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A hypergraph neural network-based framework for
identification of Parkinson’s disease subtypes

Meili Lu(/5##W1)" and Hongbao Lu(f7 7 {x)
School of Information Technology Engineering, Tianjin University of Technology and Education, Tianjin 300000, China

(Received 7 November 2025; revised manuscript received 20 November 2025; accepted manuscript online 2 December 2025)

Parkinson’s disease (PD) exhibits significant phenotypic heterogeneity, which complicates clinical management and
underscores the need for precise subtyping. Existing subtyping approaches often rely on a single modality, such as clinical
assessments, failing to capture the complex, multi-faceted nature of the disease. This paper proposes a novel computational
framework that integrates multi-modal data, specifically preprocessed functional MRI, DNA methylation, and clinical be-
havioral assessments, for PD subtyping. The methodology involves constructing individual hypergraphs for each modality
using K-nearest neighbors (KNN), followed by the integration of these hypergraphs into a unified, multi-modal hypergraph
using similarity network fusion (SNF). This consolidated hypergraph is then processed via a hypergraph neural network
(HGNN) utilizing hyperedge convolution to cluster patients into distinct subtypes. Our experimental results demonstrate
that this approach effectively identifies PD subtypes with significant clinical and biological relevance. We provide a compre-
hensive analysis of the model’s performance and further validate the reliability of the identified subtypes through post-hoc
statistical tests. This study highlights the potential of graph-based machine learning in disentangling disease heterogeneity,
paving the way for personalized therapeutic strategies and improved patient outcomes.

Keywords: hypergraph neural network, similarity network fusion, Parkinson’s disease subtypes, multi-modal
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1. Introduction

Parkinson’s disease (PD) is a chronic neurological dis-
order that primarily affects middle-aged and elderly popula-
tions. The primary pathological alteration in PD involves the
degeneration of the nigrostriatal dopaminergic pathway, lead-
ing to reduced levels of striatal dopamine neurotransmitters.
This, in turn, gives rise to a series of motor and non-motor
symptoms.[! These symptoms contribute to a decline in pa-
tients’ quality of life and impaired cognitive performance, not
only affecting their ability to perform daily living activities but
also potentially exacerbating the deterioration of motor func-
tion and increasing the morbidity and mortality rates among
the PD population.?! With the advent of the aging era, the sub-
stantial PD population has become a prominent public health
issue. However, the phenotypic heterogeneity observed within
the PD population poses significant challenges for clinical
treatment and prognosis.[*! For instance, the motor symptoms
of PD exhibit considerable diversity, encompassing not only
classic manifestations such as tremor, rigidity, and bradykine-
sia, but also abnormalities in posture and gait. Beyond mo-
tor symptoms, PD also includes non-motor symptoms — such
as cognitive impairment, depression, and sleep disorders —
that significantly impact patients’ quality of life.[* The broad
spectrum of motor and non-motor symptoms suggests the ex-
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istence of distinct disease subtypes within PD, which may re-
spond differently to treatments. Therefore, accurate identifica-
tion of PD subtypes could enable precise clinical management
and personalized interventions, thereby alleviating the social
and economic burdens associated with aging.

From a computational perspective, patient subtyping is
essentially a clustering problem. Currently, most subtyping
schemes for PD are primarily based on single variables. For
example, based on clinical presentations, PD can be clas-
sified into tremor-dominant, rigidity-dominant, and mixed
subtypes.>) However, in addition to clinical behavioral as-
sessments, other types of data also play a non-negligible role
in subtyping Parkinson’s patients.® For instance, functional
magnetic resonance imaging (fMRI) is a non-invasive brain
imaging technique used to measure and map brain activity.[”!
Markello et al. found that MRI data help capture patient sub-
groups with significant differences in PD pathophysiology.®!
DNA methylation, an important epigenetic modification, pri-
marily involves the addition of methyl (-CH3) groups to cer-
tain bases of the DNA molecule.®! At the molecular level,
DNA methylation — a vital epigenetic process involving
the attachment of methyl (-CHj3) groups to specific DNA
bases — offers another dimension. Research employing
methylation-specific polymerase chain reaction (MSP) by Lin
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et al. indicated that abnormal expression of clock genes in
PD may be linked to methylation changes in their promoter
regions. ['%1 This suggests that mtDNA copy number could po-
tentially serve as a biomarker for predicting PD onset and dis-
ease progression. These findings indicate that multi-modal
data provide insights into PD heterogeneity from different
perspectives.!'!) Thus, to obtain a more comprehensive and
accurate representation of PD subtypes, it is necessary to in-
tegrate multiple data sources beyond clinical assessments to
derive more biologically meaningful subtypes.[!?]

With the rapid development of machine learning in the
medical field, disease prediction based on machine learn-
ing and multi-modal data has become a current research fo-
cus. However, existing studies still have certain limitations,
such as underutilization of correlations among multi-modal
data and insufficient consideration of inter-patient relation-
ships. Graph models offer a general framework for integrating
multi-modal information and discovering relationships among
patients. Graph-based methods, particularly graph convolu-
tional networks (GCNs), have been widely applied in vari-
ous biomedical and disease prediction domains.!*! Recently,
to effectively handle multi-modal data and capture high-order
data associations, a hypergraph neural network approach has
been proposed. Hypergraph neural networks can model high-
order data correlations and are easily integrated with multi-
modal data, offering greater flexibility in multi-modal data
processing. For example, when dealing with multi-modal data,
hypergraphs can utilize the data to generate different types of
hyperedges, which can then be directly concatenated into a
unified hypergraph for downstream tasks. Hypergraph mod-
eling can be divided into two steps: hyperedge group con-
struction and fusion. Current fusion strategies mainly include
equivalent fusion and adaptive fusion. Equivalent fusion di-
rectly concatenates the association matrices from different hy-
peredge groups, while adaptive fusion associates each hyper-
edge group with a learnable parameter to adaptively identify
the importance of different hyperedge groups to the overall

(141 However, inter-sample connections across dif-

hypergraph.
ferent modalities may introduce noise and adversely affect hy-
pergraph performance. Similarity network fusion (SNF) is a
method that can integratively process multiple data types, is
robust to noise, and is suitable for scenarios with small sample
sizes.!’! It has been widely used in cancer subtyping based
on multi-omics data. In summary, this paper proposes an im-
proved multi-modal data processing framework based on hy-
pergraph neural networks for PD subtyping.[1®! Specifically,
we first construct hyperedge groups to capture the high-order
associations within each modality. Then, we adopt an SNF-

based fusion strategy to effectively integrate the high-order

correlations from multiple modalities into a unified hyper-
graph. Finally, hypergraph convolution methods are employed
for learning and classification.

The structure of this paper is as follows: Section 2 in-
troduces the improved hypergraph construction and training
methodology. Section 3 presents the analysis of model param-
eters and performance. Section 4 provides a post-hoc statisti-
cal analysis of the identified subtypes. Finally, the discussion
and relevant conclusions of this study are provided.

2. Materials and methodology
2.1. Data acquisition and cleansing

The complete dataset was procured through the Parkin-
initiative (PPMI),

institutional consortium aggregating participant-derived in-

son’s progression markers a multi-
puts from nine transatlantic research centers, with full open-
access availability. Data used in the preparation of this
article were obtained on [2025-4-28] from the Parkinson’s
Progression Markers Initiative (PPMI) database (www.ppmi-
RRID:SCR

For up-to-date information on the study, visit

info.org/access-data-specimens/download-data),
006431.
www.ppmi-info.org.

PPMI, a public-private partnership, is funded by the
Michael J. Fox Foundation for Parkinson’s Research, and
funding partners, including a consortium of industry players,
non-profit organizations, and private individuals.

Collected between 2012 and 2019, the dataset comprises
resting-state fMRI scans, DNA methylation cell composition,
and clinical behavioral assessments from 76 participants, to-
taling 384 scanning sessions. During the MRI data procure-
ment phase, the acquired data were retrieved in ZIP file for-
mat, subsequently uncompressed and transformed into the
NIfTI format, adhering to the Brain Imaging Data Struc-
ture (BIDS) standardization criteria.l'”l We employed the fM-
RIPrep pipeline (version 23.2.1) to subject the blood-oxygen-
level-dependent (BOLD) cerebral blood flow data to a se-
ries of preprocessing steps.!'®! In particular, the preprocessing
sequence involved the estimation of head motion, slice tim-
ing correction, organization of the postprocessed BOLD data
within the original space, alignment of EPI images with TIW
images, resampling of BOLD data into the standardized space,
estimation of confounding variables, and aggregation of T2*-
weighted echo sequences. To delve deeper into the analysis,
we leveraged the Harvard—Oxford brain atlas to delineate 48
regions of interest (ROIs) spanning the entire cerebrum!'*! and
subsequently utilized NiLearn software to derive BOLD time
series data from these designated ROIs.[>") When analyzing
the DNA methylation cell composition data and patient mo-
tion assessment data, we excluded a number of patients (n = 8)
with incomplete or aberrant data entries. For a minor cohort of
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patients (n = 1) missing clinical behavior assessment scores,
we conducted mean estimations. The resulting dataset incor-
porated three-modal information from a total of 67 patients.
Figure 1 depicts the sex distribution among patients stratified
by age group.

Age distribution by gender
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Fig. 1. Age and sex distributions of the patients.
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2.2. A PD subtype identification framework based on im-
proved hypergraph neural network

Hypergraph learning, which connects any number of
nodes via hyperedges, is inherently capable of modeling com-
plex high-order relationships in multi-modal data. It can
uniformly represent heterogeneous information from different
modalities (such as visual, textual, and statistical features) as
high-order structures, offering significant advantages in cross-
modal feature fusion, dynamic structure optimization, com-
putational efficiency, and scalability. Building upon the hy-
pergraph neural network (HGNN),['3! this paper introduces
improvements to the hypergraph fusion strategy. The overall
framework of the model, as shown in Fig. 2, primarily con-
sists of hypergraph modeling and hypergraph learning mod-
ules. Among these, hypergraph modeling comprises hyper-
edge group generation and hypergraph fusion.

Hypergraph neural networks

Vertex: 0O Hyperedge: AAA

Fig. 2. The overall workflow of this study is structured as follows. First, individual hypergraphs are constructed from three preprocessed data modalities,
functional MRI, DNA methylation, and clinical behavioral assessments, using K-nearest neighbors (KNN). These modality-specific hypergraphs are
then integrated into a unified, multi-modal hypergraph via SNF. Finally, hyperedge convolution is performed using an HGNN to cluster patients into two
distinct Parkinson’s disease subtypes. A comprehensive analysis is subsequently conducted to elucidate the differences between these two subtypes.

2.2.1. Construction of hypergraphs

In the hypergraph construction method, the generation
of hyperedges in this study is primarily based on similarity
relationships between data samples. For each vertex in the
dataset, its neighboring relations are determined by calculat-
ing the Euclidean distance between its feature vector and those
of other vertices. Subsequently, a hyperedge is constructed

for each vertex, comprising the vertex itself and its K-nearest
neighbors in the feature space. Through this construction ap-
proach, a hypergraph structure containing N hyperedges is ul-
timately formed, where each hyperedge connects K + 1 ver-
tices, thereby effectively capturing high-order local similari-
ties within the data. The hypergraph construction process is
illustrated in Fig. 3.

N T
k Q(U]) Nk7L7L4(Ul)
Vio V40 \ Ninn, (v1) A
Vio V6O N}ka(’UQ) A
V,0 Vi0 — Ninn, (v3) A - Ahypergraph is formed
by N hyperedges

Vio V20 i i

E Nknnk(vn) A
v, 0 V50 J

Fig. 3. The construction process of hypergraph, Ny, denotes the hyperedge of a node.
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2.2.2. Hypergraphs fusion based on SNF

Similarity network fusion (SNF) is a sophisticated ap-
proach in which separate similarity networks are established
for each exploitable data type within a sample set, followed
by seamless integration into a singular network that encapsu-
lates the entirety of the data.!'3! For example, in constructing
an encompassing perspective of a particular group of Parkin-
son’s disease patients, the SNF method calculates and amal-
gamates patient similarity networks derived from each distinct
data type, thereby harnessing the complementary aspects of
the various datasets. This integrated approach substantially
outperforms the analysis of single datasets. We utilized SNF to
consolidate neuroimaging data, DNA methylation cell compo-
sition data, and clinical behavior assessment data from Parkin-
son’s disease patient datasets.

Exemplifying the patient network, we formalize the inter-
patient similarity structure as a graph G(V,E). Within this
network representation, vertex set V comprises the clinical co-
hort, whereas edge set E encapsulates dyadic similarity mea-
sures between subjects. The edge weight distribution is en-
coded in an n-dimensional similarity matrix W. Transforma-
tion from the distance space to the similarity space employs a
scaled exponential kernel function:

p ? (xi yXj ) :|
HE; j

Here, the Euclidean distance between patients x; and x; is rep-
resented by the function p(x;,x;). The scaling parameter
serves as an adjustable hyperparameter, whereas €; ; mitigates
scaling variance through the following calculation

o PN+ p(xjNj) + p(xisy))

i,j — 3 )
where p(x;,N;) represents the distance between x; and its
neighborhood points.

For multimodal data integration, the primary procedure
entails normalizing all the constituent similarity networks.
Standard normalization methods, however, are vulnerable to
numerical instability due to diagonal self-similarity entries.
The enhanced normalization scheme operates as follows:

W(i.Jj)

ﬂuﬂ={2m#m@7j¢n

W (i, j) = exp [— ()

2

1/2, j=1. ©)
We propose that proximity-driven similarity metrics are more
reliable than their distance-based counterparts. By implement-
ing graph diffusion processes, similarity measures propagate
to nonadjacent nodes, thereby establishing an affinity matrix
manifesting enhanced sparsity characteristics:

Wi, j) .
0~ JEN,
SeenW(ik) I 4)
0, otherwise.

Consequently, matrix P comprehensively encodes global affin-
ity relationships across all patient pairs, whereas matrix §

specifically captures localized neighborhood similarities re-
stricted to K-nearest neighbors.

Subsequent similarity network integration proceeds iter-
atively until convergence. The core iterative procedure of
SNF propagates updated similarity matrices across modalities
through cross-network diffusion:

T
P =50 B (s ©
T
43:§%x§“x@@)- (6)

Among these, the state matrix of the first data type after t itera-
tions is given by Pt(i)], and the similarity matrix corresponding
to the second data type is denoted by Pt(+2)1
trix update iteration initiates bidirectional cross-diffusion pro-
cesses. Upon completing ¢ iterations, the fused state matrix is

derived via

Each state ma-

P 4 p?

plo) —
2

)
When m > 2, the following equation is obtained from Eqgs. (5)
and (6)

p) T
P(V) :S(V) X (Zk#v> X (S(V)) , V= 1’273’,,,7}’}’1, (8)

m—1

Every iterative sequence requires renormalizing the updated
matrix via the previously stated equation. Algorithm termina-
tion triggers when either matrix convergence is achieved or the
iteration count attains a preset threshold, typically set at 20 by
empirical convention.

2.2.3. Hypergraph learning module

This paper adopts the hypergraph neural network
(HGNN) framework for data representation learning. The
framework enables modeling of high-order relationships be-
tween data through hypergraph structures, making it partic-
ularly suitable for multimodal and complex-structured data.
The core of the hypergraph neural network architecture is
the spectral convolution operation on hypergraphs, which
achieves feature propagation and aggregation through the hy-
pergraph Laplacian operator. The hypergraph Laplacian oper-
ator, A, is defined as:

~1/2

A=I-D; ~1/2

HWD;'H™D, "/~ 9)
where [ is the identity matrix, A is a positive semidefinite ma-
trix, which can be decomposed to derive the spectral convo-
Iution. In the spectral domain, the convolution operation be-
tween the signal x € R" and the filter g is approximated by
Chebyshev polynomials

K

gFx~ Z 0. T (A)x, (10)
k=0
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where Ty is the k-th Chebyshev polynomial, A = /ljuA —1is
the scaled Laplace operator, and Am,x =~ 2 for simplification of
calculation, take K = 1 for the first-order approximation:

gxx~ 6px— 0D, *HWD,; 'H™D, "/ *x. (11)

In order to prevent the problem of overfitting, a single param-
eter O is set, which is defined as

6 =30, (12)
6o = LoD, *HD; 'H™D, '/,

The convolution operation is further simplified as
g#x~ 0D, PHW + 1)D; '"H"D; /*x. (13)

In practical implementation, the hyper-edge weight ma-
trix WW is initialized as a unit matrix, indicating that all hyper-
edge weights are initially equal. For hypergraphs with feature
matrices X € R™, the single-layer hyper-edge convolution op-
eration in HGNN is defined as

Among them, X ) is the input feature of the /-th layer, X (©) =
X; ®() ¢ Rein*cout g g learnable filter parameter; G is a non-
linear activation function. This formula realizes the “node-
edge-node” feature transformation mechanism, which can ef-
fectively capture the higher-order correlations in hypergraphs.

Model parameters: The HGNN model comprises the fol-
lowing key parameters: (i) Hyper-edge weight matrix W: It
can be a fixed unit matrix or treated as a learnable parameter.
(ii) Convolution layer parameters ®!): They represent kernel
weights per layer, with dimensions determined by input and
output feature dimensions. (iii) Hypergraph structure param-
eters: association matrix H and degree matrix D,,, D., which
are generated by the data preprocessing stage.

3. Model parameters and performance analysis
3.1. Selection of parameters and number of clusters

In the hypergraph construction process, the parameter K
determines the number of nearest neighbors for each vertex
(i.e., each sample) to form a hyperedge, thereby governing the
vertex count per hyperedge. A smaller K value yields more
localized connections, resulting in a sparser graph structure,
whereas a larger K value generates denser connections, lead-
ing to a more interconnected graph. The selection of K sig-
nificantly impacts model performance: an excessively small
K may lead to insufficient information capture and ineffec-
tive modeling of global relationships, while an overly large K
may introduce substantial noise that adversely affects cluster-
ing structure and effectiveness.

To determine the optimal value, we compared results us-
ing the Calinski—Harabasz (CH) index and Davies—Bouldin
(DB) index.!?!! The CH index calculates the ratio between

inter-cluster separation and intra-cluster compactness, where
higher values indicate better clustering performance.
versely, the DB index measures the worst-case ratio of intra-
cluster to inter-cluster distance, with lower values denoting su-
perior clustering quality. The impact of different K values on
clustering evaluation is illustrated in Fig. 4, where subplot B
presents the CH and DB index results, demonstrating that the
optimal K value is 4.

Subsequently, we investigated the effect of cluster num-
ber selection on clustering performance. Subplot (c) in Fig. 3
displays the clustering evaluation results for cluster numbers
ranging from 2 to 5. Based on the combined results of the
CH and DB indices, the optimal number of clusters was deter-
mined to be 2.

Con-

10.04 (a)] 100 10.0 (b) 100
7.5 L75 7.5 L75
as)] = M@ (:)
A 5.0/ l500 A 50 150

2.5 L25 2.5 125
=
4 8 12 2 3 4 5
K Cluster count

Fig. 4. Clustering performance index for different values of k and number
of clusters. Subpanel (a) shows the Kalinsky—Habbash index and Davis—
Balding index obtained with different parameter K, and subpanel (b) shows
the Kalinsky—Habbash index and Davis—Balding index obtained with differ-
ent number of clusters. The blue line represents the value of the Kalinsky—
Habbash index, and the goal is to find the maximum value of the Kalinsky—
Habbash index; The red line represents the Davis—Balding exponent, and the
goal is to find the minimum value of the Kalinsky—Habbash exponent.

3.2. Ablation experiment

We individually constructed hypergraphs for each of the
three modalities and performed clustering using HGNN, ob-
taining the corresponding CH index and DB index for each
modality. These results were compared with those obtained
from the fused multi-modal approach.

(a)

100+ 100.89
=
75 — Treat
- - M A DNA methylation
75 501 8622 B: clinical behavioral assessments
Mo o
D: The three modalities are fused
257
oA
T T T T
A B C D
Mode
(b)
10.0 103
7.5 Treat
& [ A: DNA methylation
g 5.0 B: clinical behavioral assessments
M c: Rt
: The three modalities are fuse
D: The three modal fused
2.5
od
A B C D

Mode

Fig. 5. The clustering effect of fMRI, DNA methylation, and clinical behav-
ior assessment respectively and the clustering effect of the three modes and
the fusion. Subfigure (a) represents the value of Kalinsky—Habbash index,
and the purpose is to find the maximum value of Kalinsky—Habbash index.
Subplot (b) represents the Davis—Balding exponent value, and the goal is to
find the minimum value of the Kalinsky—Habbash exponent.
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As shown in Fig. 5, the CH and DB indices demonstrate
that the performance achieved through multi-modal fusion is
consistently superior to that of any single modality.

3.3. Comparison of model performance

For multimodal data fusion, we employed both feature
concatenation and SNF methods. For patient clustering, we
evaluated four approaches: spectral clustering, graph convolu-
tional network (GCN), hypergraph neural network (HGNN),
and general hypergraph neural network (HGNN+-). It should
be noted that spectral clustering and GCN utilize conventional
graphs as input, whereas HGNN and HGNN+- operate on hy-
pergraph structures.

We have selected this series of multimodal data fusion
and patient clustering methods with the aim of rigorously ex-
ploring and validating the most effective technical pathway for
uncovering potential patient subtype structures through a sys-
tematic, baseline-to-advanced comparative framework.

At the data fusion level, we employed two parallel strate-
gies: feature concatenation serves as a simple, intuitive, and
strong baseline method to evaluate the effectiveness of di-
rect fusion of raw features, whereas similarity network fusion
(SNF), by operating at the sample relationship level, more ro-
bustly handles the heterogeneity of multimodal data and en-
hances complementarity, potentially yielding more biologi-
cally interpretable results. Comparing these two constructs a
complete validation chain from “raw feature fusion” to “sam-
ple relationship fusion,” aimed at demonstrating the superior-
ity and necessity of the latter.

At the clustering level, we designed a progressive evalu-
ation pipeline: We first employed spectral clustering, a funda-
mental yet powerful method for handling complex graph struc-
tures, as a direct and classical application to the fused network
generated by SNF. We then introduced graph convolutional
networks (GCNs) for deep representation learning; their ad-
vantage lies in simultaneously integrating node features and
graph structure, learning deep embeddings that account for pa-
tient “social relationships” through neighbor aggregation, with
the expectation of achieving clustering results superior to tra-
ditional methods. Going a step further, we adopted HGNNSs to
move beyond the pairwise relationship modeling of GCNs and
capture higher-order associations defined by multiple features
collectively, which better aligns with the nature of complex
co-occurrence relationships in medicine. Finally, we used its
enhanced version, HGNN+-, to explore the performance ceil-
ing of current hypergraph learning techniques, leveraging its
greater flexibility and representational power to unearth deeper
insights.

This progression from traditional spectral clustering to
deep learning-based GCNSs, and further to higher-order mod-
eling with HGNN/HGNN+, systematically evaluates the effi-

cacy of relationship modeling methods at varying complexi-
ties. Together, they form a comprehensive research approach
that moves from simple to complex, shallow to deep, and pair-
wise to higher-order relationships, ensuring we identify the
optimal technical combination for this specific patient subtyp-
ing problem.

Through comparative analysis of CH index and DB index
across different methodological combinations, we determined
that the integration of SNF with HGNN yielded optimal per-
formance, as demonstrated in Table 1. The abbreviations in
the chart are: feature stitching (FC), graph convolutional net-
works (GCN), spectral clustering (SC).

Table 1. Clustering performance indicators under different models, the
best results are shown in bold and the second best results are underlined.

Model DB CH
snf+HGNN 0.69 100.89
FC+HGNN 1.02 39.05

snf+HGNN+ 1.41 27.70
FC+HGNN+ 1.26 34.29
snf+GCN 0.16 34.13
FC+GCN 1.06 42.50
snf+SC 0.92 2.18

4. Post Hoc statistical analysis of subtypes
4.1. Statistical method

SPSS26.0 software was used for data sorting and statis-
tical analysis. Measurement data were expressed as mean =+
standard deviation (x &£ s), Shapiro—Wilk (SW) test, and Lev-
ene test were used to consider the normality and homogeneity
of variance of the data, and the normal distribution and homo-
geneity of variance were tested by ANOVA. Mann—Whitney
U test was used for measurement data that did not conform
to normal distribution. A p-value less than 0.05 indicates a
statistically significant difference.

4.2. PD subtypes and biological differences

By adjusting the parameter k and the number of clus-
ters, we obtained two different clusters: subtype 1 (48 cases,
71.6%) and subtype 2 (19 cases, 28.4%).

4.2.1. Clinical features

We employed statistical tests to determine the differences
between the two identified subtypes. To date, subtyping of
PD has largely been based on the observation of clinical fea-
tures. Relying primarily on a priori assumptions such as age
and tremor, and employing a dichotomous classification based
on single characteristics, the disease has been categorized into
subtypes such as early-onset versus late-onset, and tremor-
dominant versus postural instability/gait difficulty-dominant.
The Unified Parkinson’s Disease Rating Scale (UPDRS), in-
ternationally recognized as the standard assessment tool, com-
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prises four distinct parts: MDS—UPDRS part I evaluates non-
motor experiences of daily living, MDS—UPDRS part II as-
sesses motor experiences of daily living, MDS—UPDRS part
IIT examines motor function, and MDS—UPDRS part IV eval-
uates motor complications. Each item is scored on a five-
point scale (0—4), where higher scores indicate more severe
PD symptoms.*?! Detailed results are presented in Table 2.
No significant differences were observed between the two
subtypes in terms of mean age or gender distribution. Regard-
ing the total MDS—UPDRS part I scores, no statistically signif-
icant difference was found between the subtypes (1.17 +1.31
versus 1.11£1.33, p = 0.9). However, significant differences
emerged in MDS-UPDRS part II total scores (5.69 +4.14
versus 2.32+3.06, p < 0.001), with subtype 1 demonstrating
higher scores in 6 out of 13 items, including speech, dress-

ing, hygiene, tremor impact, rising from chairs, and walking.
For MDS-UPDRS part III, substantial differences were ob-
served in both total scores (19.65 +9.90 versus 8.42 4-8.84,
p < 0.001) and most individual items. Specifically, subtype 1
showed significantly higher scores than subtype 2 in items re-
lated to posture, gait, balance, and tremor, including rising
from chairs, gait, freezing of gait, postural stability, posture,
postural and kinetic tremors in both upper limbs, rest tremor
amplitudes in all extremities, and jaw tremor.
cant difference was detected in MDS-UPDRS part IV total
scores between the subtypes (1.38 4+-2.84 versus 2.42 +3.73,
p = 0.108). Collectively, these UPDRS assessments indicate

No signifi-

that subtype 1 exhibits more severe PD symptoms compared
to the milder manifestations characteristic of subtype 2.

Table 2. Demographic differences between subtypes 1 and 2, as well as variations in the unified Parkinson’s disease rating scale (UPDRS).

Subtype Subtype 1 (n =48) Subtype 2 (n =19) P
Gender

Male 34 (70.83%) 14 (73.68%)

Female 14 (29.17%) 5(29.32%)

Average Age 60.08 £10.98 61.28+£10.23 0.9
Non-motor symptoms

UPDRSI NPIRTOT 1.174+1.31 1.11+1.33 0.368
Motor symptoms

UPDRSII NP2SPCH 0.464+0.58 0.16£0.50 0.023
UPDRSII NP2DRES 0.544+0.68 0.21+0.54 0.041
UPDRSII NP2ZHYGN 0.23+0.42 0.00+0.00 0.023
UPDRSII NP2TRMR 0.44 +£0.54 0.11+£0.32 0.001
UPDRSII NP2RISE 0.40+£0.54 0.05+0.23 0.015
UPDRSII NP2WALK 0.06£0.24 0.05+0.23 0.009
UPDRII NP2PTOT 5.69+4.14 2.32+£3.06 < 0.001
UPDRSIII NP3RISNG 0.13+£0.33 0.00£0.00 0.109
UPDRSIII NP3GAIT 0.424+0.54 0.05+£0.23 0.006
UPDRSII NP3FRZGT 0.024+0.14 0.00£0.00 0.529
UPDRSIII NP3PSTBL 0.044+0.20 0.00£0.00 0.37
UPDRSIII NP3POSTR 0.444+0.54 0.114+0.32 0.015
UPDRSII NP3PTRMR 0.27+0.57 0.16+£0.37 0.503
UPDRSII NP3PTRML 0.38+0.61 0.26+£0.56 0.427
UPDRSII NP3KTRMR 0.27+0.45 0.16+£0.37 0.332
UPDRSII NP3KTRML 0.40+0.64 0.16£0.37 0.169
UPDRSII NP3RTARU 0.52+£0.85 0.37+£0.83 0.42
UPDRSIII NP3RTALU 0.65+0.96 0.37£0.96 0.205
UPDRSIII NP3RTARL 0.154+0.46 0.11+£0.32 0.969
UPDRSIII NP3RTALL 0.134+0.39 0.114+0.46 0.546
UPDRSIII NP3RTALJ 0.104+0.37 0.05+£0.23 0.658
UPDRSIII NP3RTCON 1.384+1.30 0.58+1.02 0.019
UPDRSII NP3TOT 19.65+£9.90 8.421+8.84 < 0.001
UPDRSIV NP4TOT 1.38+2.84 2.42+3.73 0.108

4.2.2. Neuroimaging feature

For the fMRI modality, we computed and compared
graph metrics of functional connectivity matrices for sub-
type 1, subtype 2, and healthy controls (HC), as summarized
in Table 3. The analysis revealed that subtype 1 demonstrated
lower values in clustering coefficient, k-core, assortativity,

global efficiency, and local efficiency compared to both sub-
type 2 and HC. In contrast, subtype 1 exhibited higher mod-
ularity than the other two groups. The substantially higher k-
core value observed in subtype 2 indicates generally stronger
functional matrix integrity compared to subtype 1. This obser-

vation is visually corroborated in Fig. 6, where subtype 1 dis-
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plays weaker functional connectivity strength relative to sub-
type 2.

Table 3. Graphic indices of fMRI for subtype 1, subtype 2, and healthy
controls.

Subtype 1  Subtype 2 Healthy controls
Clustering coefficient 0.720 0.873 0.794
k core 9.729 24.167 16.604
Degree of modulus 0.370 0.120 0.248
Network assortativity 0.187 0.259 0.193
Global efficiency 0.608 0.820 0.737
Local efficiency 0.854 0.935 0.896

Subtype 1

0.89
0.64

0

—0.64
—0.89
0.74
0.47

that of subtype 1 appears predominantly blue, suggesting
widespread reduction in functional connectivity strength in
subtype 1 compared to healthy individuals. Conversely, the
differential matrix between subtype 2 and HC shows primarily
red coloration, indicating generally enhanced functional con-
nectivity strength in subtype 2 relative to healthy controls.

4.2.3. DNA methylation features

For the DNA methylation-based cell composition data,
we employed non-parametric statistical analysis (Mann—
Whitney U test) to examine six cell-type components for sig-
nificant differences between subtype 1 and subtype 2.[>31 The
results are summarized in Table 4.

Table 4. Mann—Whitney U test results for the DNA methylation data of
subtypes 1 and 2.

—0.47

—0.74
Fig. 6. The average functional connectivity matrix and brain connectivity
map of subtypes 1 and 2 and the functional connectivity matrix and brain
connectivity map obtained by subtracting the functional connectivity matrix
of normal subjects from subtypes 1 and 2. Only the top 5% of connections
with strength were plotted in the brain connectivity map. Blue edges indicate
decreased connectivity, and red edges indicate increased connectivity.

Furthermore, the differential matrix obtained by subtract-
ing the average functional connectivity matrix of HC from

DNA methylation-CD8T

DNA methylation-CD4T

E Subtype 1 Subtype 2 u P
Z 0 CDST 0.083 0.103 438 0.802
a CD4AT 0.105 0.133 655 0.006
Zoa NK 0.047 0.050 200 0.023
082 Beell 0.049 0.064 487 0.666
E = o6l | Mono 0.097 0.109 584 0.075
zE of | Gran 0.637 0.562 335 0.092
N -0.16 |
ol - The analysis revealed statistically significant differences
o (p < 0.05) in CD4+ T cells and natural killer (NK) cells
Cfég . between the two subtypes. Specifically, subtype 1 demon-
z < strated substantially lower mean values in CD4 + T cells com-
R

pared to subtype 2, while showing marginally reduced mean
values in NK cells. Additionally, violin plots were utilized
to visually represent the distribution differences in all six
methylation-based cell composition metrics between the two
subtypes (Fig. 7). These plots clearly illustrate distinct distri-
bution patterns across all examined cell-type components be-
tween the identified subtypes, with particular emphasis on the
differentially distributed features.

DNA methylation-Beell

ns

Cluster

0.3
0.2 =
0.2
b Custer E
%
0.1 [ N
g 0. Cor
0 o
i 2 1
Cluster
DNA methylation-Mono 09
ns
0.15
0.1
9 Cluster M
50.10 B =
= a-
0.05 g

Cluster

DNA methylation-NK

Cluster

DNA methylation-Gran

ns

0.8
Cluster Cluster
1 < 1
0.6 0]
=z ¢ BE
0.4

Cluster

Cluster

Cluster

Fig. 7. Violin plots showing kernel density estimates of the distribution of DNA methylation features, the more concentrated the dataset, the fatter the plot. The
black horizontal line in the box represents the median of each data item, and the upper and lower edges in the white box represent the upper and lower quartiles
in the data set.
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5. Discussion

In this study, we constructed hypergraphs from three
modalities — MRI, DNA methylation, and clinical behav-
ioral assessments — of Parkinson’s disease (PD) patients.
These modality-specific hypergraphs were integrated into a
unified multi-modal hypergraph using similarity network fu-
sion (SNF), and patient clustering was performed via a hyper-
graph neural network (HGNN). By evaluating the Calinski—
Harabasz index and Davies—Bouldin index across different set-
tings, we determined the optimal hyperparameters: a fusion
neighborhood size K of 20, a hyperedge neighborhood size K
of 4, and a cluster number of 2.

This process identified two distinct PD subtypes: Sub-
type 1, comprising 48 patients with severe symptoms, and
Subtype 2, comprising 19 patients with mild symptoms.
We further compared clustering performance between in-
dividual modalities and their fusion, demonstrating that
multi-modal integration consistently outperformed any sin-
gle modality. Among various models evaluated — including
HGNN, HGNN+, GCN, and SNF — the combination of SNF
and HGNN yielded significantly superior clustering results.

To better characterize the two subtypes, differences
across the three modalities were analyzed. In clinical be-
havioral assessments using the UPDRS scale, significant dis-
tinctions were observed across all four subscales, particu-
larly in MDS-UPDRSIII, where subtype 1 scored markedly
higher than subtype 2, indicating more severe motor impair-
ment. Analysis of fMRI data revealed that subtype 1 exhib-
ited weaker functional connectivity compared to subtype 2, as
reflected in graph-theoretic measures such as clustering coef-
ficient, k-core, modularity, assortativity, global efficiency, and
local efficiency. Furthermore, when each subtype was com-
pared to healthy controls, subtype 1 showed broadly reduced
functional connectivity strength, whereas subtype 2 displayed
generally elevated connectivity — a finding with potential di-
agnostic relevance for PD subtyping using MRI data.

In DNA methylation-based cell composition analysis,
non-parametric statistical testing (Mann—Whitney U test) and
violin plots revealed distributional differences between sub-
types across all six cell types. Significant differences (p <
0.05) were detected in CD4 + T cells and NK cells. However,
these differences were not pronounced enough to robustly sup-
port diagnostic discrimination between the two subtypes based
solely on CD4 + T or NK cell values.

This study has several notable limitations. First, the clini-
cal assessment relied solely on the UPDRS scale and failed to
incorporate other relevant clinical information. Furthermore,
the analysis was entirely data-driven and did not integrate clin-
ical expertise, whereas combining both approaches could im-
prove the accuracy of subtype classification. Second, and one

of the primary limitations of this study, is the relatively small
sample size (n = 67). This directly constrains the statistical
power of the model, potentially failing to identify true but sub-
tle group differences. Additionally, data-driven models with
small sample sizes are more susceptible to random noise in
the data, increasing the risk of overfitting and potentially ren-
dering the identified subtype structures unstable. As a result,
the current findings should be regarded as exploratory. Fu-
ture work must validate this classification framework in larger,
independent, prospective cohorts to assess its generalizability
and clinical applicability.

6. Conclusion

In this study, we proposed a refined hypergraph neural
network approach that integrates three modalities — MRI,
DNA methylation, and clinical behavioral assessments —
from Parkinson’s disease patients. The framework constructs
a unified hypergraph capturing high-order intermodal relation-
ships and applies hypergraph learning via HGNN to cluster
patients, thereby identifying two clinically distinct PD sub-
types. Post-hoc statistical analyses demonstrated pronounced
disparities between the two subtypes across clinical behavior,
DNA methylation patterns, and fMRI-based functional con-
nectivity features. For instance, subtype 1 exhibited more se-
vere motor and non-motor impairments, whereas subtype 2
displayed milder symptoms. Notably, from a functional con-
nectivity perspective, subtype 1 showed overall weaker con-
nectivity compared to healthy controls, while subtype 2 exhib-
ited stronger connectivity. Moreover, the significantly higher
k-core values observed in subtype 2 suggest a more densely in-
terconnected functional network architecture. These findings
provide novel insights for leveraging MRI data to assist in the
stratification of Parkinson’s disease subtypes.
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