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Mapping the neural and molecular basis
underlying fatigue in Parkinson’s disease

Check for updates

FutingYang1,2,16, Junyi Shen3,16, Zhiqin Sun4, Lingli Tan5, RuchengYang6, LinaZhu7,8, YinMo9, HengShao10,
Jianhong Hou11, Zanzong Sun6 , Yuan Gao12,13 , Yanbing Hou14,15 & Jiaojian Wang1,2

Fatigue is a common and debilitating non-motor symptom in patients with Parkinson’s disease (PD).
By integrating the activation likelihood estimation (ALE) meta-analysis and activation network
mapping (ANM) technique, the brain network underlying fatigue (referred to as “fatigue-related
network”) in PD was identified, comprising widespread brain regions primarily involving the
somatomotor and frontoparietal networks. This network was interpreted through transcriptomic
patterns, chemoarchitectures, and behavioral relevance. Fatigue-related genes were predominantly
enriched in synaptic and actin filament-related biological processes and showed primary expression
in neurons and oligodendrocytes. The fatigue-related network closely corresponded to the spatial
distributionof acetylcholine, glutamate, andnorepinephrine systemsandwasprimarily linked tomotor
function. This study defines a distinct brain network substrate underlying fatigue in PD, advancing our
understanding of the neurobiological mechanisms and facilitating the development of effective
therapies for affected patients.

Parkinson’s disease (PD) is a prevalent neurological disorder, with its
incidence doubled over the past three decades1. The pathophysiology of
PD is multifaceted, involving aberrant α-synuclein aggregation, mito-
chondrial dysfunction, lysosomal impairment, vesicle transport dis-
turbances, synaptic transport defects, and neuroinflammation2. Beyond
the well-recognized motor symptoms, PD also presents a broad spec-
trum of non-motor symptoms (NMS) that often go unnoticed during
the disease course. Fatigue, one of the most common and debilitating
NMS in PD, affects up to 50% of patients and can arise at any stage of the
disease, sometimes persisting throughout its course3,4. The 2019
recommendations for managing NMS in PD deem “rasagiline” “pos-
sibly useful” for fatigue5, but there remains a lack of updated evidence
on the effective treatment for this symptom in PD6. Despite its high

prevalence, the pathophysiological mechanisms underlying fatigue in
PD remain poorly understood.

Fatigue is a common feature in various neurological conditions,
classified as either peripheral fatigue (e.g., muscle fatigability in neuro-
muscular junction disorders) or central fatigue (e.g., fatigue in PD or
multiple sclerosis (MS), affecting the central, peripheral, or autonomic
nervous systems)7,8. Central fatigue is hypothesized to arise from dys-
function within the striato-thalamo-cortical loop, which connects the
neostriatum to the frontal lobe (including the prefrontal, cingulate, and
orbitofrontal cortices)7. Fatigue can also manifest under normal phy-
siological conditions when the cost of an action outweighs its expected
benefits, heavily influenced bymotivation9. It is suggested that deficits in
stimulus evaluation and reward-related decision-making processes, tied
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to themesolimbic system’s functional integrity, ultimately lead to central
fatigue in PD9,10. Although these circuits are believed to contribute to
central fatigue, their neural substrates in PD remain undefined.

Over the past decade, neuroimaging techniques have become
integral in investigating the neural substrates of neuropsychiatric dis-
orders. Several studies have reported structural and functional brain
abnormalities linked to fatigue in PD11–21. Notably, resting-state func-
tional magnetic resonance imaging (rs-fMRI), a widely used method to
indirectly access neuronal activity via blood-oxygen-level-dependent
(BOLD) signals, has shown that distressing fatigue in PD is associated
with altered regional brain activity and functional connectivity (FC) in
various brain areas, including the postcentral gyrus, supplementary
motor area (SMA), supramarginal gyrus (SMG), frontal regions, insula,
and cingulate cortex11,14,16–21. Tessitore et al. observed that fatigue
severity correlated with connectivity changes within both the sensor-
imotor and default mode networks in PD18. However, findings
regarding these fatigue-related regions often suffer from poor repro-
ducibility. To address the “reproducibility crisis” in neuroimaging
research, activation likelihood estimation (ALE), a widely adopted
coordinate-based meta-analysis method22, has been employed to
identify consistent patterns of abnormal intrinsic functional activity
across studies23,24.While ALE effectively maps convergent activations, it
does not capture inter-regional connectivity. Recent approaches
emphasize that the pathophysiological basis of neuropsychiatric dis-
orders lies not in isolated brain regions but in disrupted brain networks.
The connectome perspective offers a more integrative framework for
understanding pathological brain perturbations25–27. A novel and well-
validated approach, activation network mapping (ANM), enables the
mapping of complex behaviors, brain diseases, or clinical manifesta-
tions to a shared network. ANM has been applied to localize the net-
work substrates for facial emotion processing28, PD dementia (PDD)29,
and suicide attempts in depression30. The diverse functional findings in
PD-related fatigue studies could converge into a shared functional brain
network, referred to as the “fatigue-related network”. This network
represents the core neuroanatomical substrate of fatigue in PD, inte-
grating contributions from multiple brain regions and their functional
connections. PD is known to be influenced by a variety of genetic var-
iants and neurotransmitter systems2. Previous clinical cohort and
neuroimaging studies have found associations between genetic factors,

neurotransmitter levels, and fatigue in PD patients31–36. Additionally,
the fatigue-related network, as the neurobiological basis of fatigue in
PD, may be linked to genetic factors and neurotransmitter systems.

To test these hypotheses, this study aimed to identify and decode the
fatigue-related brain network in PD. First, an ALE meta-analysis was con-
ductedon functional activationdata fromcomparisonsbetweenPDpatients
with and without fatigue to integrate findings across published rs-fMRI
studies. Second, the ANM method was employed to localize a shared
fatigue-related network in PD using a discovery dataset and two indepen-
dent validation datasets. Third, the identified fatigue-related network was
interpreted through transcriptomic patterns (i.e., gene functional features,
including the functional enrichment and cell type-specific expression),
chemoarchitectures (i.e., neurotransmitter distribution patterns), and
behavioral relevance. A schematic overview of the study design is shown in
Fig. 1.

Results
Convergence of rs-fMRI findings in fatigue of PD
Five studies reporting abnormal activations inPDpatientswith fatigue (total
n = 88) compared to those without fatigue (total n = 120) were identified
(Table S1). Convergence analysis of these rs-fMRI findings revealed 12
significant clusters, primarily located in sensorimotor, frontal, and temporal
regions (Table S2). All clusters exhibited 80% reproducibility in the jack-
knife sensitivity analysis, with each cluster remaining significant in 80% of
leave-one-study-out iterations.

Fatigue-related network of PD
The fatigue-related network in PD encompassed a distributed set of brain
regions, predominantly the SMA, precentral and postcentral gyri, SMG,
inferior frontal gyrus, and superior temporal gyrus. This network primarily
overlapped with the somatomotor (37.95%) and frontoparietal (26.42%)
networks. Validation analyses using two additional datasets (D2_1000
Subjects andD3_Young Subjects) showed that the derived networks closely
resembled those from the discovery dataset (D1_Old Subjects). Specifically,
the network from the D2_1000 Subjects dataset was predominantly linked
to the somatomotor (28.12%) and frontoparietal (19.89%) networks, while
the network from the D3_Young Subjects dataset was mainly associated
with the somatomotor (29.57%) and frontoparietal (20.81%) networks
(Figs. 2 and 3; and Table S3).

Fig. 1 | A schematic overview of the study design pipeline. First, an ALE meta-
analysis was conducted on functional activation data derived from the compar-
ison between PD patients with and without fatigue to integrate findings across
published rs-fMRI studies. Second, the significant convergence across these
enrolled rs-fMRI findings yielded 12 significant clusters predominantly in the
sensorimotor, frontal, and temporal regions. Third, the discovery dataset (refer-
red to as “D1_Old Subjects”) and the two validation datasets (referred to as
“D2_1000 Subjects” and “D3_Young Subjects”) were adopted for further ANM

procedure. Fourth, the brain network underlying fatigue in PD was localized by
the ANM method. Fifth, the identified fatigue-related network in PD was inter-
preted through transcriptomic patterns (i.e., gene functional features, including
the functional enrichment and cell type-specific expression), chemoarchitectures
(i.e., neurotransmitter distribution patterns), and behavioral relevance. ALE
activation likelihood estimation, ANM activation network mapping, FC func-
tional connectivity, PD Parkinson’s disease, rs-fMRI resting-state functional
magnetic resonance imaging.
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Fatigue-related transcriptomic profiles of PD
A total of 406 overlapping genes were identified between the D1_Old
Subjects and D2_1000 Subjects datasets and combined into a single
gene set (referred to as “D1&2”) for subsequent analysis (Fig. 4A). These
gene sets were primarily enriched in actin filament-based processes and
synapse-related biological processes, such as modulation of chemical
synaptic transmission, regulation of synapse structure or activity, trans-
synaptic signaling, and synapse organization (Fig. 4B, Fig. S1, and Table
S4). Further analysis of these genes as cell-type markers revealed con-
sistent distribution across gene sets. Specifically, genes with positive
weights in the fatigue-related network were predominantly enriched in
oligodendrocyte markers, while negatively weighted genes were

primarily associated with markers of excitatory and inhibitory neurons
(Fig. 4C and Table S5).

Fatigue-related chemoarchitectures of PD
The relationship between neurotransmitter receptor distribution and the
fatigue-related network was investigated using multiple linear regression
(Fig. 5, Figs. S2 and Fig. S3, and Table S6). The model accounted for 36% of
the variance (F = 64.83, adjusted R2 = 0.36). The acetylcholine, glutamate,
and norepinephrine systems significantly contributed to the fatigue-related
network in PD, with acetylcholine accounting for 29.15%, glutamate for
22.88%, and norepinephrine for 18.30% in the discovery dataset (D1_Old
Subjects). Similar contributions were observed in validation datasets:

Fig. 2 | The “fatigue-related network” in PD identified by integrating the ALE
meta-analysis and ANM technique. ALE activation likelihood estimation, ANM
activation network mapping, D1_Old Subjects the discovery dataset from the First
People’s Hospital of Yunnan Province, D2_1000 Subjects the first validation dataset

from Neurosynth (https://www.neurosynth.org/locations/); D3_Young Subjects,
the second validation dataset from Kunming University of Science and Technology,
L left, R right, PD Parkinson’s disease.
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D2_1000 Subjects (acetylcholine = 33.51%, glutamate = 18.90%, nor-
epinephrine = 18.46%) and D3_Young Subjects (acetylcholine =
23.43%, glutamate = 22.52%, norepinephrine = 17.96%). Robustness
was assessed through multiple validations: (1) significant Pspin values
were obtained across datasets (D1_Old Subjects = 0.00019, D2_1000
Subjects = 0.00179, D3_Young Subjects = 0.01779), mitigating spatial
autocorrelation biases and verifying result reliability; (2) correlation
coefficients between glutamate and dopamine (r = 0.735), and between
glutamate and serotonin (r = 0.787), were relatively high (exceeding the
common threshold of 0.7), while all other neurotransmitter pairs
exhibited correlation coefficients below 0.7 (Table S7). Additionally, the
variance inflation factors (VIF) values for glutamate (VIF = 6.89) and
dopamine (VIF = 6.01) exceeded the conventional caution threshold of
5, suggesting moderate multicollinearity, whereas all other neuro-
transmitters hadVIF values below 5 (Table S8); (3) similar contributions
from acetylcholine, glutamate, and norepinephrine were observed when
the analysis was repeated using a 100-parcel atlas (Fig. S4); and (4) false
discovery rate (FDR) correction at P < 0.001 yielded near-zero P-values
for the three neurotransmitters (Table S6).

Behavioral relevance related to fatigue in PD
The fatigue-related network in PD showed significant correlations with
multiple behavioral terms across datasets (Fig. 6 and Fig. S5). The most
prominent functional association was with “motor” (D1_Old Subjects:
z = 20.85; D2_1000 Subjects: z = 17.01; D3_Young Subjects: z = 17.53).

Discussion
By integrating the ALE meta-analysis and ANM technique, the brain net-
work underlying fatigue in PD was localized based on resting-state func-
tional abnormalities identified in PD patients with fatigue from previous
neuroimaging studies. Our findings delineated a fatigue-related network
composed of extensive brain regions, primarily involving the somatomotor
and frontoparietal networks. A series of decoding analyses revealed that (1)
genes significantly associated with the fatigue-related network were pre-
dominantly enriched in synaptic and actin filament-related biological
processes; (2) these genes showed primary expression in excitatory neurons,
inhibitory neurons, and oligodendrocytes; (3) the fatigue-related network
closely corresponded to the spatial distribution of acetylcholine, glutamate,
and norepinephrine systems; and (4) the behavioral relevance of the fatigue-
related network was primarily linked to motor function. These results
provide empirical evidence for a distinct brain network substrate underlying
fatigue in PD, advancing our integrated understanding of the neurobiolo-
gical mechanisms contributing to this debilitating symptom.

Despite the widespread use of neuroimaging techniques in human
neuroscience to localize diseases, symptoms, or brain functions, concerns
about the reproducibility crisis have increasingly surfaced. The lack of
reproducibility can be attributed to factors such as small sample sizes,
suboptimal study designs, analytic procedures, and limited statistical power.
Furthermore, studies with poor reproducibility may identify different sub-
regions within a shared connected brain network, suggesting that hetero-
geneous findings could be localized within connected brain networks to

Fig. 3 | The spatial relations between the fatigue-related network and eachof eight
established brain networks, including seven cortical networks (i.e., default,
dorsal attention, frontoparietal, limbic, somatomotor, ventral attention, and
visual networks) and one subcortical network (including the amygdala, hippo-
campus, basal ganglia, and thalamus). Polar plots show the proportion of over-
lapping voxels between the fatigue-related network and a canonical network to all
voxels within the fatigue-related network in PD. A The network from the D1_Old
Subjects dataset primarily overlapped with the somatomotor (37.95%) and

frontoparietal (26.42%) networks; B The network from the D2_1000 Subjects dataset
was predominantly linked to the somatomotor (28.12%) and frontoparietal (19.89%)
networks;C The network from the D3_Young Subjects dataset was mainly associated
with the somatomotor (29.57%) and frontoparietal (20.81%) networks. D1_Old
Subjects the discovery dataset from the First People’s Hospital of Yunnan Province,
D2_1000 Subjects the first validation dataset from Neurosynth (https://www.
neurosynth.org/locations/), D3_Young Subjects the second validation dataset from
Kunming University of Science and Technology, PD Parkinson’s disease.
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enhance the precision of disease or symptom localization25,37,38. To address
these concerns, an ALE meta-analysis was performed to provide a com-
prehensive viewof distributedneuroimaging results and establish consensus
on the spatial locations of regional alterations in PD patients with fatigue
across studies. To further elucidate the functional architecture of fatigue in
PD, ANMwas employed to combine the identified regions of interest with
rs-fMRI connectome data from a healthy cohort, constructing the brain
network of fatigue in PD.Given that PD is an age-relatedneurodegenerative
disease2, elderly individuals were recruited as the discovery cohort (D1_Old
Subjects). Additional validation analyses were conducted using a large
healthy cohort of 1,000 subjects (D2_1000 Subjects) and a separate cohort of
young individuals (D3_Young Subjects). These analyses collectively
revealed a complex and interconnected brain network associated with
fatigue in PD.

Within the pathophysiological framework of fatigue, the symptom is
described as a difficulty in initiating or sustaining voluntary activities. The
extent of voluntary activities depends on the applied efforts, which are
influenced by both internal and external motivational inputs and feedback
from motor, sensory, and cognitive systems. Chaudhuri and Behan pro-
posed that pathological fatigue, an amplified sense of physiological fatigue,
may arise from alterations in one or more variables regulating the applied
efforts8. Kuppuswamy further suggested that the core mechanism of fatigue
involves abnormal interactions between motor and sensory systems39. It is
well-established that brain regions exhibiting abnormal activation or con-
nectivity, primarily within the somatomotor network, such as the SMA,
precentral and postcentral gyri, and paracentral lobule, are implicated in the
fatigue process in PD14,16–18,20. These observations are consistent with our
finding that the fatigue-related network in PD predominantly involves the
somatomotor network. These regionsmay represent a core neural substrate
underlying the pathogenesis of fatigue in PD. Furthermore, our results
suggest that the fatigue-related network also includes the frontoparietal

network, a distinct cognitive control network involved in flexibly mod-
ulating and interacting with other functional brain networks40. Previous
resting-state functional neuroimaging studies in PD have consistently
shown abnormal activation, connectivity, or functional coordinationwithin
the frontoparietal network, including the superior frontal gyrus (dorso-
lateral part), SMG, midcingulate cortex, and insula, correlating with fatigue
symptom severity14,19,20. Additionally, Liu et al. combined arterial spin
labeling (ASL) perfusion fMRI with a simple reaction time task to explore
the neural correlates of fatigue, further supporting the pivotal role of the
frontoparietal network in mediating fatigue in PD41.

Transcriptomic analyses revealed an association between the fatigue-
related network in PD and gene expression enriched in biological processes
that regulate synaptic structure and transmission, particularly those
dependent on ormodulating the actin cytoskeleton. The actin cytoskeleton,
a dynamic network of actinfilaments, plays a pivotal role inmaintaining the
structural integrity of pre- and post-synaptic elements and in regulating
neurotransmission, including vesicle release and endocytosis in the pre-
synaptic compartment, aswell asneurotransmitter receptor localizationand
trafficking in the post-synaptic compartment42,43. Growing evidence sug-
gests that both synaptic dysfunction and disruptions in the actin networks
are key contributors to neurodevelopmental and neurodegenerative dis-
orders, including PD44–47. In PD, previous studies have proposed that
synaptic dysfunction in specific brain regions (e.g., hippocampus) or neu-
rotransmitter systems (e.g., acetylcholine, norepinephrine, serotonin, and
systems)may underlie the complex PDphenotype, encompassing cognitive
impairment, depression, fatigue, and psychotic symptoms35,36,48–50. More-
over, alpha-synuclein (α-Syn) has been shown to inhibit cofilin, an actin-
destabilizing factor, leading to abnormal actin overstabilization, whichmay
impair synaptic signaling46. Genes involved in actin filament-related pro-
cesses may therefore influence neurotransmission by modulating synaptic
actin dynamics. Cellular gene set analyses revealed that fatigue-related genes

Fig. 4 | The transcriptomic architectures of the fatigue-related network in PD.
A Genes associated with the fatigue-related network were identified from D1_Old
Subjects and D2_1000 Subjects gene sets respectively, and a total of 406 overlapping
genes were identified between them (referred to as “D1&2”); B The D1&2 gene set
showed significantly enriched biological processes (PFDR < 0.05); C These genes as
cell-type markers revealed consistent distribution across gene sets, predominantly
enriched in excitatory neurons, inhibitory neurons, and oligodendrocytes

(***PFDR < 0.001). Astro astrocytes, D1_Old Subjects the discovery dataset from the
First People’s Hospital of Yunnan Province, D2_1000 Subjects the first validation
dataset from Neurosynth (https://www.neurosynth.org/locations/), D3_Young
Subjects the second validation dataset from Kunming University of Science and
Technology, Endo endothelial cells, FDR false discovery rate, Micromicroglia, N-Ex
excitatory neurons, N-In inhibitory neurons, Oligo oligodendrocytes, OPC oligo-
dendrocyte precursor cells, PD Parkinson’s disease.
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Fig. 6 | The behavioral relevance of the fatigue-
related network in PD from the D1_Old Subjects
dataset. The terms shown here were significantly
associated with the network. D1_Old Subjects the
discovery dataset from the First People’s Hospital of
Yunnan Province, PD Parkinson’s disease.

Fig. 5 | The chemoarchitectures of the fatigue-related network in PD from the
D1_Old Subjects dataset. A The multivariate linear regression analysis was per-
formed to investigate the relationship between the fatigue-related network and
neurotransmitter systems; B The relative contributions of each neurotransmitter
system to the networkwere assessed (*P < 0.001);CThe scatterplot was generated to
display the similarity between the neurotransmitter predicted density map and the
network. Blue dots represent individual brain regions; the red line indicates linear

regression fit; light blue shading shows 95% confidence interval. The overall cor-
respondence is quantified by an adjusted R² = 0.36 (Pspin = 0.00019, spin-based
permutation test). The gray histogram (lower right) shows residual distribution,
with the red dashed line indicating zero residual error. D1_Old Subjects the dis-
covery dataset from the First People’s Hospital of Yunnan Province, GABA γ-
aminobutyric acid, PD Parkinson’s disease.
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in PD were significantly expressed in neurons and oligodendrocytes. Neu-
rodegenerative diseases are characterized by the progressive loss of selec-
tively vulnerable neuronal populations. However, increasing evidence
suggests that glial cells also play a critical role in disease onset and pro-
gression through various physiological and pathological mechanisms51. A
recent study integrating genome-wide association study (GWAS) data with
single-cell transcriptomic profiles from the mouse nervous system showed
that PD was genetically associated not only with cholinergic and mono-
aminergic neurons (e.g., dopaminergic neurons) but also with
oligodendrocytes52. Oligodendrocytes are essential for myelin formation
and repair, and the degree of myelination has been proposed as a key
determinant of neuronal vulnerability to Lewy pathology in PD51,53.
Alterations inwhitematter tracts have also been linked to fatigue severity in
PD, suggesting that white matter abnormalities may serve as potential
biomarkers for fatigue12.

Our analysis of neurotransmitter systems revealed significant cor-
relations between the acetylcholine, glutamate, and norepinephrine
systems and the fatigue-related network in PD. The central cholinergic
system plays a key role in regulating a wide range of human behaviors by
enhancing adaptive responses to environmental stimuli while suppres-
sing responses to non-urgent inputs54. In vivo imaging studies have
identified a “cholinergic phenotype” in PD, in which cholinergic dys-
function contributes to specific clinical manifestations, such as cognitive
decline and neuropsychiatric symptoms55. While direct investigations
into the relationship between cholinergic dysfunction and fatigue in PD
are limited, cholinergic impairment has been implicated in chronic
fatigue syndrome (CFS)56–58, suggesting a potential pathophysiological
link between cholinergic dysfunction and fatigue in PD. Glutamate, the
major excitatory neurotransmitter in the central nervous system, is
associated with neurodegeneration and excitotoxicity when overactive.
Evidence indicates that glutamate overactivity and excitotoxicity sig-
nificantly contribute to the progression of neuroinflammation in PD59,60,
potentially disrupting effort perception and homeostatic regulation—
both processes closely linked to fatigue. Norepinephrine, involved in
arousal regulation and neuroinflammatory modulation61,62, is another
promising candidate for investigation in PD-related fatigue. Recent
work by Di Vico et al. provided direct support for a non-dopaminergic
(glutamatergic and noradrenergic) contribution to fatigue in PD,
highlighting that decreased glutamate-enriched FC was particularly
localized in the SMA, which is also a key region in our fatigue-related
network63. Similarly, previous studies have suggested that the dysregu-
lation of glutamatergic/noradrenergic neurotransmission is involved in
mediating central fatigue in MS64,65. The robustness of our key findings
was supported bymultiple validations, including significant Pspin values,
different atlas parcellations, and FDR correction. Notably, glutamate
exhibited relatively high correlations with dopamine and serotonin, and
both glutamate and dopamine showed moderate multicollinearity.
While the multiple linear regression model indicated a substantial
contribution of the glutamate system to the fatigue-related network, this
finding should be interpreted with caution, as its contribution may be
partially confounded by the effects of dopamine and serotonin. An
electrophysiological study suggested that an altered dopamine/ser-
otonin balance is involved in the genesis of central fatigue in PD66.
Previous positron emission tomography (PET) studies have demon-
strated the relevance of monoamine neurotransmitters (dopamine and
serotonin) in PD-related fatigue, with nigrostriatal and insular dopa-
minergic degeneration and serotonergic dysfunction in the basal ganglia
(BG) and limbic circuits associated with fatigue35,36. These monoamine-
associated brain regions are predominantly subcortical. While earlier
studies focused on individual neurotransmitter systems, our findings
emphasize the integrated roles of multiple neurotransmitters within the
fatigue-related network. Beyond these micro-level associations, the
fatigue-related network was also significantly related to motor function.
Previous meta-analyses have shown that motor dysfunction is more
severe in PD patients with fatigue3.

The strengths of this study include the application of a novel network
mapping approach (i.e., ANM), validation across independent datasets
(including a large sample (D2_1000 Subjects) and a younger cohort
(D3_Young Subjects)), and comprehensive multi-dimensional decoding
analyses. However, several limitations should be considered. First, the small
number of studies and their cross-sectional design limit the ability to draw
definitive conclusions regarding the precise localization of the fatigue-
related network in PD. Our study focused on a subset of neural correlates of
fatigue detectable via rs-fMRI meta-analysis, rather than providing a
comprehensive mapping of all known neural correlates. Second, only one
meta-analysis method (i.e., ALE)was applied, and alternativemethodsmay
yield different results, as seen in previous studies on PDD29. Third, the
presence of moderate multicollinearity in neurotransmitter systems (e.g.,
glutamate) may affect the interpretation of their individual contributions to
the fatigue-related network. Finally, the associations between the fatigue-
relatednetwork and specific biologicalmechanisms (e.g., synaptic processes,
actin filament dynamics, and oligodendrocyte involvement) were presented
in a deterministic manner, based on indirect spatial correlations with
transcriptomic datasets, rather than patient-derived molecular data. While
biologically plausible, these associations should be considered hypotheses
rather than proven mechanisms. Similarly, the links between this network
and neurotransmitter systems derived from atlas-based PET receptor
density maps in healthy populations (not PD-specific imaging or bio-
chemical assays) suggest potential vulnerabilities, rather than confirmed
neurochemical alterations.

In conclusion, this study localized the heterogeneous neural activations
related to fatigue in PD into the fatigue-related network by integrating the
ALE meta-analysis and ANM approach. This network was closely asso-
ciatedwith synaptic and actinfilament-related biological processes, neurons
and oligodendrocytes, acetylcholine, glutamate, and norepinephrine neu-
rotransmitter systems, and motor function. These findings may represent
the neurobiological basis of fatigue in PD and provide valuable insights into
potential therapeutic targets for affected patients.

Methods
Search strategy and study selection
The meta-analysis was conducted following the guidelines of the Preferred
Reporting Items for Systematic Reviews and Meta-Analyses (PRISMA).
Neuroimaging studies that examined functional alterations in PD patients
with fatigue compared to those without fatigue were identified through a
search of two databases (PubMed and Web of Science) conducted in July
2025. The search terms included: (human) AND ((Parkinson’s disease) OR
(Parkinson disease)) AND ((fatigue) OR (tiredness)) AND ((MRI) OR
(magnetic resonance imaging) OR (resting state fMRI) OR (rs fMRI) OR
(resting state functional magnetic resonance imaging) OR (functional
magnetic resonance imaging) OR (fMRI)). Manual searches were also
performed within the reference lists of relevant reviews and meta-analysis
articles. Inclusion and exclusion criteria were established a priori to ensure
systematic and unbiased study selection. The inclusion criteria were: (i)
studies that compared whole-brain activations between PD patients with
and without fatigue based on rs-fMRI data; (ii) studies that provided
Montreal Neurological Institute (MNI) or Talairach coordinates for sig-
nificant brain regions. Exclusion criteria were: (i) studies in which experi-
mental tasks were performed during fMRI scanning; (ii) studies that were
meta-analyses, reviews, case reports, letters, editorials, or meeting abstracts;
(iii) studies not published in English. Study selection was conducted inde-
pendently by two investigators (FY and YH), with discrepancies resolved
through consensus with a third investigator (JW). The flow diagram of the
study screening and selection process is provided in Fig. S6, and a list of
excluded studies is presented in Table S9. Since individual studies may
report multiple contrasts (e.g., PD patients with fatigue versus healthy
controls (HC) and PD patients without fatigue versus HC), our analysis
focused on the contrast between PD patients with and without fatigue,
rather than on individual studies. The risk of bias (RoB) was assessed using
the Newcastle-Ottawa Scale (NOS). Detailed star ratings for each included
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study across all NOS domains are provided in Table S10. Relevant infor-
mation on sample characteristics and brain coordinates of peak voxels in
significant clusters was extracted from each study (Table S1). Talairach
coordinates were converted to MNI coordinates.

ALE meta-analysis
TheGingerALE softwarepackage (https://www.brainmap.org/ale)was used
to identify the significant convergence of activation foci from different
resting-state fMRI experiments (e.g., PD patients with fatigue >PD patients
without fatigue, PD patients with fatigue <PD patients without fatigue)
relative to a null distribution of random spatial association. Statistical sig-
nificance was set at P < 0.005, and the volume threshold was set at
>300mm³. Reported peak coordinates were in MNI space. The Jackknife
sensitivity analysis was performed to validate robustness.

Discovery and validation datasets
The discovery dataset (referred to as “D1_Old Subjects”) obtained from the
First People’s Hospital of Yunnan Province comprised 41 normal subjects
(20 males, mean age = 64.27 ± 3.76 years), and the validation dataset
(referred to as “D3_Young Subjects”) obtained fromKunmingUniversity of
Science and Technology consisted of 62 normal subjects (24 males, mean
age = 22.02 ± 2.26 years). All participants were recruited from local com-
munities through poster advertisements. Exclusion criteria included MRI
contraindications, severe somatic or neuropsychiatric diseases, and ahistory
of head injury. Demographic information is shown in Table S11. Ethical
approval was obtained from the local ethical institutional review boards
(D1_Old Subjects: KHLL2024-KY026; D3_Young Subjects: KMUST-
MEC-207), and written informed consent was provided by all participants.
The additional validation dataset (referred to as “D2_1000 Subjects”) from
Neurosynth (https://www.neurosynth.org/locations/) comprised 1,000
healthy adults, and the fMRI data were acquired using the consistent MRI
sequences and hardware (3.0-Tesla field strength, 12-channel receive coil
array)67. Notably, the age ranges of participants were as follows: 60–75 years
for the D1_Old Subjects dataset, 18–35 years for the D2_1000 Subjects
dataset, and 18-30 years for the D3_Young Subjects dataset.

Magnetic resonance imaging acquisition and preprocessing
The rs-fMRIdata ofD1_Old Subjects andD3_Young Subjects datasetswere
obtained on a 3.0-Tesla Siemens Prisma scanner equipped with 20-channel
and 64-channel head coils, respectively. All subjects were instructed to lie
comfortably in a supinepositionwith their eyes closed.A foampadwasused
to reduce head movement, and earplugs were used to minimize noise
interference. Scans used the following parameters: repetition time/echo
time = 1500ms/30ms, voxel size = 3.0 × 3.0 × 3.0 mm3, acquisition matrix
size = 64 × 64, field of view (FOV) = 192 × 192mm2, 250 volumes with a
slice gap of 0.75mm. Data were processed using the Statistical Parametric
Mapping software (SPM12, https://www.fil.ion.ucl.ac.uk/spm-statistical-
parametric-mapping/) and the Data Processing & Analysis for Brain Ima-
ging toolkit (DPABI, http://rfmri.org/DPABI). The rs-fMRI data were
processed using the following steps: removal of the first 10 time points, slice
timing corrections, spatial realignment to the first volume, spatial normal-
ization into the standard MNI space, resampling to 3 × 3 × 3 mm3 for each
voxel, spatial smoothing with 8-mm full-width at half-maximum (FWHM)
Gaussian kernel, and nuisance signal regression (including the Friston 24-
parameters,whitematter (WM), and cerebrospinalfluid (CSF) signals). The
head motion parameters for all participants were <2.5mm maximum dis-
placement in thex, y, or zplane and<2.5° angular rotationabout eachaxis.A
bandpass filter (0.01–0.10Hz) was applied to extract low-frequency signals
for each voxel. Scrubbing with linear interpolation was further used to
remove the bad images exceeding the predefined motion threshold (frame
displacement (FD) > 0.5).

ANM analysis and relation to brain networks
The ANM approach was used to construct the fatigue-related network of
PD. First, three millimeter-radius spheres were created at each of the above

peak coordinates to yield seedmasks. Second, based on the preprocessed rs-
fMRI data, the seed-to-whole brain FCmap for each subject was calculated
by computing Pearson’s correlation coefficients between time courses of the
seed and each voxel within the whole brain, followed by Fisher’s
z-transformation. Third, the subject-level z-mapswere entered into a voxel-
wise one-sample t-test to generate t-maps. Fourth, the group-level t-map
was thresholded at P < 0.05 with FDR correction, and regions with cluster
size less than 30 were removed, on which the obtained t-map was binarized
(t > 0 = 1, t < 0 = 0). Finally, all binarized maps were overlapped and thre-
sholded at 50% to produce a group-level network, that is, the fatigue-related
network in PD. For the sake of interpretability, the spatial relations between
our fatigue-related network and each of eight established brain networks,
including seven cortical networks (i.e., default, dorsal attention, frontopar-
ietal, limbic, somatomotor, ventral attention, and visual networks67) andone
subcortical network (including the amygdala, hippocampus, BG, and
thalamus68), were assessed by calculating the proportion of overlapping
voxels to all voxels within the fatigue-related network in PD.

Transcriptomic analysis
The development of brain-wide gene expression atlases, such as the Allen
Human Brain Atlas (AHBA), has enabled the integration of neuroimaging
phenotypes with gene expression patterns69, bridging the gap between
connectome and transcriptome. Following the standard neuroimaging-
transcriptome analysis pipeline, this study constructed a gene expression
matrix (152 regions × 10,027 genes) from the AHBA dataset (http://www.
brain-map.org)70. Due to gene expression data being available for only two
subjects in the right hemisphere, the analysis in this study focused on the left
hemisphere. Partial least squares (PLS) regression, well-suited for high-
dimensional gene expression data71, was applied to examine the relationship
between the fatigue-related network and all 10,027 genes. The normalized
gene expression matrix served as the predictor variable, while the unthre-
sholded overlap map for the fatigue-related network was treated as the
response variable. The first PLS component (PLS1), a linear combination of
gene expression values, showed a strong correlation with regions within the
fatigue-related network. The alignment test was used to test the statistical
significance of PLS1, and bootstrapping (1000 iterations) was performed to
assess the weighting coefficients of individual genes. The corrected weight
wasdeterminedby the ratio of the rawweight to its bootstrap standard error.
Genes were ranked according to the corrected weights, with those showing
significant positive weights (all P < 4.98 × 10⁻⁶) being selected.

To understand the biological processes associated with the fatigue-
related network in PD, an enrichment analysis was conducted. Genes with
significant PLS1 weights were input into theMetascape (https://metascape.
org/) for Gene Ontology (GO) and Kyoto Encyclopedia of Genes and
Genomes (KEGG) analysis, with a significance threshold of FDR-corrected
P < 0.05. These genes were further assigned to cell types (excitatory and
inhibitory neurons, astrocytes, microglia, endothelial cells, oligoden-
drocytes, and oligodendrocyte precursor cells) based on bulk-tissue AHBA
expression data72. The overlap of genes within each cell type was evaluated
through permutation testing (5000 iterations), and FDR correction was
applied to determine statistical significance.

Neurotransmitter analysis
Neurotransmitter densitymaps for nine different neurotransmitter systems
(acetylcholine, cannabinoid, dopamine, γ-aminobutyric acid (GABA),
glutamate, histamine, norepinephrine, opioid, and serotonin), derived from
PET data, were used to examine the spatial distribution of neurotransmitter
receptors and identify specific receptor-disorder associations73. The fatigue-
related whole brain was parcellated into 1000 subregions, and multivariate
linear regression was applied to assess the contribution of each neuro-
transmitter system30.

To ensure robustness, this study controlled for spatial autocorrelation,
assessed collinearity among neurotransmitter maps (e.g., Pearson correla-
tion coefficients and VIF), and evaluated result consistency across different
atlas parcellations (e.g., 100 subregions) and statistical thresholds (e.g., FDR-
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corrected P < 0.001). To control for spatial autocorrelation, this study
employed spatial permutation null models74,75. Specifically, activationmaps
were projected onto the fsLR32k surface space to generate surface-based
parcels. Parcel centroidswere identified as the vertices closest to the center of
each parcel, and the parcel coordinates were then randomly rotated across
the spherical surface. The original parcel values were reassigned to the
nearest vertices in the rotated set (5000 iterations), and the regressionmodel
was refitted for each rotation. Pspin values were derived from the null dis-
tribution generated by these rotations, representing the proportion of per-
mutations yielding a test statistic as extreme as or more extreme than the
observed value. Pspin serves as a spatially informed P-value that accounts for
the inherent spatial autocorrelation, thereby reducing the risk of false
positives. Statistical significance was typically assessed at Pspin < 0.05. To
assess potential multicollinearity, this study calculated Pearson correlation
coefficients and VIF values. Specifically, the neurotransmitter density maps
derived from PET data were registered to a standard brain space. Neuro-
transmitter density values were extracted from each of the 1000 brain
subregions, and Pearson correlation coefficients were computed to assess
spatial correlations among the nine neurotransmitter systems. Moreover,
this study computed theVIF values for each neurotransmitter system, using
the formula:

VIFi ¼ 1=ð1� R2
iÞ;

where R²ᵢ is the coefficient of determination from a linear regressionmodel
with the i-th neurotransmitter as the dependent variable, and all other
neurotransmitters as independent variables.

Behavioral relevance analysis
The behavioral relevance of the fatigue-related network was assessed
through a NeuroSynth meta-analysis based on 24 topic terms from Mar-
gulies et al.76. The unthresholded overlap maps were divided into 20 binary
masks (from0-5% to 95-100%overlap in 5% increments) andused as inputs
for the meta-analysis. The output provided z-statistics for each topic term
(PFDR < 0.05), with significant topic terms ranked by the weighted mean of
their z-scores for visualization.

Data availability
The data supporting the findings of this study are available on request from
the corresponding author.

Code availability
The code supporting the findings of this study is available on request from
the corresponding author.
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