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Abstract
Background

Patients with Parkinson's disease (PD) exhibit significant differences in the manifestation patterns, severity, and progression rate of motor and non-motor
symptoms, demonstrating a strong clinical heterogeneity, which poses a key challenge to the precision diagnosis and treatment.

Purpose

The present study aimed to investigate cortical functional gradients in PD patients, seek effective classification for PD patients, and further elucidate the
potential neuromodulation basis of clinical heterogeneity.

Materials and Method

We engaged a cohort of 99 PD and 104 normal controls (NC). Our examination focused on cortical gradient alterations in both whole brain gradient and
large-scale network gradient in PD. Then, we performed hierarchical clustering analysis on PD patients by using individual gradient heterogeneity. Finally, we
employed postmortem gene expression of cortices to investigate the relationships between neuromodulation basis and cortical gradient alterations.

Results

PD displayed abnormal global gradient alterations with increase and decrease coexistence in different cortices. Diminished focal gradients were observed in
both dorsal attention and ventral attention networks. Furthermore, we found that PD patients could be divided into neuropsychiatric PD (NPPD) and non-
NPPD, with NPPD exhibiting cognitive impairment and emotional disorders. Moreover, we identified notably correlations between the gradient changes of PD
and NPPD and the different gene expression.

Conclusion

These results provide a new framework for PD classification and offer significant theoretical foundations for elucidating the intricate interplay between
macroscopic functional gradient changes and microscopic neuromodulation roles for PD and NPPD.

Introduction

Parkinson’s disease (PD) is a progressive neurodegenerative disease, involving the loss of dopamine producing neurons in the substantia nigra, accompanied

(1=4)_ Motor impairment is considered as the main and classic symptom of PD, which can

by pathological accumulation of a-synuclein in many brain regions
manifest as resting tremor, bradykinesia, muscular rigidity, and postural instability =7). However, a growing body of evidence has demonstrated that PD is
not an isolated disorder confined to the motor system, but a multisystem neurodegenerative disease @ 9. Its non-motor symptoms, which are highly
prevalent and widely distributed, can emerge as early as the pre-motor stage (1% 1), Therefore, patients with PD exhibit significant differences in the
manifestation patterns, severity, and progression rate of motor symptoms and non-motor symptoms, demonstrating a strong clinical heterogeneity, which

poses a key challenge to the precision diagnosis and treatment of the disease.

Previous studies had shown that the response rate of dopamine receptor agonists (e.g., pramipexole) was as high as 78% in patients with motor impairment-

9.12) |t has also been

dominant PD, while the response rate of this drug was only 32% in mixed-type PD patients complicated with cognitive impairment (
reported in one study that the accuracy of predicting the 5-year quality of life in PD patients solely based on motor symptom staging (Hoehn-Yahr staging)
was relatively low, while the prediction accuracy could be significantly improved after incorporating heterogeneous subgroup characteristics ('3). The above
studies suggested that it might be necessary to scientifically classify patients based on their heterogeneous characteristics to achieve the goals of

"precision diagnosis, targeted treatment, and individualized prognosis".

Heterogeneous motor and non-motor symptoms in PD are thought to arise from distinct cortical-subcortical neuromodulation deficits, and precise
characterization of neural activity patterns via fMRI may facilitate subgroup stratification (1* 15)_ A hierarchical architecture is one of the fundamental
organizational principles of the human brain ). Recently, a novel gradient-based approach has been introduced to define a non-linear decomposition of high-
dimensional resting-state functional connectivity (1°=18). This method can be used to identify cortical functional hierarchies in the human brain. Its principal
gradient spans the unimodal cortical regions (visual and sensorimotor areas) to the transmodal cortical regions (frontoparietal and default mode areas),
which has been confirmed to correspond to the hierarchical synaptic distributions in postmortem brains (*9). Thus, exploring the changes in brain functional
gradients in PD patients can be a good medium to analyze the relationship between heterogeneous motor and non-motor symptoms and its
neuromodulation basis. As far as we know, currently no studies have reported whether and how the principal gradient of the functional connectome is
disrupted in patients with PD and whether disruption of gradient provides could be used to classify the PD patients.

Previous studies have highlighted the significant role of genes in the human brain, primarily in shaping functional or structural connectivity across the
cortices 9. Thanks to the Allen Human Brain Atlas (AHBA) microarray dataset, it has become feasible to obtain the relationship between human
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neuroimaging and transcriptomes 2", Recently, the transcriptome-connectome association studies provide a critical chance to bridge the gap between the
microscale transcriptome expression patterns and the macroscale cortical gradient ). So far, the clear association between the cortical gradient
abnormality and the cortical gene-expression patterns for PD has not yet been established. Further studies are still needed to explore potential
neurobiological regulatory mechanisms on the heterogeneous motor and non-motor symptoms of PD.

To address these issues, our study investigated changes of the functional gradients between 99 PD patients and 104 age-matched normal controls (NC),
explored the possible PD classification based on gradient heterogeneity, and further sought associations between the neuromodulation basis and their
cortical gradient changes. Specifically, we hypothesized that (1) the macroscale gradient was disrupted in patients with PD in both the global gradient and
the focal gradient of 7 well-known functional systems; (2) the PD patients could be divided into different subtypes with different clinical symptoms; and (3)
the changes of cortical gradient in PD or PD subtypes may associated with different gene expression profiles (inconsistent neuromodulation roles).

Materials and methods

Subjects

We included 99 patients with PD and 104 NC, recruited from our medical imaging center. Demographic information of all subjects was detailed in Table 1. All
PD patients fulfilled the UK Parkinson’s Disease Society Brain Bank criteria ?3. Individuals enrolled in the NC group were cognitively normal, free of
neurological and psychiatric disorders, and had no family history of PD. All subjects performed both T1-weighted structural MRI scanning and blood oxygen
level dependent (BOLD) functional MRI scanning. The unified Parkinson’s disease rating scale (UPDRS), Hoehn-Yahr (HY) staging, Hamilton anxiety scale
(HAMA), Hamilton depression scale (HAMD), and Mini-mental state examination (MMSE) were evaluated in PD patients. For PD patients, the collection of
imaging and clinical data was all undergone in their “off” medication state. Our human participant study was based on the Helsinki Declaration and had been
reviewed and approved by the institution review committee of local hospital. Informed consent forms were signed from all subjects before experiments.

Table 1

Demographic information of PD and NC.
Clinical information PD NC T/x2 p
Age (years) 60.53 +0.9149 60.84+0.7151 0.2704 0.7871
Gender (M/F) 61/38 57/47 X2 =0.966 0.3257
UPDRS Il 23.03+1.313
HY 2.303+0.06727
Handedness 99/0(R/L) 104/0(R/L)
HAMD 5.879+0.4897
HAMA 6.222 +0.5498
Education (years) 8.869+0.3674 9.856 + 0.3655 0.0584
LEDD (mg/day) 377.8+33.89
MMSE 26.67 +0.3376 28.08+0.1993 -3.639 0.0003
T-tests were performed on age, education, and MMSE. Chi-square tests were performed on gender. LEDD=Levodopa equivalent daily dose,
UPDRS=Unified Parkinson’s disease rating scale, HY staging=Hoehn and Yahr staging, HAMA=Hamilton anxiety scale, HAMD=Hamilton depression scale,
and MMSE=Mini-mental state examination.

Imaging data acquisition

All participants were scanned on a GE Discovery MR750 3.0T MRI scanner. Earplugs and foam pads were used to reduce noise and head motion. Before
scanning, subjects were told to keep their eyes closed, remain motionless, and not fall asleep. The resting-state BOLD functional data was collected using a
gradient recalled echo echo-planar imaging sequence. Field of View = 240 x 240 mm?, acquisition matrix = 64x64, Repetition Time = 2000 ms, Echo Time = 30
ms, Flip Angle = 90°, Slice Thickness = 4 mm without gaps, Voxel Size: 4.0 x 4.0 x 4.0 mm?, 33 interleaved axial slices cover the whole brain. The slices were
parallel to the anterior/posterior commissure, and the entire scanning time was 480 seconds. The structural T1 data were acquired using a whole-brain 3D
brain volume imaging sequence as follows: Repetition Time = 12 ms, Echo Time = 5.1 ms, Inversion Time = 450 ms, Flip Angle = 15°, Field of View =240 x 240
mm?, Matrix size: 256 x 256, Slice Thickness = 1 mm without gaps, Voxel Size: 1 x 1 x 1 mm?, and 172 continuous sagittal slices. The total scan time: 320
seconds.

Imaging processing

The resting state BOLD data was subjected to standard preprocessing using fMRI Prep 20.2.0 2425 The first 10 volumes were discarded to achieve steady-
state equilibrium. AFNI's 3dTshift was used to perform slice timing correction on the remaining volume, and mcflight was used to correct head motion 29,
Distortion correction was performed using a TOPUP implementation. This was followed by co-registration to the corresponding T1-weighted image using
boundary-based registration (bbregister) with six degrees of freedom. Motion correcting transformations, field distortion correcting warp, BOLD-to-T1w
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transformation and T1w-to-template (Montreal Neurological Institute, MNI) warp were concatenated and applied in a single step using antsApplyTransforms
(ANTSs) with Lanczos interpolation. Then, an eXtensible Connection Pipeline was used to take over the output of fMRI Prep (27) and perform subsequent
processing. Sources of spurious variance (the six motion parameters, global signal, mean white matter, mean CSF signal with their temporal derivatives,
quadratic expansion of six motion parameters, and tissues signals with their temporal derivatives) were removed through linear regression by using Scikit-
Learn 0.24.2 28 Residual BOLD timeseries from this regression were then band-pass filtered to retain signals within the 0.01-0.08 Hz frequency band.
Finally, the processed BOLD data was smoothed using Connectome Workbench with a gaussian kernel size of 6.0 mm (Full Width at Half Maximum, FWHM).

Processed functional time series were extracted from residual BOLD using Connectome Workbench for the Schaefer 400-parcellations resolution atlas.
Corresponding pair-wise functional connectivity between all regions was computed for this atlas, which was calculated by Pearson’s correlation. For each
subject, a 400 x 400 weighted adjacency matrix was constructed.

Gradient analysis

Gradient analyses were performed using BrainSpace (%), By using diffusion embedding for dimensionality reduction, cortical gradients were derived
separately from the functional adjacency matrix. This identified spatial axes of variation in connectivity across different areas, whereby cortical vertices that
were strongly interconnected were closer together and vertices with little or no interconnectivity were farther apart % 3" We used normalized angle as a
metric of distance similarity (values range from 0 to 1, with 1 denoting identical angle, and 0 opposing angle). The formula for calculating the normalized
angle (A (i, j)) between two nodes i and j was as follows:

\varvecco(1 (\varvecc\varveco\varvecs\varvecs\varveci\varvecm(\varveco, ... ..., \Varvecv\Varv .

\varvecA(\varveci, \varvecj) = 1 —
\varvecrm

where cossim was the cosine similarity function, v; and v; were the rows in the functional adjacency matrix corresponding to nodes i and j, respectively. First,
we generated a group-level gradient component template from the average functional connectivity matrices of 1000 participants of Human Connectome
Project (HCP) embedded in BrainSpace 32). Then, we aligned the gradient components of each subject to this group-level template. Finally, gradient
components defined in connectivity space were mapped back onto the cortical surface (the Schaefer 400-parcellations). For each derived gradient, we
calculated the variance explained by dividing the gradient’s eigenvalue with the sum of the eigenvalues for all gradients (Fig. 1).

Subtype classification of PD based on individual gradient heterogeneity

In our study, each patient’s gradient heterogeneity was defined as the difference between each patient and the mean gradient of NC subjects across the 400
cortical regions. Using individual gradient heterogeneity, hierarchical clustering analysis was performed to classify the PD patients (Fig. 1). This process was
performed in R with the cluster package. Hierarchical clustering was used to assign patients to nested subgroups with similar patterns. The Euclidean
distance was calculated between each pair of patients. Ward’s minimum variance method was used to iteratively link pairs of patients in closest proximity,
forming progressively larger clusters in a hierarchical tree. Finally, the NbClust package was used to determine the best number of clusters in the whole
analysis.

Neurotransmitter receptor gene expression

Expression profiles for genes of dopaminergic, cholinergic, noradrenergic, and serotoninergic receptors were extracted by using data from AHBA ©3). we
used the abagen toolbox embedded in BrainStat to calculate genetic expression data for the Schaefer 400 cortical regions 4. Specifically, the coordinates
that provided by the alleninf package (https://github.com/chrisgorgo/alleninf) was used to obtain and update the MNI152 coordinates of all six donor tissue
samples. Then, performing intensity-based filtering on the probes to remove probes that do not exceed background noise. For probes that indexed the same
gene, selecting the probe with the highest differential stability among donors. Subsequently, the organizational samples with the regions were matched in the
partitioning plan (the Schaefer 400 cortical regions). The expression values of each sample across genes and the expression values of each gene across
samples were normalized by using the sigmoid function. Finally, 15,631 genes (over 20,000 initially included in the Allen atlas gene expression data) survived
these pre-processing and quality assurance steps (Fig. 1). Expression profiles for 31 pre-selected genes (Fig. 5) encoding receptors for dopamine,
acetylcholine, norepinephrine, and serotonin were then extracted for each of the 400 cortical regions.

Statistical analysis.

Statistical analyses in this study were performed using the SPSS statistical software (version 28: IBM Corp.) and MATLAB (version R2022b: MathWorks, Inc.).
Demographics and clinical information were compared between PD and NC and between different subgroups of PD using t-tests or Mann—Whitney and chi-
squared test (the D’Agostino-Pearson omnibus normality test was used to check the data normality). Statistical significance was set at p<0.05 (two tailed).

For group gradient (included gradient 1 and gradient 2) comparisons, we used general linear model (GLM), with age and gender as covariates and
comparisons of interest: (1) PD vs NC, the global cortical regions compared; and (2) PD vs NC, the 7 resting-state systems (visual, sensorimotor, dorsal
attention, ventral attention, limbic, frontoparietal, and default mode) compared. We controlled for multiple comparisons by using FDR (Benjamini—Hochberg
method, g < 0.05), across 400 cortical regions and across 7 resting-state systems, respectively.
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Spearman correlations were calculated between the cortical differences in gradient (PD vs NC, PD subtype vs PD subtype, the vectors consisting of the mean
difference at each of the 400 cortical regions) and the regional expression level of each of the chosen 31 neurotransmitter receptor genes at each of the 400
cortical regions. Results were FDR-corrected for multiple comparisons, g < 0.05, across 31 genes.

Results

Demographics and clinical variables

The demographic and clinical information were compared between the groups. We found that the PD cohort had significantly lower MMSE scores than the
NC cohort (p < 0.05) (Table 1). And no significant differences were found in age, education, handedness and gender between the PD cohort and the NC
cohort (p > 0.05) (Table 1).

Abnormal cortical gradient changes occur in PD

Similar to the previous studies, we focused our analyses on the first two principal gradients. The first principal gradient explained 15.8% (NC was 15.9%) of
the variance for functional gradients and the second principal gradient 12.8% (NC was also 12.8%) for functional gradients in PD (According to the gravel
plot, Fig. 2-A). The extreme values of gradient 1 were contracted in the PD group, which mainly occurred in the low-gradient sensorimotor system (According
to Fig. 2-B&C, Fig. 3-C).

First, we examined how cortical gradient of whole brain (400 cortical regions) changes in PD. When compared with NC, 20 cortical regions of PD showed
significantly reduced gradient 1 and 30 cortical regions of PD showed significantly increased gradient 1 (adjusting for age and gender, p < 0.0053, FDR
corrected over 400 regions, g < 0.05). The cortical regions showing gradient 1 reduction in PD were mainly distributed in the middle frontal gyrus,
supramarginal gyrus, cingulated gyrus, and precuneus. And the cortical regions with gradient 1 increasing in PD were mainly distributed in the precentral
gyrus, paracentral lobule, cuneus, calcarine sulcus, and lingual gyrus (Fig. 2-F). And no significant differences were found in gradient 2 between the PD cohort
and the NC cohort.

Subsequently, we continued to investigate how cortical gradient of the 7 resting-state systems changes in PD (Fig. 3-A). When compared with NC, 2 systems
of PD showed significantly reduced gradient 1 (adjusting for age and gender, p = 0.0079 and p = 0.002, FDR corrected over 7 resting-state systems, g < 0.05).
The systems showing gradient 1 reduction in PD were mainly distributed in the dorsal attention and ventral attention systems (Fig. 3-B, D). And no significant
differences were found in gradient 2 in any system between the PD cohort and the NC cohort.

PD can be divided into Neuropsychiatric PD (NPPD) and non-NPPD based on individual
gradient heterogeneity
Using individual gradient 1 heterogeneity, hierarchical clustering was performed to discover clusters of patients by assigning them to nested subgroups with

similar patterns. This unsupervised method objectively determined 15 clusters and 2 clusters as the optimal solutions. Thus, PD cohort was divided into two
subgroups, subtype | with 39 PD subjects and subtype Il with 60 PD subjects (Fig. 4).

Table 2

Comparison of clinical symptoms between NPPD and non-NPPD.
Clinical information NPPD Non-NPPD T p
UPDRS I 23.08+1.737 22.95+2.020 0.0498 0.9604
HY 2.358 +0.09807 2.218+0.07963 1.02 0.3703
HAMD 4.600 + 0.4802 2.949 + 0.4602 2.352 0.0207
HAMA 7.150+0.7760 4.795+0.6726 2.13 0.0357
MMSE 25.97+0.5114 27.74 +0.2667 -2.649 0.0094
T-tests were performed on UPDRS I, HY, HAMD, HAMA, and MMSE. UPDRS=Unified Parkinson’s disease rating scale, HY staging=Hoehn and Yahr
staging, HAMA=Hamilton anxiety scale, HAMD=Hamilton depression scale, and MMSE=Mini-mental state examination. NPPD showed significantly lower
MMSE scores and higher HAMA and HAMD scores, while the scores in non-NPPD were at a normal level.

To further explore the differences between the two subtypes, we compared the clinical symptoms between them. When compared the clinical information
between the two subtypes, no significant difference was found for UPDRS Il and HY. Interestingly, subtype Il showed significant cognitive and emotional
impairments compared to subtype I. Specifically, when compared with subtype I, subtype Il showed lower MMSE scores (p = 0.0094, t = 2.649) (Table 2). And
the HAMA and HAMD scores were found higher in subtype Il, when compared to subtype | (p = 0.0357, t = 2.13) (p = 0.0207, t = 2.352) (Table 2). Based on the
above results, we named subtype Il as neuropsychiatric PD (NPPD) and subtype | as non-NPPD.

Neurotransmitter basis of cortical gradient changes between PD and NC, NPPD and non-
NPPD

To further understand whether and how neuromodulation system played a role in the formation of gradient 1 changes pattern in PD and NPPD, we further
investigated the relationship between maps of gene expression for neurotransmitter receptor genes (derived from post-mortem human brains) and cortical
gradient 1 changes between PD and NC, NPPD and non-NPPD, respectively. We found that cortical gradient 1 changes between PD and NC showed
significant correlations with cortical gene expression of dopaminergic, cholinergic, noradrenergic, and serotonergic receptors (p < 0.0165, FDR corrected over
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31 genes, g < 0.05). Specifically, compared to NC, the pattern of gradient 1 changes in PD was associated with expression of DRD2, CHRNB2, CHRNA2-4,
CHRM4, ADRA1B, HTR2A, HTR1A, HTR7, and HTR1F (Fig. 5). And we found that cortical gradient 1 changes between NPPD and non-NPPD showed
significant correlations with cortical gene expression of cholinergic receptor (p = 0.0194, r = 0.1275). Specifically, compared to non-NPPD, the pattern of
gradient 1 changes in NPPD was associated with expression of CHRM5 (Fig. 5).

Discussion

In the present study, we revealed how the cortical functional gradient changes in patients with PD including the whole brain level and large-scale network
level, proved that the PD patients could be further classified into NPPD and non-NPPD based on individual cortical gradient heterogeneity, and clarified that
neuromodulation principles that drove the gradient alteration.

Evidence from many studies had consistently revealed that the cortical functional gradient varied spatially, with a gradual increase emerging along the
cognitive representational hierarchy (3 3%). Specifically, evolutionarily conserved unimodal regions such as visual and sensorimotor systems displayed
relatively weaker gradients, whereas evolutionarily rapidly expanded transmodal regions such as frontoparietal and default mode systems displayed relatively
stronger gradient 37-38). This gradient distribution pattern was also reproduced in our study (Fig. 2-E), both in the NC and PD group (lower gradient 1
distributed in visual and sensorimotor systems, moderate gradient 1 distributed in dorsal attention, ventral attention, and limbic systems, and higher gradient
1 distributed in frontoparietal and default mode systems). However, in patients with PD, cortices such as precentral gyrus, cuneus, and lingual gyrus, which
belonged to visual and sensorimotor systems exhibited gradient 1 increase and cortices such as middle frontal gyrus, supramarginal gyrus, and cingulated
gyrus, which belonged to dorsal attention, ventral attention, and default mode system exhibited gradient 1 decrease, when compared to NC. These changes
to some extent indicated a less differentiated connectivity pattern between the unimodal and transmodal regions in PD patients, which further suggested
that the brain of PD was undergoing a weakening of functional segregation. The same evidence could also be found in previous functional connectome
study, where researchers found that PD patients showed a decrease in clustering coefficient (A graph theory parameter representing functional separation)

compared to the NC 9,

Notably, compared to NC, the most pronounced differences in PD were observed in dorsal attention and ventral attention systems. The dorsal attention
system is responsible for top-down attention functions (attention allocation), while the ventral attention system is primarily involved in bottom-up attention
functions (attention transfer) 49-42)_ Gradient 1 anomalies in these functional systems suggested that PD exhibited abnormal cortical hierarchical

organization and might suffer information conversion disorders in tasks involving attention maintenance and switching.

Through the comparative study of cortical gradients between the groups, we realized that there might be strong individual cortical gradient heterogeneity in
PD patients. Thus, by using the individual cortical gradient 1 heterogeneity, a further hierarchical clustering analysis was performed to classify the PD
patients. And two subtypes were divided out in our study. Interestingly, when these two subtypes were compared, subtype Il showed significantly lower
MMSE scores and higher HAMA and HAMD scores, while the scores in subtype | were at a normal level, which indicated that PD patients from subtype II
possessed more neuropsychiatric disorders. Many prior studies had also demonstrated that individuals with PD displayed substantial heterogeneity: some

(43, 44)

patients manifested neuropsychiatric symptoms, while others were devoid of these manifestations . Therefore, utilizing individual cortical gradient

heterogeneity to distinguish between NPPD and non-NPPD held considerable clinical significance.

PD is currently regarded as a complex "disease spectrum” rather than a single entity, resulting from the combined effects of genetic diversity, differences in a-
synuclein (a-syn) pathological characteristics, variations in the degree and scope of damage to dopaminergic and non-dopaminergic systems, as well as
differences in individual protective factors #548)_ This also explains why PD exhibits marked heterogeneity. Thus, to elucidate the potential principles of
gradient 1 changes in PD and NPPD, we conducted correlation analysis between the cortical gradient 1 changes (PD vs NC, NPPD vs non-NPPD) and the
gene expression of dopaminergic, cholinergic, noradrenergic, and serotonergic receptors. And a detected correlation between the cortical gradient changes
(PD vs NC) and the gene expression of DRD2 indicated that dysregulation of the dopaminergic nervous system was partially responsible for gradient 1
changes in PD patients. This also indirectly suggested that the abnormal changes in gradient 1 to some extent represented the typical pathology of PD
(dopamine deficiency). Interestingly, the cortical gradient 1 changes of PD vs NC were also found that correlated with the gene expression of CHRNB2,
CHRNAZ2-4, CHRM4 (cholinergic receptor), ADRA1B (noradrenergic receptor), HTR1A, HTR2A, HTR7, and HTR1F serotonergic receptor). These were because
impairment of PD not only involved motor damage to the dopaminergic system but also cognitive and emotional damage to non-dopaminergic systems, such
as the cholinergic, noradrenergic, and serotonergic system 4% 59)_n our PD participants, more than half of the patients had varying degrees of cognitive and
emotional impairment (based on MMSE, HAMD, and HAMA scores). We found that a detected correlation between the cortical gradient changes (NPPD vs
non-NPPD) and the gene expression of CHRMS5 indicated that dysregulation of the cholinergic nervous system was mainly responsible for gradient 1
changes in NPPD patients. This might suggest that CHRM5 is an intervenable molecular target and could serve as a novel strategy for treating the
neuropsychiatric symptoms of NPPD. Previous studies had also shown that CHRM5 knockout mice exhibited dopamine dysregulation and depression-like
and anxiety-like behaviors (%152,

Several methodological considerations needed to be taken into account when interpreting the results of our study. First, although the impact of drug effect
had been eliminated in patients (we conducted experiments during their “off” medication state), it is currently unknown whether long-term drug effect could
affect functional gradient changes. Therefore, long-term drug effects might still be a potential factor affecting experimental results. Second, our study
focused on cross-sectional data, although this provided useful insights, longitudinal studies in PD patients were still needed to provide further insights into
the temporal pattern of cortical gradient changes in PD.

Taken together, our findings showed that functional gradients were severely disrupted in patients with PD across the cortex, with even more pronounced
alteration in dorsal attention and ventral attention network. And we further discovered that PD patients could be divided into NPPD and non-NPPD by using
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individual cortical gradient heterogeneity. What's more, we clarified the neurotransmitter basis of cortical gradient changes in PD and NPPD.

Abbreviations

AHBA

Allen Human Brain Atlas
antsApplyTransforms

ANTs

Blood Oxygen Level Dependent
BOLD

FDR

False Discovery Rate

Full Width at Half Maximum
FWHM

General Linear Model

GLM

Human Connectome Project
HCP

Hoehn-Yahr

HY

Loocv

Leave-One-out Cross-validation
Mini-mental State Examination
MMSE

Montreal Neurological Institute
MNI

NC

Normal control

NPPD

neuropsychiatric PD

PD

Parkinson’s disease

and UPDRS

Unified Parkinson’s Disease Rating Scale.
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Figure 1

Overview of the study methodology.

Analyses were conducted using a whole brain Schaefer parcellation including 400 cortical regions. Gradients of connectivity covariance were constructed for
each subject’s functional connectivity matrix using diffusion map embedding, a non-linear compression algorithm that sorts nodes based on affinity
(normalized angle was used as a measure of affinity). We focused our analyses on the first 2 principal functional gradients. The scores of each node for the
first 2 gradients were shown in the kernel density plot. The variance size of the first 2 gradients could be seen in the gravel plot. Case-control gradient
differences were compared for the first 2 gradients including the whole brain level and the large-scale network level. Each patient’s gradient heterogeneity
was defined as the difference between each patient and the mean gradient of NC subjects across the 400 cortical regions. Using individual gradient
heterogeneity, hierarchical clustering was performed to discover clusters of patients by assigning them to nested subgroups with similar patterns.
Expression profiles for genes were extracted by using data from AHBA. Mean group differences of gradient scores (PD vs NC, PD subtype vs PD subtype)
and the gene expression might be projected back to the cortical surface. Then, we correlated the mean group difference of gradient scores with the pre-
selected gene expression for each region.
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Figure 2

Gradients comparisons between NC and PD in the whole brain.

A The gravel plot for annotating the variance size of each gradient in PD and NC group. B The kernel density plot for presenting the first two principal
gradients. C-D Distribution of mean gradients of gradient 1 and gradient 2 in PD and NC. Seen from B and C, the extreme values of gradient 1 were
contracted in the PD group, which mainly occurred in the low-gradient sensorimotor system. E Spatial pattern of gradient 1 in NC and PD. The gradient1
varied widely across the cortex. Default mode and frontoparietal exhibited relatively high gradient1, intermediate gradient 1 were mainly exhibitedin limbic,
dorsal attention, and ventral attention, while visual and sensorimotor showed relatively low gradient 1. Both NC and PD showed the same distribution pattern.
F Gradient changes for each node across the brain in PD. Whole brain comparisons of gradient were performed between NC and PD, with age and gender
included as covariates. Multiple comparison correction using FDR (g < 0.05, across 400 nodes)
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Figure 3

Gradients comparisons between NC and PD in the 7 resting-state systems.

A Parcellation of the cortex into the 7 resting-state systems: visual (pink), sensorimotor (blue), dorsal attention (green), ventral attention (cyan), limbic
(purple), frontoparietal (yellow), and default mode (red). B Distribution of 7 subnetwork-based functional gradients. Arrows in B indicate the direction of the
significant differences between PD and NC. C Statistical comparisons of gradient 1 metrics in the 7 systems. D Gradient 1 changes for each resting-state
system in PD. Comparisons of gradient 1 were performed for each system between NC and PD, with age and gender included as covariates. Multiple
comparison correction using FDR (g < 0.05, across 7 systems).
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Figure 4

Subtype classification of PD based on individual gradient heterogeneity.

In our study, each patient’s gradient heterogeneity was defined as the difference between each patient and the mean gradient 1 of NC subjects across the
400 cortical regions. Using individual gradient heterogeneity, hierarchical clustering was performed to discover clusters of patients by assigning them to
nested subgroups with similar patterns. This unsupervised method objectively determined 15 clusters and 2 clusters as the optimal solutions. Thus, PD
cohort was divided into two subgroups, non-NPPD with 39 PD subjects and NPPD with 60 PD subjects. NPPD possessed more neuropsychiatric disorders, as
shown in Table 2.
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Correlations between the gradient changes (PD vs NC, NPPD vs non-NPPD) and the gene expression.

Spearman correlations between regional cortical expression of adrenergic, cholinergic, serotoninergic, and dopaminergic receptors and differences in
gradient seen between PD and NC, NPPD and non-NPPD. Results color coded according to receptors: green: serotoninergic receptors, orange: dopaminergic
receptors, pink: adrenergic receptors, purple: cholinergic receptors. Sticks with longer length and balls with larger volume indicate statistically significant
relationships (FDR corrected g < 0.05).
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