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Abstract

Background—The diagnosis of Parkinson’s disease (PD) is usually not established until 

advanced neurodegeneration leads to clinically detectable symptoms. Previous blood PD 

transcriptome studies show low concordance, possibly due to the use of microarray technology, 

which has high measurement variation. The Leucine-rich repeat kinase 2 (LRRK2) G2019S 

mutation predisposes to PD. Using preclinical and clinical studies, we sought to develop a novel 

statistically motivated transcriptomic-based approach to identify a molecular signature in the 

blood of Ashkenazi Jewish PD patients including LRRK2 mutation carriers.

Methods—Using a digital gene expression platform to quantify 175 mRNA markers with low 

coefficients of variation (CV), we first compared whole blood transcript levels in mouse models 1) 

over-expressing wild-type (WT) LRRK2, 2) overexpressing G2019S LRRK2, 3) lacking LRRK2 

(knockout), 4) and in WT controls. We then studied an Ashkenazi Jewish cohort of 34 

symptomatic PD patients (both WT LRRK2 and G2019S LRRK2) and 32 asymptomatic controls.

Results—The expression profiles distinguished the 4 mouse groups with different genetic 

background. In patients, we detected significant differences in blood transcript levels both 
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between individuals differing in LRRK2 genotype and between PD patients and controls. 

Discriminatory PD markers included genes associated with innate and adaptive immunity and 

inflammatory disease. Notably, gene expression patterns in L-DOPA-treated PD patients were 

significantly closer to those of healthy controls in a dose-dependent manner.

Conclusions—We identify whole blood mRNA signatures correlating with LRRK2 genotype 

and with PD disease state. This approach may provide insight into pathogenesis and a route to 

early disease detection.
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Introduction

Parkinson’s disease (PD) shows high clinical variability, even among patients with genetic 

forms of the disease. Because diagnosis mainly relies on the assessment of clinical 

symptoms, the diagnosis is typically not established early, and misdiagnosis can occur1. 

Mutations in Leucine-rich repeat kinase 2 (LRRK2) have been associated with both familial 

and sporadic PD, with the G2019S substitution being the most common2. It is not possible 

to predict which patients carrying predisposing mutations will become symptomatic. Thus, 

there is interest in developing biomarker signatures for PD to improve diagnosis, 

management, and clinical trials of possible disease-altering treatment.

Most potential biomarkers and disease signatures reported thus far in the cerebrospinal fluid 

(CSF) and blood have either shown inconsistency across studies (for review, see3), or 

exhibited a marked expression overlap between patients and controls4. Several PD genome-

wide blood expression studies reported differentially expressed genes involved in the 

ubiquitin-proteasome pathway, mitochondrial function and apoptosis. However, these 

studies found few discriminating markers in common5–10. The disappointing overall 

discordance of these transcriptome studies may result from clinical heterogeneity of sample 

cohorts, measurement variability partly due to methodological differences, reduced 

statistical power caused by multiple hypothesis testing (e.g. in microarray procedures) or 

uncontrolled confounding factors that obscure biological signals11.

Using real-time PCR assays, blood mRNA markers signatures have been reported that 

reproducibly distinguish psychiatric disorders - such as major depressive disorder (MDD) or 

borderline personality disorder - from controls with average changes of less than 2-fold12. 

Real-time PCR, however, has limited multiplexing capability. We have developed an 

approach where a limited number of blood mRNA candidates (<200) selected for their low 

coefficients of variation (CV) and biological disease relevance, are assayed using a digital 

gene expression platform13. We performed initial proof-of-principle preclinical and clinical 

studies in LRRK2-WT and LRRK2-G2019S mouse models14 and familial (G2019S) and 

idiopathic PD patients.
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Methods

Animals and subjects

Mouse studies were approved by the Institutional Animal Care and Use Committee. N=5 

male mice were used in each of four groups: wild-type controls (WTC), LRRK2 null mutant 

(knockout; KO), transgenic over-expressing either wild-type LRRK2 (LRRK2-WT) or 

G2019S LRRK2 (LRRK2-GS). Transgenic LRRK2 models were previously developed using 

bacterial artificial chromosome (BAC)-mediated transgenesis and characterized14. LRRK2 

knockout mice were kindly provided by Dr. Huaibin Cai15.

Enrolled subjects were Ashkenazi Jews, who signed an informed consent approved by the 

Mount Sinai Beth Israel IRB: 34 patients had PD symptoms (17 WT and 17 G2019S 

LRRK2), and 32 healthy controls had no PD symptoms (16 WT and 16 G2019S LRRK2). PD 

patients met the United Kingdom Parkinson’s Disease Society Bank Brain clinical 

diagnostic criteria16, except that a positive family history was allowed; they were diagnosed 

by neurologists specializing in movement disorders and evaluated using the Unified 

Parkinson Disease Rating Scale (UPDRS). 72% of healthy controls were first-degree 

relatives of PD patients, to increase genetic homogeneity in the sample cohort. Clinical 

features are in Table 1; UPDRS motor information was available for all but one PD patient 

and for 26 controls (12 WT and 14 G2019S LRRK2).

RNA isolation

Mouse blood samples were collected via heart puncture method. Total RNA was 

immediately isolated using the QIAamp RNA Blood Mini Kit (Qiagen, Valencia, CA) 

following the manufacturer’s recommendations. Human venous blood samples were 

collected in PAXgene® blood RNA tubes (Beckton Dickinson, Franklin Lakes, NJ), and 

stored at −80°C until RNA isolation. Total RNA was extracted using the PAXgene® blood 

miRNA kit, following the manufacturer’s instructions (Qiagen).

Quantitative digital detection of mRNA

Using 100 ng total RNA, mRNA levels were assayed by direct digital detection following 

the manufacturer’s instructions (NanoString Technologies, Seattle, WA)17. The marker 

panels were assembled using various criteria, including suspected disease relevance, 

suspected importance in cell regulatory functions or low variance. The mouse panel 

consisted of 175 markers (Supplementary Table 1), including epigenetic markers, signal 

transduction effectors, and markers of the immune system. The 113-marker human panel 

was developed based on the mouse results as well as markers selected from other published 

PD blood biomarker studies. More information on the selection and variance of each marker 

in the human panel is found in Supplementary Table 2. The assessment of variance was 

based on analyzing expression profiles in the healthy control subset of the public whole 

blood GSE17048 dataset. Low variance was defined as coefficient of variation (CV) lower 

than 70% in the GSE17048 dataset, with CV calculated as (SD*100/mean). For CV 

calculations, raw data (RFUs) were exported and quantile normalized. Our NanoString 

mouse and human expression data were deposited in Gene Expression Omnibus (GEO; 

GSE62471).
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Data Processing

To eliminate any possibility of batch effects, all aspects of sample preparation were done in 

random order, including sample collection, RNA preparation and quantification; human 

RNA was processed in one batch.

Using NanoString spike control data, a generalized linear model was fitted with 8 negative 

and 6 positive controls, where the counts for each control followed a Poisson distribution 

with the mean modeled as a linear function of concentration. Each sample was then 

normalized to the median slope and intercept of all samples. The median background value, 

median intercept from the fit of the generalized linear model above, was added to the data 

before they were log2 transformed. Using the transformed data of all genes, a Bland-Altman 

plot18 (or an MA plot19 without the log2 transformation) was done for each sample to 

compare the sample and the average of all samples. A loess curve was fitted for each Bland-

Altman plot to globally normalize the transformed data20 21. A marker whose 95 percentile 

value over all the samples was below the 95 percentile value of the negative spike controls 

was deemed undetectable and removed. Six markers were removed by this criterion in the 

human dataset. Further details about data processing and normalization are provided in the 

Supplementary Methods.

Outliers were detected by reducing to 3 dimensions via PCA and calculating the probability 

(using a chisq distribution) of the observed sample mahalanobis distances to the center. No 

outliers were detected in the mouse dataset. One sample in the human dataset was a clear 

outlier, with the remaining p-values following a uniform distribution, and it was removed 

from further analysis.

Statistical Analysis

For the mouse dataset, we used an F-test to detect which genes had altered expression in the 

four genetic groups. The resulting p-values were transformed to estimate false discovery 

rates (FDR) using the “qvalue” R function from the qvalue package22 using default 

parameters. Human data were analyzed using a multiple linear model that included three 

clinical variables: PD symptoms, LRRK2 genotype, and gender. P-values were computed 

from T statistics for the corresponding coefficients and were converted to q-values as above. 

For the PD symptomatic subjects with available L-DOPA dosage information, gene 

expression was fit with an additional model using the dosage as a continuous variable. 

Further details regarding statistical analysis are provided in the Supplementary Methods.

Functional Network Analysis

Genes identified experimentally were studied for functional relationships using both 

Ingenuity Pathway Analysis and GIANT (Genome-scale Integrated Analysis of gene 

Networks in Tissues). Further details about GIANT are provided in the Supplementary 

Figure legends.
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Results

Identification of differentially expressed genes in transgenic mice over-expressing either 
wild-type LRRK2 or G2019S LRRK2, and LRRK2 null mice

Previous characterization of LRRK2-GS transgenic mice revealed that they had pathological 

traits relevant to PD, such as decrease in striatal dopamine (DA) content, release, and uptake 

compared to their WT counterparts14. Transcript levels in whole blood were assayed in 

WTC, KO, LRRK2-WT and LRRK2-GS mice. Twelve differentially expressed markers 

with q-values < 0.1 were selected for PCA. Among those, DHX58, TGFB1, USP4 were up-

regulated, and PLP1 was down-regulated in both LRRK2-WT and LRRK2-GS mice 

compared to WTC. PCA revealed a clear distinction among the four groups (Fig. 1). 

Another PCA based on p<0.05, uncorrected values demonstrated that five markers best 

discriminated between LRRK2-GS and LRRK2-WT mice, the two groups most relevant to 

human studies (Supplementary Fig. S1, S2). All results were explored by principal 

component analysis (PCA) (Supplementary Fig. S3): the genotype effects did not correlate 

with major variance components. Notably, several of the differentially expressed transcripts, 

like PYCARD23 and USP42425, are involved in the innate immune response. Other 

discriminating transcripts included the kallikrein-related peptidases KLK6 and 7, which co-

localize with Lewy bodies and are SNCA inhibitors; KLK6 was previously implicated in 

CNS inflammation and multiple sclerosis (MS)26.

Identification of a PD gene signature in Ashkenazi Jewish patients

Our identification of blood transcriptome signatures distinguishing the mouse LRRK2 lines 

motivated us to apply this approach to PD patients. A homogenous genetic population of 

Ashkenazi Jews was used in this study. We assembled a 113-marker panel from: 22 most 

significant discriminating markers between G2019S and WT LRRK2 in our mouse model 

study, 19 PD markers from the Mutez study6, 10 PD markers from the Scherzer study8, 7 

PD markers from the Kynurenine review (Zinger et al., 2011)27, 21 MDD markers from the 

work of Antonijevic et al. (Antonijevic et al., 2010)12, 10 markers from purine/pyrimidine 

pathways, and other markers from PD-, MS-, and oncology-related literature.

In order to have adequate sample sizes for analysis, expression patterns were compared for 

clinical status (PD or asymptomatic) independently of LRRK2 status. Fourteen markers 

discriminated between PD patients and asymptomatic controls (Fig. 2A) with an accuracy of 

79% (p<10−4). Similar to the mouse study results, many genes that were differentially 

expressed were linked to immunity, both innate (MyD88, DHX58 [alias LGP2], PYCARD, 

IL1B)28–30 and adaptive (TGFB1)31, and to inflammation (KDM6B)32. Hence, the human 

data support the implication of innate and adaptive immune response pathways in PD 

pathogenesis. Surprisingly, only 4 out of the 14 discriminating PD disease markers were 

from previous human PD studies in blood68, while the majority were either markers from 

our mouse model study, MDD markers, or other markers linked to related diseases.

We sought to determine whether drug treatment had any confounding effect on the clinical 

PD gene signature, as most of PD patients were treated. Namely, the symptomatic PD group 

differs from the asymptomatic group both in having PD symptoms and in receiving PD 
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medications, predominantly L-DOPA. Therefore, the putative PD signature might be due to 

PD, the effects of treatment on blood gene expression, or some combination of the two. The 

effects of treatment could not be evaluated directly because nearly all patients in the 

symptomatic group were taking L-DOPA. To evaluate drug effects, we fit a linear model 

using L-DOPA dose as the independent variable within the subset of PD patients for which 

dose information was available (25 patients). The regression analysis for one transcript, 

MyD88, is shown in Fig. 2B. A strong inverse correlation was observed between L-DOPA 

dosage and MyD88 mRNA levels. Overall, analysis of all genes showed a highly significant 

inverse correlation between L-DOPA dosage and the PD symptomatic gene signature (Fig. 

2C). While the PD gene signature showed the strongest inverse correlation to L-DOPA dose, 

it was also inversely correlated with disease duration (data not shown). In contrast, there was 

no significant correlation between the expression profiles and either age or UPDRS scale 

ratings. Higher levels of L-DOPA tend to reverse the signature to be closer to that observed 

in asymptomatic individuals, supporting the conclusion that the PD symptomatic gene 

signature identified indeed marks the presence of the disease.

We also examined whether individuals with different LRRK2 genotypes (WT homozygous 

GG vs. G2019S heterozygous GA) could be segregated based on their gene expression 

profiles. In this analysis, each of the two genotypes studied included both symptomatic and 

asymptomatic individuals. When all markers were studied by PCA, the genotype and 

phenotype effects did not correlate with major variance components (Supplementary Fig. 

S4). While the effect of genotype on blood transcript expression was smaller than that of 

phenotype, the overall difference between the two genotypes was highly significant (p< .01, 

Fig. 3). We identified eleven discriminating markers (at q<0.2), including genes implicated 

in innate immunity (DHX58), neuronal degeneration (DICER1, GPR18) and lymphocyte 

infiltration in PD models (CD8A/B; see Discussion). Overall, the blood transcriptional 

signatures discriminated the two genotypes with an accuracy of 68%.

Functional classification of the human gene signature

We performed a Core Analysis using Ingenuity Pathway Analysis (IPA) on the human PD 

signature to determine which diseases and biological functions were over-represented. Six 

out of the 14 genes that were found to discriminate PD were linked to inflammatory disease 

(Fig. 4; p-values 2.12×10−3–4.88×10−2). Twelve out of the 14 were associated with 

inflammatory response, 9 with immunological disease, and 7 with neurological disease 

(IL1B, TGFB1, MyD88, PRKRA, PYCARD, SGK1, and TSPO); Fig. 4; p-values 2.12×10−3–

4.88×10−2). With regards to biological functions, 9 genes were involved in cellular 

movement, while all 14 were associated with cell death and survival (p-values 1.25×10−3–

4.88×10−2; data not shown). The FDR for all of the identified diseases and biological 

functions was 0.255. Overall, these results support the biological significance of the PD 

signature.

We recently found that reanalysis of PD microarray using a new algorithm that reduces 

confounds caused significant concordance of the markers identified in the Scherzer et al. PD 

blood biomarker study [8] and several studies of midbrain PD markers [11]. We were 

therefore interested in exploring genes related to the blood signature in a substantia nigra 
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(SN) gene network. For this functional analysis we used GIANT, which provides data-

driven Bayesian tissue-specific predictions of gene networks to investigate the 14 PD 

markers based on a SN network (Supplementary Fig. S5). Using this approach, a set of 20 

novel candidate genes were detected. Candidates with the best “edge score values” in the SN 

network are listed in Supplementary Fig. S6. Among them, PPP2CA encodes the catalytic 

subunit of phosphatase 2A, whose altered activity was associated with α-synuclein 

aggregation in neurodegeneration33; impairment of ADAM10 trafficking and its α-secretase 

activity have been implicated in AD pathogenesis3435; TRIM22 is involved in innate 

immunity36. The gene set was most significantly enriched for the following GO processes: 

response to cytokine, cellular response to cytokine stimulus, positive regulation of cytokine 

production, and positive regulation of immune system process (see Supplementary Fig. S7).

Discussion

The present study supports the utility of whole blood low variance mRNA signatures in 

detecting PD, as our approach applies successfully to preclinical models, symptomatic PD, 

and to the presence of a PD-predisposing LRRK2 mutation. Markers with low inter-

individual biological variation are likely to be more informative than those with high 

variation, thus increasing the power of statistical tests and resulting in a lower frequency of 

clinical false negatives3738. Although the majority of markers in our human blood-based PD 

signature were not found in previous PD studies, it comprises several genes linked to innate 

and adaptive immunity and to CNS function. The PD signature was found to be inversely 

correlated with L-DOPA dose and disease duration, which both correlate with each other. 

While the driver of this inverse correlation is uncertain, these results support the conclusion 

that the disease signature identified cannot be a result of L-DOPA altering blood 

transcription. Furthermore, the inverse correlation with disease duration suggests that this 

PD gene signature may be particularly useful for early disease detection.

Out of 14 markers included in both the mouse and human panels, 5 blood markers (DHX58, 

IL1B, KDM6B, PYCARD and TGFB1) show significant changes in both species and are 

novel. Interestingly, they are all involved in immune or inflammatory pathways. The mouse 

and human gene groups cannot be directly compared because the specific experimental 

groups in the mouse study and human study do not correspond: the mouse groups included 

knockout (KO) and LRRK2 mutant and wild-type BAC transgenic over-expression models, 

whereas the human groups were single LRRK2 wild-type and mutant alleles, and 

symptomatic PD versus asymptomatic individuals. Nonetheless, the identification and type 

of novel informative human markers discovered from analysis of mouse LRRK2 model 

blood samples suggest the presence of immune-related commonalities in the regulation of 

blood signatures in PD-related processes in both species. Furthermore, the link between the 

PD markers and immune/inflammatory pathways is consistent with the association of 

immunity with PD pathogenesis supported by GWAS studies3940, albeit none of the markers 

identified in our study were previously found in GWAS analysis. Our results do not inform 

the important question of whether the informative markers we identify are merely associated 

with disease or whether they reflect processes that contribute to disease pathogenesis.
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The PD transcriptional signatures in blood may provide leads for pathogenesis or 

therapeutics. Genome-wide gene expression in lymphocytes correlates with gene expression 

in brain41, suggesting that brain and blood may be subject to similar regulatory mechanisms. 

These could involve immunological inflammatory responses that are disease-related in the 

CNS and detectable in the circulating immune system. Hence, expression of the toll-like 

receptor (TLR) signaling adaptor MyD88 was significantly elevated in the blood of our PD 

patients. Additionally, a link has been reported between LRRK2 and the MyD88-dependent 

pathway, as LRRK2 phosphorylation was induced by MyD88 agonists and prevented by 

MyD88 knockout42. Interestingly, in view of recent studies framing PD as an autoimmune 

disorder, MyD88 has been implicated in autoimmunity4344. Neuronal MHC-1 expression 

and antigen display make catecholamine neurons targets for T cell-mediated cell death45. 

The hypothesis that PD is, in part, an autoimmune disease46, is further supported by the 33% 

increased risk of PD in patients with autoimmune disorders47. The PD signature also 

comprised PYCARD and DHX58, a major intracellular virus detector28. PYCARD and 

DHX58 mRNAs are up-regulated in the SN of MPTP-treated mice (a toxin-based model of 

PD)48, and in post-mortem brains from AD patients49, respectively. Several pro-

inflammatory cytokines and chemokines are increased in post-mortem brains of PD5051. 

Studies in the MPTP model indicate that the TLR4 pathway and brain invasion by CD4+ 

lymphocytes52 may be involved in PD pathogenesis.53

The LRRK2 genotype signature included DHX58, DICER1, GPR18, and CD8A/B. In the 

brain, specific deletion of DICER1 results in progressive neuronal loss (for review, see54). 

Directed microglial cell migration in the CNS is mediated by GPR18, a Gi/o-coupled 

GPCR; dysregulated migration leads to excessive pro-inflammatory responses, which are 

involved in neurodegenerative diseases55. Neurodegeneration was previously associated 

with CD8+ and CD4+ lymphocytes accumulation in the brains of PD patients and MPTP-

treated mice52. Hence, regulation of neuronal cell death and neuroinflammation may be 

altered in mutation carriers.

Our results suggest a link between PD and impairment of the microRNA machinery, which 

comprises Dicer, PRKRA, and transactivation response RNA-binding protein (TRBP)56. 

PRKRA mRNA is down-regulated in symptomatic PD patients. DICER1 and TARBP2 

(alias TRBP2) are down- and up-regulated, respectively, in LRRK2 mutation carriers. 

Accumulating evidence, including Dicer ablation in mice models and decreased expression 

of miR-133b and miR-34b/c in PD brain samples, suggests that microRNA deficiency 

contributes to neurodegeneration (for review, see57). Additionally, the LRRK2 G2019S 

mutant antagonizes specific microRNAs via its increased kinase activity, presumably 

through increased phosphorylation of a substrate that binds to a RISC component58. Direct 

study of miRNA expression patterns in blood would be worthwhile in conjunction with 

subsequent expression profiling.

PCA demonstrated a segregation of transgenic mice over-expressing LRRK2 (LRRK2-WT 

and LRRK2-GS) vs. non-over-expressing mice (WTC and LRRK2 KO). Consistent with 

these observations, the G2019S mutation resulted in a gain of kinase function that alters 

gene expression patterns in transgenic mice compared to LRRK2 KO mice59, and a recent 

study revealed that over-expression of WT LRRK2, and to a greater extent of the G2019S 
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mutant form, have an inhibitory effect on chaperone-mediated autophagy (CMA), which 

presumably hinders SNCA degradation by CMA; this could lead to toxic accumulation of 

the oligomerized protein in PD60.

In order to explore the relationship of the 14 symptomatic PD-associated mRNAs, these 

genes were used to seed a SN gene expression-derived Bayesian functional network. To 

evaluate the specificity of the SN-derived network, we compared the top ten related 

candidates obtained using the same genes as seeds for a muscle gene expression-derived 

network. There was no overlap between the two lists obtained (see Supplementary Fig. S6). 

Interestingly, the functional related genes identified in the SN-network are most strongly 

associated with immunological processes.

Although the vast majority of the 113 markers selected for the human panel had low CV, 

some markers having unknown or higher variance were included in the panel because of 

potential PD relevance (see Supplementary Table 2). As markers were selected both by 

variance and by brain disease relevance, we emphasize that our marker selection for analysis 

was not an unbiased survey of low variance mRNAs and included markers previously 

associated with PD. Nonetheless, the variances of the markers and of the informative 

markers are striking. Notably, among the 24 markers found to be informative for either 

LRRK2 genotype or PD phenotype, 96% showed low CV in public data and 100% showed 

low CV in our analysis. Indeed, the average CV of these informative markers was 31% in 

the public microarray dataset, supporting the value of low CV in selecting informative 

markers for screening.

Overall, our results have promise for the development of a PD signature that will be useful 

for diagnosis and clinical trials. Moreover, they strengthen the concept that blood-based 

transcriptomics may be used as diagnostic and patient management tools in CNS disorders. 

However, we emphasize the limitations of this initial study, in particular the lack of a 

replication sample. Further investigation is required to confirm and extend our results. In 

order to obtain sample sizes that were sufficient for analyses, symptomatic and 

asymptomatic PD patients were analyzed independently of genetic status on the one hand, 

and genotype was pooled independently of symptom status on the other hand. While our 

results support the presence of genotype-specific and PD-specific transcriptional signatures, 

study of groups large enough to allow independent analysis of genotype-phenotype groups is 

warranted. Another interesting question that could be addressed by longitudinal study is 

whether the PD signature precedes the development of clinical symptoms in LRRK2 carriers.

Supplementary Material

Refer to Web version on PubMed Central for supplementary material.
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Fig. 1. Principal component analyses in mice
Blood expression profiles discriminate between mice with altered LRRK2 genes. Twelve 

markers were evaluated for significant differences among the following four mouse groups 

using an F-test: WTC, KO, transgenic LRRK2-WT and LRRK2-GS. Markers with a q-value 

of 0.1 were used to construct the principal component analysis (PCA) plot. The percentage 

of explained variance is indicated in parenthesis on each axis. The four groups show 

consistent separation, with KO mice and the over-expressing transgenic lines appearing on 

opposite sides of WT. While the GS group is more variable than the other three, it appears to 

yield the most extreme expression alterations. Ellipses show the mean and 1 standard 

deviation for the multivariate distribution.
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Fig. 2. Human phenotype heatmap and drug effect
A, Blood expression profiles discriminate between individuals with PD symptoms (PD 

patients, in blue) and healthy controls (Controls, in black). Marker values were used to fit a 

linear model using gender, genotype, and phenotype (i.e. presence or absence of PD). 

Markers that were associated with phenotype at a q-value of 0.1 were used to construct a 

heatmap. Each marker value is scaled to have 0 mean and 1 SD. Markers were clustered 

with hierarchical clustering using Euclidean distance. Samples are ordered according to a 

score that is the sum of the scaled marker values multiplied by the sign of the direction of 

change in the PD-affected group. This score produces significant discrimination between PD 

patients and healthy controls with an area under the curve (AUC) of 0.79 (p= 1.89×10−5) 

using five-fold cross-validated support vector machine (SVM) classification using all genes. 

B, Example of a marker associated with disease status and L-DOPA dose. Box plot and 

linear fit showing MyD88 gene expression by L-DOPA dosage. MyD88 gene expression is 

significantly higher in PD patients, yet it is lowered by L-DOPA administration. The 

expression profiles of PD patients who received higher doses of L-DOPA look more like 

those of normal controls. C, In order to evaluate the relative and potentially confounding 

effects of disease presence and L-DOPA dose on the expression of each gene, we plotted the 

t-statistic obtained for each gene comparing PD patients and asymptomatic individuals (X 

axis) and the t-statistic obtained from a regression against L-DOPA dose (Y axis, as shown 

for MyD88 in B). These paired t-values were then fit by a linear regression, showing an 

inverse correlation. The expression profiles of PD patients who received higher doses of L-
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DOPA look more like those of normal controls. Since gene effect sizes are not independent, 

significance was evaluated by a permutation test: 500 random correlation values were 

generated from permuting the L-DOPA doses and deriving the corresponding effect sizes. 

The inverse relationship is significant (p= 0.02) and further corroborates the argument that 

the observed expression profiles are due to the underlying disease biology.
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Fig. 3. Human genotype heatmap
Blood expression profiles discriminate between individuals with different LRRK2 genotypes 

(wild-type GG vs. G2019S mutant GA) independently of the presence of PD symptoms. 

Markers that were associated with genotype at a q-value of 0.2 were used to construct a 

heatmap as in Fig. 2. The genotype effect is smaller in magnitude. Using the same score 

calculation as in Fig. 2, we obtain an AUC of 0.68 (p= 6.32×10−3) using five-fold cross-

validated SVM classification using all genes.
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Fig. 4. Functional network analysis of the PD human gene signature
Bar-plot of the diseases and disorders that are over-represented in the 14 PD-phenotype-

associated markers in our human dataset. Cutoff for the expression values (i.e. q-values) was 

set to 0.1 in order to select the 14 signature markers. The IPA Functional Analysis shows 

that several genes among the 14 discriminating PD disease markers are significantly linked 

to inflammatory disease, inflammatory response, immunological disease, as well as 

neurological disease. Uncorrected p-values (Fisher's Exact Test p-value) were measured.
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Table 1

Clinical features of the Study cohort

LRRK2 genotype
Healthy Controls

GG (WT)
Healthy Controls

GA (G2019S)
PD patients
GG (WT)

PD patients
GA (G2019S)

Number 12 14 17 16

Male: Female ratio 4:8 5:9 10:7 10:6

Age at blood draw, mean year +/−SD 62.3 +/− 16.1 53.9 +/− 22.7 64.7 +/− 6.4 70.6 +/− 10.8

Age at onset, mean year +/−SD N/A N/A 57.1 +/− 7.8 57.4 +/− 11.5

UPDRS motor, median 1 (0–12) 2 (0–17.5) 17 (5.5–53) 14.5 (1–65)

% definitely on L-DOPA* N/A N/A 70.6% (12/17) 81.3% (13/16)

*
L-DOPA status of some patients is not known
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