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Inherent variability limits clinical utility of
reproducible Parkinson’s transcriptomics
signatures
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Roy Dayan1,2 , SerafimaDubnov3, Hagit Turm3,4, Michelle Grunin5,6, Shahar Shohat3,4, Salim T. Khoury7,8,
Ami Citri3,4, Tamar Harel2,9 & David Arkadir2

Blood transcriptomic signatures for Parkinson’s disease (PD) diagnosis have failed to integrate into
clinical practice despite decades of translational efforts. We evaluated the classification performance
of 13 published coding RNA-based signatures using both a large public dataset and datawe collected
prospectively in a controlled clinical study of levodopa-naïve patients and healthy controls. Our results
show that gene overlap between signatures is low but significant (2.7%, p < 0.001) and enriched for
lipid metabolism genes. Most signatures (10/13) remained significant when tested on the Parkinson’s
Progression Markers Initiative (PPMI) dataset, though with lower classification performance than
previously reported (medianAUC: 59.7%). Performance improved forGBA1-associatedPD. Rigorous
standardization of clinical and environmental parameters in our prospective study (30 participants)
failed to improve transcriptome-based classification.We conclude thatwhile the search for a universal
blood-based PD transcriptome may elucidate disease pathophysiology, its clinical utility is inherently
limited.

Over the past decades, considerable efforts have been devoted to the iden-
tification of biomarkers that could enhance the diagnosis of Parkinson’s
disease (PD), facilitate the understanding of its pathophysiology, and assess
the efficacy of potential disease-modifying therapies1. Blood transcriptomics
has emerged as a promising tool in this pursuit, offering a minimally
invasivemethod to capture broad, unbiasedmolecular information2. Several
studies have investigated blood transcriptomics for a unique signature of
PD, often using machine learning algorithms to manage high-dimensional
data, and have reported success in distinguishing PD patients from healthy
controls3–6. Yet, despite the persistence of these efforts and the encouraging
results, why have transcriptomic biomarkers not been translated into clin-
ical practice?

Previous studies have highlighted several limitations that have hin-
dered the translation of transcriptomics-based approaches into clinical
practice. First, RNA expression exhibits substantial variability, even within
homogeneous cell populations7,8. Second, many transcriptomics-based
classificationmethods andmachine learningalgorithmshavebeen criticized
for their susceptibility to circular reasoning9 andoverfitting10. Consequently,
gene signatures derived from blood transcriptomic data have often shown

poor concordance across studies4,11. These issues raise a critical question: can
PD diagnostic methods based on blood-derived gene expression signatures
be reliably replicated in independent datasets, and can performance be
improved by controlling parameters that contribute to variability?

To address these questions, we systematically identified published
blood transcriptomics-based gene signatures that had been developed to
distinguish PD patients from controls. We then evaluated the performance
of these signatures byusing a large, independent dataset andby conducting a
prospective study designed to minimize potential confounders. Our find-
ings show that while many signatures retain their statistically significant
classification performance, the clinical applicability of these signatures
remains limited—largely due to inter-individual variability, some of which
can be ascribed to variance in genetic background.

Results
Poor overlap between blood transcriptomics-based signatures
A literature search, based on our predefined criteria, identified 13 studies
that classified PD and healthy control subjects based on blood-derived
transcriptomic signatures (Fig. 1a, Table 1). Training and validation in these
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13 studies were performed on 9 independent datasets (Fig. 1b). Themedian
number of participants in each study was 205 PD patients (range: 19–400)
and 189 controls (range: 19–369). 3/9 datasets included exclusively drug-
naïve PD patients.

Of the 9 datasets, transcriptomic profiling was performed using
microarrays in 7 and RNA-sequencing in 2 (Fig. 1b). A median of 8 genes

was identified across the 13 published signatures (range: 1–495), resulting in
411 unique genes at total after removing duplicates, non-coding transcripts,
and genes forwhichdirectionof regulationwasnot reported. 22/411of these
genes appeared in more than one signature but only half of them (11/411,
2.7%, i.e., consensus genes) originated from at least two separate signatures
that are not based on shared datasets (Table S2).While this overlap is small,
it is unlikely to have occurred by chance (p < 0.001). None of these 11
consensus genes appeared in more than two independent signatures.
Notably, all 11 consensus genes consistently showed the same direction of
regulation (either up- or downregulated), indicating a degree of
reproducibility.

Gene set EnrichmentAnalysis (GSEA) of the consensus genes revealed
that 6/11 genes (ABCA1,ABCG1, SLC25A20, SPON2,PTGDS, andTREM1)
were related to lipid regulation (5/11 associated with response to lipids,
corrected p = 0.012, 3/11 associated with intracellular lipid transport, cor-
rected p = 0.004, Table S3). Similarly, analysis using EnrichR revealed the
strongest enrichment in lipid-related pathways.

Evaluation of classification signatures on the PPMI dataset
To assess the utility of each previously suggested signature on external
datasets, we implemented a simplified scoring system in which each gene
was assigned a positive or negative weight based on its originally reported
direction of regulation (up- or down-regulation, respectively, see “Meth-
ods”).We first validated this approach by testing the two signatureswith the
largest number of genes, both derived from a single dataset (Shamir et al.;
Pantaleo et al.)3,6. Our scoring system successfully reproduced the ability of
the original list of genes todistinguish PD fromcontrolswhen applied to the
relevant data sets (AUC 67% vs. reported 74% by Shamir et al. and AUC
68% vs. reported 72% by Pantaleo et al., Fig. S1). Both AUCs calculated by
our scoring systems were significant (p = 0.014, p < 0.001, respectively). It is
worth noting that for these two signatures, performances were similar when
reported importance or effect sizeswere used asweights (Shamir et al.: AUC
67.3%, p = 0.011; Pantaleo et al.: AUC 71.6%, p < 0.001) but since these
metrics were only available in a subset of the studies, we opted to use equal
weights to ensure consistency.

Applying our scoring system toall 13 gene signatures on theRNA-Seq-
based PPMI database revealed that 10/13 achieved statistically significant

Fig. 1 | Reported signatures classifying PD and controls. A Flowchart of the
literature search, resulting in 13 studies. B Original datasets (yellow boxes, upper
panel) and the studies based on these datasets (blue boxes, lower panel) with the
machine learning algorithms used for training the data. Digits represent the exact
algorithm: (1) SVM (Support Vector Machine). (2) Random Forests. (3) Gradient
Boosting. (4) LASSO (Least Absolute Shrinkage and Selection Operator). (5)
Weighted Gene co-expression Network Analysis. (6) Methylation analysis. 7) Other
type of analysis.

Table 1 | Classification performance and number of differentially expressed genes when applying the signatures on the PPMI
and on our prospective data

Transcriptomic signature Number of genes in
the signature

Reported AUC AUC
on PPMI

AUC on prospective study
± SE

Number of genes
with
|LFC | > 0.1 (same)

Number of genes
with
|LFC | > 0.1 (same)

Pantaleo et al.6 205 (495a) 72% 68.0%† 65.6% ± 9.7% 16 (16) 3 (3)

Jiang et al.55 9 78% 63.3%† 58.0% ± 11.0% 1 (1) 0

Deng et al.56 3 74% 63.0%† 41.1% ± 10.7% 1 (1) 0

Falchetti et al.4 59 84% 61.1%† 53.1% ± 10.7% 3 (3) 6 (6)

Li et al.47 8 76% 60.1%† 41.1% ± 10.7% 0 1 (1)

Wang et al.57 21 74% 59.3%† 62.1% ± 11.0% 0 3 (3)

Augustine et al.5 29 82% 58.8%† 71.9%* ± 9.7% 2 (2) 5 (4)

Wu et al.58 7 60% 58.2%† 64.7% ± 10.5% 0 0

Shamir et al.3 87 (100a) 74% 57.1%* 48.7% ± 10.7% 1 (1) 6 (4)

Teng et al.59 3 80% 54.2%* 52.0% ± 10.5% 0 0

Wang et al.60 4 81% 52.5% 49.6% ± 11.0% 0 0

Chew et al.61 1 56% 46.9% 50.7% ± 20.9% 0 0

Jin et al.62 1 69% 46.1% 41.3% ± 17.6% 0 0

Consensus genes 11 – 63.0%† 67.9%* ± 10.2% 1 (1) 4 (3)

*Represents p < 0.05; †represents p < 0.001.
AUCareaunder the curve,ReportedAUC themaximumAUC reported in theoriginal studyon the test set.PPMIParkinson’sProgressionMarkers initiative,SEStandardError estimated from95%bootstrap
confidence interval, LFC log-fold change, Same number of genes with the same direction of regulation in both the original study and the external dataset, PM post mortem.
aOriginally reported including gene duplication, non-coding genes, or genes with no reported regulation direction.
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classification of PD vs. controls (p < 0.05, Table 1). Significant signatures
calculated by our scoring system had a median AUC of 59.7% (range:
54.2–68.0%). This value was lower than originally reported, with a median
decrease in AUC of 15.3% (range: 1.8–25.8%, p < 0.001). The three sig-
natures that did not reach significance by our scoring system contained a
smaller number of genes (1–4 genes in each signature). Of note, testing the
classification performance of the 11 consensus genes achieved a relatively
higher AUC of 63.0% (p < 0.001). To assess potential confounding, we
applied a logistic regression model including score, age, and sex, which
yielded similar results (Table S4).

The lower classification performance calculated by our system, com-
pared with the original studies, could be, at least partially, attributed to
difference in reported gene expression between cohorts. While in the ori-
ginal studies, most genes were considered to be differentially expressed as
defined in the PPMI (log-fold change > 0.1 or <−0.1, e.g., 205/205 genes
included from Pantaleo et al., 83/100 in Shamir et al., 59/59 in Falchetti
et al.)3,4,6, in the PPMI database, only 23/411 of the signature genes (5.84%)
were differentially expressed. This limited overlap may be partially attrib-
uted todifferences inplatform technologies, asmost signaturesderived from
expression microarray data, while PPMI employed RNA-Seq11,12. Of note,
all 23 differently expressed signature genes exhibited the same direction of
regulation as reported in the original reports (p = 0.001 for random
occurrence).

Assessing theclassificationperformanceonmonogenicPDfrom
the PPMI dataset
Since the etiology of PD is heterogeneous13, we examined whether applying
the suggested signatures on uniform genetic subgroups of PD from the
PPMIdatabasewill increase the classificationperformance.For this analysis,
we included 304 patients with negative genetic tests (idiopathic, iPD), 215
patients positive for pathogenic variants in LRRK2 (LRRK2-PD), 103
patients positive for pathogenic variants in GBA1 (GBA-PD), and 161
healthy controls with a negative genetic panel. We analyzed the 10/13 sig-
natures that exhibited a statistically significant classification performance.

Limiting the classification to only LRRK2-PD vs. controls improved
performance in 7/10 signatures, although this overall improvement was not
statistically significant relative to the ability of these signatures to distinguish
iPD from controls (LRRK2-PD vs. controls: median AUC 61.3%, range
51.1–65.2%; iPD vs. controls: median AUC 57.1%, range 54.3–68.1%;
p = 0.160, Fig. S2). In GBA-PD, 9/10 signatures did better in distinguishing
PD from controls (GBA-PD vs. controls median AUC 65.4%, range:
54.4–72.7%; iPD vs. controls: median AUC 57.1%, range: 54.3–68.1%,
p = 0.006). Improvedperformance in distinguishingGBA-PD fromcontrols
was also noticed in the signature that was based on data from which
monogenic PD were excluded6. With the 11 consensus genes, AUC was
71.2% in GBA-PD vs. controls as comparison to 63.8% in iPD vs. controls.

Although this study does not focus on asymptomatic carriers, it is
noteworthy that 8/11 of the consensus genes are differentially expressed
between GBA-PD and unaffected GBA1 mutation carriers, and 7/11 are
differentially expressed between LRRK2-PD and unaffected LRRK2 muta-
tion carriers (p < 0.001 for both comparisons; hypergeometric test was
applied to overcome the effect secondary to different sample sizes). The
direction of expression change in all of these genes (comparing monogenic
PD to non-manifesting carriers) was consistent with that observed in the
original studies comparing PD to healthy controls (Fig. S3).

Source of gene expression variability in the PPMI dataset
Previous studies have suggested that the classification performance of blood
transcriptomics-based signatures is limited, in part, by the variability of gene
expression11. This variability may rise from either intra-individual differ-
ences (within the same individual) documented in repeated sampling or
inter-individual differences (between different individuals), and in both
cases can be affected by environmental conditions. While most environ-
mental factors are difficult to control or quantify, the use of anti-
Parkinsonian therapy represents a measurable and clinically relevant

variable. Indeed, the use of dopamine-replacement therapy has been
hypothesized to influence gene expression independently of PD presence,
potentially confounding transcriptomic signatures14,15. Notably, 11/13 gene
signatures analyzed in our studywere derived from cohorts in which at least
part of the participants received dopaminergic therapy.

In order to assess the potential contribution of intra- and inter-
individual differences and exposure to dopaminergic therapy to variability
of gene expression, we computed the mean pairwise distance (MPD)
between individuals with PD and between healthy controls prior to treat-
ment initiation. We also calculated the average gene expression change
within each PD patient over the year before and after starting therapy, and
for controls over equivalent time intervals.

Among all signature genes with sufficient counts (282/411), MPD
values were similar between PD patients and controls (p = 0.951; Fig. 2a),
suggesting comparable variability between individuals in both groups. As
expected, MPD values within individuals across two time points were sig-
nificantly lower (p < 0.001 for both PD and controls), reflecting lower
variability within each individual across different time points, even with
anti-Parkinsonian therapy. Importantly, the gene expression change fol-
lowing the initiation of anti-Parkinsonian therapy in PD patients did not
exceed the natural variability observed across time points in untreated
controls (p = 0.960). These findings suggest that the dominant source of
variability in blood gene expression lies between individuals, rather than
within individuals over time, and that long-termdopaminergic therapydoes
not substantially increase variability in gene expression profiles.

Intervention study attempting to reduce gene-expression
variability
We hypothesized that controlling environmental factors and reducing
clinical and demographic differences between individuals would reduce the
variability of gene expression and improve the performance of the sig-
natures. In addition, thismay reduce some inconsistencies observed in gene
regulation between cohorts previously described, also for other blood
transcriptomics signatures11. Towards this aim, we performed a prospective
clinical study (30 participants, 16 patients with PD and 14 healthy controls,
seeTable S5 for demographic characteristics).Weminimized factors known
to affect blood transcriptome by recruiting only patients at the same clinical
stage, i.e., patients naïve to symptomatic therapy required to initiate
treatment16, narrowing the age range (50–80 years)17,18, sampling blood at
the same time of the day (7–8 AM)19 after a night fast20, and requesting
participants to avoid caffeinated beverages for at least 12 h21. The
neutrophil-to-lymphocyte ratio, a potential confounder22, reported to dif-
ferentiate PD from controls23, was later calculated, and showed no sig-
nificant difference between groups (PD: 1.55 ± 0.58, Controls: 1.27 ± 0.34,
p = 0.118). All participant demographics are provided in Table S5.

In contrast to our hypothesis, the expression variability between
individuals did not decrease neither in the PD (MPD/mean: p = 0.813;
Coefficient of variation: p = 1.000) nor in the control groups (MPD/mean:
p = 0.927;Coefficient of variation:p = 1.000). Similar to our results thatwere
based on the PPMIdataset, also here only 20/411 (4.87%)were differentially
expressed in PD vs. controls, 18/20 (90.0%) of themwith the same direction
of regulation (Table 1). As neither the variability nor the rate of differential
expression improved in our cohort, classification performancesweremostly
similar to the results from the PPMI (in our cohort: median AUC 52.0%,
range: 41.1–72.9%; PPMI: median AUC 58.8%, range: 46.1–68.0%; median
difference between AUCs 3.0%, p = 0.216; Table 1, Fig. S4).

To examine whether levodopa induces short-term changes, in either
PD or healthy individuals, 16 of the participants (6 with PD and 10 healthy
controls) received a single oral dose of 125/12.5mg levodopa/carbidopa for
the first time in their life, and peripheral blood was collected for RNA
sequencing 150min later. Consistent with the long-term findings from the
PPMI cohort, gene expression variability, measured by MPD, was sig-
nificantly higher between individuals than within individuals (i.e., before
and after levodopa intake) at baseline (p < 0.001 for both PD and controls;
Fig. 2b). Interestingly, MPD values after levodopa were smaller in PD
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patients (p = 0.007), suggesting a modest differential transcriptional short-
term response to dopaminergic stimulation.

Discussion
In this study, we identified a small but significant overlap (11/411) of
consensus genes across previously proposed transcriptomic signatures
designed to distinguish PD patients from healthy controls. While we vali-
dated the ability of 10/13 signatures to recognize PD,AUCswere overall low
when applied to external datasets (medianAUC 59.7%). Improvement, to a
certain degree, was observed when exclusively analyzing GBA-PD indivi-
duals. Inter-individual gene expression variability, a major limitation in
signature performance, was not reduced by prospective attempts to opti-
mize clinical, demographic, and environmental factors of participants. We
concluded that biological differences between individuals, rather than
environmental or treatment effects, are the dominant source of gene

expression variation and limit the diagnostic value of blood-based expres-
sion signatures.

It is now well established that PD-related molecular changes are not
confined to the brain24. PD-related transcriptomic alterations have been
observed in the skin25, gastrointestinal system26, and as was confirmed here,
also in blood. These blood transcriptomic changes were shown to mirror
RNA changes observed postmortem in the striatum, underscoring their
potential relevance to disease biology27. While the clinical utility of blood
transcriptomic changes remains limited (see below), identifying repro-
duciblemolecular alterations is essential for deepeningourunderstandingof
PD pathophysiology. In this regard, it is noteworthy that 6/11 of the con-
sensus genes are involved in lipid transport or lipid-regulatory pathways,
aligning with prior reports of PD-related disruptions in lipid metabolism
and its connection to alpha-synuclein pathology28,29. These genes may also
serve asbiomarkers for suggested lipid-targeteddisease-modifying therapies
for PD30,31.

Although the ability of blood transcriptomics-based signatures to
distinguish patients with PD from controls, as was reproduced here, is
overall statistically significant, their performance is not clinically useful.
Among the 10 of 13 signatures that retained statistical significance in our
analysis, the highest AUC was only 68.0% which is considered to be an
inadequate classifier32.While ouruse of an equal-weighted scoring approach
may have contributed to reduced performance, even in the original pub-
lications, none of the signatures exceeded an AUC of 85%, which is con-
sidered good32 but by itself does not imply clinical utility33 and falls short of
the clinical diagnosis of PD by movement disorders specialists
(AUC 92.5%)34.

One plausible explanation for the limited performance and low con-
cordance among gene signatures is the genetic and pathological hetero-
geneity of PD13. Most notably, gene signatures tended to perform better in
patients with GBA-PD, an accentuated form of the disease35,36, that is uni-
formly associated with alpha-synuclein pathology37. Conversely, when
analyzing data for LRRK2-PD, which is associated with a more hetero-
geneous pathology38, there was not a significant improvement in signature
performances. This supports the notion that genetic stratification may
improve biomarker consistency and interpretability. Interestingly, despite
the well-established differences in penetrance, molecular mechanisms, and
pathological substrates betweenGBA-PD and LRRK2-PD, we observed that
similar transcriptomic signatures are shared by these two distinguished PD
types. This may suggest a shared downstream common pathway39.

Akeychallenge indevelopingblood transcriptomics-based classifiers is
disentangling disease-specific transcriptional signatures from confounding
variables. Contrary to prior assumptions14, our findings suggest that anti-
Parkinsonian therapy initiated within the year preceding sampling does not
substantially contribute to gene expression variability. Previous studies
noted several other potential confounders - such as age, time of day, fasting
status, caffeine intake, and proximity to levodopa administration15,17–21. In
addition, RNA is an inherently unstable molecule, and variations in col-
lection, storage, handling, and sequencing platforms can introduce sub-
stantial differences in measurement40. However, even in our prospective
cohort, where such factors were carefully minimized, variability between
individuals persisted, and classification accuracy did not improve. Future
studiesmay benefit from strictermethodological standardization, including
adjustments for blood cell sub-populations, to enhance reproducibility41,42.

Finally, with the advent of highly sensitive and specific diagnostic
methods such as α‑synuclein seed amplification assays43, the rationale for
pursuing a universal transcriptomic signature of PD becomes increasingly
questionable. Instead, leveraging the unique gene expression patterns of
individual patients may enable the development of divergent biomarkers
that capture personalizeddisease trajectories. Suchbiomarkerswould reflect
the idiosyncratic nature of disease in each individual, integrating genetic
predisposition (both monogenic and polygenic), disease progression pat-
tern (e.g., body-first versus brain-first), clinical phenotype (e.g., tremor
predominant vs. akinetic-rigid), and environmental exposures. Rather than
obscuring this variability, transcriptomic profiling should help anticipate

Fig. 2 | Mean pairwise distance (MPD) of gene expression values from blood
RNA-seq across signature genes. A MPD of data from the PPMI of 282 genes,
calculated between treatment-naïve PD and controls and across two time points—in
the year before and in the year after initiating anti-parkinsonian therapy for PD
patients, and at matched time intervals for controls. MPD was significantly lower
within individuals than between individuals (PD at baseline: median 0.35
[0.11–1.45], within each PD: median 0.23 [0.09–0.84], p < 0.001; Controls at base-
line: median 0.34 [0.10–1.68], within each control: median 0.22 [0.09–0.89],
p < 0.001). No significant difference was observed between the treatment-related
change in PD patients and the natural variation in controls (p = 0.960), suggesting
that long-term anti-parkinsonian therapy does not substantially increase gene
expression variability. bMPD of data from an independent prospective cohort of 16
drug-naïve individuals (6 PD, 10 controls) of 299 genes. MPDwas calculated among
participants before receiving treatment (baseline) and within each participant
150 min after receiving 125/12.5 mg of levodopa/carbidopa. In both PD patients and
controls, variability within individuals across time points was significantly lower
than variability between individuals at baseline (PD at baseline: median 0.44
[0.11–1.19], within each PD: median 0.34 [0.07–1.18], p < 0.001; Controls at base-
line: median 0.44 [0.15–1.25], within each control: median 0.38 [0.12–1.25],
p < 0.001). The treatment-induced change was smaller in PD than in controls
(p = 0.007), indicating a modest but consistent within-subject response. PPMI
Parkinson’s Progression Markers initiative, NS non-significant, PD Parkinson’s
disease.
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transitions along the disease course or from prodromal to early-stage PD,
and support personalized approaches to prognosis and therapeutic
targeting.

In conclusion, we identified a modest but statistically significant
overlap among published blood transcriptomics-based gene signatures for
PD, alongside substantial variability between individuals that limits their
clinical applicability. While future methods—including those leveraging
blood-derived mRNA from single-cells or non-coding RNAs44 may yield
more robust biomarkers, current evidence suggests that pathology-driven
approaches, such as alpha-synuclein seed amplification assays, offer
superior clinical potential and reliability43. Rather than pursuing a universal
PD transcriptomic signature, efforts should leverage RNA variability to
develop personalized biomarkers that reflect individual disease trajectories.

Methods
Data extraction from previous studies
We searched PubMed for articles (January 2015-May 2025), including
“gene expression”, “RNA expression” or “transcriptomics”, plus “blood”
and “Parkinson’s disease” and at least one of: “classification”, “AUC”,
“ROC”, “sensitivity” or “specificity” (Fig. 1a). Of 91 articles identified, we
included studies based on human mRNA reporting gene up- or
downregulation.

To enhance overlap between signatures, we focused on coding genes
with reported regulation. In microarray data, if genes had multiple probes
(as in Shamir et al.)3, we selected the probe with the highest reported
importance.We calculated random co-occurrence probability using 10,000
permutation tests. Gene enrichment was evaluated using Gene Set
Enrichment analysis (GSEA)45 focusing on top 10 overlaps in KEGG
Medicus gene sets,GObiological process, andHumanPhenotypeOntology,
plus EnrichR46 focusing on WikiPathways 2024 Human, KEGG 2021
Human, and GO Molecular Function 2025.

Analyzing performance of signatures on external datasets
To classify participants based on the gene signatures, we introduced a
simplified score that quantifies the relative expression of each gene signature
in a given sample. For RNA-sequencing datasets, we normalized the raw
expression matrices by calculating counts per million (CPM), and for
microarray datasets by quantile normalization.Normalizationwas followed
by log2 transformation.

Given a normalized expression matrix M 2 RP×N measuring N sig-
nature genes across P participants, the score sj of the jth participant is given
by:

sj ¼
XN

i¼1

xij � μi
σ i

� ri ð1Þ

Here, for each signature gene, we standardized its expression across all
samples in the cohort using the z-scores, andmultiplied it by the regulation
factor ri, representing up- or down-regulation of gene xi:

ri ¼
�1; lfcðxiÞ < 0
1; lfcðxiÞ > 0

�
ð2Þ

Where lfc = log-fold change between PD and control samples, reported in
the original studies.

While weights based on log-fold change have been previously used in
similar settings47, we adopted a binary approach due to large variability
between datasets (see results andprevious studies4) and limited data on gene
importance or log-fold change extractable from reported studies. Statistical
analysis used 10,000 label (PD/control) permutations.

We validated our equal-weight approach by testing the performance of
the two largest signatures (each from a single dataset) using the original
expressiondata itwas based on. These signatures are particularly susceptible
to bias from low-importance genes. For comparison, we repeated the ana-
lysis after multiplying importance scores by +1 or −1 according to the

regulation direction. To test whether the number of differentially expressed
genes in the consensus set was higher than expected by chance, we used the
hypergeometric distribution separately for upregulated and downregulated
genes, then combined the results using Fisher’s combined probability test48.

Transcriptomics data were obtained from the Parkinson’s Progression
Markers Initiative (PPMI)49. Data was extracted May 2025, including dif-
ferential expression results and gene expression values for individual par-
ticipants. We used the earliest sample from each participant. Demographic
data included age on consent, sex, diagnosis, and genetic status. Overall, we
collected data of 622 PD patients and 186 controls. PD and controls had a
similar female-to-male ratio (PD: 42.3% females, controls: 41.4% females,
p = 0.830). PD patients were older (PD: 64.2 ± 10.2 years, range 32.8–93.7;
controls 60.9 ± 11.6 years, range 31–84.3; p < 0.001). Test set and source
code used in Shamir et al. were downloaded from https://github.com/
Shamir-Lab/GENEPARK3.

To compare variability both between individuals and within indivi-
duals across two time points, we used MPD, reflecting global similarity
unaffected by sample number. MPD was calculated on normalized gene
expression data by averaging absolute values of all relevant combinations
within groups or differences before/after treatment for each individual.
MPD was assessed for all signature genes, excluding those filtered for low
counts in any of the groups. Group comparisons used the Kruskal–Wallis
test. General variability between individuals in different datasets was mea-
sured byMPD/mean and coefficient of variability (CV, standard deviation/
mean). One-tailed Wilcoxon signed-rank test assessed whether variability
decreased after controlling for environmental conditions.

Prospective study to reduce expression variability
Participants were recruited at the Hadassah Medical Center movement
disorder clinic (June 2020–June 2022). All participants provided informed
consent (IRB 0144-20-HMO).We included patients aged 50–80 diagnosed
with PD following theMDS (Movement Disorders Society) criteria50, naïve
to symptomatic therapy (except MAO-B inhibitors), at clinical stage
requiring symptomatic therapy initiation. Exclusion criteria were atypical
PD, negative 6-[18 F]fluoro-L-DOPA scan, or prior neuroleptic use. Heal-
thy controls were included after ruling out Parkinsonian signs. Baseline
comparisons used Student’s t-test for age and Fisher’s exact test for sex.

PD patients and controls were tested following overnight fasting from
caffeine-containing beverages and food. Upon arrival, participants were
examined, the motor part of the Unified Parkinson’s disease rating scale
(UPDRS III)was calculated, and15mlof peripheral blood forRNA-Seqwas
obtained. Then, some participants were treated with a tablet containing
125mg of levodopa and 12.5mg of carbidopa. Additional physical exam-
ination was performed, and blood samples were obtained 150min
post-dose.

Blood samples were immediately preserved in RNA stabilization tubes
(Tempus™) and stored in −80 °C. Total RNA was extracted using the
Tempus™ Spin RNA Isolation Kit, per manufacturer’s instructions. RNA
concentration and purity were assessed using NanoDrop™ 2000 spectro-
photometer (Thermo Fisher Scientific), and RNA integrity was evaluated
using the Agilent 2100 Bioanalyzer (Agilent Technologies).

For each sample, 100 ng of total RNA was used to prepare RNA-seq
libraries using the QuantSeq 3′ mRNA-Seq Library Prep Kit, per manu-
facturer’s protocol. To reduce globin mRNA-derived fragments, the RS-
Globin Block module was incorporated after first-strand cDNA synthesis.
To eliminate amplification bias, the standard Second Strand Synthesis Mix
(SS1) was replaced with the UMI Second Strand Synthesis Mix (USS).
Libraries from 41 to 44 blood samples were pooled and sequenced on the
Illumina NextSeq platform. Reads were aligned to the hg38 reference gen-
ome using STAR, and UMI-tools were used for UMI-based deduplication
and generation of gene-level count matrices. Full reagents are in Table S1.

Data analysis used R (version 4.4.2; RCore Team, 2024) in the RStudio
environment and MATLAB R2024b (The MathWorks, Inc., Natick, MA).
RNA-seq countswere processedusing edgeR51.Geneswith expression levels
below 1CPM in fewer than three samples were filtered out, retaining 17,223
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genes. Normalization used the trimmedmean ofM-values (TMM)method
followed by conversion to log2CPM. Correction for batch effect was per-
formed using ComBat-seq52. Differential expression to compare PD and
control, and time after levodopa intake was calculated using the limma R
package53. P-values were corrected via the Benjamini-Hochberg method.
Cell-type deconvolution was performed using robust linear regression with
non-negative constraints, using the LM22 signature matrix54. The reference
was scaled to match the distribution of TMM-normalized bulk data. Esti-
mated proportions were normalized per sample, and neutrophil levels were
compared across groups relative to calculated levels of B cells, T cells, and
natural killer cells.

Data availability
Data used in the preparation of this article were obtained on [2025-05-01]
from the Parkinson’s Progression Markers Initiative (PPMI) database
(https://www.ppmi-info.org/access-data-specimens/download-data),
RRID:SCR_006431. For up-to-date information on the study, visit http://
www.ppmi-info.org. Data from the prospective cohort is available upon
request.
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