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Abstract

Introduction:
Parkinson's disease (PD) is one of the most common neurodegenerative disorders, affecting approximately 1–2% of people over 60
years of age worldwide. Early diagnosis of PD from other neurodegenerative diseases remains challenging due to the lack of
reliable biomarkers. Further research is needed to discover sensitive and reliable biomarkers for PD. Resting-state functional
magnetic resonance imaging (rs-fMRI), as a non-invasive imaging method, provides valuable information about changes in
functional brain connectivity and brain networks in PD. In addition to measuring spontaneous brain activity, studies have shown that
the connectivity profile within or between important brain networks is also altered and disrupted. Therefore, this study aims to
investigate alterations in functional connectivity and graph-theoretical network properties in early-stage PD compared to healthy
controls.

Materials and Methods
Structural magnetic resonance imaging (sMRI) and rs-fMRI of 35 patients with PD and 22 healthy controls, along with demographic
information, and psychological test results (GD-Scale) were collected from the PPMI database. CONN software was used for
preprocessing, noise removal, and extracting functional connectivity matrix and graph parameters. Finally, by extracting the
functional matrix and graph parameters, the rs-fMRI images of the two PD and control groups were statistically compared. The
correlation between depressive symptom severity (measured by the Geriatric Depression Scale, GDS) and rs-fMRI features was also
examined.

Results
The statistical results of this study showed that in patients with PD, functional connectivity decreased in the left and right
Postcentral Gyrus regions. At the same time, it increased in the right and left Insular Cortex regions and the left Planum Temporale.
Examination of graph parameters revealed decreased global efficiency and degree centrality, but increased average path length, in
the default mode network of PD patients compared to controls.

Conclusion
These findings suggest that rs-fMRI may reveal network-level alterations associated with early-stage PD, particularly in relation to
depressive symptoms, though diagnostic applications require further validation.

1. Introduction
Parkinson's disease (PD) is a neurodegenerative disorder primarily characterized by bradykinesia, tremor, and rigidity. PD is the
second most common neurodegenerative disorder affecting approximately 1–3% of individuals over 80 years old (1, 2). PD is also
more common in men than in women. PD is estimated to have an average duration of 4.9 years and a 2.9-fold increased mortality
compared to age-matched healthy individuals and women present decreased survival compared to men (3, 4). PD diagnosis is
typically confirmed after significant neuronal degeneration, highlighting the need for early detection. The progressive loss of
midbrain area dopamine neurons, particularly in the substantia nigra, is responsible for the cardinal movement symptoms of PD, 
including tremor, rigidity, bradykinesia, and postural instability. Understanding the neurobiological basis of PD and its clinical
markers is critical for improving diagnostic accuracy and therapeutic strategies. Early identification of PD biomarkers is crucial for
timely intervention and better patient outcomes. (5, 6). Several clinical scales assess motor dysfunction and disability in PD
subjects. But indeed, most of these scales are never formally validated, and cannot be retraced to neurobiological determinants of
PD or to linked nominated brain regions. Furthermore, their outcomes often depend on the clinician's ability (7, 8). The Hoehn and
Yahr scale is commonly used to compare patient populations and to grade the progression of the disease; ranges from 0 (no
symptoms) to 5 (advanced disease). The Unified PD Rating Scale (UPDRS) is routinely used to assess disability and central nervous
system degeneration in PD patients. PD(8, 9). The Geriatric Depression Scale (GDS) is another tool used to assess the severity of
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depression in PD patients. Despite these tools, PD diagnosis is still primarily based on clinical criteria, and no definitive laboratory
test exists for its confirmation (10).

Recently, advanced neuroimaging techniques, especially resting-state functional magnetic resonance imaging (rs-fMRI), enabled
further understanding of perceptive functional connection in patients with PD (11). Blood-oxygenation level-dependent (BOLD)
signals are utilized in rs-fMRI as a neurophysiological index to probe brain activity and connectivity between brain regions. The
whole-brain system investigation of the neuropathological underpinnings of many neurological and psychiatric disorders can be
done using the BOLD signals as a proficient and non-invasive strategy (12–15). Previous resting-state fMRI studies in PD have
largely emphasized the default mode network (DMN) and motor-related regions as key loci of disruption (16, 17). However,
converging evidence shows that alterations extend beyond these networks. For instance, Franciotti et al. (2019) (18) reported
cerebellar and salience network dysfunctions, while Yeager et al. (2023) (19) highlighted widespread alterations involving attention
and visual networks. Therefore, rather than assuming these networks have been overlooked, the novelty of our study lies in its
integrative design, in which we simultaneously assess inter-network connectivity and global topological properties of brain
networks using graph theory. This dual-level approach provides a systems-level characterization of PD-related alterations that
complements prior network-specific or graph-theoretical studies. While these networks have been examined in isolation in prior
work, few studies have adopted a unified framework that integrates whole-brain graph metrics with inter-network connectivity in
early-stage PD. Moreover, unlike most studies that have focused on older populations, this research includes a younger age group.
In this study, early-stage PD is defined as Hoehn & Yahr stage ≤ 2, disease duration < 2 years, and UPDRS part III (off) score < 30. By
studying individuals at an earlier stage of the disease, we aim to contribute to the early detection of PD, which is crucial for
implementing effective interventions before significant clinical symptoms appear. Early diagnosis can lead to improved
management strategies and a better quality of life for patients. Additionally, this study explores the correlation between rs-fMRI
features and depressive symptom severity, as measured by the Geriatric Depression Scale (GDS)—a common non-motor
comorbidity in PD. This approach not only enhances our understanding of the brain regions affected by the disease but also paves
the way for designing more personalized treatment plans that consider both neural biomarkers and clinical manifestations of PD. In
summary, this study contributes to the growing body of literature by examining the functional connectivity of multiple brain
networks in PD, focusing on underexplored networks and younger patients, and correlating these features with depressive symptom
severity to advance our understanding of network-level alterations in early-stage PD.

2. Materials and methods

2.1. Data acquisition
In this study, Structural Magnetic Resonance Imaging (sMRI) and rs-fMRI data from 35 patients with PD and 22 healthy controls
were used, along with their psychological test results based on the Geriatric Depression Scale (GDS). These data were acquired
using a Siemens Trio Tim 3 Tesla scanner. The GDS is a standardized test designed to evaluate the level of depression in
individuals, with scores ranging from 0 to 15; higher scores indicate more severe depression. The demographic characteristics of
all participants are presented in Table 1 .The imaging and clinical data were selected and downloaded from the Parkinson’s
Progression Markers Initiative (PPMI) database, a widely recognized and reliable resource providing comprehensive neuroimaging
and clinical datasets for PD research. The Inclusion criteria for this study were availability of both sMRI and rs-fMRI data, as well as
complete GDS test scores. Subjects with missing scans, poor image quality due to motion artifacts, or incomplete clinical or
psychological assessments were excluded. All PD participants met criteria for early-stage disease: Hoehn & Yahr stage ≤ 2, disease
duration < 2 years from diagnosis, and UPDRS part III (off medication) score < 30. The final dataset was curated to ensure high data
quality and completeness across modalities for robust and reliable analysis. sMRI was acquired with a voxel size of 1 × 1 × 1 mm³,
matrix size of 256 × 256, and 176 slices, yielding a FOV of 256 × 256 × 176 mm³. Rs-fMRI data were acquired with a voxel size of 3 ×
3 × 3 mm³, matrix size of 64 × 64, 48 slices, and a FOV of 192 × 192 × 144 mm³, using BOLD Echo Planar Imaging (EPI) sequences.
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Table 1
Demographics of participants.

Features Parkinson Control

Number 35 22

Gender 27M/8F 17M/5F

Age (Year) (Mean ± SD) 62.26 ± 3.53 61.56 ± 5.33

GDS score (Mean) 2.27 1.4

Disease duration (years) (Mean ± SD) 1.4 ± 0.6 -

Hoehn & Yahr stage (Mean ± SD) 1.6 ± 0.5 -

UPDRS-III (off) (Mean ± SD) 22.3 ± 5.1 -

M: Male, F: Female, GD: Geriatric Depression

2.2.    Preprocessing of rs-fMRI brain images

Preprocessing of rs-fMRI brain images was performed using the CONN functional connectivity toolbox (version 20, CONN20) in
MATLAB R2019a with the Statistical Parametric Mapping 12 (version 12, SPM12) installed. The preprocessing steps in the CONN20
software were as follows:

2.2.1. Realign and unwarp
In this step, all images were realigned to the first image of each subject’s time series, using the B-spline interpolation algorithm.
This algorithm can also correct for motion-related distortions. Since double-echo images were not available in this dataset, the
Susceptibility Distortion Correction (SDC) algorithm was not applied, which resamples functional data in the phase-encoding
direction and corrects field non-uniformities.

2.2.2. Slice-timing correction
Slice timing differences within a Time of Repetition (TR), which are intrinsic to EPI, are corrected using the Spanning Tree Covering
(STC) algorithm in the SPM12 toolbox. The functional data were shifted to the middle of the acquisition time.

2.2.3. Outlier identification
The BOLD signals at each time point are checked, and signals showing greater intensity changes than 5 times the standard
deviation are removed. Outliers were flagged based on BOLD signal intensity (> 5 SD) or estimated motion (using framewise
displacement, FD > 0.5). For denoising, a conservative strategy was applied, which involves strict thresholds for motion and
physiological noise removal. This approach retains high-quality BOLD signals while minimizing spurious correlations, following
CONN20 toolbox recommendations (20).

2.2.4. Normalization to MNI space
Functional images were co-registered to the high-resolution T1-weighted structural image, and both were normalized to Montreal
Neurological Institute (MNI) standard space using unified segmentation as implemented in SPM12.

2.2.5. Smoothing
In this step, functional images were smoothed using a Gaussian kernel with a full width at half maximum (FWHM) of 5 mm to
increase the signal-to-noise ratio.

2.2.6. Denoising
To further improve data quality, denoising was performed as the final step of the preprocessing pipeline. In this process,
confounding signals from white matter and cerebrospinal fluid (CSF) were identified and removed as covariates using the CONN20
toolbox. Additionally, 12 motion-related noise components were regressed out. Band-pass filtering was applied to remove
physiological noise such as cardiac and respiratory fluctuations, retaining only frequencies between 0.008 Hz and 0.09 Hz. Outliers
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detected during earlier preprocessing steps were also scrubbed during this stage. To assess the effectiveness of denoising, the
distribution of functional connectivity values between Region-of-Interest (ROI) pairs was examined before and after denoising. Prior
to denoising, functional connectivity values exhibited a broader distribution with a positive bias; after denoising, the distribution
became more centered and narrower, indicating effective noise reduction. Figure 1 illustrates the impact of the denoising process.

2.3. Quality control
After preprocessing, all data underwent rigorous quality control. Functional and structural images were visually inspected for
artifacts such as motion, ghosting, or signal dropout. Additionally, the CONN20 toolbox’s QC pipeline was used to compute
framewise displacement (FD) and global BOLD signal change. Outlier scans were identified using thresholds of FD > 0.5 mm or
global signal change exceeding 3 SD. Subjects with more than 20% outlier volumes were excluded. This ensured that only high-
quality datasets proceeded to the denoising and analysis steps.

2.4. Brain network
A network consists of nodes and edges in which the nodes represent fundamental components within a system, and edges
indicate the connections between these nodes (21). This study utilized the Harvard-Oxford atlas (HOA), which comprises 132
cortical and subcortical regions. Functional connectivity in the brain network refers to the temporal correlation of BOLD signals
between each pair of segmented brain regions. For each individual, the time series in each ROI was obtained by averaging the time
series of all voxels within that region. In this step, the average time series corresponding to the 132 brain regions of the HOA are
extracted for each participant using the CONN20 toolbox by selecting the first-level analysis option. To measure the correlations
between these regions, various methods can be employed. In this study, to compute these coefficients for an individual, the mean
BOLD signal of the voxels in each region was first calculated. Then, by compiling all full-brain volume images of the same individual,
the time-series signal for these regions was obtained. Subsequently, pairwise Pearson correlation coefficients (PCC) were
computed between the 132 regional time series to construct a 132×132 functional connectivity matrix for each participant (22).

Each off-diagonal element (i,j) of the matrix represents the PCC between the average BOLD time series of region i and region j.
Diagonal elements are 1 (perfect self-correlation), and the matrix is symmetric due to the commutative property of correlation. PCC
values range from − 1 to + 1. Figure 2 shows the correlation matrix for a representative Parkinson’s patient.

2.4.1. Brain Graph Analysis
The human brain, as a complex network, can be modeled using graphs where nodes represent brain regions and edges indicate the
connections between these regions (23). Brain graphs provide valuable insights into the topology, connectivity, and centrality
properties of the network. In this study, brain graphs were constructed for each individual using correlation matrices derived from
BOLD signals. These analyses were conducted using the CONN20 software, and graph parameters were calculated at the whole-
brain level. In addition to whole-brain graph analysis, functional brain networks were also examined. Functional networks were
defined using the Harvard–Oxford atlas (HOA), which provides a standard parcellation of 132 cortical and subcortical regions.
These regions were grouped into eight canonical functional networks based on established network templates implemented in the
CONN20 toolbox. These networks included the Default Mode Network (DMN), Sensorimotor Network (SMN), Visual Network (VN),
Posterior Attention Network (PAN), Salience Network (SN), Central Executive Network (CEN), Auditory Network (AN), and Language
Network (LN). For each network, relevant nodes and edges were extracted from the correlation matrices, and similar analyses were
performed. The results revealed functional and connectivity differences in brain networks between Parkinson’s patients and the
control group.

To assess inter-network connectivity, the BOLD time series of all ROIs belonging to each canonical network (e.g., DMN, SN) were
averaged to obtain a single representative time course per network. Pearson correlations between these network-level time courses
were then computed, yielding an 8×8 inter-network connectivity matrix.

2.5. Feature extraction
Feature extraction from rs-fMRI images was performed in two stages. In the first stage, PCCs were calculated from the functional
connectivity matrix to assess the increase or decrease in functional connectivity between each pair of brain regions (132 regions
from the HOA). In the second stage, after selecting the relevant nodes corresponding to the desired networks and chosen atlas, the
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corresponding graph is constructed. Subsequently, the nodal and global parameters of the undirected weighted graph for the entire
brain, as well as the global parameters of the undirected weighted graphs for the selected networks, are extracted.

Functional connectivity between each pair of ROIs was calculated using Pearson correlation coefficients, implemented in the
CONN20 toolbox in MATLAB. After constructing the functional connectivity graphs, graph theory metrics including degree centrality,
average path length, global efficiency, and network cost were automatically extracted by the software for each subject. Degree
centrality quantifies the importance of individual nodes in maintaining network communication. Average path length reflects the
average shortest path between nodes; longer paths indicate less efficient information transfer. Global efficiency, defined as the
average inverse of path length, measures overall network integration. Network cost indicates the proportion of potential
connections that are realized, reflecting network organization and potential compensatory changes in Parkinson’s disease. Graph
theory metrics including degree centrality, average path length, global efficiency, and network cost were automatically extracted by
the software for each subject. All graph-theoretical features used in this study are defined in Table 2.

 
Table 2

Graph theory metrics and ROI-to-ROI correlation, computed using the CONN20 toolbox in MATLAB
Feature Description

PCC (X,Y) (X = 
1:132, Y = 1:132)

Pearson correlation coefficient between each pair of Fisher functional connections matrix region.
Quantifies the degree to which nodes in a network tend to form local clusters or interconnected groups. In
brain networks, a higher clustering coefficient reflects stronger local segregation and specialized
processing within subnetworks, whereas lower values may indicate disrupted local connectivity often
observed in neurodegenerative conditions such as Parkinson’s disease.

Degree n (n = 1:
132)

Represents the number of edges connected to the node.

Cost n (n = 1:
132)

The ratio of the number of edges to the specific node.

Average path
length n (n = 1:
132)

The average shortest path between the node and all other nodes.

Betweenness
Centrality n (n = 1:
132)

The fraction of shortest paths in the graph that pass through the given node.

Clustering
Coefficient

The average clustering coefficient of all nodes.

Global Efficiency The average inverse shortest path length in the graph, indicating the efficiency of information exchange in
the graph.

Local Efficiency The inverse shortest path length in the graph for each region.

PCC: Pearson correlation coefficients

2.6.    Statistical analysis

Statistical analyses were conducted using the CONN20 toolbox and p value < 0.05 was considered as a significant level. Normality
of each connectivity measure was assessed using the Shapiro–Wilk test. For normally distributed data, independent t-tests were
used; otherwise, Mann–Whitney U tests were applied. Multiple comparisons were corrected using the Benjamini–Hochberg
procedure with a false discovery rate threshold of q < 0.05. Effect sizes (Cohen’s d or r) and exact p-values are reported for all
comparisons. To examine the correlation between GDS scores and rs-fMRI features, Spearman’s rank correlation test was used.

3. Results
We report rs-fMRI-derived parameters, including functional connectivity matrices and graph metrics, in the following sections.
These parameters were extracted to assess the functional connectivity patterns of brain regions and to explore their relationship
with clinical indices of PD. The results are analyzed and compared between the patient group and the control group to identify
potential biomarkers for early detection and progression monitoring of PD.
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3.1. Statistical analysis of Pearson correlations from the correlation
matrix
The analysis of PCC derived from the HOA correlation matrix revealed significant differences in functional connectivity between the
PD group and the control group. The largest reductions in functional connectivity within the PD group were observed in the
Postcentral Gyrus regions. Conversely, the most notable increases in functional connectivity were found in the Insular Cortex Right,
Insular Cortex Left, and Planum Temporale Left regions. Table 3 summarizes the regions with significantly increased or decreased
functional connectivity in Parkinson’s disease patients compared with healthy controls, along with the corresponding statistical
tests, exact p-values, and FDR-corrected p-values. Additionally, network-level analyses (reported in Section 3.3) revealed altered
within-network connectivity in several canonical networks, including the DMN, CEN, and DAN.
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Table 3
Functional Connectivity Changes in Parkinson's Patients Compared to the Control Group.

ROI Comparison

(PD vs. Control)

Direction p-value FDR-corrected p

Thalamus PD > Control Increased 0.012 0.028

Heschl's Gyrus PD > Control Increased 0.009 0.022

Insular Cortex PD > Control Increased 0.015 0.031

Central Opercular Cortex PD > Control Increased 0.010 0.024

Planum Temporale PD > Control Increased 0.013 0.029

Cuneal Cortex PD > Control Increased 0.018 0.037

Putamen PD > Control Increased 0.011 0.026

Frontal Operculum Cortex PD > Control Increased 0.010 0.025

Hippocampus PD > Control Increased 0.017 0.034

Parahippocampal Gyrus PD > Control Increased 0.014 0.030

Lateral Occipital Cortex PD > Control Increased 0.012 0.028

Right Precentral Gyrus PD > Control Increased 0.009 0.022

Right Occipital Fusiform Gyrus PD > Control Increased 0.016 0.033

Left Lingual Gyrus PD > Control Increased 0.010 0.025

Left Occipital Fusiform Cortex PD > Control Increased 0.014 0.031

Left Temporal Pole PD > Control Increased 0.018 0.037

Postcentral Gyrus PD < Control Decreased 0.009 0.024

Middle Frontal Gyrus PD < Control Decreased 0.011 0.027

Superior Parietal Lobule PD < Control Decreased 0.015 0.032

Cingulate Gyrus PD < Control Decreased 0.013 0.029

Vermis 6 PD < Control Decreased 0.012 0.028

Vermis 7 PD < Control Decreased 0.016 0.035

Right Cerebellum 9 PD < Control Decreased 0.011 0.027

Right Cingulate Lobule PD < Control Decreased 0.013 0.030

Left Cerebellum Crus I PD < Control Decreased 0.010 0.025

Left Cerebellum 9 PD < Control Decreased 0.019 0.039

Left Cerebellum Crus II PD < Control Decreased 0.012 0.029

3.2. Statistical analysis of undirected graph parameters of brain networks
The statistical analysis of undirected graph parameters for functional brain networks revealed significant differences between the
PD group and the control group, reflecting alterations in the topological organization of large-scale brain networks in early-stage PD.
Detailed results are provided in Table 4.

Degree centrality was significantly increased in the salience network (SN), dorsal attention network (DAN), and visual network (VN)
in PD patients compared to controls, while it was decreased in the default mode network (DMN). Average path length was
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increased in the DMN (2.50 vs. 2.31), sensorimotor network (SMN), visual network (VN), salience network (SN), dorsal attention
network (DAN), and central executive network (CEN), indicating reduced efficiency of information transfer within these networks.

Consistent with this, global efficiency was decreased in the DMN (0.37 vs. 0.54) but increased in the salience network (SN), visual
network (VN), language network (LN), and central executive network (CEN). Additionally, network cost—reflecting the proportion of
realized connections—was significantly higher in the DAN, VN, and CEN, but lower in the DMN, suggesting a reorganization of
network wiring in PD.

In contrast, betweenness centrality, clustering coefficient, and local efficiency did not show statistically significant differences
between groups across any of the examined networks.

Table 4
Statistical analysis of undirected graph parameters; significant differences between functional networks of the Parkinson's group

and the control group.
Parameter Network Value

(Parkinson / Control)

P-value FDR-corrected p

Degree centrality SN 50.2 / 49.34 0.002 0..004

DAN 50 / 49.5 0.001 0.003

DMN 47 / 47.5 0.001 0.004

VN 51 / 50.83 0.002 0.005

Cost CEN 0.8 / 0.63 0.002 0.004

DAN 0.9 / 0.73 0.002 0.005

DMN 0.8 / 0.97 0.002 0.004

VN 0.7 / 0.53 0.002 0.003

Average path length CEN 2.40 / 1.40 0.001 0.004

DAN 2.27 / 1.27 0.042 0.046

DMN 2.5 / 2.31 0.001 0.045

VN 2.34 / 1.34 0.001 0.045

SN 2.40 / 1.39 0.001 0.004

SMN 2.31 / 1.31 0.001 0.036

Global efficiency CEN 0.43 / 0.25 0.042 0.004

SN 0.36 / 0.19 0.042 0.005

DMN 0.37 / 0.54 0.002 0.003

VN 0.41 / 0.24 0.001 0.028

LN 0.39 / 0.22 0.002 0.003

DMN: Default Mode Network, SMN: SensoriMotor network, VN: Visual Network, PAN: Posterior Attention Network, SN: Salience
Network, CEN: Central Executive Network, AN: Auditory network, LN: Language Network

3.3. Correlation analysis of the GD-scale clinical index with rs-fMRI
parameters in PD's patients
The correlation between rs-fMRI-derived features and Geriatric Depression Scale (GDS) scores was evaluated using Spearman’s
rank correlation test. As summarized in Table 5, GDS scores showed significant correlations (FDR-corrected p < 0.05) with multiple
rs-fMRI features in the PD group. These include global efficiency and average path length in the default mode network (DMN), as
well as global efficiency in the dorsal attention network (DAN). Additionally, 31 ROI-to-ROI functional connectivity pairs exhibited
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significant associations with GDS scores. Many of these connections involve regions implicated in emotional and limbic
processing, such as the cingulate gyrus, hippocampus, and insula.

However, it should be emphasized that the GDS is a general measure of depressive symptoms and not a PD-specific clinical scale.
Given that depression is a common non-motor comorbidity in PD and is itself associated with functional connectivity alterations—
particularly within the DMN and limbic circuits—the observed correlations may reflect the neural correlates of comorbid mood
symptoms rather than core PD pathophysiology. In the absence of statistical control for depression as a confounding variable,
these associations should be interpreted with caution. Future studies should employ PD-specific clinical metrics (e.g., MDS-UPDRS)
and multivariate models to disentangle disease-related network changes from those driven by depressive symptoms.

Table 5
Correlation of GD-Scale index with resting-state functional magnetic resonance imaging.

Feature r P-
value

FDR-
corrected
p

Feature r FDR-
corrected
p

P-
value

Feature r P-
value

FDR-
corrected
p

Global
efficiency

0.296 0.035 0.048 PCC

(74,82)

-0.354 0.022 0.011 PCC

(36, 39)

0.243 0.002 0.008

PCC

(65,71)

0.372 0.007 0.018 PCC

(59.62)

-0.325 0.034 0.020 PCC

(35, 37)

0.245 0.023 0.041

PCC

(2,66)

0.353 0.011 0.025 PCC

(1, 6)

-0.404 0.012 0.003 PCC

(60,62)

0.690 0.008 0.020

PCC

(5,71)

0.413 0.003 0.012 PCC

(82,85)

-0.310 0.043 0.027 Average
path
length

0.312 0.035 0.047

PCC

(40,65)

0.457 0.001 0.006 PCC

(87,90)

0.309 0.042 0.027 PCC

(71,72)

0.323 0.046 0.049

PCC

(2, 35)

0.343 0.014 0.028 PCC

(2, 6)

0.307 0.044 0.028 PCC

(81,85)

0.210 0.009 0.021

PCC

(7, 14)

0.356 0.010 0.026 PCC

(85,90)

-0.327 0.036 0.019 PCC

(1, 31)

0.137 0.035 0.009

PCC

(83,88)

0.408 0.003 0.014 PCC

(1,65)

0.451 0.048 0.049 PCC

(83,87)

0.210 0.049 0.047

PCC

(84,40)

0.326 0.020 0.035 PCC

(7,72)

0.381 0.046 0.0385 PCC

(1, 9)

0.180 0.035 0.045

PCC

(7, 13)

0.383 0.006 0.010 PCC

(39,41)

0.267 0.018 0.002 PCC

(1,66)

0.352 0.001 0.024

PCC

(33, 38)

0.309 0.028 0.036 PCC

(35, 40)

0.389 0.056 0.025 PCC

(56,59)

0.221 0.007 0.023

PCC: Pearson correlation coefficients

4. Discussion
The present study introduces a novel approach by comprehensively examining functional networks associated with PD, including
the DMN, SMN, FPN, CN, DAN, LN, VN, and SN. Notably, networks such as the FPN, DAN, LN, and SN have not been explored in prior
studies. Additionally, the inclusion of younger participants highlights the potential for early detection and intervention, addressing a
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critical gap in previous research. The findings revealed widespread alterations in functional connectivity. Increased connectivity
was observed in regions such as the thalamus, insular cortex, putamen, and hippocampus, while decreased connectivity was noted
in the cerebellum, postcentral gyrus, and cingulate gyrus. These results provide critical insights into the neural mechanisms
underlying motor, sensory, and cognitive symptoms in PD’s patients. In this study, increased functional connectivity in the thalamus,
a central hub for sensory and motor signal processing, was observed. Given that sensory and motor symptoms are among the
primary features of PD, this increase in connectivity is predictable. These findings align with the results of Hu et al.(24), but
contrasts with Hacker et al.(25) and Agosta et al.(26). Enhanced connectivity in the insular cortex, a region integral to sensory
integration and cognitive processes, was observed in this study. This finding aligns with the results of Wang et al. (27), while
contradicting those of Wu et al. (28). These alterations may account for the cognitive impairments frequently observed in PD’s
patients. In this study, increased connectivity was observed in the putamen, a critical structure for motor coordination, which
contrasts with several previous studies (25, 28–30). This increase may reflect compensatory processes; however, this interpretation
remains speculative and requires validation in longitudinal or task-based studies. Increased connectivity in the hippocampus and
parahippocampal gyrus, regions critical for memory and sensory integration, underscores their involvement in PD’s pathology,
particularly in sensory and memory impairments. Conversely, reduced connectivity was observed in key motor-related areas,
including the cerebellum, vermis, and postcentral gyrus. In our study, decreased connectivity in Crus I, Crus II, and lobule IX of the
cerebellum was observed, which is confirmed by Hacker et al. (25) and Ma et al. (31), but contrasts with the findings of Wu et al.
(30), highlighting the cerebellum’s role in motor coordination and postural stability. Similarly, reduced connectivity in the vermis
lobules, crucial for balance and eye movement coordination, highlights the widespread impact of PD on motor systems. Several
novel findings were also identified in this study. Increased connectivity in regions such as the occipital fusiform gyrus, Planum
Temporale, Heschl’s gyrus, and central opercular cortex has not been previously reported in studies. These regions are associated
with functions like facial recognition, auditory processing, and cognitive planning, offering new perspectives on PD.

To compare the statistical results of functional connectivity in brain networks from the current study with those of other studies, it
was observed that in the DMN, which includes regions such as the medial prefrontal cortex (MPFC) and posterior cingulate cortex
(PCC), increased connectivity was observed between the Default Mode-MPFC and Default Mode-PCCThis finding suggests a
significant alteration in the connectivity of the DMN in PD. The increased connectivity within this network is consistent with findings
suggesting disruptions in the default brain network, which is known to be involved in self-referential thinking and mind-wandering.
In the DAN, which includes the superior parietal and superior frontal regions, decreased connectivity was observed. This aligns with
prior studies (32) and suggests disruptions in spatial attention and visuomotor coordination, impairments that are commonly seen
in Parkinson’s patients. Specifically, the most significant reduction in connectivity within the DAN occurred between the Dorsal
Attention.IPS r and Dorsal Attention.IPS l. This suggests a disruption in attentional control and visuospatial processing, which are
commonly impaired in PD. Similarly, the CEN, primarily involving the mesiofrontal cortex, anterior cingulate, and para-cingulate
cortex, also demonstrated reduced connectivity. This finding is consistent with study (33) and reflects deficits in executive
functions, such as decision-making and cognitive flexibility, that are hallmark symptoms of PD. Conversely, the SMN exhibited
increased connectivity in this study, a finding that aligns with studies (34, 35) but contrasts with studies (27, 36). The SMN
encompasses critical regions such as the primary sensorimotor cortex, supplementary motor area, and secondary sensory cortex,
which are essential for motor control. The observed increase in connectivity could be interpreted as a compensatory mechanism
aimed at addressing motor impairments such as rigidity and tremor, which are characteristic of PD. Changes in the CN were also
evident, with reduced connectivity observed in anterior and posterior cerebellar regions. This result is consistent with study (27)
and emphasizes the cerebellum’s critical role in both motor coordination and higher cognitive functions. Reduced connectivity in
the CN could contribute to the postural instability and coordination deficits commonly reported in PD’s patients. Interestingly,
increased connectivity was noted in the VN, which includes the lateral and superior occipital gyri and the lingual gyrus.This result
supports study (34) and suggests that visual processing impairments in PD’s patients may precede clinically apparent visual
hallucinations. The involvement of visual cortices in early stages of the disease highlights the potential of the VN as a biomarker
for early detection. The SN and Language Network also showed increased functional connectivity in this study. The SN, which
includes the anterior insula and dorsal anterior cingulate cortex, plays a crucial role in integrating sensory, emotional, and cognitive
information. Changes in the SN’s connectivity have not been previously reported, making this finding particularly significant. The
most pronounced increase in connectivity within the SN occurred between the Salience.RPFC r and Salience.RPFC l, as well as
between Salience.RPFC r and Salience.ACC. Similarly, the increased connectivity in the LN, which was also unreported in prior
studies, highlights the potential for investigating language processing and cognitive impairments in PD’s patients. To date, no
research has been conducted to examine the correlation between the GD-Scale clinical index and resting-state MRI features.
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Features that are correlated with this index include the overall efficiency and average path length in the DMN, as well as overall
efficiency in the DAN. The correlation analysis between functional connectivity and this index reveals a correlation between the
clinical index and 31 functional connections in PD’s patients. Based on these results, it can be concluded that the GD-Scale clinical
index is most strongly correlated with changes in the DMN and DAN. Interestingly, other fields of medicine have demonstrated that
features extracted from imaging biomarkers and their correlation with clinical indices can greatly enhance treatment decision-
making. For instance, in glioblastoma, meta-analyses have revealed that the number of adjuvant temozolomide cycles is
significantly associated with clinical outcomes, suggesting a valuable role of treatment-based indicators in guiding clinical
prognosis (37, 38). Furthermore, it can be concluded that the SMN, VN, LN, SN, and CEN are not suitable for predicting the clinical
index of PD. However, brain functional connections remain one of the most valuable clinical biomarkers for predicting the clinical
index of PD. The importance of parameters derived from graph analysis, when compared to functional connectivity, has lower value
in predicting this clinical index. In this study, we applied graph-theoretical analysis and ROI-based functional connectivity to
investigate large-scale brain network alterations in Parkinson’s disease (PD). Our results demonstrated significant disruptions in
global and local network organization, reflected by reduced global efficiency and increased average path length, along with altered
connectivity in motor, cognitive, and limbic networks. The decrease in global efficiency suggests impaired information integration
across distributed brain regions, while the increase in average path length indicates reduced efficiency of information transfer. From
a neurobiological perspective, such alterations may arise from dysfunction of the basal ganglia–cortical loops, which are crucial for
both motor execution and higher cognitive processes (39). Moreover, the observed regional increases in connectivity within the
insular and temporal cortices may reflect compensatory mechanisms, whereby non-motor regions attempt to maintain functional
communication in the face of progressive nigrostriatal degeneration. This compensatory hyperconnectivity, however, coexists with
hypoconnectivity in sensorimotor and parietal cortices, which likely underpins the motor and visuospatial deficits commonly
observed in PD patients.

Taken together, these findings highlight that PD is not limited to focal basal ganglia pathology, but involves large-scale
reorganization of functional brain networks. The convergence of reduced integration, compensatory hyperconnectivity, and
disrupted network interactions provides a systems-level perspective on PD pathophysiology.

Alterations in graph metrics are consistent with known PD pathophysiology, including dopaminergic neuron loss and disruption of
functional networks. Increased average path length and decreased global efficiency suggest reduced integration, which could
contribute to both motor dysfunctions and cognitive impairments. Changes in degree centrality and network cost reflect altered
connectivity patterns in attentional and executive networks, potentially representing compensatory mechanisms. These findings
emphasize the relevance of graph theoretical analysis in understanding network-level disruptions in Parkinson’s disease.

The use of the GDS provides additional insight into the non-motor symptomatology of PD. Depression is one of the most common
non-motor manifestations in PD and has been linked to altered connectivity in the default mode network, limbic regions, and
prefrontal cortex. Thus, the significant correlations we observed between GDS scores and rs-fMRI features likely reflect meaningful
neurobiological relationships rather than spurious associations. These findings align with previous reports highlighting the neural
substrates of depressive symptoms in PD.

Importantly, while our analysis focused on univariate graph metrics, future studies should incorporate multivariate or machine
learning approaches to identify robust biomarkers for disease progression. Such approaches may help integrate multi-network
alterations into predictive models for clinical outcomes. Additionally, longitudinal investigations could clarify whether these network
disruptions evolve with disease severity, and whether they may serve as targets for therapeutic interventions.

5. Limitations
This study faced several limitations that should be considered when interpreting the results. Firstly, the lack of access to PD’s
patients directly led to the use of data from the PPMI database. Secondly, the study was constrained by the limited availability of
resting-state functional MRI images paired with structural images, which resulted in a smaller dataset for analysis. These
limitations may impact the generalizability of the findings and suggest the need for future studies with larger and more diverse
patient populations.
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A major limitation is the use of GDS—a non-PD-specific measure—as the primary clinical correlate. Future studies should
incorporate PD-specific scales such as UPDRS or MDS-UPDRS to better link imaging biomarkers to motor and non-motor disease
severity.

6. Conclusion
In conclusion, this study emphasizes the importance of functional connectivity analysis in understanding PD. By exploring brain
network alterations and identifying new findings, it enhances our understanding of the disease's neural mechanisms. The results
suggest that rs- fMRI can serve as a promising non-invasive tool for early detection and clinical prediction in PD patients. This
research contributes to the growing body of knowledge in the field and paves the way for further studies aiming to improve
diagnostic and therapeutic strategies for PD patients.
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Figure 1

The distribution of functional connectivity values between ROI pairs before and after denoising.
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Figure 2

The correlation matrix for a representative Parkinson’s patient. The color scale indicates Pearson correlation values, ranging from –
1 (blue, negative correlation) to +1 (red, positive correlation)
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