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Systematic analysis of multi-omics data 
reveals component-speci"c blood-based 
biomarkers for Parkinson’s disease
Teddy J. W. Tng1,2,3†, Barbara Wing Yan Wong4†, Esther H. Y. Sim5, Eng King Tan6, Wilson W. B. Goh1,2,7* and 
Kah-Leong Lim1,6*   

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 α-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 APOA1, 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
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, 
8-OHdG and Uric acid.

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]. 
!erefore, a cheaper but feasible alternative is needed for 
PD diagnosis.

Recently, mounting evidence suggested that biofluids 
can reflect the pathophysiology of PD [13–15]. !is, 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. !is was demon-
strated by Redenšek et  al. where only 4% (5 out of 107 
papers examined) of PD-related omics study from 2005 
to 2017 were integrative [18]. !e lack of corroboration 
represents an important research gap. !e 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 speci"c 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, 

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 
PARK16, 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]. !e aggrega-
tion of α-synuclein protein into Lewy bodies is the 
histopathological hallmark of PD [23]. !rough 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. !e 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. !e 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. !e 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. !is 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. !ese 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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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. 
"e 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 

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

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. !is 
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 
speci!c 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 !rombomodulin 
(THBD) (26.7%). !ese genes were also reported in 
papers specific for whole blood. Interestingly, Arg1, 
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 Arg1 as a candidate biomarker. On 
the other hand, the most downregulated gene across 
all papers is SNCA (29.4%). SNCA is also the most 

reported downregulated gene in papers on whole blood 
(42%).

Protein analysis of the various blood subtypes suggest 
use of SNCA and APOA1 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). !e more commonly reported upregu-
lated proteins across all blood subtypes in these papers 
are SNCA (42%), MAPT (10%), TTR (10%) and VWF 
(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%). !e more commonly reported downregulated 
proteins across all blood subtypes in the 18 papers are 
APOA1 (16.7%), FGG (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 αSYN gene expression 
and upregulation in SNCA protein, various explanations 
have been proposed. For example, a downregulation in 
αSYN 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



Page 6 of 21Tng et al. Translational Medicine Communications            (2024) 9:12 

[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 APOA1 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. 

"e 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].

Table 3 Analysis of top proteomic hits categorised by blood subtypes
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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 

Table 4 Analysis of top metabolomic hits categorised by blood subtypes
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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. A ∩ B/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 Arg1.

Both transcriptomics and proteomics point to common 
theme of neuroin"ammation and metabolic processes 
despite seemingly di#erent 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 

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). #e 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). #e 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. #is 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 
con$dence in selected biomarkers
#e 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

S No. Blood Component Top 10 pathways a!ected Level in PD (compared to healthy controls)

Transcriptomics
1 Whole blood Nil Downregulated

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,

Upregulated

2 Whole blood Nil Downregulated

Staphylococcus aureus infection, Complement 
and coagulation cascades

Upregulated

3 Whole blood Nil Downregulated

Osteoclast differentiation, Leishmaniasis, Tuber-
culosis,

Upregulated

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

Downregulated

5 Whole blood Nil Downregulated

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

Upregulated

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

Downregulated

Nil Upregulated

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

Downregulated

Porphyrin and chlorophyll metabolism, Amoe-
biasis

Upregulated

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

Downregulated

9 Whole blood Nil Downregulated

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

Upregulated

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

Downregulated

Nil Upregulated

11 peripheral blood mononuclear cell (PBMC) Autophagy, Mitophagy, RIG-I-like receptor signal-
ing pathway, NOD-like recptor signaling pathway, 
Shigellosis

Downregulated

Lysosome, Glycosaminoglycan degradation, 
Other glycan degradation, Glycosphingolipid 
biosynthesis, Phagosome, Sphinagolipid metabo-
lism, Collecting duct acid secretion, Apoptosis, 
Tuberculosis, Synaptic vesicle cycle

Upregulated

12 Whole blood Nil Downregulated

Nil Upregulated
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Table 5 (continued)

S No. Blood Component Top 10 pathways a!ected Level in PD (compared to healthy controls)

13 peripheral blood mononuclear cells (PBMCs) Nil Downregulated

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

Upregulated

14 Whole blood Nil Downregulated

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

Downregulated

Fructose and mannose metabolism, Inflamma-
tory bwel disease

Upregulated

16 Whole blood Nil Downregulated

Arachidonic acid metabolism Upregulated

17 Peripheral blood Nil Downregulated

18 Blood Serum Nil Upregulated

Blood Serum Viral protein interaction with cytokine 
and cytokine receptor,

Upregulated

Proteomics
1 Plasma EV Parkinson disease, MAPK signaling pathway, Alz-

heimer disease, Pathways of neurodegeneration
Upregulated

2 Plasma EV Parkinson disease, Alzheimer disease, Pathways 
of neurodegeneration

Upregulated

3 Plasma EV Parkinson disease, Alzheimer disease, Pathways 
of neurodegeneration

Upregulated

4 Plasma EV Parkinson disease, Alzheimer disease, Pathways 
of neurodegeneration

Upregulated

5 Plasma EV Parkinson disease, Alzheimer disease, Pathways 
of neurodegeneration

Upregulated

6 Plasma EV Parkinson disease, Alzheimer disease, Pathways 
of neurodegeneration

Upregulated

7 Plasma EV Parkinson disease, Alzheimer disease, Pathways 
of neurodegeneration,

Upregulated

8 Plasma EV Ferroptosis, Prion disease, Pathways of neurode-
generation,

Upregulated

9 Plasma EV Nil Upregulated

10 Plasma EV 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,

Downregulated

11 Plasma EV 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,

Upregulated

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,

Downregulated

12 Serum EV Parkinson disease, Alzheimer disease, Pathways 
of neurodegeneration

Upregulated

Nil Downregulated
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Table 5 (continued)

S No. Blood Component Top 10 pathways a!ected Level in PD (compared to healthy controls)

13 Serum EV Parkinson disease, Alzheimer disease, Pathways 
of neurodegeneration

Downregulated

14 Serum EV Asthma, African trypanosomiasis, Allograft rejec-
tion, Graft-versus-host disease, Type I diabetes 
mellitus, Type II diabetes mellitus, Malaria, 
Legionellosis, Inflammatory bowel disease, Fc 
epsilon RI signaling pathway,

Upregulated

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

Downregulated

15 Serum EV Parkinson disease, Alzheimer disease, Pathways 
of neurodegeneration

Upregulated

16 Serum EV Parkinson disease, Alzheimer disease, Pathways 
of neurodegeneration

Upregulated

17 Serum EV Parkinson disease, Alzheimer disease, Pathways 
of neurodegeneration

Upregulated

18 Serum EV 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,

Upregulated

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

Downregulated

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

Upregulated

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,

Downregulated

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

Upregulated

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,

Downregulated

21 Blood Plasma Nil Upregulated

Nil Downregulated

22 Blood Plasma 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,

Upregulated

Arginine biosynthesis Downregulated
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Table 5 (continued)

S No. Blood Component Top 10 pathways a!ected Level in PD (compared to healthy controls)

23 Blood Plasma ECM-receptor interaction, Staphylococcus aureus 
infection

Upregulated

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

Downregulated

24 Blood Plasma 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,

Upregulated

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,

Downregulated

25 Blood Plasma Sphingolipid signaling pathway, Lysosome, Estro-
gen signaling pathway, Autophagy, Apoptosis, 
Protein processing in endoplasmic reticulum, 
Tuberculosis, Diabetic cardiomyopathy

Downregulated

26 Blood Plasma ECM-receptor interaction Upregulated

27 Blood Plasma Parkinson disease, Alzheimer disease, Pathways 
of neurodegeneration, MAPK signaling pathway

Upregulated

28 Blood Plasma Parkinson disease, Alzheimer disease, Pathways 
of neurodegeneration

Upregulated

29 Blood Serum Nil Upregulated

Nil Downregulated

30 Blood Serum Cholesterol metabolism, Thyroid hormone syn-
thesis, Complement and coagulation cascades

Upregulated

Vasopressin-regulated water reabsorption Downregulated

31 Blood Serum Complement and coagulation cascades, Staphy-
lococcus aureus infection, Platelet activation, 
Neutrophil extracellular trap formation, Corona-
virus disease

Upregulated

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,

Downregulated

32 Blood Serum Nil Upregulated

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

Downregulated

33 Blood Serum Parkinson disease, Alzheimer disease, Pathways 
of neurodegeneration

Upregulated

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

Upregulated

Parkinson disease, Alzheimer disease, Pathways 
of neurodegeneration

Downregulated

Metabolomics
1 Blood plasma Sphingolipid metabolism Upregulated

names not identified Downregulated

2 Blood plasma names not identified Upregulated

3 Blood plasma Citrate cycle (TCA cycle), Arginine biosynthesis Upregulated

NIL Downregulated
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Table 5 (continued)

S No. Blood Component Top 10 pathways a!ected Level in PD (compared to healthy controls)

4 Blood plasma Nicotinate and nicotinamide metabolism, Tyros-
ine metabolism

Upregulated

Tryptophan metabolism Downregulated

5 Blood Plasma Steroid hormone biosynthesis Upregulated

NIL Downregulated

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

Upregulated

Thiamine metabolism ,Taurine and hypotaurine 
metabolism, Pantothenate and Co biosynthe-
sis, Glutathione metabolism, Glycine, serine 
and threonine metabolism, Cysteine and methio-
nine metabolism

Downregulated

7 Blood Plasma Arginine biosynthesis, Butanoate metabolism Upregulated

Taurine and hypotaurine metabolism, Biotin 
metabolism, Lysine degradation

Downregulated

8 Blood Plasma Linoleic acid metabolism, alpha-Linolenic acid 
metabolism

Upregulated

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

Downregulated

9 Blood Plasma Valine, leucine and isoleucine biosynthesis, 
Aminoacyl-tRNA biosynthesis

Upregulated

Biosynthesis of unsaturated fatty acids, Linoleic 
acid metabolism

Downregulated

10 Blood Plasma Phenylalanine, tyrosine and tryptophan biosyn-
thesis, Phenylalanine metabolism

Upregulated

NIL Downregulated

11 Plasma EV names not identified Upregulated

names not identified Downregulated

12 Serum EV names not identified Upregulated

names not identified Downregulated

13 Whole blood Glutathione metabolism Upregulated

Purine metabolism Downregulated

14 Whole blood names not identified Downregulated

15 Whole blood NIL Upregulated

NIL Downregulated

16 Blood Plasma Glycerophospholipid metabolism Upregulated

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

Downregulated

17 Whole blood Biosynthesis of unsaturated fatty acids, Arachi-
donic acid metabolism

Upregulated

Biosynthesis of unsaturated fatty acids Downregulated

18 Blood Plasma Purine metabolism Downregulated

19 Blood Plasma NIL Upregulated

20 Blood Serum D-Glutamine and D-glutamate metabolism, 
Nitrogen metabolism, Arginine biosynthesis

Upregulated

Arginine and proline metabolism Downregulated
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(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. "e 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. 
"e 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 (α-syn) was shown to increase 
ARG1 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 

Table 5 (continued)

S No. Blood Component Top 10 pathways a"ected Level in PD (compared to healthy controls)

21 Blood Serum Arginine and proline metabolism, Arginine 
biosynthesis

Upregulated

Arginine biosynthesis Downregulated

22 Blood Serum Histidine metabolism Upregulated

NIL Downregulated

23 Blood Serum Sphingolipid metabolism, Glycerophospholipid 
metabolism, Arginine and proline metabolism

Upregulated

Arginine biosynthesis Downregulated

24 Whole blood Biosynthesis of unsaturated fatty acids Upregulated

Butanoate metabolism, Alanine, aspartate 
and glutamate metabolism, Arginine and proline 
metabolism, Nitrogen metabolism, D-Glutamine 
and D-glutamate metabolism

Downregulated

25 Blood Serum Tyrosine metabolism, Phenylalanine, tyrosine 
and tryptophan biosynthesis, Ubiquinone 
and other terpenoid-quinone biosynthesis, Phe-
nylalanine metabolism, Arginine biosynthesis

Upregulated

Tryptophan metabolism, caffeine metabolism Downregulated

26 Whole blood Citrate cycle (TCA cycle), Glyoxylate and dicarbo-
xylate metabolism, Pyruvate metabolism, Galac-
tose metabolism,Alanine, aspartate and gluta-
mate metabolism

Downregulated

27 Blood Serum NIL Upregulated
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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-naïve 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-naïve 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. "ese 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), 

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. C GO—BP pathways for compiled 
downregulated protein list. D GO – BP pathways for compiled downregulated transcript list
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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 
identi"cation
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) 

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

Table 6 Preference for age, UPDRS scoring and medication 
status of our proposed biomarkers. (-) indicates no information or 
no preference

UP Arg1 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, TCIRG1, 
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). "e 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. "e 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]. "is means that they are not comparing 

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. "is will aid in better comparisons 
and understanding of omics changes in PD progression.

Future directions: human-microbe i-omics
"e 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
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Arg1 expression, APOA1 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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Aims 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.

Methods 
and results

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 JT interval (JTc) being most significant 
(354 ± 42 vs. 356 ± 26 vs. 314 ± 26 ms, P = 0.002). Among SARC+LVH−, JTc 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 = 0.6 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).

Conclusion 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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Structured Graphical Abstract

Keywords hypertrophic cardiomyopathy • sarcomere • cardiac magnetic resonance imaging • arrhythmia • sudden cardiac death 
• repolarization • ECG

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,1,2 with emerging evidence indicating its presence 
even in pre-natal animal models.3 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.

Several studies have explored the electrophysiological disruption 
caused by myocardial disarray, specifically with regards to myocardial 
conduction and action potential propagation.4–6 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.7–9 FA is a scalar value of the directionality in diffusion of 
water molecules (with 1 representing perfect alignment or ‘isotropy’, 
and 0 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.7,10,11

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,12–16 and as with myocardial disarray, have been shown to pre-
cede hypertrophy.17,18 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 ≥ 13 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,19 and 
late gadolinium enhancement (LGE) imaging.

DT-CMR was performed using a previously described stimulated echo 
acquisition mode (STEAM) sequence7 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 
interest20). Significant LGE burden was defined as > 15% of LV mass based 
on increased risk of adverse clinical events.20,21 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)7 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.22 Previous work has shown that MD is strain-dependent, 
but that diastolic FA appears largely unaffected by strain.23 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.15

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.16 This technique has previously been used by 
our group to study associations between quantitative ECG parameters 
and multi-parametric CMR data.24 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. 
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Associations between categorical variables were determined using the χ2 

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 β 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 

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 S1). 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 MYH7, apart from a single Troponin I 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 S1). 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 
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Table 1 Baseline demographic and clinical parameters

Controls (14) SARC+LVH (24) HCM (24) Sarc+LVH− 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 3.3 ± 1.9%

CMR findings

LV MWT (mm) 11 ± 1 10 ± 1 22 ± 5 0.145 < 0.001 < 0.001

LV EDVI (mL/m2) 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/m2) 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 (× 10−3 mm2/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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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,23 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 JTc 
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 JTc 
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 

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 JTc 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, J point → T wave tangential line, corrected for heart rate; HCM, 
hypertrophic cardiomyopathy; SARC+LVH, pre-hypertrophic sarcomeric variant carriers.
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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.
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Table 2 ECG analysis results

Controls (14) SARC+LVH− (24) HCM (24) SARC+LVH− vs.  
controls

HCM vs.  
controls

3-way  
comparison

P-value P-value P-value

Qualitative ECG parameters

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

Abnormal ECG 1 (2) 9 (38) 17 (63) 0.115 < 0.001 < 0.001

LVH voltage criteria 0 7 (29) 9 (38) 0.07 0.014 0.053

Pathological Q waves 0 3 (13) 5 (21) 0.536 0.088 0.220

LBBB/RBBB 0 1 (4) 2 (8) 0.99 0.303 0.541

ST/T wave abnormalities 1 (8) 5 (21) 16 (67) 0.640 < 0.001 < 0.001

Quantitative ECG parameters

PR interval (ms) 155 ± 24 150 ± 17 165 ± 21 0.451 0.239 0.052

QRS duration (ms) 94 ± 8 91 ± 16 98 ± 13 0.652 0.328 0.258

QTc (ms) 413 ± 27 454 ± 29 451 ± 50 < 0.001 0.026 0.013

QTc dispersion (ms) 48 ± 20 71 ± 27 78 ± 41 0.017 0.027 0.033

QTPc (ms) 340 ± 24 373 ± 28 375 ± 46 0.002 0.021 0.021

QTPc dispersion (ms) 40 ± 16 66 ± 18 88 ± 81 < 0.001 0.064 0.057

JTc (ms) 314 ± 26 356 ± 26 354 ± 42 < 0.001 0.006 0.002

cTPe (ms) 89 ± 10 102 ± 15 105 ± 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 (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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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 (CI) 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 JTc interval (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 β = 0.407, 
P = 0.04, QTc β = 0.385, P = 0.036, and QTc dispersion β = 0.54, 
P = 0.03).

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 = 0.6, 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− patients2 and demonstrated 
its patchy nature within the myocardium in HCM.25 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.7 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.26 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.27 noted an 
increased ECV, indicative of diffuse fibrosis, in SARC+LVH− patients, 
whereas Joy’s study and ours did not find significant ECV differences. 

Figure 3 QTc interval, QTc dispersion, and JTc interval across groups. JTc, J point → T wave tangential line, corrected for heart rate; QTc, Q wave →  
T wave tangential line, corrected for heart rate.
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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) 

. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

Table 3 ECG analysis results (incl. only SARC+HCM)

Controls 
(14)

SARC+LVH− 
(24)

SARC+HCM 
(16)

SARC+LVH− vs. 
controls

SARC+HCM vs. 
controls

3-way 
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

QTc 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) 314 ± 26 356 ± 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).

Figure 4 Receiver operator characteristic curve—diagnostic ability of JTc interval in discriminating SARC+LVH− from healthy controls. JTc, 
J point → T wave tangential line, corrected for heart rate; SARC+LVH−, pre-hypertrophic sarcomeric variant carriers.
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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, JTc 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.17,26,28,29

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.13,15,30–32 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− patients.33–36 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.,34 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 
(ECGi), 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 JTc 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 handling6). 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 fibrosis37 and microvascular dysfunction28—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.37 in their ECG and CMR study of 112 
overt HCM patients. Similarly, Österberg et al.28 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.,12 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.38–40 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,12,28,37 and mirror documented associations with other prog-
nostic markers including strain abnormalities41 and arrhythmic bur-
den.13,31,35 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 JTc 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.
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LRRK2, GBA and their interaction 
in the regulation of autophagy: implications 
on therapeutics in Parkinson’s disease
Shirley Yin-Yu Pang1, Rachel Cheuk Nam Lo1, Philip Wing-Lok Ho1, Hui-Fang Liu1, Eunice Eun Seo Chang1, 
Chi-Ting Leung1, Yasine Malki1, Zoe Yuen-Kiu Choi1, Wing Yan Wong2, Michelle Hiu-Wai Kung1, 
David Boyer Ramsden3 and Shu-Leong Ho1* 

Abstract 
Mutations in leucine-rich repeat kinase 2 (LRRK2) 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 α-synuclein (α-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 α-syn binding and oligomerization on lysosomal membranes. Mutations 
in GBA reduce glucocerebrosidase (GCase) activity, leading to glucosylceramide accumulation, α-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.
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Background
Autophagy is a degradation process to remove pro-
teins and dysfunctional organelles from cells to pre-
vent subsequent toxicity and cell death. !ere are 
three forms of autophagy: (1) macroautophagy, which 
involves sequestration of portions of the cytosol into 

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 α-synuclein 
(α-syn) [4, 5]. In postmortem PD brains, reduction of 
lysosomal markers is apparent in nigral neurons that 
contain α-syn inclusions [6]. Furthermore, lysosomal 
depletion has been shown to precede dopaminergic cell 
death in a PD mouse model [7]. Since α-syn is degraded 
in lysosomes, impairment of the autophagic-lysosomal 
pathway (ALP) could lead to impaired α-syn clearance. 
Aggregation of α-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]. !ere 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, α-syn aggre-
gates into oligomeric species, which then seed further 
aggregation and spread within the nervous system in a 
prion-like fashion [20, 21]. !e long prodromal period 
represents a window of opportunity to modify disease 
progression. Understanding the roles LRRK2 and GBA 
play in autophagy and α-syn aggregation will help elu-
cidate the pathogenesis of PD and formulate rational 
therapeutic strategies.

LRRK2 and autophagy
LRRK2 mutations in PD
Mutations in LRRK2, located in the PARK8 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 LRRK2 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 
α-syn [23].
!e 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]. !e 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 
LRRK2 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]. !ere 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]. !ese 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]. !e 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  Ca2+-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 
 Ca2+-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. !is 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. !ese 
observations suggest that LRRK2 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 

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 α-syn, 
accumulation of phosphorylated α-syn at serine 129 
(pS129-α-syn), and increased neuronal release of α-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 α-syn can be induced by treat-
ment with lysosomal inhibitors, indicating that lysosomal 
inhibition can increase insoluble α-syn in WT cells simi-
larly to that seen in LRRK2 mutant cells, thereby con-
firming the importance of functional lysosomes in α-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 α-syn on enlarged endosomes in transgenic mice 
overexpressing α-syn [46]. Treatment with LRRK2 kinase 
inhibitor reduces Rab35 levels and its co-localization 
with α-syn, normalizes the size of enlarged endosomes 
and increases co-localization of α-syn with cathepsin, 
indicating increased trafficking of α-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
!ere 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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the substantia nigra of postmortem PD brain samples 
[47]. Notably, α-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 α-syn [49]. Furthermore, rather than 
competing with α-syn for binding to LAMP2A, mutant 
LRRK2 actually enhances binding of monomeric α-syn to 
lysosomal membranes. Since LAMP2A multimerization 
is blocked by mutant LRRK2, α-syn bound to lysosomal 
membrane would not be translocated into the lysosome, 
resulting in a marked increase of the formation of α-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 α-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 α-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 α-syn accumulation and release.

In summary, the PD-associated pathogenic LRRK2 
mutations increase phosphorylation of LRRK2 kinase 
substrates in 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 α-syn. !ese abnormalities likely contribute to 
α-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 

Fig. 1 Defects in autophagy associated with LRRK2 mutations. a Mutant LRRK2 induces autophagosome formation by activating the MEK/
ERK pathway and the  Ca2+-dependent AMPK pathway. b Fusion of autophagosome with lysosome is blocked, exacerbating autophagosome 
accumulation. c 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 α-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
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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]. !e 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]. !e 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]. !e most 
common GBA mutations in PD patients worldwide are 
N370S and L444P [52]. !e 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 α-syn aggregation, the mech-
anisms of which will be discussed below.

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]). !e 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 α-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 α-syn without increas-
ing its mRNA (suggesting that the increased α-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 α-syn as well as α-syn release, further illustrating 
the critical role of GCase activity in maintaining nor-
mal lysosomal function and α-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 α-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 α-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 α-syn and α-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]. !ere 
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). 
!is 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 α-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 α-syn [67]. When these cells over-express WT 
or A53T α-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 α-syn mutant, suggesting that 
GCase knockdown promotes accumulation and neu-
rotoxicity of α-syn through polymerization-dependent 
mechanisms. Intriguingly, the effect of lysosomal dys-
function in GCase deficiency seems to preferentially 
affect α-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 α-syn, while knockdown of GCase 
results in increased levels of soluble oligomeric α-syn 
but not total insoluble proteins. !is suggests that 
GCase deficiency preferentially affects the solubility of 
α-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 α-syn spe-
cies and promote α-syn fibril formation, thus offering 

a potential mechanism by which GlcCer accumula-
tion in GCase deficiency may promote synucleinopa-
thy. !ese 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 α-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 α-syn levels [16, 17, 65, 
72]. In SH-SY5Y cells, over-expression of α-syn reduces 
GCase activity in a dose-dependent manner, suggesting 
that α-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 α-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 
α-syn and reduced GCase activity, suggesting that these 
are early events in the clinical course of PD.
α-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 α-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]. !e mechanism underlying this 
is unclear since LIMP2 does not appear to bind α-syn. 
Interestingly, this effect is not observed if mutant α-syn 
lacking amino acids 71–82 (i.e. fibrillation-incompetent 
α-syn) is overexpressed, again suggesting that the impair-
ment in ER-to-lysosome trafficking of GCase is depend-
ent on polymerization of α-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 α-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 α-syn 
aggregation, and (3) a bi-directional loop where oligo-
meric α-syn interferes with GCase trafficking, further 
exacerbating GCase deficiency, leading to more α-syn 
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aggregation. !ese 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 α-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 Rab10 by LRRK2 reduces 
GCase activity. Notably, treatment with LRRK2 kinase 
inhibitor also increases GCase activity in DA neurons 

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]. !e 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-α-syn, the pre-
dominant form of α-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 α-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–LRRK2 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 

Fig. 2 Vicious cycle of GCase deficiency and α-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 α-syn fibril formation. α-Syn aggregation 
impairs the transport of GCase from ER to lysosome, further reducing 
lysosomal GCase activity
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and worse cognitive functions than mild mutations (e.g. 
N370S) [59, 88, 89]. !e age of onset is comparable 
between LRRK2 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]. !ere are limitations to 

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
!e 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 α-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 α-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 α-syn 
have reduced GCase activity compared with WT control 
mice, confirming that elevated α-syn can lead to reduced 
WT GCase activity [101]. Ambroxol treatment of these 
mice increases GCase activity and reduces α-syn and 
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pS129-α-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 α-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 α-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 
α-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-α-
syn accumulation, oligomeric α-syn levels and α-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 LRRK2 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 

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]. !ese 
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 α-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-α-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 
α-syn aggregation and improve neuronal viability in PD 
patient-derived iPSC-midbrain neurons expressing A53T 
mutant α-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 α-syn degradation. Treatment of cells and mice 
with CMA activators has been shown to reduce α-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 α-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
!e 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. !e lysosome has emerged to be a critical player 
in maintaining α-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 α-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]. !ese 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]. !ere are still huge gaps in our knowl-
edge. It is unclear at present why LRRK2 kinase activ-
ity is increased in iPD or how α-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 α-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.

Abbreviations
ALP: Autophagic-lysosomal pathway; AMPK: Adenosine monophosphate 
(AMP)-activated protein kinase; AV: Autophagic vacuoles; CMA: Chaperone-
mediated autophagy; DA: Dopamine; ER: Endoplasmic reticulum; ERK: 
Extracellular signal regulated protein kinase; GBA: Glucocerebrosidase; GCase: 
Glucocerebrosidase; GD: Gaucher disease; GlcCer: Glucosylceramide; GWAS: 

Fig. 3 Treatment targeting LRRK2 kinase and GCase activities in PD. a In LRRK2-PD, LRRK2 kinase activity is increased and GCase activity is reduced. 
Treatment with LRRK2 kinase inhibitor has been shown to improve GCase activity, normalize lysosome function and reduce α-syn. b In GBA-PD, 
GCase activity is reduced while LRRK2 kinase activity is normal. Both ambroxol and LRRK2 kinase inhibitor have been shown to improve GCase 
activity, lysosomal function and reduce α-syn. c Idiopathic PD has been shown to have increased LRRK2 kinase and reduced GCase activities; it 
remains to be seen whether treatment with ambroxol or LRRK2 kinase inhibitor will be useful



Page 11 of 14Pang et al. Translational Neurodegeneration            (2022) 11:5  

Genome-wide association study; iPD: Idiopathic Parkinson’s disease; iPSC: 
Induced pluripotent stem cells; LAMP1: Lysosome-associated membrane pro-
tein 1; LAMP2A: Lysosome-associated membrane protein 2A; LB: Lewy bodies; 
LC3: Light chain 3; LIMP2: Lysosomal integral membrane protein 2; LRRK2: 
Leucine-rich repeat kinase 2; MEK: Mitogen activated protein kinase/extracel-
lular signal regulated protein kinase (MAPK/ERK) kinase; mTOR: Mammalian 
target of rapamycin; NAADP: Nicotinic acid adenine dinucleotide phosphate; 
PD: Parkinson’s disease; RBD: Rapid eye movement sleep behavior disorder.

Acknowledgements
We thank the Tai Hung Fai Charitable Foundation - Edwin S H Leong Research 
Programme for Parkinson’s Disease, Henry G. Leong Endowed Professorship in 
Neurology (SLH), and the Donation Fund for Neurology Research for their sup-
port. We also thank the Department of Medicine, the University of Hong Kong, 
for technical and administrative support.

Authors’ contributions
SP, RL: Reviewing the literature, drafting and revising the manuscript; All other 
authors: critically revising the manuscript. All authors read and approved the 
final manuscript.

Funding
Tai Hung Fai Charitable Foundation—Edwin S H Leong Research Programme 
for Parkinson’s Disease; The Henry G. Leong Endowed Professorship in Neurol-
ogy; The Donation Fund for Neurology Research.

Availability of data and materials
Not applicable.

Declarations

Ethics approval and consent to participate
Not applicable.

Consent for publication
Not applicable.

Competing interests
The authors declare that they have no competing interests.

Author details
1 Division of Neurology, Department of Medicine, Queen Mary Hospital, 
University of Hong Kong, Hong Kong, China. 2 School of Biomedical Sciences, 
Li Ka Shing Faculty of Medicine, University of Hong Kong, Hong Kong, China. 
3 Institute of Metabolism and Systems Research, University of Birmingham, 
Birmingham, UK. 

Received: 11 October 2021   Accepted: 12 January 2022

References
 1. Mizushima N, Levine B, Cuervo A, Klionsky D. Autophagy fights disease 

through cellular self-digestion. Nature. 2008;451:1069–75.
 2. Orenstein SJ, Cuervo AM. Chaperone-mediated autophagy: molecu-

lar mechanisms and physiological relevance. Semin Cell Dev Biol. 
2010;21:719–26.

 3. Mijaljica D, Prescrott M, Devenish RJ. Microautophagy in mammalian 
cells: revisiting a 40-year-old conundrum. Autophagy. 2011;7:673–82.

 4. Baba M, Nakajo S, Tu PH, Tomita T, Nakaya K, Lee VM, et al. Aggrega-
tion of α-synculein in Lewy bodies of sporadic Parkinson’s disease and 
dementia with Lewy bodies. Am J Pathol. 1998;152:879–84.

 5. Fujiwara H, Hasegawa M, Dohmae N, Kawashima A, Masliah E, Goldberg 
MS, et al. α-Synuclein is phosphorylated in synucleinopathy lesions. Nat 
Cell Biol. 2002;4:160–4.

 6. Chu Y, Dodiya H, Aebischer P, Olanow CW, Kordlower JH. Alterations in 
lysosomal and proteasomal markers in Parkinson’s disease: relationship 
to alpha-synuclein inclusions. Neurobiol Dis. 2009;35:385–98.

 7. Dehay B, Bove J, Rodriguez-Muela N, Perier C, Recasens A, Boya P, et al. 
Pathogenic lysosomal depletion in Parkinson’s disease. J Neurosci. 
2010;30:12535–44.

 8. Hou X, Watzlawik JO, Fiesel FC, Springer W. Autophagy in Parkinson’s 
disease. J Mol Biol. 2020;432:2651–72.

 9. Gan-Or Z, Dion PA, Rouleau GA. Genetic perspective on the role of 
the autophagy-lysosome pathway in Parkinson disease. Autophagy. 
2015;11:1443–57.

 10. Nalls MA, Pankratz N, Lill CM, Do CB, Hernandez DG, Saad M, et al. 
Large-scale meta-analysis of genome-wide association data identifies 
six new risk loci for Parkinson disease. Nat Genet. 2014;46:989–93.

 11. Abe T, Kuwahara T. Targeting of lysosomal pathway genes for Parkin-
son’s disease modification: insights from cellular and animal models. 
Front Neurol. 2021;12:681369.

 12. Sanyal A, Novis HS, Gasser E, Lin S, LaVoie MJ. LRRK2 kinase inhibi-
tion rescues deficits in lysosome function due to heterozygous 
GBA1 expression in human iPSC-derived neurons. Front Neurosci. 
2020;14:442.

 13. Sanyal A, DeAndrade MP, Novis HS, Lin S, Chang J, Lengacher N, et al. 
Lysosome and inflammatory defects in GBA1-mutant astrocytes are 
normalized by LRRK2 inhibition. Mov Disord. 2020;35:760–73.

 14. Ysselstein D, Nguyen M, Young TJ, Severino A, Schwake M, Merchant 
K, et al. LRRK2 kinase activity regulates lysosomal glucocerebrosidase 
in neurons derived from Parkinson’s disease patients. Nat Comm. 
2019;10:5570.

 15. Di Maio R, Hoffman EK, Rocha EM, Keeney MT, Sanders LH, De Miranda 
BR, et al. LRRK2 activation in idiopathic Parkinson’s disease. Sci Transl 
Med. 2018;10:eaar5429.

 16. Murphy KE, Gysbers AM, Abbott SK, Tayebi N, Kim WS, Sidransky E, et al. 
Reduced glucocerebrosidase is associated with increased α-synuclein 
in sporadic Parkinson’s disease. Brain. 2014;137:834–48.

 17. Gegg ME, Burke D, Heales SJR, Cooper JM, Hardy J, Wood NW, et al. 
Glucocerebrosidase deficiency in substantia nigra of Parkinson disease 
brains. Ann Neurol. 2012;72:455–63.

 18. Scherman D, Desnos C, Darchen F, Pollak P, Javoy-Agid F, Agid Y. Striatal 
dopamine deficiency in Parkinson’s disease: role of aging. Ann Neurol. 
1989;26:551–7.

 19. Chen H. The changing landscape of Parkinson epidemiologic research. 
J Parkinson Dis. 2018;8:1–12.

 20. Braak H, Del Tredici K, Rub U, de Vos RAI, Jansen Steur ENG, Braak E. 
Staging of brain pathology related to sporadic Parkinson’s disease. 
Neurobiol Aging. 2003;24:197–211.

 21. Goedert M. Alzheimer’s and Parkinson’s diseases: the prion con-
cept in relation to assembled Aβ, tau, and α-synuclein. Science. 
2015;349:1255555.

 22. Paisan-Ruiz C, Jain S, Evans EW, Gilks WP, Simon J, van der Brug M, et al. 
Cloning of the gene containing mutations that cause PARK8-linked 
Parkinson’s disease. Neuron. 2004;44:595–600.

 23. Zimprich A, Biskup S, Leitner P, Lichtner P, Ferrer M, Lincoln S, et al. 
Mutations in LRRK2 cause autosomal-dominant parkinsonism with 
pleomorphic pathology. Neuron. 2004;44:601–7.

 24. Nalls MA, Pankratz N, Lill CM, Do CB, Hernandez DG, Saad M, et al. 
Large-scale meta-analysis of genome-wide association data identifies 
six new risk loci for Parkinson’s disease. Nat Genet. 2014;46:989–93.

 25. Madureira M, Conor-Robson N, Wade-Martins R. LRRK2: autophagy and 
lysosomal activity. Front Neurosci. 2020;14:498.

 26. Guaitoli G, Gilsbach BK, Raimondi F, Gloeckner CJ. First model of dimeric 
LRRK2: the challenge of unrevealing the structure of a multidomain 
Parkinson’s-associated protein. Biochem Soc Trans. 2016;44:1635–41.

 27. Healy DG, Falchi M, O’Sullivan SS, Bonifati V, Durr A, Bressman S, et al. 
Phenotype, genotype, and worldwide genetic penetrance of LRRK2-
associated Parkinson’s disease: a case-control study. Lancet Neurol. 
2008;7:583–90.

 28. Deniston CK, Salgogiannis J, Mathea S, Snead DM, Lahiri I, Matyszewski 
M, et al. Structure of LRRK2 in Parkinson’s disease and model for micro-
tubule interaction. Nature. 2020;588:344–9.

 29. Sheng Z, Zhang S, Bustos D, Kleinheinz T, Le Pichon CE, Dominguez 
SL, et al. Ser1292 autophosphorylation is an indicator of LRRK2 kinase 
activity and contributes to the cellular effects of PD mutations. Sci 
Transl Med. 2012;4:164ral.



Page 12 of 14Pang et al. Translational Neurodegeneration            (2022) 11:5 

 30. Greggio E, Jain S, Kingsbury A, Bandopadhyay R, Lewis P, Kaganovich A, 
et al. Kinase activity is required for the toxic effects of mutant LRRK2/
dardarin. Neurobiol Dis. 2006;23:329–41.

 31. West AB, Moore DJ, Biskup S, Bugayenko A, Smith WW, Ross CA, et al. 
Parkinson’s disease-associated mutations in leucine-rich repeat kinase 2 
augment kinase activity. Proc Natl Acad Sci U S A. 2005;102:16842–7.

 32. Steger M, Tonelli F, Ito G, Davies P, Trost M, Vetter M, et al. Phosphoprot-
eomics reveals that Parkinson’s disease kinase LRRK2 regulates a subset 
of Rab GTPases. Elife. 2016;5:e12813.

 33. Maiuri M, Zalckvar E, Kimchi A, Kroemer G. Self-eating and self-killing: 
crosstalk between autophagy and apoptosis. Nat Rev Mol Cell Biol. 
2007;8:741–52.

 34. MacLeod D, Dowman J, Hammond R, Leete T, Inoue K, Abeliovich A. 
The familial Parkinsonism gene LRRK2 regulates neurite process mor-
phology. Neuron. 2006;52:587–93.

 35. Anglade P, Vyas S, Javoy-Agid F, Herrero MT, Michel PP, Marquex J, et al. 
Apoptosis and autophagy in nigral neurons of patients with Parkinson’s 
disease. Histol Histopathol. 1997;12:25–31.

 36. Bravo-San Pedro JM, Niso-Santano M, Gomez-Sanchez R, Pizarro-Estrella 
E, Aiastui-Pujana A, Gorostidi A, et al. The LRRK2 G2019S mutant exac-
erbates basal autophagy through activation of the MEK/ERK pathway. 
Cell Mol Life Sci. 2013;70:121–36.

 37. Plowey ED, Cherra SJ, Liu YJ, Chu CT. Role of autophagy in G2019S-
LRRK2-associated neurite shortening in differentiated SH-SY5Y cells. J 
Neurochem. 2008;105:1048–56.

 38. Gomez-Suaga P, Luzon-Toro B, Churamani D, Zhang L, Bloor-Young D, 
Patel S, et al. Leucine-rich repeat kinase 2 regulates autophagy through 
a calcium-dependent pathway involving NAADP. Hum Mol Genet. 
2012;21:511–25.

 39. Kim J, Kundu M, Viollet B, Guan KL. AMPK and mTOR regulate 
autophagy through direct phosphorylation of Ulk1. Nat Cell Biol. 
2011;13:132–41.

 40. Sanchez-Danes A, Richaud-Patin Y, Carballo-Carbajal I, Jimenez-Delgado 
S, Caig C, Mora S, et al. Disease-specific phenotypes in dopamine 
neurons from human iPSC-based models of genetic and sporadic 
Parkinson’s disease. EMBO Mol Med. 2012;4:380–95.

 41. Wallings R, Connor-Robson N, Wade-Martins R. LRRK2 interacts with 
the vacuolar-type  H+-ATPase pump a1 subunit to regulate lysosomal 
function. Hum Mol Genet. 2019;28:2696–710.

 42. Schapansky J, Khasnavis S, DeAndrade MP, Nardozzi JD, Falkson SR, 
Boyd JD, et al. Familial knockin mutation of LRRK2 causes lysosomal 
dysfunction and accumulation of endogenous insoluble α-synuclein in 
neurons. Neurobiol Dis. 2018;111:26–35.

 43. Obergasteiger J, Frapporti G, Lamonaca G, Pizzi S, Picard A, Lavdas AA, 
et al. Kinase inhibition of G2019S-LRRK2 enhances autolysosome forma-
tion and function to reduce endogenous alpha-synuclein intracellular 
inclusions. Cell Death Discov. 2020;6:45.

 44. Eguchi T, Kuwahara T, Sakurai M, Komori T, Fujimoto T, Ito G, et al. LRRK2 
and its substrate Rab GTPases are sequentially targeted onto stressed 
lysosomes and maintain their homeostasis. Proc Natl Acad Sci U S A. 
2018;115:E9115–24.

 45. MacLeod DA, Rhinn H, Kuwahara T, Zolin A, Di Paolo G, McCabe BD, 
et al. RAB7L1 interacts with LRRK2 to modify intraneuronal protein sort-
ing and Parkinson’s disease risk. Neuron. 2013;77:425–39.

 46. Bae EJ, Kim DK, Kim C, Mante M, Adame A, Rockenstein E, et al. LRRK2 
kinase regulates α-synuclein propagation via RAB35 phosphorylation. 
Nat Comm. 2018;9:3465.

 47. Alvarez-Erviti L, Rodriguez-Oroz MC, Cooper JM, Caballero C, Ferrer I, 
Obesso JA, et al. Chaperone-mediated autophagy markers in Parkinson 
disease brains. Arch Neurol. 2010;67:1464–72.

 48. Curevo AM, Stefanis L, Fredenburg R, Lansburry PT, Sulzer D. Impaired 
degradation of mutant alpha-synuclein by chaperone-mediated 
autophagy. Science. 2004;305:1292–5.

 49. Orenstein SJ, Kuo SH, Tasset I, Arias E, Koga H, Fernandez-Carasa I, et al. 
Interplay of LRRK2 with chaperone-mediated autophagy. Nat Neurosci. 
2013;16:394–406.

 50. Ho PW, Leung CT, Liu H, Pang SY, Lam CS, Xian J, et al. Age-dependent 
accumulation of oligomeric SNCA/α-synuclein from impaired degrada-
tion in mutant LRRK2 knockin mouse model of Parkinson disease: 
role for therapeutic activation of chaperone-mediated autophagy. 
Autophagy. 2020;16:347–70.

 51. Sidransky E, Lopez G. The link between the GBA gene and parkinson-
ism. Lancet Neurol. 2012;11:986–98.

 52. Riboldi G, Di Fonzo AB. GBA, Gaucher disease, and Parkinson’s disease: 
from genetic to clinic to new therapeutic approaches. Cells. 2019;8:364.

 53. Do J, NcKinney C, Sharma P, Sidransky E. Glucocerebrosidase and its 
relevance to Parkinson disease. Mol Neurodegener. 2019;14:36.

 54. Tayebi N, Walker J, Stubblefield B, Orvisky E, LaMarca M, Wong K, et al. 
Gaucher disease with parkinsonian manifestations: dose glucocerebro-
sidase deficiency contribute to a vulnerability to parkinsonism? Mol 
Genet Metab. 2003;79:104–9.

 55. Halperin A, Elstein D, Zimran A. Increased incidence of Parkinson dis-
ease among relatives of patients with Gaucher disease. Blood Cells Mol 
Dis. 2006;36:426–8.

 56. Behl T, Kaur G, Fratila O, Buhas C, Judea-Pusta CT, Negrut N, et al. Cross-
talks among GBA mutations, glucocerebrosidase, and α-synuclein in 
GBA-associated Parkinson’s disease and their targeted therapeutic 
approaches: a comprehensive review. Transl Neurodegener. 2021;10:4.

 57. Rosenbloom B, Balwani M, Bronstein JM, Kolodny E, Sathe S, Gwosdow 
AR, et al. The incidence of parkinsonism in patients with type 1 Gaucher 
disease: data from the ICGG Gaucher registry. Blood Cells Mol Dis. 
2011;46:95–102.

 58. Gan-Or Z, Giladi N, Rozovski U, Shifrin C, Rosner S, Gurevich T, et al. 
Genotype-phenotype correlations between GBA mutations and Parkin-
son disease risk and onset. Neurology. 2008;70:2277–83.

 59. Thaler A, Guervich T, Shira AB, Weisz MG, Ash E, Shiner T, et al. A “dose” 
effect of mutations in the GBA gene on Parkinson’s disease phenotype. 
Parkinsonism Relat Disord. 2017;36:47–51.

 60. Alcalay RN, Caccappolo E, Mejia-Santana H, Tang MX, Rosado L, Orbe 
Reilly M, et al. Cognitive performance of GBA mutation carriers with 
early-onset PD: the CORE-PD study. Neurology. 2012;78:1434–40.

 61. Nichols WC, Pankratz N, Marek DK, Pauciulo MW, Elsaesser VE, Halter CA, 
et al. Mutations in GBA are associated with familial Parkinson disease 
susceptibility and age of onset. Neurology. 2008;72:310–6.

 62. Adler CH, Beach TG, Shill HA, Caviness JN, Driver-Dunckley E, Sabbagh 
MN, et al. GBA mutations in Parkinson disease: earlier death but similar 
neuropathological features. Eur J Neurol. 2017;24:1363–8.

 63. Horowitz M, Paskmanik-Chor M, Ron I, Kolodny EH. The enigma of 
the E326K mutation in acid β-glucocerebrosidase. Mol Genet Metab. 
2011;104:35–8.

 64. Goker-Alpan O, Stubblefield BK, Giasson BI, Sidransky E. Glucerebrosi-
dase is present in alpha-synuclein inclusions in Lewy body disorders. 
Acta Neuropathol. 2010;120:641–9.

 65. Chiasserini D, Paciotti S, Eusebi P, Persichetti E, Tasegian A, Kurzawa-
Akanbi M, et al. Selective loss of glucocerebrosidase activity in sporadic 
Parkinson’s disease and dementia with Lewy bodies. Mol Neurode-
gener. 2015;10:15.

 66. Wong K, Sidransky E, Verma A, Mixon T, Sandberg GD, Wakefield LK, 
et al. Neuropathology provides clues to the pathophysiology of Gau-
cher disease. Mol Genet Metab. 2004;82:192–207.

 67. Mazzulli JR, Xu YH, Sun Y, Knight AL, McLean PJ, Caldwell G, et al. Gau-
cher disease glucocerebrosidase and α-synuclein form a bidirectional 
pathogenic loop in synucleinopathies. Cell. 2011;146:37–52.

 68. Bae EJ, Yang NY, Lee C, Lee HJ, Kim S, Sardi SP, et al. Loss of glucocer-
ebrosidase 1 activity causes lysosomal dysfunction and α-synuclein 
aggregation. Exp Mol Med. 2015;47:e153.

 69. Schondorf DC, Aureli M, McAllister FE, Hindley CJ, Mayer F, Schmid B, 
et al. iPCS-derived neurons from GBA1-associated Parkinson’s disease 
patients show autophagic defects and impaired calcium homeostasis. 
Nat Comm. 2014;5:4028.

 70. Yu L, McPhee CK, Zheng L, Mardones GA, Rong Y, Peng J, et al. Termina-
tion of autophagy and reformation of lysosomes regulated by mTOR. 
Nature. 2010;465:942–6.

 71. Magalhaes J, Gegg ME, Migdalska-Richards A, Doherty MK, Whitfield 
PD, Schapira AH. Autophagic lysosome reformation dysfunction in 
glucocerebrosidase deficient cells: relevance to Parkinson disease. Hum 
Mol Genet. 2016;16:3432–45.

 72. Gunder AL, Duran-Pacheco G, Zimmermann S, Ruf I, Moors T, Bau-
man K, et al. Path mediation analysis reveals GBA impacts Lewy body 
disease status by increasing alpha-synuclein levels. Neurobiol Dis. 
2019;121:205–13.



Page 13 of 14Pang et al. Translational Neurodegeneration            (2022) 11:5  

 73. Fernandes HJ, Hartfield EM, Christian HC, Emmanoulidou E, Zheng Y, 
Booth H, et al. ER stress and autophagic perturbations lead to elevated 
extracellular α-synuclein in GBA-N370S Parkinson’s iPSC-derived dopa-
mine neurons. Stem Cell Rep. 2016;6:342–56.

 74. Anderson JP, Walker DE, Goldstein JM, de Laat R, Banducci K, Caccavello 
RJ, et al. Phosphorylation of Ser-129 is the dominant pathological modi-
fication of alpha-synuclein in familial and sporadic Lewy body disease. J 
Biol Chem. 2006;281:29739–52.

 75. Nabli F, Ben Sassi S, Amouri R, Duda JE, Farrer MJ, Hentati F. Motor phe-
notype of LRRK2-associated Parkinson’s disease: a Tunisian longitudinal 
study. Mov Disord. 2015;30:253–8.

 76. Belarbi S, Hecham N, Lesage S, Kediha MI, Smail N, Benhassine T, et al. 
LRRK2 G2019S mutation in Parkinson’s disease: A neuropsychological 
and neuropsychiatric study in a large Algerian cohort. Parkinsonism 
Relat Disord. 2010;16:676–9.

 77. Alcalay RN, Mirelman A, Saunders-Pullman R, Tang MX, Mejia Santana 
H, Raymond D, et al. Parkinson disease phenotype in Ashkenazi 
Jews with and without LRRK2 G2019S mutations. Mov Disord. 
2013;28:1966-1971.c.

 78. Marras C, Schüle B, Munhoz RP, Rogaeva E, Langston JW, Kasten M, et al. 
Phenotype in parkinsonian and nonparkinsonian LRRK2 G2019S muta-
tion carriers. Neurology. 2011;77:325–33.

 79. Ben Sassi S, Nabli F, Hentati E, Nahdi H, Trabelsi M, Ben Ayed H, et al. 
Cognitive dysfunction in Tunisian LRRK2 associated Parkinson’s disease. 
Parkinsonism Relat Disord. 2012;18:243–6.

 80. Trinh J, Amouri R, Duda JE, Morley JF, Read M, Donald A, et al. Com-
parative study of Parkinson’s disease and leucine-rich repeat kinase 2 
p.G2019S parkinsonism. Neurobiol Aging. 2014;35:1125–31.

 81. Srivatsal S, Cholerton B, Leverenz JB, Wszolek ZK, Uitti RJ, Dickson DW, 
et al. Cognitive profile of LRRK2-related Parkinson’s disease. Mov Disord. 
2015;30:728–33.

 82. Brockmann K, Srulijes K, Pflederer S, Hauser AK, Schulte C, Maetzler W, 
et al. GBA-associated Parkinson’s disease: reduced survival and more 
rapid progression in a prospective longitudinal study. Mov Disord. 
2015;30:407–11.

 83. McNeill A, Duran R, Hughes DA, Mehta A, Schapira AHV. A clini-
cal and family history study of Parkinson’s disease in heterozygous 
glucocerebrosidase mutation carriers. J Neurol Neurosurg Psychiatry. 
2012;83:853–4.

 84. Brockmann K, Srulijes K, Hauser AK, Schulte C, Csoti I, Gasser T, et al. 
GBA-associated PD presents with nonmotor characteristics. Neurology. 
2011;77:276–80.

 85. Oeda T, Umemura A, Mori Y, Tomita S, Kohsaka M, Park K, et al. Impact of 
glucocerebrosidase mutations on motor and nonmotor complications 
in Parkinson’s disease. Neurobiol Aging. 2015;36:3306–13.

 86. Stoker TB, Camacho M, Winder-Rhodes S, Liu G, Scherzer CR, Foltynie 
T, et al. Impact of GBA1 variants on long-term clinical progression and 
mortality in incident Parkinson’s disease. J Neurol Neurosurg Psychiatry. 
2020;91:695–702.

 87. Swan M, Doan N, Ortega RA, Barrett M, Nichols W, Ozelius L, et al. 
Neuropsychiatric characteristics of GBA-associated Parkinson disease. J 
Neurol Sci. 2016;370:63–9.

 88. Cilia R, Tunesi S, Marotta G, Cereda E, Siri C, Tesei S, et al. Survival and 
dementia in GBA-associated Parkinson’s disease: the mutation matters. 
Ann Neurol. 2016;80:662–73.

 89. Liu G, Boot B, Locascio JJ, Jansen IE, Winder-Rhodes S, Eberly S, et al. 
Specifically neuropathic Gaucher’s mutations accelerate cognitive 
decline in Parkinson’s. Ann Neurol. 2016;80:674–85.

 90. Wang C, Cai Y, Gu Z, Ma J, Zheng Z, Tang BS, et al. Clinical profiles of 
Parkinson’s disease associated with common leucine-rich repeat kinase 
2 and glucocerebrosidase genetic variants in Chinese individuals. 
Neurobiol Aging. 2014;35(725):e1-6.

 91. da Silva CP, de Abreu MG, Cabello Acero PH, Campos M, Pereira JS, de 
Ramos ASR, et al. Clinical profiles associated with LRRK2 and GBA muta-
tions in Brazilians with Parkinson’s disease. J Neurol Sci. 2017;381:160–4.

 92. Gan-Or Z, Amshalom I, Kilarski LL, Bar-Shira A, Gana-Weisz M, Mirelman 
A, et al. Differential effects of severe vs mild GBA mutations on Parkin-
son disease. Neurology. 2015;84:880–7.

 93. Yahalom G, Greenbaum L, Israeli-Korn S, Fay-Karmon T, Livneh V, 
Ruskey JA, et al. Carriers of both GBA and LRRK2 mutations, com-
pared to carriers of either, in Parkinson’s disease: risk estimates 

and genotype-phenotype correlations. Parkinsonism Relat Disord. 
2019;62:179–84.

 94. Omer N, Giladi N, Gurevich T, Bar-Shira A, Gana-Weisz M, Goldstein O, 
et al. A possible modifying effect of the G2019S mutation in the LRRK2 
gene on GBA Parkinson’s disease. Mov Disord. 2020;35:1249–53.

 95. Ortega RA, Wang C, Raymond D, Bryant N, Scherzer CR, Thaler A, et al. 
Association of dual LRRK2 G2019S and GBA variations with Parkinson 
disease progression. JAMA Netw Open. 2021;4:e215845.

 96. Goldstein O, Gana-Weisz M, Cohen-Avinoam D, Shiner T, Thaler A, 
Cedarbaum JM, et al. Revisiting the non-Gaucher-GBA-E326K carrier 
state: Is it sufficient to increase Parkinson’s disease risk? Mol Genet 
Metab. 2019;128:470–5.

 97. Alcalay RN, Levy OA, Waters CC, Fahn S, Ford B, Kuo SH, et al. Glucocer-
ebrosidase activity in Parkinson’s disease with and without GBA muta-
tions. Brain. 2015;138:2648–58.

 98. Schneider SA, Alcalay RN. Precision medicine in Parkinson’s disease: 
emerging treatments for genetic Parkinson’s disease. J Neurol. 
2020;267:860–9.

 99. McNeill A, Magalhaes J, Shen C, Chau KY, Hughes D, Mehta A, et al. 
Ambroxol improves lysosomal biochemistry in glucocerebrosidase 
mutation-linked Parkinson disease cells. Brain. 2014;137:1481–95.

 100. Ambrosi G, Ghezzi C, Zangaglia R, Levandis G, Pacchetti C, Blandini F. 
Ambroxol-induced rescue of defective glucocerebrosidase is associated 
with increased LIMP-2 and saposin C levels in GBA1 mutant Parkinson’s 
disease cells. Neurobiol Dis. 2015;82:235–42.

 101. Migdalska-Richards A, Daly L, Bezard E, Schapira AH. Ambroxol effects 
in glucocerebrosidase and α-synuclein transgenic mice. Ann Neurol. 
2016;80:766–75.

 102. Mishra A, Krishnamurthy S. Neurorestorative effects of sub-chronic 
administration of ambroxol in rodent model of Parkinson’s disease. 
Naunyn Schmeidebergs Arch Pharmacol. 2020;393:429–44.

 103. Mullin S, Smith L, Lee K, D’Souza G, Woodgate P, Elflein J, et al. Ambroxol 
for the treatment of patients with Parkinson disease with and without 
glucocerebrosidase gene mutations. JAMA Neurol. 2020;77:427–34.

 104. Sardi SP, Viel C, Clarke J, Treleaven CM, Richards AM, Park H, et al. Gluco-
sylceramide synthase inhibition alleviates aberrations in synucleinopa-
thy models. Proc Natl Acad Sci U S A. 2017;114:2699–704.

 105. Cosden M, Jinn S, Yao L, Gretzula CA, Kandebo M, Toolan D, et al. A 
novel glucosylceramide synthase inhibitor attenuates alpha synuclein 
pathology and lysosomal dysfunction in preclinical models of syn-
cleinopathy. Neurobiol Dis. 2021;159:105507.

 106. Peterschmitt M, Crawford N, Gaemers S, Ji A, Sharma J, Pham T. Pharma-
cokinetics, pharmacodynamics, safety and tolerability of oral venglustat 
in healthy volunteers. Clin Pharmacol Drug Dev. 2021;10:86–98.

 107. Zhao Y, Dzamko N. Recent developments in LRRK2-targeted therapy for 
Parkinson’s disease. Drugs. 2019;79:1937–51.

 108. Liu HF, Ho PW, Leung GC, Lam CS, Pang SY, Li L, et al. Combined LRRK2 
mutation, aging and chronic low dose oral rotenone as a model of 
Parkinson’s disease. Sci Rep. 2017;7:40887.

 109. Liu HT, Lu S, Ho PW, Tse HM, Pang SY, Kung MH, et al. LRRK2 R1441G 
mice are more liable to dopamine depletion and locomotor inactivity. 
Ann Clin Transl Neurol. 2014;1:199–208.

 110. Fell MJ, Mirescu C, Basu K, Cheewatrakoolpong B, DeMong DE, Ellis 
JM, et al. MLi-2, a potent, selective, and centrally active compound for 
exploring the therapeutic potential and safety of LRRK2 kinase inhibi-
tion. J Pharmacol Exp Ther. 2015;355:397–409.

 111. Fuji RN, Flagella M, Baca M, Baptista MA, Brodbeck J, Chan BK, et al. 
Effect of selective LRRK2 kinase inhibition on nonhuman primate lung. 
Sci Transl Med. 2015;7:273ra15.

 112. Herzig MC, Kolly C, Persohn E, Theil D, Schweizer T, Hafner T, et al. LRRK2 
protein levels are determined by kinase function and are crucial for kid-
ney and lung homeostasis in mice. Hum Mol Genet. 2011;20:4209–23.

 113. Baptista M, Merchant K, Barrett T, Bhargava S, Bryce DK, Ellis JM, et al. 
LRRK2 inhibitors induce reversible changes in nonhuman primate 
lungs without measurable pulmonary deficits. Sci Transl Med. 
2020;12:eaav0820.

 114. Cuddy LK, Wani WY, Morella ML, Pitcairn C, Tsutsumi K, Fredriksen K, 
et al. Stress-induced cellular clearance is mediated by the SNARE pro-
tein ykt6 and disrupted by α-synuclein. Neuron. 2019;104:869-84.e11.



Page 14 of 14Pang et al. Translational Neurodegeneration            (2022) 11:5 

•
 
fast, convenient online submission

 •
  

thorough peer review by experienced researchers in your field

• 
 
rapid publication on acceptance

• 
 
support for research data, including large and complex data types

•
  

gold Open Access which fosters wider collaboration and increased citations 

 
maximum visibility for your research: over 100M website views per year •

  At BMC, research is always in progress.

Learn more biomedcentral.com/submissions

Ready to submit your researchReady to submit your research  ?  Choose BMC and benefit from: ?  Choose BMC and benefit from: 

 115. Settembre C, Di Malta C, Polito VA, Garcia Arencibia M, Vetrini F, 
Erdin S, et al. TFEB links autophagy to lysosomal biogenesis. Science. 
2011;332:1429–33.

 116. Su C, Yang X, Lou J. Geniposide reduces α-synuclein by blocking 
microRNA-21/lysosome-associated membrane protein 2A interaction 
in Parkinson disease models. Brain Res. 2016;1644:98–106.

 117. Hebron ML, Lonskaya I, Moussa CE. Nilotinib reverses loss of dopamine 
neurons and improves motor behavior via autophagic degrada-
tion of α-synuclein in Parkinson’s disease models. Hum Mol Genet. 
2013;22:3315–28.

 118. Simuni T, Fiske B, Merchant K, Coffey CS, Klingner E, Caspell-Garcia C, 
et al. Efficacy of Nilotinib in patients with moderately advanced Parkin-
son disease: a randomized clinical trial. JAMA Neurol. 2021;78:312–20.

 119. Li H, Ham A, Ma TC, Kuo SH, Kanter E, Kim D, et al. Mitochondrial 
dysfunction and mitophagy defect triggered by heterozygous GBA 
mutations. Autophagy. 2019;15:113–30.

 120. Liu H, Ho PW, Leung CT, Pang SY, Chang E, Choi Z, et al. Aberrant 
mitochondrial morphology and function associated with impaired 
mitophagy and DNM1L-MAPK/ERK signaling are found in aged mutant 
Parkinsonian  LRRK2R1441G mice. Autophagy. 2020;10:1–25.

 121. Ryan BJ, Hoek S, Fon EA, Wade-Martins R. Mitochondrial dysfunction 
and mitophagy in Parkinson’s: from familial to sporadic disease. Trends 
Biochem Sci. 2015;40:200–10.

 122. Malpartida AB, Williamson M, Narendra DP, Wade-Martins RBJ. Mito-
chondrial dysfunction and mitophagy in Parkinson’s disease: from 
mechanism to therapy. Trends Biochem Sci. 2021;46:329–43.

 123. Kozina E, Sadasivan S, Jiao Y, Dou Y, Ma Z, Tan H, et al. Mutant LRRK2 
mediates peripheral and central immune responses leading to neuro-
degeneration in vivo. Brain. 2018;141:1753–69.


	LRRK2, GBA and their interaction in the regulation of autophagy: implications on therapeutics in Parkinson’s disease
	Abstract 
	Background
	LRRK2 and autophagy
	LRRK2 mutations in PD
	LRRK2 and regulation of macroautophagy
	LRRK2 and lysosomal function
	LRRK2 and CMA

	GBA and autophagy
	GBA mutations in PD
	GBA and lysosomal function
	GCase and α-syn: a bi-directional loop?

	Crosstalk between LRRK2 and GBA
	Dual LRRK2-GBA mutations in PD patients
	Therapeutic strategies targeting GBA and LRRK2
	Conclusions and future directions
	Acknowledgements
	References


