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Abstract
Neuromelanin is abundant in locus coeruleus (LC), yet its loss occurs across multiple neurodegenerative
diseases. However, the role of LC in Parkinson’s disease (PD) remains controversial. In this study, we
recruited 37 patients with PD, 18 patients with mild cognitive impairment (MCI), and 27 healthy controls
(HC). All participants underwent clinical assessments and multimodal MRI acquisition. Neuromelanin-
sensitive MRI (NM-MRI) was used to quantify neuromelanin loss in substantia nigra pars compacta
(SNpc) and LC, while 3D T1-weighted imaging and BOLD-fMRI were employed to assess structural and
functional brain networks, respectively. Voxel-based and surface-based morphometry revealed PD was
primarily associated with impairments in visual, control, and somatomotor network, whereas MCI
predominantly involved dysfunction of default mode network. The contrast-to-noise ratio in both SNpc
and LC was significantly reduced in PD. In contrast, MCI patients showed no apparent SNpc alterations
but exhibited significant neuromelanin loss in LC. Graph theory analysis demonstrated pathological
hyper-efficiency in the functional connectivity network of PD, with compensatory or maladaptive nodal
changes varying across disease-related networks. Network-level analysis indicated that the effects of
SNpc pathology on cortical morphological similarity and functional connectivity were complementary
during PD progression. Moreover, LC exerted a functional compensatory influence on SNpc in PD, while
SNpc showed particularly strong coupling with cortical morphological similarity in visual network.
Hidden Markov model analysis further revealed PD was characterized by a reduced number of dynamic
brain network states and a decreased state-switching rate, which was more strongly modulated by LC
pathology. Collectively, these findings suggest that LC plays a substantial functional compensatory role
for substantia nigra in PD.

Introduction
Current understanding of Parkinson's disease (PD) pathology is no longer limited to damage of
dopaminergic neurons in the substantia nigra pars compacta (SNpc). Increasing evidence demonstrates
that noradrenergic neurons in the locus coeruleus (LC) of the pons also undergo apoptosis, often
preceding SNpc damage[1, 2]. Anatomically, LC is a nucleus located adjacent to the fourth ventricle in
the rhomboid fossa of the brainstem, with axonal projections extending throughout almost the entire
brain[3]. It participates in regulating diverse brain functions, including wakefulness, pain modulation, and
metabolic processes, and plays a crucial role in cognitive-emotional regulation and learning and
memory[4]. Due to its anatomical proximity to cerebrospinal fluid, LC axons are particularly susceptible
to toxins and inflammatory factors, making LC dysfunction widespread in neurodegenerative diseases.
Research indicates that LC damage closely correlates with apathy and cognitive impairment in PD
patients. Clinical trials utilizing atomoxetine, as a selective noradrenaline reuptake inhibitor, have shown
that it can partially compensate for impaired LC function, improving conflict-control abilities in PD
patients[5]. Additionally, LC dysfunction significantly contributes to the pathogenesis of rapid eye
movement sleep behavior disorder (RBD) in PD, particularly through sub-coeruleus regions involved in
sleep regulation[6]. Furthermore, the loss of LC’s noradrenergic neurons disrupts cortical-striatal-
thalamic circuit activity, leading to sensory abnormalities and impaired pain localization[7]. Concurrently,
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LC-mediated descending inhibitory control on spinal pain pathways becomes dysfunctional, causing
increased pain sensitivity[8, 9]. Collectively, these findings underscore the importance of LC pathology in
the manifestation of non-motor symptoms in PD.

Cognitive impairment is common in PD, with considerable heterogeneity in severity, and its prevalence
increases with the duration of motor symptoms[10]. Studies focusing on newly diagnosed PD patients
have reported that the prevalence of mild cognitive impairment (MCI) is approximately 10%~35%[11, 12].
Moreover, severe dementia often surpasses motor symptoms as the primary cause of disability and
mortality in PD. At present, neither pharmacological nor surgical treatments offer effective relief for PD-
related cognitive impairment, and there are also notable limitations in the clinical diagnosis and
differential diagnosis of PD dementia. Previous studies[13] have shown that in PD-MCI, dopaminergic
depletion is largely confined to the basal ganglia, while the limbic system and neocortical regions are
relatively spared. Only with progression from MCI to dementia does dopaminergic loss gradually extend
throughout the brain. In contrast, noradrenergic deficits in LC are already widespread across the brain
even in cognitively normal PD patients, with severity increasing as MCI progresses. Earlier basic research
has further demonstrated a protective role of LC on dopaminergic neurons. Firstly, LC exerts direct
protective effects. In the early stages of PD, norepinephrine (NE), as a neurotransmitter, can partially
compensate for dopamine (DA) deficiency[14]. NE release facilitates the clearance of extracellular
superoxide, thereby reducing its neurotoxic effects. Axons of LC neurons can also uptake MPP⁺, the toxic
metabolite of MPTP, buffering its toxicity to dopaminergic neurons[15]. In addition, non-noradrenergic
neurons within LC secrete neuroprotective substances, such as growth hormone–releasing peptides and
brain-derived neurotrophic factor (BDNF)[16]. Second, LC modulates neurons in the substantia nigra
through NE signaling. Studies have shown that dopaminergic and glutamatergic neurons express
adrenergic receptors, among which α2 receptors play a key role in mediating interactions between NE
and dopaminergic neurons[17]. Activation of α2 receptors by NE can enhance DA synthesis and storage
and accelerate DA metabolism[14]. Third, LC exerts protective effects on dopaminergic neurons via glial
cells. Otto et al. found that NE increases the synthesis of epidermal growth factor (EGF) in glial cells,
which has a pronounced protective effect on dopaminergic neurons[18]. Numerous studies have also
suggested that NE can upregulate the expression of nerve growth factor (NGF). Furthermore, NE itself
has anti-inflammatory properties. Collectively, these findings suggest that in PD, LC may play a
compensatory role for the substantia nigra within large-scale brain functional networks.

Neuromelanin is formed through the oxidation of cytosolic dopamine, norepinephrine, or other
catecholamines by tyrosinase, is stored in lysosomes, and forms chelates with metal ions such as iron,
copper, and zinc, as well as with lipids[19]. This endows neuromelanin with paramagnetic properties in a
magnetic field, leading to T1 relaxation shortening and hyperintense signals on T1-weighted images.
Because dopaminergic neurons in the SNpc and noradrenergic neurons in the LC are rich in
neuromelanin, magnetic resonance imaging (MRI) enables visualization of these structures using
neuromelanin-sensitive MRI sequences[20, 21]. In recent years, resting-state functional MRI based on
blood oxygen level–dependent (BOLD) signals has provided a noninvasive means to detect differences
in neural activity between patients with central neurodegenerative diseases and healthy individuals,

Page 4/27



thereby facilitating the investigation of relationships between specific symptoms and alterations in
functional networks[22, 23]. In addition, owing to its high spatial resolution, isotropic voxels, and
excellent tissue contrast, 3D T1-weighted imaging has become an important tool for detecting subtle
structural changes in the PD brain[24, 25]. In particular, structural covariance network analysis based on
cortical morphology can characterize intrinsic properties of brain development and aging, as well as the
extrinsic effects of environmental factors and chronic diseases on brain structure, offering a novel
perspective for brain network analysis. However, structural covariance networks rely on a single metric
to describe group-level changes and cannot capture multi-metric, individual-level relationships in cortical
morphology[26]. To address this limitation, a novel approach, morphological similarity network (MSN),
has been proposed.

How do impairments in the dopaminergic system of SNpc and the noradrenergic system of LC influence
brain networks? The present study integrates multimodal MRI data, including neuromelanin-sensitive
MRI, 3D T1-weighted imaging, and BOLD-fMRI, to comprehensively investigate changes in SNpc and LC
among PD and MCI patients. From both structural and functional perspectives, we examine the
characteristics of brain networks in PD and MCI, with a particular focus on elucidating how pathological
alterations in SNpc and LC affect morphological similarity networks and functional connectivity
networks, and on identifying potential pathological circuits. Through this approach, we aim to explore the
important role of neuromelanin-sensitive MRI in the prediction and evaluation of PD, cognitive
impairment, and other neurodegenerative diseases.

Methods

Subjects and Assessments
This study was conducted in accordance with the Declaration of Helsinki. The study protocol was
reviewed and approved by the Ethics Committee of Qilu Hospital. Informed consent was obtained from
all participants involved in various assessments. From September 2023 to December 2024, a total of 37
patients with primary Parkinson’s disease (PD), 18 patients with mild cognitive impairment (MCI), and 27
healthy controls (HC) participated in this study. All subjects were recruited from outpatient and inpatient
units of the Departments of Neurology and Neurosurgery. Clinical scale assessments for all patient
groups were conducted 12 hours after medication withdrawal and were completed in one session
wherever possible. All subjects underwent evaluations using the Montreal Cognitive Assessment
(MoCA)[43], Hamilton Depression Scale (HAMD)[44], and Hamilton Anxiety Scale (HAMA)[45]. Both PD
and MCI patients were further assessed using the Clinical Dementia Rating (CDR)[46], Neuropsychiatric
Inventory (NPI)[47], Alzheimer's Disease Assessment Scale-Cognitive Subscale (ADAS-cog)[48], and
Activities of Daily Living (ADL)[49]. PD patients were additionally evaluated with the Unified Parkinson’s
Disease Rating Scale Part III (UPDRS-III)[50] and Non-Motor Symptoms Scale (NMSS)[51]. All scale
assessments were independently completed and recorded by two physicians. (Table 1)
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Table 1
Group Information and Clinical Characteristics. #: chi-square test; PD: Parkinson's disease. MCI: Mild
cognitive impairment. P1: PD versus Healthy Subjects; P2: MCI versus Healthy Subjects. All data were

reported as mean ± SD.
Age (years) Healthy Subjects(n = 

27)
PD(n = 37) MCI(n = 18) P value

55.41 ± 14.18 59.43 ± 
10.74

70.78 ± 
7.94

P1=0.19 P2 < 
0.05

Gender (male/female) 10/17 13/24 4/14 P #=0.54

Duration of disease
(years)

- 7.51 ± 3.88 3.28 ± 2.93 -

MoCA 27.42 ± 1.26 23.54 ± 4.76 12.00 ± 
5.44

P1<0.05 P2 < 
0.05

HAMD 4.91 ± 2.72 12.54 ± 6.04 10.39 ± 
6.42

P1<0.05 P2 < 
0.05

HAMA 5.14 ± 3.51 12.46 ± 4.27 19.06 ± 
9.32

P1<0.05 P2 < 
0.05

ADL(Barthel) - 71.23 ± 
14.38

61.72 ± 
11.3

P2<0.05

Hoehn-Yahr stage - 2.86 ± 0.89 - -

UPDRS Part � - 45.41 ± 
22.35

- -

NMSS - 48.32 ± 
22.74

- -

CDR - 0.45 ± 0.48 0.88 ± 0.63 P2<0.05

NPI - 25.52 ± 
10.08

30.39 ± 
17.11

P2<0.05

ADAS-cog - 10.25 ± 9.86 26.33 ± 
10.52

P2<0.05
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Table 1
Group Information and Clinical Characteristics

Age (years) Healthy Subjects(n = 
27)

PD(n = 37) MCI(n = 18) P value

55.41 ± 14.18 59.43 ± 
10.74

70.78 ± 
7.94

P1=0.19 P2 < 
0.05

Gender (male/female) 10/17 13/24 4/14 P #=0.54

Duration of disease
(years)

- 7.51 ± 3.88 3.28 ± 2.93 -

MMSE 28.60 ± 1.13 24.48 ± 4.31 13.00 ± 5.43 P1<0.05 P2 < 
0.05

MoCA 27.42 ± 1.26 23.54 ± 4.76 12.00 ± 5.44 P1<0.05 P2 < 
0.05

HAMD 4.91 ± 2.72 12.54 ± 6.04 10.39 ± 6.42 P1<0.05 P2 < 
0.05

HAMA 5.14 ± 3.51 12.46 ± 4.27 19.06 ± 9.32 P1<0.05 P2 < 
0.05

ADL(Barthel) - 71.23 ± 
14.38

61.72 ± 11.3 -

Hoehn-Yahr stage - 2.86 ± 0.89 - -

UPDRS Part � - 45.41 ± 
22.35

- -

NMSS - 48.32 ± 
22.74

- -

CDR - - 0.88 ± 0.63 -

NPI - - 30.39 ± 
17.11

-

ADAS-cog - - 26.33 ± 
10.52

-

#: chi-square test; PD: Parkinson's disease. MCI: Mild cognitive impairment. P1: PD versus Healthy
Subjects; P2: MCI versus Healthy Subjects. All data were reported as mean ± SD.

MRI Scanning
All MRI scans were performed using a 3.0 Tesla GE SIGNA Architect scanner. All subjects underwent
scanning with standardized protocols including 3D-T1 imaging, NM-MR, and BOLD-fMRI. The NM-MRI
localization box was positioned on T1-weighted sagittal images, extending from the splenium of the
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corpus callosum to the lower edge of the pons, perpendicular to the base of the fourth ventricle, fully
covering midbrain and pontine structures. Routine T2-weighted, FLAIR, and diffusion-weighted imaging
(DWI) sequences were also performed to exclude central nervous system disorders such as ischemic
lesions, vascular malformations, or tumors. Detailed sequence parameters were as follows:

3D-T1: repetition time (TR) = 7.5 ms, echo time (TE) = 2.9 ms, slice thickness = 1 mm, flip angle = 12°,
number of slices = 160, field of view (FOV) = 25.6 cm × 25.6 cm, matrix size = 256 × 256, acquisition time 
= 2 min 35 s.

NM-MRI: fast spin echo (FSE), echo train length = 2, TR/TE = 600/14 ms, slice thickness = 3.0 mm
without gap, number of slices = 12, FOV = 24.0 × 24.0 cm, matrix size = 512 × 320, number of excitations
(NEX) = 5, acquisition time = 9 min 44 s.

BOLD-fMRI: TR = 2000 ms, TE = 35 ms, slice thickness = 4 mm, flip angle = 90°, FOV = 24.0 cm × 24.0 cm,
matrix size = 64 × 64, 240 time points, 36 axial slices per time point, acquisition time = 8 min.

MRI Data Processing
For NM-MRI, ITK-SNAP software (https://www.itksnap.org) was used to measure signal intensity (SI)
from three consecutive slices of SNpc and two consecutive slices of LC. The superior cerebellar
peduncle was used as a reference for SNpc’s measurement, while the pontine tegmentum served as the
reference for LC. Each region's signal intensity was manually segmented three times, with the mean
value calculated. The contrast-to-noise ratio (CNR) of each nucleus was calculated as (SItarget- SIreference)
/ (SIreference), resulting in CNR of SNpc (SNpc_CNR) and CNR of LC (LC_CNR). Three physicians blinded
to participant information conducted these measurements independently, with two performing initial
segmentation and the third physician verifying and averaging results.

3D T1-weighted images were preprocessed using CAT12 software after origin correction, (https://neuro-
jena.github.io/cat), including tissue segmentation, spatial normalization, surface reconstruction, and
resampling. This pipeline yielded multiple morphometric measures, such as gray matter volume, cortical
thickness, sulcal depth, fractal dimension, gyrification index, and Toro’s gyral complexity (ToroGI20 mm).
Both voxel-based morphometry (VBM) and surface-based morphometry (SBM) analyses were
subsequently performed. In addition, these metrics were extracted using the Schaefer cortical atlas (400
ROIs)[27] to enable subject-level construction of morphological similarity networks.

For BOLD fMRI data, preprocessing was first conducted using the DPARSFA toolbox
(https://rfmri.org/DPARSF), including removal of the first five time points, slice timing correction, head
motion correction, and origin correction. Subjects with head motion exceeding 2 mm in translation or 2°
in rotation were excluded. The EPI images were then spatially normalized using the DARTEL approach.
Subsequently, the normalized data underwent linear trend removal, nuisance covariate regression, and
temporal filtering. Time series were extracted from the preprocessed 4D data using the same Schaefer
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template, and individual static functional connectivity (FC) matrices were constructed. Graph
measurements of the resting-state FC networks were computed using the Brain Connectivity Toolbox
(BCT)[28]. Furthermore, the HMM-MAR toolbox (https://github.com/OHBA-analysis/HMM-MAR) was
applied to construct hidden Markov models (HMM) for three groups of participants[29]. The optimal
number of network states was determined, and summary statistics, like state switching rate, state
transition probability, and mean state activation, were calculated. (Fig. 1.)

Statistical Analysis
Differences in age and neuropsychological scale scores among PD, MCI, and healthy control (HC) were
assessed using Mann–Whitney U test, while sex distribution across three groups was compared using
chi-square test. Smoothed gray matter volume maps were used to perform two-sample t-tests between
PD, MCI and HC, and brain regions showing significant differences were identified after correction for
multiple comparisons. Similarly, resampled cortical thickness data were subjected to two-sample t-tests
between groups, with multiple-comparison correction applied to determine cortical regions with
significant group differences. Graph measure calculation derived for all groups, including global metrics
such as small-world property, clustering coefficient, and global efficiency, as well as nodal metrics such
as nodal degree and nodal efficiency, were compared using t-tests, with false discovery rate (FDR)
correction. In addition, the Network-Level Analysis (NLA) toolbox was employed to conduct edge-wise
Pearson correlation analyses between SNpc_CNR/LC_CNR and MSN matrices (after Fisher r-to-z
transformation) for each group[30]. (Fig. 1.) Correlation matrices were binarized based on statistical
significance, and network-level enrichment of significant correlations within the Yeo 17-network
parcellation was evaluated using the hypergeometric test and permutation testing (10,000 iterations)
under full-connectome level. Westfall-Young ranking correction and FDR correction were applied to
control for multiple-comparison errors. The same analytical framework was applied to FC network
analysis. For the HMM results, group differences in state switching rates were assessed using t-tests.
Furthermore, regression models were constructed to examine the associations between
SNpc_CNR/LC_CNR and state switching rates. All of the above statistical analyses were performed
based on MATLAB R2023b and SPM12 software package.

Results

VBM and SBM Analyses
Voxel-based morphometry (VBM) revealed that, compared with controls, PD patients exhibited gray
matter volume reductions mainly in the midbrain and thalamus, whereas MCI patients showed
predominant gray matter loss in the middle frontal gyrus and hippocampus. All VBM results survived
FWE cluster-level correction (P < 0.001). Surface-based morphometry (SBM) demonstrated that PD
patients had significantly reduced cortical thickness in the occipital lobe, central regions, and superior
frontal gyrus (FWE voxel-level correction, P < 0.05). In contrast, MCI patients showed cortical thinning
primarily in the precuneus, middle temporal gyrus, and inferior temporal gyrus (FWE cluster-level
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correction, P < 0.001). These results suggest that PD is mainly associated with impairments in visual,
control, and somatomotor networks, whereas MCI predominantly involves dysfunction of default mode
network. (Fig. 2.)

Changes in SNpc and LC on NM-MRI
Compared with healthy controls (HC), neuromelanin content in both substantia nigra pars compacta
(SNpc) and locus coeruleus (LC) was significantly reduced in patients with Parkinson’s disease (PD)[21].
In contrast, within MCI group, no obvious change was observed in SNpc, whereas neuromelanin is
significantly reduced in LC. These findings indicated that LC pathology is already present in both PD and
MCI, whereas SNpc damage is evident in PD but not in MCI. (Fig. 3.)

Graph Theory Analysis
Global network metrics showed no significant differences between MCI and HC. In contrast, PD patients
exhibited a significant reduction in the global clustering coefficient compared with HC (P < 0.05),
whereas the normalized clustering coefficient was increased. In addition, global efficiency and small-
worldness were also elevated in PD relative to controls, indicating a pathological hyper-efficiency of the
functional connectivity network in PD. At the nodal level, compared with HC, the number of regions
showing altered nodal degree and nodal efficiency was markedly less in MCI than in PD. Moreover, in
both MCI and PD, regions exhibiting differences in nodal degree and nodal efficiency showed a high
degree of spatial overlap, suggesting strong interdependence between the two nodal measures.
Specifically, in MCI, nodal degree and nodal efficiency were mainly increased within CN and DMN. In PD,
these increases were also widespread in CN and DMN, but significant reductions were observed in Vis,
SMN and DAN. These findings indicate that compensatory or maladaptive changes in network nodes are
not uniform across disease-related networks. (Fig. 3.)

Network-Level Analysis
At the whole-brain connectivity level, after applying Westfall-Young ranking correction and FDR
correction, we found that in HC, SNpc was mainly associated with cortical morphological similarity
between SMN and Vis or VAN. In PD, SNpc-related effects shifted to morphological similarity between
DAN and Vis, as well as within DMN. In MCI, SNpc primarily influenced morphological similarity between
VAN and Vis or LIM. Regarding LC, it mainly affected morphological similarity between DAN and Vis or
VAN in HC. In PD, LC predominantly influenced morphological similarity within DAN and between DAN
and VAN. In contrast, in MCI, LC showed no significant effects on morphological similarity across
networks.

The same analytical framework was applied to FC networks. In HC, SNpc mainly influenced FC between
DAN and Vis or DMN. In PD, SNpc predominantly affected FC within SMN. In MCI, SNpc mainly
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modulated functional interactions between DMN and SMN or CN. Conversely, in HC, LC primarily
influenced FC between DMN and LIM or temporoparietal network (TPN). In PD, LC mainly affected
functional interactions between DMN and SMN or TPN. In MCI, LC predominantly influenced FC between
DMN and LIM or CN, as well as between TPN and LIM.

Taken together, the effects of SNpc and LC on cortical morphological similarity and functional
connectivity are not fully synchronized. In healthy individuals, SNpc mainly influences SMN in terms of
morphological similarity, whereas its functional effects are primarily related to DAN. This pattern is
reversed in PD, and SNpc is mainly associated with DAN and DMN in morphological similarity, but is
functionally closely linked to SMN. Meanwhile, LC maintains close associations with both attention
networks in morphological similarity in HC and PD, and also preserves its influence on functional
interactions between DMN and TPN. In PD, LC additionally affects interactions between DMN and SMN,
suggesting a potential compensatory role of LC for SNpc’s dysfunction. In contrast, in MCI patients,
SNpc preferentially involves VAN in structural similarity and DMN in functional connectivity, whereas LC
shows no significant association with cortical morphological similarity, suggesting that cortical
structural alterations in primary cognitive impairment may be independent of LC pathology. (Fig. 4.)

Hidden Markov Model Analysis
Using the HMM-MAR toolbox, variational Bayesian inversion of hidden Markov models (HMM) was
performed on time series from all 400 parcels for each group. State parameters were optimized across
50 repeated cycles, and mean variational free energy and mean fractional occupancy were calculated for
each state. In HC and MCI, the models showed clear convergence, with mean variational free energy
exhibiting a minimum as a function of state number, corresponding to K = 10 and K = 8, respectively. In
contrast, in PD patients, mean variational free energy increased monotonically with increasing K.
Therefore, we further computed the relative free energy gain between adjacent state numbers (ΔFE/FE)
to evaluate marginal benefits[29]. As K increased, marginal gains rapidly plateaued beyond K = 6 ~ 8,
indicating that adding more states yielded minimal improvement in model fit. Examination of mean
fractional occupancy revealed that when K exceeded this range, the model began to generate rare states
with extremely low occupancy, suggesting over-fragmentation of existing states rather than the
emergence of new stable brain dynamic patterns. Considering marginal fit improvement, state
occupancy stability, and interpretability, the optimal number of states for the PD model was set to K = 8
rather than simply selecting the maximum K with the lowest free energy.

These findings further indicate that, compared with HC, both MCI and PD patients exhibit a reduced
number of resting-state network states and significantly decreased state switching rates. Regression
analyses revealed a significant positive association between SNpc_CNR and state switching rate in
healthy controls (R² = 0.15, P = 0.048). In PD group, however, a significant positive association was
observed between LC_CNR and state switching rate (R² = 0.11, P = 0.045). No significant associations
were found between SNpc_CNR or LC_CNR and state switching rate in MCI patients. In addition,
although transitions between different states were possible in all three groups, transition probabilities

Page 11/27



were asymmetric. Most states were characterized by mixed patterns of network activation and
deactivation, with only a small number of states in HC and MCI showing global activation across
networks. (Fig. 5.)

Discussion
The clinical manifestations of Parkinson’s disease (PD) are mediated by the combined damage to
dopaminergic neurons in the substantia nigra pars compacta (SNpc) and noradrenergic neurons in the
locus coeruleus (LC). However, LC degeneration is not specific to PD; varying degrees of LC pathology
have also been reported in several cognitive disorders, such as dementia with Lewy bodies and
Alzheimer’s disease[31, 32]. In the present study, we likewise identified LC impairment in a subset of
patients with mild cognitive impairment (MCI). Naturally, pathological changes in brainstem nuclei are
expected to be accompanied by alterations in cerebral morphology. On the one hand, we observed
significant volume reductions in the midbrain and thalamus in PD compared with healthy controls, which
is consistent with previous reports[33]. In contrast, the MCI’s model revealed bilateral hippocampal
atrophy and focal volume loss in frontal regions[33]. On the other hand, although the cerebral cortex, the
highest-level central nervous system responsible for regulating and controlling bodily functions, is
closely related to development and aging, it undergoes further degeneration in neurodegenerative
diseases. We found marked cortical atrophy in the frontoparietal central regions and occipital cortex in
PD patients, which corroborates the characteristic motor and visuospatial impairments in PD[34, 35]. In
MCI patients, cortical thinning was mainly observed in the precuneus and focal temporal regions, areas
that are critically involved in cognitive information processing[36]. Accordingly, we propose that bilateral
hippocampal volume and precuneus cortical thickness may serve as imaging markers for identifying PD
patients with comorbid MCI.

In the resting state, the human brain can be organized into several functional networks, including the
visual network (Vis), somatomotor network (SMN), dorsal attention network (DAN), Ventral attention
network (VAN), limbic network (LIM), control network (CN), default mode network (DMN), and
temporoparietal network (TPN)[27, 37]. These subnetworks play fundamental roles in neurodegenerative
diseases[38] and interact with one another to confer small-world properties, topological stability, and
high efficiency to brain information processing. We found that global network metrics in MCI were largely
comparable to those in healthy controls, whereas PD patients exhibited a significant reduction in the
global clustering coefficient. Paradoxically, normalized clustering coefficient, global efficiency, and small-
worldness were increased in PD, suggesting a state of pathological hyper-efficiency in the functional
brain network[39]. Two potential explanations may account for this phenomenon. First, brain network
communication efficiency may exhibit adaptive or elastic regulation; as the disease progresses, loss of
compensation or excessive compensation may manifest as pathological hyper-efficiency. Second, long-
term use of medications such as levodopa and dopamine receptor agonists may drive PD brain networks
toward a persistently high-efficiency state[39]. At the nodal level, PD showed more extensive
abnormalities than MCI. In both PD and MCI, nodal degree and nodal efficiency were significantly
increased in CN and DMN, but markedly reduced in Vis, SMN and DAN. This pattern may indicate that
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non-motor symptoms emerge earlier and more mildly, whereas motor symptoms appear later and more
severely in PD, highlighting that network efficiency compensation during disease progression is neither
balanced nor uniform in direction.

Structural covariance network (SCN) characterizes coordinated patterns of brain structural variation at
the group level and are commonly used to assess the synchrony of developmental, aging, or pathological
changes across regions based on measures such as cortical thickness and gray matter volume. A core
assumption of SCN is that functionally or developmentally related brain regions exhibit coordinated
structural changes, allowing SCN to partially recapitulate functional connectivity patterns[40]. However,
traditional SCN is constructed at the group level using a single metric and thus cannot comprehensively
capture individual-level network organization. To address this limitation, morphological similarity
network (MSN) has been proposed. MSN is based on two key assumptions: first, that macroscopic
structural MRI similarity reflects microscopic similarities in cellular and/or myelin architecture; and
second, that anatomically similar regions are more likely to be interconnected via axonal pathways,
making MSN a surrogate marker of connectivity[26]. In the present study, using network-level analyses,
we compared the associations between SNpc and LC contrast-to-noise ratios (CNRs) and both MSN and
functional connectivity network (FCN), identifying network nodes with significant associations. We found
that the networks influenced by SNpc in PD and healthy controls were essentially opposite. Specifically,
in healthy controls, SNpc primarily modulated structural similarity between SMN and other networks, as
well as functional connectivity between DAN and other networks. In PD, however, SNpc was more
strongly associated with SMN at the functional connectivity level, while exerting greater influence on
DAN and other networks at the morphological similarity level. This pattern suggests a complementary
shift between cortical structure and function associated with SNpc during PD progression. In contrast,
LC showed consistent effects on MSN across both groups, but its influence on FCN in PD shifted from
DMN-LIM to DMN-SMN coupling, implying a compensatory functional role of LC for SNpc dysfunction.
Conversely, in MCI, LC showed no significant association with MSN, indicating that cortical structural
alterations in cognitive impairment may not be directly related to LC pathology. Instead, SNpc effects on
MSN shifted toward coupling between VAN and LIM, while both SNpc and LC predominantly influenced
FCN through coupling between DMN and CN or other networks. This suggests that DMN dysfunction
may represent a key substrate of cognitive impairment. Notably, across all three groups, the structural
similarity coupling between Vis and other networks was closely associated with SNpc, suggesting a
particularly strong linkage between SNpc and visual network cortical morphology.

Hidden Markov model (HMM) represents a promising approach for characterizing the dynamic
properties of spatial brain states[41]. Unlike traditional sliding-window approaches to dynamic
connectivity, HMMs preserve the full temporal resolution of time series and reduce insensitivity to
transient changes[42]. HMMs assume that observed time series arise from discrete latent spatial states
that can recur at any time point and can be inferred from the probability distributions of observations.
Previous HMM studies in healthy populations have shown that spatiotemporal brain activity patterns are
related to behavioral traits and emotion elicited during movie viewing, and alterations in HMM-derived
brain dynamics have been reported in post-traumatic stress disorder, schizophrenia, and Alzheimer’s
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disease[42]. In this study, we used metrics such as free energy (FE) and fractional occupancy (FO) to
determine the optimal number of states (K) for HMM construction in the three groups. We observed
clear FE minima only in the HC and MCI groups, corresponding to K = 10 and K = 8, respectively. In
contrast, FE failed to converge in PD, indicating a disruption of latent functional states within the PD
brain network. To address this, we proposed a marginal free-energy gain approach to select an
interpretable optimal K = 8 for PD, recognizing that excessive state numbers would undermine the goal
of obtaining a low-dimensional and interpretable representation. We found that states could transition
between one another in all three groups, with asymmetric transition probabilities. Moreover, most states
exhibited mixed patterns of network activation and deactivation rather than uniform activation. Focusing
on state switching rate, defined as the average number of state activations per unit time, we observed a
reduction in PD, whereas MCI showed little change. Regression analyses relating CNR to switching rate
revealed that SNpc played a dominant role in healthy controls, LC exerted the primary influence in PD,
and neither was significantly associated in MCI. These findings further support the notion that LC may
functionally compensate for SNpc damage during PD progression and suggest that LC pathology may be
more severe than SNpc degeneration in PD.

Taken together, this study has several notable limitations. Firstly, it is a small-sample, single-center,
cross-sectional study, and most analyses are driven by imaging data and statistical modeling without
direct clinicopathological validation, limiting the interpretability of clinical applicability. Second, due to
the relatively long scanning protocol, diffusion tensor imaging data were not acquired. In addition, subtle
head motion and anxiety-related factors in some patients may have introduced noise into the images,
potentially affecting the reliability of the results. Future multicenter studies with larger sample sizes and
longitudinal designs are required to further validate and extend these findings.

Conclusion
Neuromelanin loss in the substantia nigra pars compacta (SNpc) represents a relatively specific
pathological hallmark of Parkinson’s disease (PD), whereas degeneration of the locus coeruleus (LC) is
not unique to PD and is also observed in other neurodegenerative disorders, including those associated
with cognitive impairment. The functional brain network in PD exhibits pathological hyper-efficiency,
which may arise from excessive compensatory adaptation of network regulation as well as the long-term
use of dopaminergic medications. Importantly, compensatory changes in network efficiency are often
imbalanced and non-uniform in direction. During PD progression, the effects of SNpc pathology on
cortical morphological similarity and functional connectivity appear to be complementary. Moreover, LC
exerts a compensatory functional influence on SNpc in PD, and SNpc shows particularly strong coupling
with the cortical morphological similarity of visual network. Compared with healthy individuals,
neurodegenerative diseases such as PD are characterized by a reduced number of dynamic brain
network states; in addition, PD is associated with a decreased state switching rate, which is more
strongly modulated by LC pathology. These findings suggest that pathological alterations of the locus
coeruleus may represent an important biomarker for the onset and progression of Parkinson’s disease.
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Free energy
FLAIR
Fluid-attenuated inversion recovery
FO
Fractional occupancy
FOV
Field of view
FSE
Fast spin echo
FWE
Family-wise error
HAMA
Hamilton Anxiety Scale
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Hamilton Depression Scale
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Healthy controls
HMM
Hidden Markov model
HMM-MAR
Hidden Markov Model-Multivariate Autoregressive
LC
Locus coeruleus
LC_CNR
Contrast-to-noise ratio of the locus coeruleus
LIM
Limbic network
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NE
Norepinephrine
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NM-MR
Neuromelanin-sensitive magnetic resonance
NM-MRI
Neuromelanin-sensitive magnetic resonance imaging
NMSS
Non-Motor Symptoms Scale
NPI
Neuropsychiatric Inventory
PD
Parkinson’s disease
PD-MCI
Parkinson’s disease with mild cognitive impairment
RBD
Rapid eye movement sleep behavior disorder
ROI
Region of interest
SBM
Surface-based morphometry
SCN
Structural covariance network
SMN
Somatomotor network
SNpc
Substantia nigra pars compacta
SNpc_CNR
Contrast-to-noise ratio of the substantia nigra pars compacta
TE
Echo time
TPN
Temporoparietal network
TR
Repetition time
UPDRS-III
Unified Parkinson’s Disease Rating Scale Part III
VAN
Ventral attention network
VBM
Voxel-based morphometry
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Visual central network
VisPeri
Visual peripheral network.
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Figures

Figure 1

MRI Data Preprocessing and Analysis Pipeline. CNR: contrast-to-noise ratio. SI(ROI): signal intensity of
target area. SI(Reference): signal intensity of reference area. FC: functional connectivity. CNR-FC(r)
Network: the correlation coefficient matrix between CNR and FC. VisCent: Visual Central Network;
VisPeri: Visual Peripheral Network; SomMotA/SomMotB: Somatomotor Network A/B;
DorsAttnA/DorsAttnB: Dorsal Attention Network A/B; SalVentAttnA/SalVentAttnB: Salience/Ventral
Attention Network A/B; LimbicA/LimbicB: Limbic Network A/B; ContA/ContB/ContC: Control Network
A/B/C；DefaultA/DefaultB/DefaultC: Default Mode Network A/B/C; TempPar: Temporal Parietal Network.
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Figure 2

The results of VBM and SBM analysis. VBM: Voxel-based morphometry analysis. SBM: Surface-based
morphometry analysis. The colorbars represent T values.
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Figure 3

A.: The results of CNR on NM-MRI; B.: The analysis of global network metrics; C.: The analysis of nodal
network metrics. The colorbars represent T values.
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Figure 4

Network-level analysis of substantia nigra pars compacta (SNpc) and locus coeruleus (LC) on
morphological similarity network (MSN) and functional connectivity network (FCN). Vis: Visual network;
SMN: Somatomotor network; DAN: Dorsal attention network; VAN: Ventral attention network; LIM: Limbic
network; CN: Control network; DMN: Default mode network; TPN: Temporoparietal network. ns. means
none of significance. The circles represent network modules, the connecting lines indicate inter-network
coupling, and the arcs denote intra-network coupling.
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Figure 5

A.: The variation in mean free energy (FE) as a function of the state number in the Hidden Markov model
(HMM), and the regression analyses of state transition rates with SNpc_CNR and LC_CNR; B.: The
relative free energy gain between adjacent state numbers (ΔFE/FE) in PD group; C. The blue line means
the variation in mean fractional occupancy (FO) as a function of the state number in PD’s HMM and the
green line means the reciprocal of the state number (1/K); E. The analysis of switching rates between
groups.
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