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Abstract Hypergraphs, as a form of high-order complex graphs, excel i n expressing intricate relationships within non-Euclidea n,
in�nite-dimensional spaces. However, conventional hyper graphs are more vulnerable to the heterophily problem for se mi-supervised node
classi�cation tasks compared to low-order graphs, and even multilayer perceptrons. This paper �rst explores the under lying reasons for
this phenomenon and summarizes the theoretical results cor responding to the heterophily problem. Based on these �ndin gs, a structural
in
uence-based dynamic hypergraph neural network (SID-HG NN) framework is proposed. SID-HGNN combines a label in
uen ce-based
dynamic structure with integrated structural and location al features to enhance the hypergraph framework's ability t o address the
heterophily problem. The e�ciency and superiority of SID-H GNN are validated through experimental comparison with 16 r elevant
methods on publicly available and self-collected �xed-win g unmanned aerial vehicle fault datasets.
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1 Introduction

Deep learning methods such as multilayer perceptrons (MLPs) [1] and convolutional neural networks (CNNs) [2]
have found broad application across various domains. However, MLPs focus on transformations in the feature
space while overlooking the inherent structure of the dataset itself. CNNs, on the other hand, operate under an
excessively stringent assumption that the data must adhere to a regular grid-like structure [3]. In practical scenarios,
as illustrated in Figure 1, the structure of data cannot be ignored and may take on arbitrary forms. To address these
structures, low-order graph neural networks (GNNs), such asGCN [4], GAT [5], ChebyNet [6], GraphSAGE [7],
and SGCN [8], have been introduced.

Low-order GNNs, also known as simple graphs, treat data as nodesand use edges to represent pairwise relation-
ships between the nodes. Therefore, the feature aggregation process within simple graphs follows a \node-node"
binary pattern within non-Euclidean in�nite-dimensional spaces, where nodes are in
uenced by their neighbors
through connected edges [4]. Bene�ting from the 
exible framework, simple graphs have found widespread applica-
tion in areas such as knowledge graphs [9], recommendation systems[10], and semi-supervised fault diagnosis [11,12].

However, in real-world applications, the strong coupling between entities often gives rise to inter-category asso-
ciations. As illustrated in Figure 1, within a subset of the public �xed-w ing unmanned aerial vehicle (FWUAV)
fault dataset, nodes of di�erent colors correspond to training data from distinct fault categories, while black nodes
represent test data. The visualization demonstrates extensive inter-class connections among colored nodes across
various categories, posing signi�cant challenges for determining the class labels of black nodes. This prevalent
phenomenon, characterized by connected nodes exhibiting dissimilar class labels, is referred to as the heterophily
problem.

In semi-supervised node classi�cation tasks, the graph-based methods are prone to su�ering from the heterophily
problem, leading to a sharp decline in their classi�cation performance. To deal with this problem, some scholars have
carried out research in the domain of simple graphs. Chien et al. [13] proposed a new generalized PageRank GNN
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Figure 1 (Color online) Illustration of heterophily problem. Color ed nodes represent training data from di�erent categories, while black nodes
represent test data.

architecture that adaptively learns the weights to jointly optimize n ode features and the structure information
extraction process, which alleviates the impact of node label heterophily. Ma et al. [14] claimed that certain
types of heterophily are \good", and they characterized the implications of di�erent heterophily conditions to
provide theoretical understanding and empirical observations. Kim et al. [15] proposed an enhanced graph attention
model for noisy graph data through self-supervised tasks by predicting the presence or absence of edges, thereby
distinguishing the importance of incorrectly connected neighboringnodes.

In real-world applications, pairwise relationships cannot fully capture node interactions because certain group
dynamics inherently involve multiple participants. A typical example ar ises in interest groups, where the fundamen-
tal concept of \sharing" essentially requires simultaneous multi-member participation, which cannot be adequately
represented through binary relationship patterns. To account for such relationships, a kind of higher-order GNN,
known as hypergraphs [16], has been proposed. Hypergraphs allowtwo or more nodes to share a single hyperedge,
thus enabling the representation of more intricate relationships. According to the de�nition, a low-order graph is a
speci�c instance of a hypergraph in which each hyperedge connects exactly two nodes [17]. Hypergraphs aggregate
node features to hyperedges �rst, and then in
uence other nodes through the shared hyperedges, so the aggregation
process can be summarized as an iterative triple pattern of \node-hyperedge-node".

However, emerging research has revealed that hypergraphs exhibit a more pronounced heterophily problem com-
pared to simple graphs [18, 19]. Furthermore, conventional hypergraphs frequently yield inferior performance to
even structure-agnostic methods, such as MLPs [20]. This anomalous phenomenon stems from the intrinsic nature
of hypergraphs: nodes within a single, expansive hyperedge tend to exhibit more heterophilic label distributions
and diverse patterns [21]. Such behavior contradicts the inherentpotential of hypergraphs to model complex rela-
tionships, and has garnered signi�cant attention in the �eld of graph learning. Consequently, the development of
heterophily-adaptive hypergraph learning frameworks has emerged as a cutting-edge research frontier and a pivotal
research direction [18,22].

Current structural enhancement approaches, including HNHN [23], UniGAT [24], UniSAGE [24], DHGNN [25],
DHCRGCFN [26], and Hyper-Convolution/Attention [3], primarily focus on reconstructing dynamic structures
under the homophily assumption, and achieve performance gains through topological adaptation. Their handling
of the heterophily problem is an unintended side e�ect rather than an intentional design. To date, dedicated
heterophily-oriented hypergraph methods remain scarce. For example, UniG-Encoder by Zou et al. [27] employed a
uni�ed approach to homophilic and heterophilic hypergraphs; ED-HNN by Wang et al. [28] combined star expansion
with neural message passing for heterophilic hypergraphs; and SHNs by Nguyen et al. [29] applied cellular sheaf
theory to address homophily limitations. However, few theoreticalanalyses and technical breakthroughs have been
reported.

What causes this anomaly? How to fully exploit the potential of the hypergraph framework to handle the
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Table 1 Notations and abbreviations.

Notation Description Notation Description Abbreviation D escription

V Set of nodes. D v
i Degree of v i , D v

i =
P E

j =1 w j h i;j .

HIP ( l )
v i ! v j

The l -th order
hypergraph-based

in
uence path
from v i to v j .

E Set of edges. D e
i Degree of ei , D e

i =
P N

j =1 h j;i .

v i The i -th node, v i 2 V . w i The i -th diagonal element of W .

ei The i -th hyperedge, ei 2 E . y j True label of v j , y j 2 L .

N Number of all nodes. G A graph, G = fV ; E; Sg.

HID ( l )
v i

The l -th order
in
uence domain

of v i in hypergraphs.
[� ] Vertical concatenation. eH 2 RN � N Dynamic incidence matrix.

f�g Horizontal concatenation. D e 2 RE � E Hyperedge degree matrix.

E Number of hyperedges. X 2 RN � d Original feature matrix.

SID ( l )
v i

The l -th order
in
uence domain

of v i in simple graphs.
d Dimensionality of X . A 2 RN � N Adjacency matrix of simple graph.

c Number of categories. H 2 RN � E Incidence matrix of hypergraph.

x i Original feature vector of v i . W 2 RE � E Weight matrix of edges.

MID ( l )
v i

The l -th order
in
uence domain
of v i in MLPs.

�x i Fused feature vector of v i . D v 2 RN � N Node degree matrix.

L
Set of labels,

L = [1 ; 2; : : : ; c ].
h i;j

The i -th row and j -th
column element of H .

HIG ( l )
Hypergraph-based
in
uence gradient

matrix in l -th iteration.
eL ( l )

i
The l -th order structural

feature of v i .
S; Ss ; Sh

Structure of a graph/
simple graph/hypergraph.

heterophily problem? To address these issues, this paper systematically analyzes the in
uence dynamics of di�erent
graph structures, and proposes several concepts and theorems to reveal the principles behind the phenomenon.
Based on these �ndings, a structural in
uence-based dynamic hypergraph neural network (SID-HGNN) framework
is proposed. Its key contributions can be summarized as follows.

(a) The reason why the impacts of the heterophily problem escalatesequentially across MLPs, simple graphs and
hypergraphs is theoretically explored. Furthermore, the mutual in
uence between nodes after an arbitrary order of
iteration within the hypergraph framework is quantitatively evaluat ed.

(b) Based on the theoretical �ndings, the original features and the accumulated label in
uence corresponding
to each node are regarded as locational features and structural features, respectively. Then, the structural and
locational features fusion (SLF) method is proposed to provide a comprehensive characterization of node features
within the hypergraph framework.

(c) The proposed label inference-based dynamic structure (LDS) method enables each node to dynamically adjust
its connection strength to neighboring nodes based on the accumulated in
uence from nodes within its local in
uence
domain. Building upon this, the SID-HGNN model integrates both the SLF and LDS methods to e�ectively resolve
the heterophily problem within hypergraph frameworks.

The paper is organized as follows. Section 2 provides an overview of semi-supervised problems on graphs, along
with background knowledge on simple graphs and hypergraphs. Section 3 explores the theoretical principles of the
heterophily problem in hypergraphs. Building upon these �ndings, Section 4 proposes the SID-HGNN framework
to enhance the hypergraphs' resilience to heterophily. Section 5 presents a comprehensive experimental evaluation,
and Section 6 concludes the paper. To improve readability and clarity, a summary of notations and abbreviations
is provided in Table 1.

2 Preliminaries

2.1 Problem formulation

Let G = fV ; E; Sg denote a graph, whereV is the set ofN nodes corresponding to the data instances,E is the set of
E edges, andS represents the overall structure of the graph. Additionally, let L = f 1; 2; : : : ; cg be the set of class
labels, wherec denotes the number of categories. The feature matrix is de�ned as X = [ x1; x2; : : : ; xN ]> 2 RN � d,
where eachx i 2 R1� d corresponds to the d-dimensional feature vector of nodei . Only a subset of N nodes,
associated with the training data, is assigned true labels fromL. Then, the semi-supervised node classi�cation task
on a graph can be formally formulated as learning a mappingM , which accurately predicts the labels of unlabeled
test nodes based on the given graph structure, the given node features, and a limited set of true labels from the
training data [30].
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Figure 2 (Color online) Incidence matrix, adjacency matrix and in
u ence paths. (a) Incidence matrix and adjacency matrix const ruction
using the KNN method; (b) in
uence paths within a simple grap h GCN and a hypergraph HGNN.

2.2 Simple graph theory

A simple graph is de�ned as Gs = fV ; E; Ssg, where Ss = f (A ; W ) is the structure of the simple graph, and W
denotes the weight matrix of edges, andA 2 RN � N [31] is the adjacency matrix with the element in the i -th row
and j -th column determined by

ai;j =

(
1; if vj ! vi or vi ! vj ;
0; otherwise;

(1)

where vj ! vi represents that nodevj is connected to nodevi . Various approaches exist for determining whether
two nodes should be connected, with the k-nearest neighbors (KNN) method [32] being the most widely used.
Figure 2(a) illustrates the construction process ofA using the KNN method, demonstrated through a toy example.

GCN and GAT are two typical simple graph methods, and their iterativ e node feature update processes can be
formulated as (2) and (3), respectively

x ( l +1)
i = �

0

@
X

8j :a i;j =1

ej;ip
D i D j

x ( l )
j � ( l )

1

A ; (2)

x ( l +1)
i = �

0

@
X

8j :a i;j =1

� ( l )
i;j x ( l )

j � ( l )

1

A ; (3)

where ej;i denotes the edge weight fromvj to vi ; D i =
P

j ai;j denotes the degree of nodevi ; � ( l )
i;j denotes the

normalized attention weight between nodevi and node vj in the l-th layer; � ( l ) denotes the learnable parameter
used for feature transformation in the l-th layer, and � denotes the non-linear activation function.

The feature update processes of GCN and GAT can be formalized using the following general expression:

x ( l +1)
i = 
 ( l )

�
�

8j :a i;j =1
� ( l )

�
x ( l )

i ; x ( l )
j ; ej;i

� �
; (4)

where 
 ( l ) (�) denotes the update function in the l-th layer, such as a non-linear activation function; � denotes the
aggregation function, such as the sum, mean or max operation;� ( l ) (�) denotes the message function in thel-th
layer, indicating how vi 's neighboring nodes in
uence itself.

As shown in (4), the common characteristic of these simple graphs isthat only the immediate (�rst-order)
neighbors of a node in
uence its feature update process during each iteration, so that the mutual in
uence between
nodes is constrained by the �rst-order adjacency matrix A . We refer to these types of structures (for example,
ChebyNet, GraphSAGE and SGCN) as simple structures.

Among these simple graphs, the primary distinction between such representatives as GCN and GAT lies in
how they handle node interactions: for GCNs, the in
uence between nodes remains static across di�erent layers,
represented by � ( l ) (�) = ej;i =

p
D i D j ; whereas in GATs, such in
uence is dynamically adjusted based on the

attention mechanism, represented by� ( l ) (�) = � ( l )
i;j . We refer to simple graphs with static structures as static simple

graphs and those with dynamic structures as dynamic simple graphs.



Liang S J , et al. Sci China Inf Sci July 2026, Vol. 69, Iss. 7, 172202:5

2.3 Hypergraph theory

Suppose a hypergraph is denoted byGh = fV ; E; Sh g, where Sh = f (H ; W ) represents the hypergraph structure,
W 2 RE � E is a diagonal matrix whosei -th element wi represents the weight of hyperedgeei , and H 2 RN � E is
the incidence matrix. The elementhi;j 2 f 0; 1g [16] is determined by

hi;j =

(
1; if vi ! ej ;
0; otherwise;

(5)

where vi ! ej represents that nodevi is on hyperedgeej . For example, as shown in Figure 2(a), the hyperedgee1

is constructed with v1 as the central node using the KNN method; nodesv1, v3, v4 and v5 are on hyperedgee1, and
thus h1;1 = h3;1 = h4;1 = h5;1 = 1.

The layer-wise iterative update of HGNN [16], a typical representative of conventional hypergraphs, can be
formulated as

X ( l +1) = �
�

D � 1=2
v HWD � 1

e H > D � 1=2
v X ( l ) � ( l )

�
= �

�
Shgnn X ( l ) � ( l )

�
; (6)

where D v = diag ( D v
1 ; D v

2 ; : : : ; D v
N ) 2 RN � N is the diagonal matrix of node degree with the elementD v

i =
P E

j =1 wj hi;j ; D e = diag ( D e
1; D e

2; : : : ; D e
E ) 2 RE � E is the diagonal matrix of hyperedge degree with the element

D e
i =

P N
j =1 hj;i ; W is an identity matrix in the conventional hypergraph; � ( l ) is the learnable hyper-parameter of

the l-th layer; X ( l ) is the feature of the l-th layer, initialized as X (0) = X .
As shown in (6), the structure of HGNN is determined by Shgnn = D � 1=2

v HWD � 1
e H > D � 1=2

v , which represents
a speci�c case ofSh . SinceW is an identity matrix and D � 1=2

v and D � 1
e are derived from H , the mutual in
uence

between nodes is solely related to the �rst-order incidence matrixH , speci�cally constrained by HH > . We refer
to this kind of structure as a static hyperstructure. Additionally, hypergraphs can be further divided into static
hypergraphs and dynamic hypergraphs. The former, incorporating a static hyperstructure exempli�ed by Shgnn ,
remains invariant across layers, whereas the latter exhibits layer-dependent variations.

3 Theoretical results for heterophily problem

3.1 Hyper in
uence domain

In the hypergraph framework, nodes can in
uence each other through an iterative triple pattern of \node-hyperedge-
node", which is quite di�erent from that of \node-node" pattern o f simple graphs. Figure 2(b) demonstrates the
mutual in
uence between nodes within GCN and HGNN during each iteration. It is obvious that di�erent in
uence
patterns lead to di�erent paths through which nodes in
uence each other. Here, we extend the concept of hyper
path [33] to hyper in
uence path, with the aim of focusing on the directed in
uence dynamics during the propagation
process within hypergraphs.
De�nition 1 (Hyper in
uence path, HIP ). Let N v1 (e) denote the set of hyperedges that nodev1 lies on,
and v2 ! N v1 (e)  v1 means that nodesv2 and v1 lie on the same set of hyperedgesNv1 (e). Then, the path
through which v2 in
uences v1 is called the �rst-order hyper in
uence path from v2 to v1, denoted by HIP (1)

v2 ! v1
=

(v2 ! N v1 (e)  v1). Extending HIP to the l-th order, we haveHIP ( l )
v l +1 ! v1

= ( vl +1 ! N v l (e)  vl ! � � �  v2 !
Nv1 (e)  v1).

The above de�nition HIP ( l )
v l +1 ! v1

can also be explained as an in
uence chain from nodevl +1 to node v1 in the
l-th feature iteration process of hypergraphs with static hyperstructures as in (6).

De�nition 2 (Hyper in
uence domain, HID ). If there exists a path HIP ( l )
v j ! v i through which node vj can

in
uence vi , then the set formed by all the nodes in
uencingvi is de�ned as the l-th order hyper in
uence domain

of vi , denoted by HID ( l )
v i

=
n

vj

�
�
�9HIP ( l )

v j ! v i

o
.

From the perspective of the feature iteration process, for the hypergraphs with static hyperstructures, De�nition
2 can be mathematically expressed as

HID ( l )
v i

=
n

vj

�
�
�
�
HH > � l

( j;i ) 6= 0
o

; (7)

where the subscript (j; i ) represents the element in thej -th row and i -th column of the matrix.
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Similarly, for the simple graphs with static simple structures, the l-th order in
uence domain of vi can be
mathematically expressed as

SID ( l )
v i

=
�

vj
�
�A l

( j;i ) 6= 0
	

: (8)

Besides, by investigating the framework of MLPs from a graph-based perspective, we formulate the feature
iteration process as follows:

X ( l +1) = �
�

X ( l ) � ( l ) + b ( l )
�

= �
�

IX ( l ) � ( l ) + b ( l )
�

: (9)

By comparing (9) with (6), we observe that the MLP's framework can be formally derived from the hypergraph
formulation under two speci�c constraints: (1) the hypergraph structure matrix Shgnn is simpli�ed to an identity
matrix I , which eliminates inter-node interactions and retains only the self-in
uence of each node; (2) the bias term
b ( l ) is eliminated. This mathematical equivalence implies that MLPs behave as a degenerate case of hypergraph
frameworks where nodes operate independently without neighborhood interaction. Leveraging the identity matrix
property I l = I , this con�guration results in a strictly localized in
uence pattern: a fter l iterations, the l-th order
in
uence domain of node vi remains con�ned to the node itself, as formalized by

MID ( l )
v i

= vi : (10)

By analyzing the size of the in
uence domain under the above-mentioned graph frameworks, we propose the
following in
uence domain theorem.
Theorem 1 (In
uence domain theorem). Using the same graph structure construction method, thel-th order
in
uence domains of a given nodevi within the frameworks of MLPs, simple graphs with static simple structures,
and hypergraphs with static hyperstructures adhere to the following relationship: MID ( l )

v i
� SID ( l )

v i
� HID ( l )

v i
.

Proof of Theorem 1. According to (7), the �rst-order hyper in
uence domain of node vi can be expressed as

HID (1)
v i

=
n

vj

�
�
�
�

H ( j; :)
�
H > �

(: ;i )

�
6= 0

o
= f vj jvj ! ei or vi ! ej or vi ! eq  vj g: (11)

The above equation indicates that there are three situations in which node vj belongs to the �rst-order in
uence
domain of nodevi . The �rst situation is represented as vj ! ei , which means nodevj is on the hyperedge constructed
with node vi as the central node. The second situation is represented asvi ! ej , which means nodevi is on the
hyperedge constructed with nodevj as the central node. The third situation is represented asvi ! eq  vj , which
means nodevi and vj are both on the hyperedgeeq constructed with another node vq as the central node.

For simple graphs, according to (8), we have

SID (1)
v i

=
�

vj
�
�A ( j;i ) 6= 0

	
= f vj jvj ! ei or vi ! ej g: (12)

According to (12), only the �rst two situations in (11) are applicable to a node vj in the �rst-order in
uence
domain of nodevi within simple graphs. Therefore,SID (1)

v i
� H ID (1)

v i
.

Suppose this result still holds for thet-th (1 6 t 6 l � 1) order, that is, SID ( t )
v i

� HID ( t )
v i

. According to (11), we
have

HID ( t +1)
v i

=
�

vj

�
�
�
�

� �
HH > � t �

HH > � �

( j;i )
6= 0

�
=

nS
HID (1)

vp

�
�
�8vp 2 HID ( t )

v i

o
: (13)

As demonstrated in (13), for every nodevp within the t-th hyper in
uence domain of node vi , the union of its
�rst-order hyper in
uence domain forms the ( t + 1)-th order in
uence domain of node vi .

Similarly, according to (12), we have

SID ( t +1)
v i

=
�

vj

�
�
�
�

�
(A ) t A

�

( j;i )
6= 0

�
=

nS
SID (1)

vp

�
�
�8vp 2 SID ( t )

v i

o
: (14)

De�ne a set T ID ( t +1)
v i

such that T ID ( t +1)
v i

=
nS

SID (1)
vp

�
�
�8vp 2 HID ( t )

v i

o
. Given that SID ( t )

v i
� HID ( t )

v i
, we

have SID ( t +1)
v i

� T ID ( t +1)
v i

by comparing T ID ( t +1)
v i

and (14). On the other hand, comparingT ID ( t +1)
v i

and (13),
we haveT ID ( t +1)

v i
� HID ( t +1)

v i
due to SID (1)

vp
� HID (1)

vp
. Therefore, SID ( t +1)

v i
� T ID ( t +1)

v i
� HID ( t +1)

v i
. Letting

t = l � 1, we haveSID ( l )
v i

� HID ( l )
v i

.
Moreover, as stated in (10),MID ( l )

v i
contains only the nodevi itself, whereasSID ( l )

v i
includes nodevi at least.

Therefore, MID ( l )
v i

� SID ( l )
v i

. Consequently,MID ( l )
v i

� SID ( l )
v i

� HID ( l )
v i

holds.
Given that a node with a larger in
uence domain is more likely to be in
uenced by a larger number of nodes

with di�erent labels, the following corollary can be derived based on the above theorem.
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Corollary 1. The impact of the heterophily problem escalates sequentially acrossMLPs, static simple graphs,
and static hypergraphs, inevitably leading to progressively deteriorating classi�cation outcomes.

3.2 Hypergraph-based in
uence gradient

Nodes in
uence each other through a speci�c graph structure in the feature iteration process of hypergraphs. Let
HIG ( l ) 2 RN � N represent the hypergraph-based in
uence gradient matrix in the l-th iteration of hypergraphs,
where the element in thei -th row and j -th column represents the accumulated in
uence exerted by nodevj on node
vi . Then the following theorem is proposed to quantitatively calculateHIG ( l ) .
Theorem 2 (In
uence gradient theorem). For the conventional hypergraph HGNN, if an activation function
makes its output non-negative for all positive inputs (e.g., ReLU), then HIG ( l ) mathematically equals the l-th
power of HGNN's static hyperstructure, as

HIG ( l ) =
�

D � 1=2
v HWD � 1

e H > D � 1=2
v

� l
= ( Shgnn ) l : (15)

Proof of Theorem 2. In (6), the feature iteration process of hypergraphs with� ( l ) is responsible for dimensionality
transformation of features, and it is not involved in the information interaction between nodes. Therefore, we set
X ( l ) to be a matrix of all ones and� ( l ) to be the identity matrix to concentrate on the accumulated mutual in
uence
among nodes. Therefore, in the �rst iteration, we have

HIG (1) = �
�

D � 1=2
v HWD � 1

e H > D � 1=2
v 1(1)

n I (1)
�

: (16)

Since D � 1=2
v , H , W , and D � 1

e are matrices with non-negative elements, and� is a non-negative activation
function in the above equation, then HIG (1) = D � 1=2

v HWD � 1
e H > D � 1=2

v = Shgnn . As each element inShgnn is
non-negative and remains constant in each layer, we have

HIG ( l ) = �
�

D � 1=2
v HWD � 1

e H > D � 1=2
v HIG ( l � 1) I ( l )

�
= Shgnn HIG ( l � 1) : (17)

By combining (16) and (17), the l-th order hyper in
uence gradient matrix can be expressed asHIG ( l ) = ( Shgnn ) l .
According to Theorem 2, conventional hypergraphs employ statichyperstructures that constrain the information

exchange mechanism to be �xed, thus neglecting the heterophilic characteristics of neighboring nodes. This is one
of the key reasons why they cannot e�ectively handle the heterophily problem.

4 Proposed framework

Based on the theoretical �ndings discussed in Section 3, this section proposes the SID-HGNN framework speci�cally
designed to enhance the hypergraphs' resilience to the heterophily problem.

4.1 Structural and locational features fusion

In the conventional hypergraph framework as illustrated in (6), only the feature matrix X is considered for feature
iteration, which means only the microscopic locational features of each node are used for classi�cation. However,
due to the heterophily property, nodes from di�erent classes mayexhibit similar locational features, limiting the
e�ectiveness of location-based classi�cation. On the other hand,the iteration process as described in (6) also
demonstrates that both the structure Shgnn and the locational features X determine the feature distribution of
the next layer. Therefore, incorporating both structural and locational features will provide a more comprehensive
description of node characteristics.

According to Theorem 2, (Shgnn ) l
( i;j ) represents the accumulated in
uence exerted by nodevj on nodevi within

the l-th order in
uence domain of vi . By leveraging (Shgnn ) l
( i;j ) , the structural feature of node vi can be formulated

as follows:

eL ( l )
i =

X

v j 2HID ( l )
v i

(Shgnn ) l
( j;i ) L j ; (18)

s.t. L j = One hot (y j ) ;
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Figure 3 (Color online) Framework of SID-HGNN.

where L j denotes the one-hot encoded label vector of nodevj . Speci�cally, the one-hot encoding process follows
conditional logic based on the node type. For a nodevj with available label information (for example, training
data), its label L j is encoded as a vector inR1� c where the element corresponding to the true class label is set to
one while all other elements remain zero. Conversely, ifvj lacks label information (for example, test data), L j is
encoded as a zero vector in the sameR1� c space.

As illustrated in Part 2 of Figure 3, the physical meaning of eL ( l )
i is the accumulated label in
uence exerted by

other nodes within the l-th order in
uence domain of node vi . This result incorporates both the label distribution
in the vicinity of vi and the hypergraph structure surrounding it. Therefore, eL ( l )

i 2 R1� c can be regarded as the
raw structural feature of node vi .

Moreover, since the structural feature and the locational feature describe the characteristics of a node from
di�erent perspectives, an intuitive way to comprehensively fuse the features of nodevj is to horizontally concatenate
them as [eL ( l )

i ; x i ]. However, in practical situations, the dimensionality of the structural features equals the number
of categoriesc, but the dimensionality d of the locational features may be much larger. To prevent one feature from
being overwhelmed by the other, it is necessary to align the dimensions of both features. On the other hand, since
structural features with di�erent orders carry information fro m di�erent-sized �elds of view, multi-order structural
features should be adopted to generate a �nal structural feature. Finally, the fused feature corresponding to node
vi , denoted by �x i , can be expressed as

�x i =
n

F latten
�

MLP
�h

eL (1)
i ; eL (2)

i ; : : : ; eL ( l )
i

i��
; x i

o
; (19)

where [�] denotes the vertical concatenation operation of structural features with various orders;MLP (�) denotes
the multi-layer perceptron used for transforming the dimensionality of the concatenated raw structural feature to
match that of the locational feature, as Rl � c ! Rl � d; F latten (�) is used to expand the matrix into a vector, as
Rl � d ! R1� ld ; f�g denotes the horizontal concatenation operation of the transformed raw structural feature and
the locational feature, with the dimensionality transformation as f R1� ld ; R1� dg ! R1� ( l +1) d.

4.2 Label in
uence-based dynamic structure

As demonstrated in Section 3, the heterophily problem is primarily attributed to the use of static hyperstructures. In
this subsection, we propose the LDS method that enables each node to learn adaptive weights for di�erent hyperedges
it lies on, conditioned on its local label distribution. The method involves transforming the static incidence matrix
H into a dynamic counterpart eH , thereby facilitating the construction of a dynamic hyperstructu re.

According to (19), the fused feature�x i derived from eL ( l )
i incorporates multi-scale label distribution information.

Therefore, �x i can be employed to construct the dynamic incidence matrix. Let~h:;i denote the i -th column of eH
with ordered non-zero elements, which can be calculated by

~h:;i = sort
n

[MLP (�x i )]
>

o
; (20)

where MLP (�) transforms the dimensionality of the fused feature�x i from R1� ( l +1) d to Rk � 1 with k denoting the
number of neighbors in the KNN method; sort f�g operator arranges elements in the transformed feature vector
based on the feature similarity between each nodevj on the hyperedgeei and the central node vi . Speci�cally,
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the sorting criterion follows descending order when using dot product similarity (higher values indicating closer
proximity) or ascending order when using Euclidean distance (lower values indicating closer proximity).

Finally, in contrast to the static structure Shgnn in (6), the dynamic structure eShgnn of SID-HGNN can be
calculated using the dynamic incidence matrix eH as

eShgnn = eD � 1=2
v

eHW eD � 1
e

eH > eD � 1=2
v ; (21)

where eD v and eD e represent the node degree matrix and hyperedge degree matrix corresponding to eH , respectively.

4.3 Uni�ed framework

By combining the dynamic hypergraph structure and the feature fusion method calculated by (21) and (19), re-
spectively, the feature iteration process of the SID-HGNN can beformulated as

�X ( l +1) = �
�

eD � 1=2
v

eHW eD � 1
e

eH > eD � 1=2
v

�X ( l ) � ( l )
�

= �
�

eShgnn �X ( l ) � ( l )
�

; (22)

where �X ( l ) is initialized as �X (0) = �X , and �X is the matrix form of the fused features calculated by (19). The output
and loss functions of the uni�ed SID-HGNN framework can be described as

�Y = Sof tmax
�

F C
�

�X ( l max )
��

; (23)

Loss = �
1

jVt j

X

i 2V t

cX

j =1

Y ( i;j ) ln �Y ( i;j ) ; (24)

whereF C(�) denotes the fully connected layer,lmax denotes the maximum number of feature iterations,Vt represents
the node set corresponding to the training data,Y i and �Y i are the true and predicted labels, respectively.

4.4 Time complexity analysis

The proposed framework comprises the static and dynamic computational components. The static component
involves two procedures: (1) structural feature construction in (18), which �rst executes one-hot encoding with
O(N ) complexity, followed by global node-wise structural feature construction requiring O(lcN 2) operations;
(2) feature concatenation in (19) with a �xed O(l) cost. The aggregated static complexity becomesO(N + lcN 2 +1),
which can be simpli�ed to O(N 2) under the condition that l; c � N . Notably, these static computations execute
only once and are not included in subsequent dynamic training processes.

The dynamic component consists of three procedures: (1) structural feature construction in (19), involving dimen-
sionality transformation ( O(Nlcd)), feature 
attening ( O(N )), and horizontal concatenation (O(1)); (2) dynamic
incidence matrix calculation in (20), performing fused feature dimensionality transformation ( O(( l + 1) Ndk)), ma-
trix transposition ( O(l )), and node proximity sorting ( O(Nk )); (3) dynamic structure eShgnn construction in (21),
dominated by sparse matrix multiplication between eH and eH > (each containing kN non-zero entries), yielding a
worst-case complexity ofO(k2N 2). On the whole, given l; c; d; k � N , the dynamic complexity reduces toO(N 2).
This matches theO(N 2) complexity of conventional GNNs, demonstrating equivalent quadratic scaling with respect
to the number of nodes.

5 Experiments

5.1 Experimental setting

In this section, the proposed SID-HGNN framework is evaluated onreal-world semi-supervised fault classi�cation
tasks using both publicly available and self-collected fault datasets from FWUAVs, as illustrated in Figure 4.

To validate the superiority of the proposed framework, experimental comparisons are conducted against 16
related methods, including MLP [1], simple graphs with static simple structures (GCN [4], SGCN [8], GIN [34]),
simple graphs with dynamic simple structures (GAT [5], GraphSAGE [7], SuperGAT [15]), hypergraphs with static
hyperstructures (HGNN [16], HGNNP [17], UniGIN [24], UniGCN [24]), hypergraphs with dynamic hyperstructures
(HNHN [23], UniGAT [24], UniSAGE [24]), and hypergraphs speci�cally designed for the heterophily problem
(UniG-Encoder [27], EDGNN [28]). For the sake of fairness, all methods uniformly adopt a two-layer convolutional
framework. The learning rate and epoch are set as 0.001 and 500, respectively, and the train/test split ratio is set
to 7:3. The experimental hardware platform is equipped with a 64-thread CPU and two NVIDIA RTX4090 GPUs.
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Figure 4 (Color online) FWUAVs. (a) FWUAV used in the ALFA publicly av ailable dataset; (b) FWUAV used in the self-collected fault
dataset. The image in (a) is used solely for academic demonst ration in this paper, and it is sourced from the open-access A LFA dataset at
https://theairlab.org/alfa-dataset/.

Table 2 Dataset description.

Dataset Fault description Dataset details

ALFA

1. Left aileron stuck; 2. Right aileron stuck;
3. Both ailerons stuck; 4. Rudder stuck to the left;

5. Rudder stuck to the right; 6. Elevator stuck;
7. Engine disabled.

Number of samples: 1325;
Feature dimensions: 6;

Number of categories: 7;
Number of nodes: 1325;

Number of hyperedges: 1325.

S-FWUAV

1. Magnetic noise interference to heading angle (SNR=0.5);
2. 1.3 times linear ampli�cation to pitch angle;

3. Constant bias of 50% �xed value to tilt angle;
4. Altitude stuck at zero value;

5. 0.7 times linear saturation to airspeed;
6. Nonlinear disturbance to cylinder temperature.

Number of samples: 2948;
Feature dimensions: 9;

Number of categories: 6;
Number of nodes: 2948;

Number of hyperedges: 2948.

Figure 5 (Color online) Flight curves from the fault datasets of FWUA Vs; (a) ALFA publicly available dataset; (b) self-collecte d dataset.

5.2 FWUAV fault classi�cation

5.2.1 Dataset description

The �rst FWUAV fault dataset is from the air lab fault and anomaly (AL FA) publicly available dataset, which is
collected by the Robotics Institute, Carnegie Mellon University, USA [35]. As shown in Figure 4(a), the FWUAV
has 2 meters of wingspan, a single electric engine in the front, ailerons, 
aperons, an elevator, and a rudder. In
this experiment, a total of 1325 samples with 6 dimensions, comprising real-time velocities and corresponding
accelerations along the aircraft'sX -axis, Y -axis, Z -axis are selected. The dataset covers 7 types of faults involving
the failures of aileron, rudder, elevator, and engine, as detailed in Table 2. Figure 5(a) illustrates 6 dimensions of
this dataset with 7 types of faults distinguished along the sampling axis by di�erent colors.
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Table 3 Performance of methods on ALFA fault dataset. Bold values in dicate the optimal result for each column metric.

Graph framework Graph structure Method Acc. (%) Precision ( %) Recall (%) F1 (%)

{ { MLP 87.95/0.81 88.45/0.55 87.15/1.16 87.80/0.85

Simple graphs

Dynamic (D)
F1 mean 86.40%

SuperGAT 86.20/0.58 87.02/0.75 85.29/0.78 86.14/0.76

GAT 86.54/1.37 87.43/1.47 85.95/1.46 86.68/1.46

GraphSAGE 86.20/0.33 87.31/0.34 85.45/0.35 86.37/0.31

Static (C)
F1 mean 86.03%

SGCN 86.15/0.37 86.77/0.21 85.46/0.58 86.11/0.36

GIN 86.14/1.09 86.80/1.20 85.77/1.35 86.28/2.21

GCN 86.00/0.47 86.47/0.74 84.95/0.67 85.70/0.66

Hypergraphs

Dynamic (B)
F1 mean 83.19%

HNHN 84.70/0.51 85.48/0.74 83.31/0.66 84.38/0.64

UniGAT 82.80/0.43 84.67/0.41 82.01/0.31 83.32/0.34

UniSAGE 81.69/1.17 84.48/1.36 79.44/1.51 81.88/1.42

Static (A)
F1 mean 80.63%

UniGIN 81.44/1.30 84.37/1.20 79.01/1.94 81.60/1.58

UniGCN 80.25/0.42 82.47/0.24 77.98/0.56 80.16/0.36

HGNNP 80.45/0.46 82.88/0.67 78.61/0.50 80.69/0.57

[HGNN] 80.10/0.25 82.65/0.70 77.62/0.35 80.05/0.39

Heterophily
Speci�c

EDGNN 86.69/1.12 87.26/0.89 84.69/1.77 85.74/0.90

UniG-Encoder 80.24/1.76 84.60/1.30 78.87/1.68 81.62/1.2 5

[HGNN+LDS] 85.59/1.34 86.39/1.07 85.10/1.86 85.74/1.46

[HGNN+SLF] 85.40/0.58 86.49/0.64 85.15/0.57 85.81/0.56

[SID-HGNN] 88.67 /0.66 89.21 /0.76 88.46 /0.69 88.83 /0.66

The self-collected FWUAV (S-FWUAV) fault dataset is collected on an aircraft equipped with ailerons, elevator
surfaces, and a fuel engine, as depicted in Figure 4(b). The aircraft is equipped with numerous sensors, and 9
variables have been selected to describe its health status [36], including the elevator de
ection angle, left aileron
de
ection angle, right aileron de
ection angle, heading angle, pitch angle, roll angle, altitude, airspeed, and engine
cylinder temperature. Consequently, 2948 samples are collected,with faults introduced sequentially in the last 6
variables. The details of the faults are provided in Table 2 and Figure 5(b) illustrates the 
ight curves, with arrows
marking the time period of each fault.

5.2.2 Classi�cation results

The SID-HGNN and comparative methods are evaluated on the two datasets, and the results are summarized in
Tables 3 and 4, respectively. These tables record the mean=variance of Accuracy, Precision, Recall, and F1 scores
for all methods, each run independently for 5 trials. In addition, these tables are divided into three sections by
solid lines, containing MLP, simple graphs, and hypergraphs. The lasttwo sections are further subdivided into 5
categories by dashed lines according to di�erent graph structures described in Subsection 5.1.

Furthermore, F1 scores listed in Tables 3 and 4 are visualized using box plots in Figures 6(a) and (b), respectively,
to examine the impact of the heterophily problem on various methods. In these �gures, the dashed boxes labeled
A, B, C, and D encompass hypergraph methods with static and dynamic hyperstructures, simple graphs with static
and dynamic simple structures, respectively.

It can be clearly observed from Figure 6 that the performance of the methods in the dashed boxes labeled D, C,
B, and A shows a decreasing trend on both datasets. Meanwhile, MLP that ignores the graph structure outperforms
all methods in the dashed boxes. To be speci�c, as demonstrated inTable 3, the F1 mean values of MLP, methods
labeled D, C, B and A deteriorate sequentially as 87.80%, 86.40%, 86.03%, 83.19%, and 80.63% on the ALFA
dataset. The trend is even more prominent on the S-FWUAV dataset in Table 4, listed as 88.57%, 82.46%, 78.78%,
74.44%, and 73.36%.

The experimental results empirically support Corollary 1, con�rming the progressively deteriorating trend in
classi�cation performance across methods that ignore the graphstructure, methods with static simple structures,
and methods with static hyperstructures. Additionally, within the s ame graph framework, whether for simple
graphs or hypergraphs, the methods using dynamic graph structures exhibit superior adaptability to the heterophily
problem compared to those with static graph structures. This result indirectly con�rms the rationality and validity
of the dynamic structure used in the proposed method.

Nonetheless, in spite of a hypergraph-based framework, SID-HGNN e�ectively mitigates the challenges posed by
the heterophily problem. As shown in Table 3, SID-HGNN achieves an F1 score that is at least 4.4% higher than
those of hypergraph-based methods with either dynamic or staticstructures. Especially, it outperforms EDGNN and
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Table 4 Performance of methods on S-FWUAV fault dataset. Bold value s indicate the optimal result for each column metric.

Graph framework Graph structure Method Acc. (%) Precision ( %) Recall (%) F1 (%)

{ { MLP 88.92/0.62 89.32/0.59 87.83/0.65 88.57/0.62

Simple graphs

Dynamic (D)
F1 mean 82.46%

SuperGAT 88.83/0.85 90.06 /1.05 87.43/0.87 88.23/0.95

GAT 78.80/0.52 79.39/0.39 78.59/0.42 79.99/0.39

GraphSAGE 78.91/0.45 79.66/0.46 78.69/0.44 79.17/0.45

Static (C)
F1 mean 78.78%

SGCN 78.57/0.88 79.52/0.75 78.26/0.77 78.89/0.76

GIN 79.05/0.71 79.44/0.77 78.32/0.55 78.88/0.64

GCN 78.19/0.61 79.33/0.56 77.82/0.60 78.57/0.58

Hypergraphs

Dynamic (B)
F1 mean 74.44%

HNHN 73.54/0.41 75.25/0.37 73.23/0.39 74.22/0.37

UniGAT 74.89/0.29 76.43/0.26 74.60/0.28 75.50/0.27

UniSAGE 73.24/0.27 74.54/0.29 72.69/0.31 73.60/0.28

Static (A)
F1 mean 73.36%

UniGIN 73.01/0.60 74.25/0.56 72.42/0.55 73.32/0.52

UniGCN 72.61/0.45 74.60/0.58 72.30/0.39 73.43/0.48

HGNNP 72.09/0.50 73.89/0.47 71.79/0.49 72.82/0.48

[HGNN] 73.04/0.34 74.96/0.47 72.79/0.35 73.86/0.40

Heterophily
Speci�c

EDGNN 81.84/0.38 81.93/0.22 81.35/0.57 81.30/0.18

UniG-Encoder 75.72/1.27 78.10/0.41 74.78/0.68 76.40/0.3 7

[HGNN+LDS] 86.21/0.74 87.05/0.70 85.60/0.68 86.32/0.68

[HGNN+SLF] 76.13/0.51 77.32/0.58 75.59/0.56 76.44/0.56

[SID-HGNN] 89.20 /0.57 89.59/0.48 88.60 /0.45 89.09 /0.42

Figure 6 (Color online) F1 scores and ablation study. (a) F1 scores on ALFA fault dataset; (b) F1 scores on S-FWUAV fault dataset;
(c) ablation study on ALFA and S-FWUAV fault datasets.

UniG-Encoder, two methods speci�cally designed for the heterophily problem, by 3.09% and 7.21%, respectively.
The results in Table 4, pertaining to the S-FWUAV dataset, show that the F1 score of SID-HGNN is at least 7.79%
higher than that of other hypergraph-based methods, which further con�rms that the SID-HGNN signi�cantly
enhances the adaptability of the hypergraph framework to the heterophily problem. Furthermore, SID-HGNN
surpasses almost all other methods, including simple graph-based approaches and MLP, across all performance
metrics.

As a supplement to the tabular results, Figures 7 and 8 visualize the input and output data distributions of
selected methods using t-SNE dimensionality reduction technique. As shown in these �gures, the output data
distributions based on SID-HGNN exhibit the least overlap among di�erent classes, providing a more intuitive and
e�ective classi�cation e�ect.

5.2.3 Ablation study

The ablation analysis presented in Tables 3 and 4, with the corresponding methods highlighted by square brackets,
systematically evaluates the contribution of each component through four distinct con�gurations: HGNN (without
either LDS or SLF modules); HGNN+LDS (integrated with only the LDS module); HGNN+SLF (integrated with
only the SLF module); SID-HGNN (the full framework integrating bo th LDS and SLF modules). In addition, the
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Figure 7 (Color online) Data distributions on ALFA fault dataset. (a ) Input layer; (b) HGNNP; (c)HNHN; (d) UniGAT; (e) UniGCN;
(f) UniGIN; (g) UniSAGE; (h) EDGNN; (i) UniG-Encoder; (j) SI D-HGNN.

Figure 8 (Color online) Data distributions on S-FWUAV fault dataset . (a) Input layer; (b) HGNNP; (c) HNHN; (d) UniGAT; (e) UniGCN ;
(f) UniGIN; (g) UniSAGE; (h) EDGNN; (i) UniG-Encoder; (j) SI D-HGNN.

Figure 9 (Color online) Confusion matrices. (a) HGNN on ALFA fault da taset; (b) SID-HGNN on ALFA fault dataset; (c) HGNN on
S-FWUAV fault dataset; (d) SID-HGNN on S-FWUAV fault datase t.

results are further visualized in Figure 6(c) using bar charts. The results clearly demonstrate that methods inte-
grating a single module consistently improve performance across allmetrics compared to HGNN, thereby validating
the e�cacy of each module. Moreover, SID-HGNN, which integrates both modules, achieves superior performance
over the single-module variants, highlighting their complementary bene�ts.

Figure 9 shows the confusion matrices for both HGNN and SID-HGNNon the two fault datasets. The results
indicate that the SID-HGNN framework achieves signi�cant improvements in categories 1, 2, 3, 6, and 7 of the
ALFA dataset, and categories 4 and 5 of the S-FWUAV dataset. Bycomparing Figures 7(a) and 8(a), it can be
seen that the input data distribution of the aforementioned categories is more intricately intertwined than that of
other categories. The observations a�rm that the superior performance of the SID-HGNN framework stems not
only from its ability to handle straightforward data distributions, bu t more importantly, from its e�ectiveness in
addressing distributions signi�cantly in
uenced by the heterophily p roblem.

5.2.4 Parameter sensitivity analysis

The proposed SID-HGNN framework involves two critical hyperparameters: the number of nearest neighborsk and
the iteration order setting l . These parameters determine the hypergraph structuresShgnn in (18) and the fused
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Figure 10 (Color online) Parameter sensitivity analysis. (a) Perfor mance with various k on ALFA fault dataset; (b) performance with various
k on S-FWUAV fault dataset; (c) performance with various l on ALFA fault dataset; (d) performance with various l on S-FWUAV fault dataset.

features �x i in (19), which collectively in
uence the framework's performance. In this subsection, we conduct a
comprehensive parameter sensitivity analysis.

The KNN method plays a pivotal role in shaping the hypergraph structure by determining the number of nodes
included in each hyperedge. Speci�cally, the choice of the nearest neighbor number k directly in
uences the scope
of neighborhood interactions: a largerk extends the in
uence domain of each node, and vice versa. This, in turn,
signi�cantly in
uences the performance of hypergraph convolution. To systematically investigate the in
uence of k,
we conduct an extensive experimental evaluation of the proposedSID-HGNN framework across a range ofk settings
as f 3; 4; 5; 6; 7; 8; 9; 10; 12; 14; 16; 18; 20; 25; 30g on two datasets, with the results presented in Figures 10(a) and (b).
As shown in Figure 10(a), the evaluation metrics of SID-HGNN demonstrate a distinct three-phase pattern as the
value of k increases: a rapid initial increase within the small range ofk in 3{6, followed by consistently high-level
performance overk in 6{20, and subsequently a gradual decline at largerk values. It demonstrates the robustness
over the relatively wide selection range ofk from 6 to 20. Figure 10(b) further validates this robustness on the
S-FWUAV dataset, where model performance improves rapidly as the nearest neighbor settingk increases from 3
to 9, then stabilizes at high performance in the range of 10 to 30.

On the other hand, to investigate the impact of various iteration order settings l on the performance of SID-
HGNN, we conduct comprehensive experiments on two datasets, covering a range ofl 2 f 2; 3; 4; 5; 6; 7; 8; 9; 10g. The
results are presented in Figures 10(c) and (d). Experimental results shown in these two �gures indicate that, on the
ALFA dataset, all evaluation metrics remain stable within the range of 0.87 to 0.90. For the S-FWUAV dataset,
the F1 score initially reaches 0.87 atl = 2 and subsequently stabilizes around 0.885 asl increases, demonstrating
the strong robustness and adaptability of SID-HGNN to various values of l .

5.2.5 Interpretability analysis

In this subsection, we visualize the hypergraph networks and structure matrices on two fault datasets to graphically
analyze the reasons why the SID-HGNN framework can tackle the heterophily problem.

As discussed in Sections 2 and 4, the static hyperstructureShgnn of HGNN, as de�ned in (6), and the dynamic
hyperstructure eShgnn of SID-HGNN, as de�ned in (21), incorporate the interactive e�ects of the nodes and hy-
peredges. According to the in
uence gradient theorem proposedin Section 3, these two structures can be used
to measure the mutual in
uences of nodes within the hypergraph framework. Speci�cally, the i -th row and j -th
column element in Shgnn and eShgnn can be viewed as the accumulated in
uence weight that thej -th node exerts
on the i -th node.

Therefore, as shown in Figure 11(a), we visualize the hypergraph networks on the ALFA fault dataset by trans-
forming every non-zero in
uence weight in Shgnn into a linking edge within the network. For ease of presentation,
the self-connected edges of each node are omitted. Thereby, the static structure Shgnn is inherently represented by
a sparse matrix, and illustrated as a 1325� 1325 dot plot in Figure 11(e), in which each dot signi�es a nonzero value
at the corresponding position within the matrix. Given that the ALFA fault dataset organizes fault categories of
varying sizes in a sequential manner, we illustrate boxes of corresponding sizes along the diagonal in Figure 11(e),
with each box containing samples from the same category. Ideally, the structure matrix should distribute more
points within each box and fewer points outside the boxes in Figure 11(e). The distribution of nonzero values of
the static structure Shgnn is shown by histograms in Figure 11(i). Similar patterns across di�erent structures and
datasets can also be observed in the following groups of Figure 11: (b)(f)(j), (c)(g)(k), and (d)(h)(l).

Comparative analysis of Figures 11(a) and (b) demonstrates a substantial reduction in redundant edges achieved
by the SID-HGNN framework. As evidenced in Figures 11(e) and (f), conventional HGNN induces prominent
inter-category interference, while our SID-HGNN e�ectively enhances intra-category interference while suppressing
inter-category interactions. The distribution patterns in Figures 11(i) and (j) reveal fundamental di�erences between
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Figure 11 (Color online) Interpretability analysis. (a) Network plo t of Shgnn on ALFA; (b) network plot of eShgnn on ALFA; (c) network plot
of Shgnn on S-FWUAV; (d) network plot of eShgnn on S-FWUAV; (e) dot plot of Shgnn on ALFA; (f) dot plot of eShgnn on ALFA; (g) dot plot
of Shgnn on S-FWUAV; (h) dot plot of eShgnn on S-FWUAV; (i) histogram of Shgnn on ALFA; (j) histogram of eShgnn on ALFA; (k) histogram
of Shgnn on S-FWUAV; (l) histogram of eShgnn on S-FWUAV.

static and dynamic hypergraph structures. Speci�cally, the dynamic hyperstructure eShgnn in Figure 11(j) exhibits
value concentrations near zero, indicating that the dynamic structure e�ectively preserves critical connections while
eliminating redundant ones. This contrasts sharply with the dispersed distribution observed in the static structure
Shgnn (Figure 11(i)), which clearly reveals the underlying reason for SID-HGNN's enhanced capability in addressing
the heterophily problem.

Complementary validations are presented for the S-FWUAV dataset in the following pairs of Figure 11: (c) and
(d), (g) and (h), (k) and (l). These �gures systematically present network plots, dot plots, and weight distributions,
respectively, which further corroborate the superiority of the proposed framework.

6 Conclusion

The hypergraph framework inherently possesses the capacity tomodel intricate, high-order relationships. However,
its potential remains untapped when addressing the heterophily problem in semi-supervised node classi�cation
tasks. To tackle this problem, this paper investigates the in
uencedomain and in
uence gradient across various
graph-based frameworks, and reveals the theoretical foundations explaining why hypergraphs are more susceptible
to the heterophily problem compared with simple graphs and even structure-agnostic methods. A novel hypergraph
framework SID-HGNN is then proposed, which integrates structural and locational features and incorporates a
label in
uence-based approach for dynamic hyperstructure construction. These innovations enhance the ability of
hypergraph-based frameworks to address the heterophily problem. The proposed framework is applied to fault clas-
si�cation of FWUAVs and evaluated against multiple state-of-the-a rt methods using two real-world 
ight datasets,
empirically demonstrating its e�ectiveness and superiority. Furthermore, the underlying theory and methodology
can be extended to a wide range of graph-based approaches, o�ering new insights and inspiring further research in
this area.
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