S
mutation, which show reduced GCase activity [14].
GCase activity can be restored by treatment with LRRK2
kinase inhibitor, indicating that LRRK2 mutations reduce
GCase activity in a kinase-dependent manner. Rab10
is a key mediator of GCase activity and is regulated by
LRRK2: phosphorylation of Rabl0 by LRRK2 reduces
GCase activity. Notably, treatment with LRRK2 kinase
inhibitor also increases GCase activity in DA neurons

/

J GCase

trafficking
from ER

\

MNGlcCer

'\./

1 Autophagome accumulation J Lysosome proteolysis

“Mnsoluble a-syn J Autophagosome-lysosome fusion

Ma-syn release JCMA

J Autophagic lysosome reformation

Fig. 2 Vicious cycle of GCase deficiency and a-syn accumulation is
associated with multiple defects in autophagic-lysosomal pathway.
Reduced GCase activity leads to accumulation of its substrate GlcCer,
which acts as a scaffold for a-syn fibril formation. a-Syn aggregation
impairs the transport of GCase from ER to lysosome, further reducing

lysosomal GCase activity
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derived from healthy controls and from PD patients with
heterozygous GBA mutation, suggesting that LRRK2
kinase regulates GCase activity irrespective of the muta-
tion status or the disease state [14]. The increase in
GCase activity after treatment with LRRK2 kinase inhibi-
tor in LRRK2-mutant and in GBA-mutant neurons is
accompanied by the reduction of pS129-a-syn, the pre-
dominant form of a-syn found in LBs [5, 74].

Neurons with heterozygous-null GBA mutation with
apparent normal LRRK2 kinase activity show broad lys-
osomal impairment and increased a-syn accumulation
and release [12]. Despite having normal intrinsic LRRK2
kinase activity, treatment of these GBA-mutant neurons
with LRRK2 kinase inhibitor results in near complete
rescue of lysosomal deficits, supporting a functional link
between the two proteins in the regulation of lysosomal
function [12]. Similarly, GBA-mutant astrocytes do not
have elevated intrinsic LRRK2 kinase activity but show
impaired basal and evoked cytokine production, which
can be reversed with LRRK2 kinase inhibitor, indicating
the possibility of a broader effect on immune response
exerted by GBA-LRRK?2 crosstalk [13]. Collectively, these
studies indicate that LRRK2 and GBA influence each
other in the regulation of lysosomal function and that
LRRK2 kinase inhibitor may be a potential treatment
strategy to correct defects in lysosome and cytokine
response in not only LRRK2-PD but also GBA-PD or per-
haps even iPD.

Dual LRRK2-GBA mutations in PD patients

Since LRRK2 and GBA mutations are two most common
genetic causes of PD, patients with mutations in either
gene or in both genes are increasingly reported, with an
opportunity to study the effects of these mutations on
phenotype. Two studies, which include 503 LRRK2-PD
patients, the majority (89%) being G2019S mutation car-
riers, show that the motor phenotypes of LRRK2-PD are
generally indistinguishable from iPD [27, 75]. Studies
of non-motor features in 485 LRRK2-PD patients (480
or 99% being G2019S carriers) show conflicting results.
Some report higher rates of depression in LRRK2 G2019S
patients [76], while others show no significant difference
in depression and anxiety in LRRK2 G2019S carriers
compared with non-carriers [77, 78]. Cognitive function
is similar in LRRK2 G2019S carriers and non-carriers in
some studies [79, 80], while others show better cognitive
function with lower rates of dementia in LRRK2 G2019S
carriers [27, 81]. GBA carriers have been observed to
have a more rapid motor decline and a higher burden of
nonmotor features, specifically dementia, depression and
anxiety, than iPD patients [82-87]. In particular, severe
GBA mutations (e.g. L444P) are associated with a higher
risk of PD, earlier age of onset, more rapid progression
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and worse cognitive functions than mild mutations (e.g.
N370S) [59, 88, 89]. The age of onset is comparable
between LRRK?2 carriers and iPD, but is significantly ear-
lier in GBA-PD [77, 78, 90, 91]. In PD patients with GBA
mutations, the age of onset in those with severe GBA
mutations is up to 8 years earlier than patients with iPD,
while mild GBA mutation carriers have similar age of
onset as iPD patients [91, 92]. Overall, GBA-PD patients
seem to have worse motor and non-motor symptoms
than iPD while LRRK2-PD patients are more similar to
iPD. However, current evidence is not sufficient to distin-
guish GBA- or LRRK2-PD from iPD by clinical features
alone.

A study of 12 LRRK2-GBA dual mutation carriers (all
with LRRK2 G2019S; 9 with GBA N370S, 2 with E326K
and 1 with R496H) among 556 PD patients reports no
significant differences in clinical motor scores, motor
fluctuations, freezing of gait, and number of patients
reaching Hoehn & Yahr stage 3 compared with carriers of
single-mutation or non-carriers [93]. However, GBA-PD
patients (N370S being the most common) show higher
rates of dementia, RBD and psychosis while dual muta-
tion carriers have the least RBD and psychosis, suggesting
that LRRK2 G2019S may exert a protective effect among
patients with GBA mutations. In a larger study, 27 dual
mutation patients (all with LRRK2 G2019S and a major-
ity with mild GBA mutations) have significantly better
motor function, lower rates of dementia and slower cog-
nitive decline than both mild and severe GBA mutation
carriers, again implying a modifying role of LRRK2 on
motor and nonmotor phenotypes of patients with GBA
mutations [94]. Combining data from multiple studies,
Ortega and colleagues showed that GBA-PD (containing
similar proportions of patients with mild and severe GBA
mutation to the dual mutation group) have the fastest
motor and cognitive decline compared with LRRK2-PD,
PD with dual mutations and iPD, while the latter three
groups are similar on this aspect [95]. Data concerning
the age of onset of LRRK2-GBA dual mutation carriers
are conflicting. Two studies reported that PD patients
with LRRK2-GBA dual mutations were younger at first
motor symptom onset than single mutation carriers [93,
96], while no such differences were found in two other
studies [94, 95].

Collectively, these studies show that LRRK2-GBA dual
mutation carriers have similar motor and non-motor
symptoms to LRRK2 carriers, which are milder than
those seen in GBA-PD. Furthermore, dual mutation
carriers have milder clinical features even when com-
pared with GBA-PD patients carrying the mild GBA
N370S mutation, suggesting that the consistently worst
phenotype in GBA-PD is not driven by those carry-
ing severe GBA mutations [94]. There are limitations to
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these studies: (1) the numbers of dual mutation carriers
in most studies are small, and (2) most studies included
only one LRRK2 mutation (G2019S) and hence it is not
clear if other LRRK2 mutations have the same effect.
Nevertheless, the observations from these studies chal-
lenge the notion of an additive deleterious effect of dual
mutations suggested by (1) the findings of increased risk
of PD and earlier age of onset in dual mutation carri-
ers compared with single mutation carriers [93, 96] and
(2) the finding in cell models of improved GCase activ-
ity after treatment with LRRK2 kinase inhibitor [12—14].
Furthermore, increased GCase activity has been found in
dried blood spots of LRRK2 G2019S PD patients, again
suggesting a protective effect of LRRK2 leading to com-
pensatory increase in GCase activity, although it is not
known whether GCase activity in blood reflects its activ-
ity in the brain [97]. Clearly, the interaction between
LRRK2 and GBA is complex. Given that both LRRK2 and
GBA mutations have incomplete penetrance in PD, other
unknown factors are likely to affect the overall risk and
clinical progression of PD. Further studies are needed to
clarify how the two genes interact to affect the phenotype
and whether this interaction represents an opportunity
for disease modification.

Therapeutic strategies targeting GBA and LRRK2
The ALP is regulated by LRRK2 and GBA along with sev-
eral other PD-associated genes. Its disturbance is a key
mechanism in the pathogenesis of PD (reviewed in [11]).
Since there is strong evidence linking lysosomal dysfunc-
tion with a-syn aggregation and propagation, therapeutic
strategies to enhance autophagy and improve lysosomal
dysfunction are being employed in disease modification
of PD. GBA is well studied for its role in maintaining nor-
mal lysosomal function. Its bi-directional relationship
with a-syn metabolism suggests that enhancement of
GCase activity will be beneficial not only in GBA muta-
tion carriers but in iPD as well. Strategies to mitigate the
effects of reduced GCase activity are mainly headed in
two directions: (1) small molecule chaperones to facili-
tate transit of GCase to the lysosome and (2) substrate
reduction therapy to inhibit biosynthesis of GlcCer
(reviewed in [98]).

Ambroxol, which is widely used as a mucolytic agent,
has been shown to increase GCase activity in fibro-
blasts from healthy controls, GBA carriers (with or
without PD) and iPD patients [99, 100] with associated
improvement in functional lysosomal mass and pro-
teolytic activity. Transgenic mice overexpressing o-syn
have reduced GCase activity compared with WT control
mice, confirming that elevated a-syn can lead to reduced
WT GCase activity [101]. Ambroxol treatment of these
mice increases GCase activity and reduces a-syn and



Pang et al. Translational Neurodegeneration (2022) 11:5

pS129-a-syn levels in brain. Another study employing a
rat model of PD with unilateral intrastriatal injection of
6-hydroxydopamine (6-OHDA) shows that ambroxol
treatment initiated 4 weeks after 6-OHDA injection
(when motor symptoms have fully developed and nigral
cell loss has reached maximal levels) results in restora-
tion of GCase activity, restoration of the dopaminergic
system measured by tyrosine hydroxylase and DA trans-
porter levels, reduction in a-syn pathology, and recovery
of behavioral symptoms [102], suggesting disease-mod-
ifying effects in PD. Ambroxol has also been tested in
human subjects. A single-center, open-label noncon-
trolled clinical trial with GBA-PD and iPD patients
(ClinicalTrials.gov Identifier NCT02941822) shows that
ambroxol achieves good cerebrospinal fluid penetration
and improves motor symptom scores [103]. A phase II
placebo-controlled clinical trial (ClinicalTrials.gov Iden-
tifier NCT02914366) is currently recruiting PD patients
with mild-to-moderate dementia to study the disease-
modifying effects of ambroxol. Another approach to
mitigate the effects of reduced GCase activity is to inhibit
the synthesis of GlcCer. In mouse models of PD, treat-
ment with a GlcCer synthase inhibitor has been shown
to reduce GlcCer in the brain, slow the accumulation of
hippocampal a-syn aggregates, and improve memory
deficits [104]. Another GlcCer synthase inhibitor has
been shown to reduce GlcCer levels in GBA mutant
mouse brain and to rescue lysosomal deficits, reduce
a-syn pathology and DA neuronal cell loss in mouse neu-
rons [105]. In humans, Venglustat (an oral GlcCer syn-
thase inhibitor) has been shown in a phase I study to be
well tolerated and a phase II trial has recently completed
recruitment (ClinicalTrials.gov Identifier NCT02906020)
[106].

Increased kinase function in LRRK2 mutations rep-
resents a toxic “gain-of-function” mechanism caus-
ing autophagic dysfunction, and is an attractive target
for pharmacologic intervention. In cell and transgenic
animal models overexpressing mutant LRRK2, LRRK2
kinase inhibition has been shown to reduce pS129-a-
syn accumulation, oligomeric a-syn levels and «-syn
release [14, 42, 43], and attenuate neurite shortening and
DA neuronal death (reviewed in [107]). Going forward,
mouse models with LRRK2 knockin mutation incorpo-
rate genetic susceptibility and aging to model PD patho-
genesis and can be very useful in the study of the in vivo
effects of LRRK2 kinase inhibition [108, 109]. An impor-
tant consideration of using LRRK2 inhibition as a treat-
ment strategy of PD is its safety profile. Since LRRK?2 is
expressed not only in the brain but also in kidney, lung
and immune cells, long-term LRRK2 kinase inhibition
could potentially affect these tissues. Mice and non-
human primates do not exhibit any renal toxicity after
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receiving LRRK2 kinase inhibitor treatment [107, 110,
111]. In contrast, abnormal cytoplasmic accumulation of
lysosome-related lamellar bodies in type II pneumocytes
has been noted in the lungs of rodents and non-human
primates after LRRK2 kinase inhibition [111, 112]. These
abnormalities appear to be reversible on drug withdrawal
and, more importantly, lower doses of LRRK2 kinase
inhibitor which can achieve substantial brain LRRK2
kinase inhibition do not induce lung pathology [113],
indicating a safety margin where brain LRRK2 kinase
is inhibited without adverse effects on the lungs. It is of
much interest to know whether LRRK2 kinase inhibition
can be a viable treatment strategy beyond LRRK2 muta-
tion carriers. In particular, LRRK2 and GBA mutations
show substantial biological overlap in their effects on
ALP impairment and a-syn pathology. LRRK2 reduces
GCase activity by phosphorylating Rab10 [14]. In cell
models, LRRK kinase inhibition has been shown to
increase GCase activity and reduce pS129-a-syn levels in
neurons carrying LRRK2 or GBA mutations. In addition,
variants in regions around the LRRK2 locus have been
identified in GWAS of sporadic PD patients [24]. Hence,
it is conceivable that LRRK2 inhibition may be useful
in GBA-PD and a subset of sporadic PD patients. One
LRRK2 kinase inhibitor, DNL201, is in phase I clinical
trial that has just completed recruitment of PD patients
with and without LRRK2 mutation (ClinicalTrials.gov
Identifier NCT03710707).

Apart from directly modulating enzymatic activities
of LRRK2 kinase and GCase, the general abnormalities
in ALP as revealed in postmortem PD brain samples as
well as cell and animal models suggest that modulation of
pathways to enhance autophagy may also be viable thera-
peutic options. For example, farnesyltransferase inhibi-
tors have been shown to enhance GCase activity, reduce
a-syn aggregation and improve neuronal viability in PD
patient-derived iPSC-midbrain neurons expressing A53T
mutant a-syn by promoting hydrolase trafficking to the
lysosome [11, 114]. Inhibition of mTOR promotes mac-
roautophagy and ALP, and induces nuclear translocation
of transcription factor B (TFEB), thus activating tran-
scription of autophagic and lysosomal proteins [11, 115].
Hence, inhibitors of mTOR, such as rapamycin, repre-
sent another treatment strategy. Activation of CMA may
improve a-syn degradation. Treatment of cells and mice
with CMA activators has been shown to reduce a-syn
accumulation and release [11, 50, 116]. Nilotinib, a tyros-
ine kinase inhibitor which activates autophagy through
the AMPK pathway, has been shown to reduce a-syn lev-
els, suppress DA neuronal loss and improve motor defi-
cits in mice [117]. However, results in a human clinical
trial recently published have been disappointing. Nilo-
tinib achieved low CSF penetrance with no improvement
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in clinical motor scores in patients with moderately
advanced PD [118]. Further advancements in our under-
standing of the regulation of ALP will hopefully lead to
new therapeutic targets in the disease modification of
PD.

Conclusions and future directions

The identification of LRRK2 and GBA mutations in famil-
ial and sporadic PD has led to major advancement in the
past 10 years in our understanding of the regulation of
ALP. The lysosome has emerged to be a critical player
in maintaining a-syn homeostasis and is also where the
effects of LRRK2 and GBA mutations converge. Impair-
ment of lysosomal function causes broad abnormalities
in autophagy that ultimately lead to accumulation of
toxic oligomeric a-syn, which further impairs autophagy,
forming a vicious cycle. Mitochondrial dysfunction and
impaired mitophagy have also been described in LRRK2
and GBA mutations, which are likely linked to reduced
efficiency of ALP [119, 120]. Specifically, in a mouse
model with heterozygous GBA L444P mutation and
another mouse model with LRRK2 R1441C homozy-
gous knockin mutation, accumulation of mitochondria
with abnormal morphology, increased oxidative stress,
reduced ATP production, increased accumulation of
autophagosomes with reduced rate of mitophagy has
been described [119, 120]. These abnormalities are con-
sistent with mitochondrial dysfunction observed in

PD, with impaired electron transport chain function,
impaired calcium buffering and abnormal mitochon-
drial morphology and dynamics (reviewed in [121, 122]).
Furthermore, LRRK2 and GBA have also been impli-
cated in immune response, indicating their multi-faceted
functions [123]. There are still huge gaps in our knowl-
edge. It is unclear at present why LRRK2 kinase activ-
ity is increased in iPD or how a-syn impairs trafficking
of GCase from ER to the lysosome. Furthermore, in the
majority of PD patients who have no known mutations,
it is unclear what triggers the pathogenic cascade leading
to lysosomal dysfunction and a-syn accumulation. Nev-
ertheless, altered LRRK2 and GCase activities and their
associated autophagic defects have been observed in iPD,
potentially extending the application of drugs that modu-
late their functions to the wider PD population (Fig. 3).
For example, ambroxol and LRRK2 kinase inhibitors have
both been shown to increase GCase activity in WT cells,
and LRRK2 kinase inhibitors correct lysosomal defects
in GBA mutant cells. Clinical trials of some of these
drugs are underway and their results, particularly in iPD
patients, will be eagerly awaited.
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