Preprints are preliminary reports that have not undergone peer review.

6 Research Sq uare They should not be considered conclusive, used to inform clinical practice,

or referenced by the media as validated information.

Jacobi-Enhanced Dynamic Hypergraph Learning for
Graph-Based Fraud Detection

Danyang Li

Beijing Police College

Jie Shen
Guangxi Police college
XiangBeng Yang
Guangxi Police college
Zhenkai Qin

qinzhenkai®ex joxy,edu, cn

Guangxi Police college

Article

Keywords: Fraud detection, Dynamic hypergraph neural network, KAN-like classification, Graph neural
network, Financial fraud

Posted Date: September 11th, 2026
DOI: https://doi.org/10.21203/rs.3.rs-10577848/v1

License: €© @ This work is licensed under a Creative Commons Attribution 4.0 International License.
Read Full License

Additional Declarations: No competing interests reported.

Version of Record: A version of this preprint was published at Scientific Reports on October 29th, 2026.
See the published version at https://doi.org/10.1038/s41598-026-76204-6.


https://doi.org/10.21203/rs.3.rs-10577848/v1
https://doi.org/10.21203/rs.3.rs-10577848/v1
https://doi.org/10.21203/rs.3.rs-10577848/v1
https://creativecommons.org/licenses/by/4.0/
https://doi.org/10.1038/s41598-026-76204-6

Jacobi-Enhanced Dynamic Hypergraph Learning
for Graph-Based Fraud Detection

Danyang Li', Jie Shen?, XiangBeng Yang?, Zhenkai Qin®"

!Department of Public Security Management, Beijing Police College,
Beijing, China.
2School of Information Technology, Guangxi Police College, Nanning,
China.

*Corresponding author(s). E-mail(s): qinzhenkai@gxjcxy.edu.cn;

Abstract

Financial and e-commerce fraud detection remains challenging because fraudu-
lent entities may exploit structural camouflage and coordinated activities. We
propose JK-DHGNN, a dual-view framework that combines observed pairwise
relations with learned higher-order affiliations. A Top-K dynamic hypergraph gen-
erator suppresses low-confidence assignments, a Jacobi spectral filter aggregates
multi-order graph signals, and a Jacobi polynomial-based KAN-like classifier pro-
vides adaptive nonlinear prediction. Under stratified random splits, JK-DHGNN
achieves the highest mean AUC and AP on YelpChi and Amazon, while remaining
above several conventional and hypergraph baselines on Elliptic. Ablation analy-
ses reveal dataset-dependent component behavior: Jacobi filtering and auxiliary
supervision are most beneficial on the review graphs, whereas dynamic hyper-
graph learning is critical on the sparse Elliptic transaction graph. Random edge
perturbation and a transductive time-aware case study further characterize the
model’s stability and limitations. These results support dynamic high-order struc-
ture learning for fraud detection while highlighting the need for dataset-adaptive
integration of spectral and classifier modules.

Keywords: Fraud detection, Dynamic hypergraph neural network, KAN-like
classification, Graph neural network, Financial fraud



1 Introduction

Financial and e-commerce fraud—including credit card fraud, money laundering, and
malicious review manipulation—poses a persistent threat to digital economies and
decentralized financial systems [1]. Such misconduct is rarely independent: accounts,
transactions, users, and products form relational patterns that can reveal coordinated
or concealed behavior. Graph neural networks (GNNs) have therefore become an
important paradigm for fraud detection because they jointly exploit entity attributes
and graph structure [2]. Their effectiveness, however, depends on the informativeness of
the neighborhoods over which messages are propagated. Fraudsters can undermine this
premise by coordinating in groups and establishing benign-looking interactions that
obscure suspicious behavior. These strategies introduce heterophilous or misleading
connections and reduce the reliability of conventional neighborhood aggregation [3].

Despite substantial progress, three limitations remain particularly relevant to
graph-based fraud detection. (1) Incomplete representation of higher-order
coordination: Most GNNs propagate information over pairwise edges and can repre-
sent group-level behavior only indirectly through multiple propagation steps. Pairwise
graphs may therefore fail to express explicitly that several entities participate in a com-
mon fraudulent activity [4]. Furthermore, when the observed topology is incomplete or
unavailable, heuristic constructions such as k-nearest-neighbor graphs can introduce
spurious relations. (2) Sensitivity to heterophily and over-smoothing: Fraudulent
entities may connect to benign entities as a form of camouflage, violating the homophily
assumption implicit in many aggregation schemes. Because conventional message
passing often has a low-pass effect, repeated propagation can homogenize node repre-
sentations and attenuate high-frequency components that may carry anomaly-related
information [5, 6]. (3) Challenging decision-boundary estimation: Fraudulent
and benign nodes may remain entangled after graph propagation, and the scarcity of
fraudulent samples further complicates classification. Although MLPs are expressive in
principle, their fixed nodal activation functions may be inefficient for representing the
irregular nonlinear mappings required in such settings [7].

Prior studies have investigated fraud-aware neighbor selection, graph structure
learning, spectral filtering, and expressive nonlinear classifiers. Each direction addresses
an important part of the problem, but their separate use leaves interactions between
topology construction, graph-signal propagation, and final classification insufficiently
examined. In particular, a learned higher-order structure may still propagate unreliable
affiliations if it is dense; flexible spectral features may remain underused if the classi-
fier cannot model a complex boundary; and a learned topology should complement,
rather than indiscriminately replace, reliable observed relations. These considerations
motivate a unified framework that retains observed structural evidence, learns sparse
latent affiliations, extracts multi-order graph signals, and performs adaptive nonlinear
classification in an end-to-end manner.

To this end, we propose JK-DHGNN (Jacobi-KAN Enhanced Dynamic Hyper-
graph Neural Network), a dual-view framework for fraud detection. Its static view
converts each observed pairwise edge into a two-node hyperedge, preserving the avail-
able topology in a hypergraph-compatible form. In parallel, an Adaptive Dynamic



Hypergraph Generator infers latent node-to-hyperedge affiliations from interme-
diate representations. Row-wise Top-K sparsification retains only the most confident
dynamic affiliations of each node, thereby limiting propagation through low-confidence
learned assignments without discarding observed edges from the static view. A Spec-
tral Jacobi Graph Filter constructs and adaptively combines multiple polynomial
orders, providing a flexible frequency response rather than imposing purely low-pass
aggregation. Finally, a Jacobi-KAN layer combines a SiLU-activated linear branch
with learnable one-dimensional functions parameterized by Jacobi polynomials. We
refer to this classifier as KAN-like because it follows the edge-function principle of
KAN while replacing the original B-spline basis with Jacobi polynomials. The complete
model jointly optimizes spectral representation learning, dynamic topology construction,
dual-view propagation, and nonlinear prediction.
The main contributions of this paper are summarized as follows:

® Dual-view structural learning: We develop a hypergraph framework that pre-
serves the observed pairwise topology as a static structural prior and learns a
complementary dynamic view of latent higher-order affiliations. Top-K assignment
restricts each node to its most confident learned hyperedge affiliations, reducing the
influence of low-confidence dynamic relations.

® Jacobi-enhanced representation and classification: We integrate a Jacobi
spectral graph filter with a Jacobi polynomial-based KAN-like classifier. The filter
adaptively combines multi-order graph signals, whereas the classifier learns edge-wise
nonlinear transformations for the resulting fraud representations.

® Structure-aware empirical analysis: We evaluate JK-DHGNN across dense
review graphs and a sparse transaction graph through component ablations, random
structural perturbation, a transductive time-aware case study, and computational-
cost analysis. The results reveal both the effectiveness and the dataset-dependent
interactions of the proposed components.

2 Related Work

Early financial anomaly detection methods relied primarily on conventional machine
learning algorithms, such as random forests and support vector machines, or on rule-
based expert systems. These approaches generally treated entities as independent
observations and therefore overlooked relational dependencies. The emergence of graph
neural networks (GNNs), including GCN [8] and GraphSAGE [9], enabled neighborhood-
based representation learning and improved the use of local structural information.
Nevertheless, many spatial message-passing models assume homophily and may perform
poorly when fraudulent entities disguise themselves through interactions with benign
nodes. Fraud-aware GNNs have consequently been developed to address heterophily,
camouflage, and class imbalance. CARE-GNN [10], for example, uses reinforcement
learning to select relation-specific neighbor-sampling thresholds, whereas PC-GNN [11]
employs label-balanced sampling. FraudRE [12] further incorporates heterogeneous
relations to distinguish the semantics of different interaction types. Despite these
advances, most such models remain based on pairwise node-to-node propagation and
thus represent coordinated group behavior only indirectly.



Hypergraph learning provides a natural means of representing relations among more
than two entities. Zhou et al. [13] established a spectral formulation for hypergraph
learning, and subsequent neural approaches extended this formulation to representa-
tion learning. HGNN [14] models high-order data correlations through hypergraph
convolution, whereas HyperGCN [15] approximates hypergraph structure using graph-
based propagation. However, conventional hypergraph methods remain difficult to
apply directly to fraud detection. Static hypergraphs constructed from heuristics such
as k-nearest neighbors can introduce spurious associations when the feature space
is contaminated by adversarial or noisy observations. Dynamic hypergraph methods,
including that of Jiang et al. [16], can adapt the structure during learning, but dense
assignment or similarity operations may increase computational cost and propagate
low-confidence relations. Our framework instead retains the observed pairwise topology
in a static hypergraph-compatible view and learns a complementary dynamic view
through Top-K sparse hyperedge assignment.

Feature propagation presents a related challenge. From a graph signal processing
perspective, neighborhood aggregation often behaves as a low-pass filter. Although
this behavior is beneficial in homophilous graphs, it can attenuate high-frequency
components associated with anomalous or heterophilous nodes. Repeated propagation
may further produce over-smoothing, whereby node representations become increasingly
similar. Spectral GNNs address this limitation by parameterizing graph filters in the
frequency domain. ChebNet [17] uses Chebyshev polynomials for localized filtering,
while BernNet [18] and GPR-GNN [19] learn flexible frequency responses. Wang et
al. [20] further showed that orthogonal Jacobi polynomials constitute a flexible basis
for spectral graph filtering. Motivated by these findings, we use Jacobi polynomial
filtering to combine multi-scale structural signals and retain anomaly-relevant frequency
components.

At the classification stage, most GNN-based fraud detectors use multilayer percep-
trons (MLPs). Although MLPs are universal approximators, architectures based on fixed
nodal activation functions may not provide the most parameter-efficient representation
of irregular decision boundaries under severe class imbalance. Kolmogorov-Arnold Net-
works (KANs) replace fixed nodal activations with learnable one-dimensional functions
on network edges [21]. The original KAN parameterizes these functions using B-spline
bases. In contrast, our KAN-like classifier uses Jacobi polynomial bases together
with a SiLLU-activated linear branch. This parameterization aligns the classifier with
the spectral module and provides an adaptive nonlinear mapping for the final fraud
representations.

Collectively, prior studies have advanced fraud-aware message passing, hypergraph
learning, spectral filtering, and adaptive function approximation. These directions,
however, have largely been investigated independently. The joint modeling of observed
structural priors, latent higher-order affiliations, anomaly-relevant spectral components,
and adaptive nonlinear classification remains underexplored. JK-DHGNN addresses
this gap by integrating Top-K sparse dynamic hypergraph generation, Jacobi spectral
filtering, and a Jacobi polynomial-based KAN-like classifier within a unified end-to-end
framework.



3 Preliminaries and Problem Formulation

This section introduces the notation used for graphs and hypergraphs and formulates
fraud detection as transductive semi-supervised node classification. Bold uppercase
letters denote matrices (e.g., X), bold lowercase letters denote vectors (e.g., x), and
italic lowercase letters denote scalars (e.g., k).

3.1 Notations and Definitions

Definition 1 (Attributed Graph). Let G = (V, ) denote an input graph, where
V = {v1,v9,...,un} is the set of N nodes (e.g., accounts or transactions) and £ is the
edge set. The associated feature matrix is X € RNY*F whose i-th row, x; € RF, is the
F-dimensional feature vector of node v;.

Definition 2 (Hypergraph). A hypergraph generalizes a standard graph by
allowing each hyperedge to connect more than two nodes. Let G;, = (V, &) denote
a hypergraph with hyperedge set &, = {e1, 2, ...,en}. Each hyperedge e; C V may
contain an arbitrary number of nodes and can therefore represent group-level relations.

The topological structure of a hypergraph is represented by a nonnegative incidence

matrix H € RYM. Tts entry H;; is defined as

H, — wij, if node'vi € e, (1)
0, otherwise,

where w;; > 0 denotes the participation weight of node v; in hyperedge e;. In JK-
DHGNN, the static incidence matrix Hgqtic is the binary special case with w;; = 1,
whereas the dynamic incidence matrix Hgy, is a sparse nonnegative weighted matrix
obtained after Top-K sparsification and row-wise renormalization.

The node degree d(v;) and hyperedge degree d(e;) are obtained from the correspond-
ing row and column sums of H. The diagonal node- and hyperedge-degree matrices,
D, € RV*N and D, € RM*M are defined as

M N
Do)y =3 Hij, (D) =3 Hy (2)

These matrices are used to normalize hypergraph message passing.

3.2 Problem Formulation

We consider a transductive node-classification benchmark with three pairwise-disjoint
labeled node sets: the training set Vy,., validation set V,4;, and test set V;.. Their union
is a subset of V because a dataset may also contain nodes without reference labels.
The complete graph structure and node features are available during training, but
the optimization objective is evaluated only on V.. The validation labels are used
exclusively for hyperparameter selection and early stopping, and the test labels are
accessed only for final evaluation. In the primary experiments, the labeled benchmark



nodes are divided into these three sets using the 40%/20%/40% protocol described in
Section 5.

Let Y denote the reference labels for the benchmark nodes, where C' is the number
of classes. For binary fraud detection, C' = 2, and the scalar label y; € {0, 1} indicates
whether node v; is benign (y; = 0) or fraudulent (y; = 1).

Objective: Given the node feature matrix X, the training labels Y[V;,], and an
initial topology represented by the static incidence matrix Hg;gtic, JK-DHGNN learns
a mapping fo(-) parameterized by ©O:

f@(XaHstatic) = YAv (3)

The objective is to predict the labels of nodes in Vi while reducing sensitivity to
heterophilous and noisy graph structure and severe class imbalance, without using
validation or test labels in parameter optimization.

4 Methodology
4.1 Overall Framework

Fraudulent entities may conceal their behavior through benign-looking local interactions
while simultaneously participating in coordinated group activities. These patterns
challenge conventional GNNs, which generally rely on pairwise propagation and may
suffer from over-smoothing in heterophilous graphs. JK-DHGNN addresses these issues
by extracting multi-scale structural signals, learning latent higher-order affiliations,
and providing adaptive nonlinear classification under severe class imbalance.

Let G = (V, &) denote the input graph, where V contains N nodes and X € RV*F s
the node feature matrix. The initial topology may be observed directly from relational
data or constructed from node features. To support hypergraph message passing,
reciprocal and duplicated node pairs are coalesced, and each remaining non-self-loop
pair {u,v} is converted into one two-node hyperedge, yielding the static incidence
matrix Hg;qs.. The static view therefore retains the available pairwise structural prior,
whereas the dynamic view learns latent higher-order affiliations. The spectral adjacency
uses the same coalesced node pairs and represents directed relations bidirectionally
before normalization.

As illustrated in Figure 1, JK-DHGNN comprises three components. Spectral
Jacobi Feature Extraction applies orthogonal Jacobi polynomial filtering to obtain
multi-scale graph representations. Adaptive Dynamic Hypergraph Generation
infers a sparse incidence matrix Hgy,, through Top-K hyperedge-affiliation selection.
Dual-View Convolution and Jacobi-KAN Classification propagates information
over both hypergraph views and applies a Jacobi polynomial-based KAN-like classifier.
An auxiliary classifier attached to the intermediate spectral representation provides
additional supervision during training.
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Fig. 1 Overall architecture of JK-DHGNN. The framework contains three components: (1) Spectral
Jacobi Feature Extraction, which learns the intermediate representation Zj,;, from input features
and graph topology; (2) Adaptive Dynamic Hypergraph Generation, which constructs a sparse
dynamic hypergraph incidence matrix Hgyy, through Top-K hyperedge affiliation selection; and (3)
Dual-View Convolution and Jacobi-KAN Classification, in which the static and dynamic
branches share ©() and are fused using the learnable scalar Adyn before the final prediction.

4.2 Spectral Jacobi Feature Extraction

Conventional message-passing GNNs often exhibit low-pass filtering behavior. Repeated
aggregation can consequently attenuate anomaly-relevant high-frequency components
and produce over-smoothing. This effect is particularly problematic when fraudulent
nodes connect to benign nodes as a form of camouflage. We therefore introduce a
spectral Jacobi graph filter to extract representations at multiple polynomial orders.

The proposed filter uses orthogonal Jacobi polynomials to construct a flexible com-
bination of low- and high-frequency components. Let A denote the degree-normalized
sparse adjacency matrix derived from the observed topology. For an undirected spectral
interpretation, directed relations are represented as bidirectional edges before normal-
ization. A learnable feature transformation first maps X to X’ € RV*F ". The filter
then recursively computes the order-n representation Z, € RN*F ". The fixed shape
parameters aspec and bgpec, selected on the validation set for each dataset, determine
the Jacobi basis. The base cases are

Zo=X', (4)

‘ e +2
Z, = 6, 14 Bowee Fhwec F2 51 50 (5)

|:aspec - bspec

where 6y is a learnable coefficient. To compute representations for higher-order
neighborhoods (n > 2), we follow a parameterized three-term Jacobi recurrence relation:

Zn = 97171 (Cn,lA + cn,QI) anl - 9n719n72cn,3zn72a (6)

where ¢, 1, ¢p 2, and ¢, 3 are the Jacobi recurrence coeflicients determined by n,
Aspec, and bgpec. For filtering order d, the recurrence uses the d learnable coefficients



{Hi}?;()l . These coefficients are bounded using a hyperbolic tangent function to stabilize
optimization and constrain the spectral response.

Filtering to order d produces the representations {Zg, Z1, ..., Zq}. Rather than
concatenating or uniformly averaging these representations, a spatial attention module
fuses the polynomial orders separately for each node. For order k, an order-specific
linear projection is first applied:

v =Zy Wy, (7)

where W), € RE'*F' ig a learnable projection matrix. Meanwhile, an order-specific

global context query qz € R1*¥ " is obtained by mean-pooling over all N nodes:
1
qk = N Z (Zk)v):. (8)
v=1

The attention score sy, is computed from the inner product between the global query
and the projected representation of node v, followed by a hyperbolic tangent activation:

-
Sk = tanh (ax - (Z,)") - )
The scores are normalized across the d 4+ 1 polynomial orders using softmax:

exp(Sk.v
. LTI (10)
Zizoexp(si,v)

The representation of node v is then obtained as a weighted combination of the
projected order-specific representations:

d
Z,=Y arZh,. (11)
k=0

Stacking the node-wise representations Z, over all nodes yields 7 € RN*F Finally, a
linear transformation is applied to obtain the intermediate spectral representation:

Zpoly = Zwouta (12)

where W,,; is learnable. The node-level attention mechanism allows the contribution
of each polynomial order to vary across nodes, providing the representation used for
subsequent dynamic hypergraph generation.

4.3 Adaptive Dynamic Hypergraph Generation

The static hypergraph Hgqsic retains the observed pairwise topology but may not
explicitly represent latent coordination among multiple entities. We therefore construct
a dynamic hypergraph from the intermediate spectral representation Zyo;,.



First, node representations are projected into a latent hyperedge assignment space:
S = Zpolywassigna (13)
where W s5i9n € RF'XMayn ig a learnable weight matrix, and Mgy, denotes the number

of potential dynamic hyperedges. A row-wise softmax function is then applied to
convert the affinity scores into a dense assignment probability matrix H € RN *Mayn:

H, exp(Si,;)

ij = . : (14)
Zmdyl eXp( )

Each row of H defines a node’s distribution over the potential dynamic hyperedges.
A dense assignment matrix can propagate low-confidence affiliations and increase
computational cost. We therefore apply Top-K sparsification: for each node, only
the K largest affiliation scores are retained, and all remaining entries are set to zero:

o H,;, ifH,; € TopK(H; )
H (i, — »J? »J i/ 15
ayn (1) {O, otherwise. (15)
The retained scores are subsequently renormalized for each node:
den(za]) = Mayn . (16)

Yo Hayn(i,m) + €

where € is a small positive constant used for numerical stability. During backpropagation,
the Top- K mask is treated as a hard constraint, and gradients pass through the retained
scores.

The resulting Hg,,, is a sparse, probability-weighted incidence matrix. By removing
low-confidence assignments, Top- K sparsification limits their contribution to message
propagation. Importantly, K specifies the number of dynamic hyperedge affiliations
retained per node; it does not specify the cardinality of an individual hyperedge.

For hypergraph convolution over this weighted structure, we compute the
corresponding node and dynamic hyperedge degree matrices as follows:

Mayn
vdZZ Zdenl] (17)
ed .7 J Zden { ] (18)

In the implementation, degree values are lower-bounded by 10~ to prevent division
by zero during matrix normalization. Because the retained dynamic affiliations are
renormalized row-wise after Top-K sparsification, the dynamic node-degree matrix
D, 4 is numerically close to the identity matrix. We retain this term to preserve



a unified notation for the static and dynamic propagation operators, whereas D;}i
remains important for controlling differences in dynamic hyperedge mass.

4.4 Dual-View Convolution and Jacobi-KAN Optimization

Given Hyyquic and Hgyy,, the model performs message passing over both hypergraph
views. The static view represents the observed pairwise prior, whereas the dynamic view
represents learned higher-order affiliations. Both views share the transformation matrix
O at layer [, reducing the parameter count and encouraging a common feature space.

Given the input representation Z(), the static-view propagation is formulated as:

Z(l+1) - D;;/2HstaticD 1HT

static static (Z(l)(-)(l)) ) (19)
where D, ; and D, ; denote the node degree matrix and hyperedge degree matrix of the
static hypergraph, respectively. Similarly, the dynamic-view propagation is computed
as:
I+1 1/2 D

zit! =D,/ *Ha,D_jH],, (2060), (20)
where D, 4 and D, 4 are the dynamlc node- and hyperedge-degree matrices. We
employ left node-degree normalization in both the static and dynamic views. The
same propagation configuration is used throughout all reported experiments. The two
outputs are fused using a learnable scalar Agypn:

ZgCl;z}z)l = Zglt;rtlz)c + A TITLZdlytLl)7 (21)
where Ay, is optimized jointly with the remaining model parameters.

After L dual-view convolution layers, prediction is performed using a Jacobi
polynomial-based KAN-like classifier. Unlike the B-spline parameterization of the orig-
inal KAN, this layer represents learnable one-dimensional edge functions using Jacobi
polynomial bases and combines them with a Sil.U-activated linear branch:

dian

®(Z) = Linear (SiLU(Z)) + Z J; (tanh(Z); axan, bxan) Wi, (22)

where J;(*; Gkan, bkan) denotes the i-th Jacobi basis function, W is its trainable coeffi-
cient matrix, and dg., is the maximum degree. The classifier shape parameters are
initialized using the dataset-specific spectral values, al((g)n = Ugpec and bl((g)n = bgpec, and
are then optimized during training. By contrast, aspec and bspec remain fixed in the

spectral module. The constraints ay,, > —1 and by,, > —1 are enforced through
ayan = Softplus(ay,,) — 0.99,  bxan = Softplus(by,,) — 0.99, (23)

where aj,,, and b, are learnable variables.
Classifiers of the same functional form are applied to the intermediate representation
Z,01y and the final dual-view representation YA Fi ml The former provides auxiliary
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supervision, whereas the latter produces the final prediction. The training objective is
£total - »Cce (q)(zgflz%al)[vtrL Y[Vtr]> + ’yﬁce ((I)(Zpoly)[VtTL Y[Vtr]) ) (24)

where L.. denotes cross-entropy loss, [V selects the rows corresponding to the
training nodes, and v weights the auxiliary term. Thus, both objectives are computed
exclusively on the training mask: the auxiliary objective directly supervises the spectral
representation, while the primary objective optimizes the final dual-view embedding.

4.5 Complexity Analysis

We analyze the time and space complexity of JK-DHGNN. Let N be the number of
nodes, Fgiqic the number of observed static edges, I’ the hidden dimension, d the
Jacobi filter order, L the number of dual-view convolution layers, Mgy, the number of
candidate dynamic hyperedges, K the number of affiliations retained per node, C the
number of classes, and d,, the classifier polynomial degree.

The Spectral Jacobi Feature Extraction module computes multi-order polynomial
representations through sparse graph propagation and order-specific feature projection.
Computing representations up to order d incurs a time complexity of

O(dEstaticF + dNF?). (25)

The first term corresponds to sparse matrix multiplications over the graph topology,
while the second term comes from order-specific linear projections and attention-based
fusion.

The Adaptive Dynamic Hypergraph Generation module first projects node
representations into Mg, potential dynamic hyperedges, requiring

O(NMgynF). (26)

Row-wise softmax requires O(NMgy,,) operations. Under a heap-based selection
implementation, retaining the largest K affiliations for every node requires

O(NMgynlog K). (27)

The exact constant and selection cost depend on the Top-K implementation; when
Mgyn and K are bounded, this stage scales linearly with N.

For dual-view hypergraph convolution, the static view is based on the sparse
incidence structure converted from observed graph edges, while the dynamic view
is implemented with dense matrix operations for efficient GPU parallelization. The
dominant cost of dynamic-view propagation across L layers is

O(LN My, F). (28)

11



The Jacobi-KAN classification layer evaluates Jacobi polynomial bases and applies
trainable polynomial coefficients, introducing a complexity of

O(NFCdyay). (29)

Combining the above components, the overall time complexity can be summarized

as
O(dEgtaticF + dNF? + N Mgy, F
+ NMdyn IOg K+ LNMdynF + NFCdkan).

For fixed Mgyn, K, d, and djqr, the dominant cost is approximately linear in the number
of nodes and observed edges, with additional dependence on the hidden dimension.

In terms of space complexity, the static view requires storage proportional to
the observed topology, while the dynamic generator stores the intermediate dense
assignment matrix before Top-K sparsification. Therefore, the memory complexity is
approximately

(30)

O(Estatic+NMdy7l +dNF+LNF) (31)
The dNF' term accounts for retaining the order-specific Jacobi representations for
attention-based fusion, and LNF accounts for intermediate layer representations.
Although Top-K sparsification yields a sparse final incidence matrix, the current imple-
mentation stores the intermediate assignment matrix densely for GPU computation.
This N x Mgy, tensor may become the principal memory bottleneck on very large
graphs. Mini-batch hypergraph construction, subgraph sampling, or locality-sensitive
hashing could reduce this cost.

5 Experiments

This section evaluates JK-DHGNN through five research questions (RQs):

¢ RQ1 (Overall Performance): How does JK-DHGNN compare with representative
baselines across fraud detection scenarios?

¢ RQ2 (Component and Hyperparameter Analysis): How do the proposed
modules and key hyperparameters affect performance across datasets with different
graph characteristics?

¢ RQ3 (Structural Stability): How stable is JK-DHGNN under random structural
perturbation?

¢ RQ4 (Transductive Time-Aware Case Study): How does the model perform
under a transductive time-aware split on Elliptic?

¢ RQ5 (Computational Efficiency): What are the parameter, training-time, and
memory costs of the model?

5.1 Experimental Setup

5.1.1 Datasets

We evaluate JK-DHGNN on three public fraud detection benchmarks: YelpChi,
Amazon, and Elliptic. These datasets cover review spam, fraudulent-user, and
illicit-transaction detection, respectively. Their statistics are summarized in Table 1.

12



¢ YelpChi (Spam Review Detection) [22]: YelpChi contains hotel and restaurant
reviews. Each node represents a review, and the objective is to distinguish spam
from legitimate reviews. The graph includes R~-U-R relations between reviews posted
by the same user, R-T-R relations between reviews of the same product within the
same month, and R-S-R relations between reviews with the same rating. We merge
these relations into a homogeneous topology and convert the resulting edges into
the static incidence structure.

e Amazon (Fraudulent User Detection) [23]: The Amazon graph represents
users in the product-review domain and targets users who manipulate ratings. Its
U-P-U, U-S-U, and U-V-U relations are merged into a homogeneous topology and
converted into the static hypergraph view. Following the dataset protocol, training,
validation, and test splits are constructed from the labeled nodes only.

¢ Elliptic (Illicit Transaction Detection) [24]: Elliptic is a Bitcoin transaction
graph in which nodes denote transactions and directed edges denote transaction
flows. Transactions with unknown labels are removed, and the remaining labeled
transactions form an induced subgraph containing 46,564 nodes and 36,624 original
directed transaction edges. We retain 93 local transaction attributes after excluding
the time-step identifier; the time step is used only to construct the transductive time-
aware case-study split. Node indices and edges are remapped after filtering. For graph
propagation, each directed edge is represented bidirectionally, resulting in 73,248
directed adjacency entries before normalization, as described in Section 4.2. The
primary benchmark uses a stratified random split, while an additional transductive
time-aware case study is reported in Section 5.8.

Table 1 Characteristics of the real-world datasets.

Dataset YelpChi Amazon Elliptic
# Nodes 45,954 11,944 46,564
# Edges 3,846,979 4,398,392 36,624>
# Features 32 25 93
Anomaly (%) 14.53 9.50 9.76

# Elliptic reports original directed transaction edges;
bidirectional propagation uses 73,248 directed adja-
cency entries.

YelpChi and Amazon are dense, multi-relational review graphs, whereas Elliptic is
a comparatively sparse transaction-flow graph. Their different densities and semantics
allow the model to be evaluated under varied forms of structural noise, class imbalance,
and coordinated behavior.

5.1.2 Evaluation Metrics

Because fraudulent nodes constitute a minority class, accuracy can obscure poor fraud
detection performance. We therefore report the area under the receiver operating
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characteristic curve (AUC-ROC), Macro-F1, and average precision (AP). AUC-
ROC evaluates ranking performance across classification thresholds, Macro-F1 weights
the two classes equally, and AP summarizes the precision-recall trade-off for the positive
fraud class. A fixed decision threshold of 0.5 converts predicted fraud probabilities into
class labels for Macro-F1 calculation; this threshold is not optimized on the test set.

5.1.3 Baselines

We compare JK-DHGNN with 16 baselines grouped into four categories:

(1) Conventional GNNs: GCN [8], GAT [25], and GraphSAGE [9] provide
standard neighborhood-aggregation baselines.

(2) Spectral and Structure-learning Methods: GPRGNN [19] and
FAGCN [26] model adaptive frequency responses, while IDGL [27] jointly refines
graph structure and node representations.

(3) Fraud-aware and Specialized GNNs: CARE-GNN [10] and FRAU-
DRE [12] target camouflage, heterophily, or class imbalance. We also include
AMNet [28], GHRN [29], F2GNN [30], SparseGAD [31], GDN [32], and
AHFAN [33] as recent graph anomaly detection methods.

(4) Hypergraph Baselines: HGNN [14] and HyperGCN [15] assess the benefit
of dynamic Top-K structure learning relative to static hypergraph propagation.

5.1.4 Implementation Details and Hyperparameters

Table 2 summarizes the implementation and hyperparameter settings. JK-DHGNN
and the baselines are implemented in Python 3.9 with PyTorch 2.0 and evaluated on a
Linux server equipped with an NVIDIA RTX 4090 GPU (24 GB).

Each dataset is partitioned into training, validation, and test sets in an approximate
40%/20%/40% ratio using stratified random sampling. For Amazon, this split is applied
only to the labeled subset. Elliptic uses the same random-split protocol to maintain
consistency across the benchmark comparison.

We optimize JK-DHGNN using Adam for at most 1000 epochs and apply early
stopping with a patience of 150 epochs according to validation AP. The reported
objective uses unweighted cross-entropy for both the primary and auxiliary classifiers.
The hidden dimension and number of potential dynamic hyperedges are both 64. The
dynamic-view coefficient Agyy, is learnable, while the number of hypergraph layers and
Jacobi-KAN polynomial degree are fixed at L = 1 and dg., = 3, respectively. Dataset-
specific hyperparameters are selected exclusively according to validation AP. Each
configuration is evaluated with model seeds 2023-2027 on the split generated using
seed 2023, and results are reported as mean + sample standard deviation over five
runs. After hyperparameter selection, the test set is used only for final evaluation.

All baseline methods use the same train/validation/test split files and the same
five model seeds as JK-DHGNN. Each baseline is independently trained for five runs,
and its hyperparameters are selected according to validation performance using the
official implementation or settings recommended in the original study. The test labels
are not used for model selection.
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Table 2 Implementation details and dataset-specific hyperparameters.

Category Hyperparameter YelpChi Amazon Elliptic
Split Seed 2023
Model Seeds 2023, 2024, 2025, 2026, 2027
General Setu Number of Runs 5
P Data Split (Train/Val/Test) 40%/20% /40%
Hardware Environment RTX 4090 (24GB)
Software Framework PyTorch 2.0
Optimizer Adam
Maximum Epochs 1000
e e . Early Stopping Patience 150
Optimization Validation Monitor AP
Initial Learning Rate (Ir) 0.01
Weight Decay (wd) 5x 1074
Hidden Embedding Dimension 64 64 64
Number of Dynamic Hyperedges 64 64 64
Dropout Rate 0.0 0.0 0.0
Jacobi Polynomial Order 10 10 10
Spectral Jacobi Shape aspec —0.50 0.50 0.50
JK-DHGNN
Spectral Jacobi Shape bspec 0.00 0.00 0.00
Auxiliary Loss Coefficient ~ 5.0 5.0 5.0
Top-K Affiliations per Node 10 8 20
Hypergraph Layers L 1 1 1
Jacobi-KAN Degree diqp 3

5.2 Overall Performance Comparison (RQ1)

Table 3 reports node-classification performance on the three datasets. The dataset-
specific JK-DHGNN configurations in Table 2 are selected according to validation-set
average precision, whereas the test sets are reserved for final evaluation. The highest
mean result for each metric is shown in bold. Three observations follow from these
results.

First, the conventional GNN baselines perform relatively poorly on the review
graphs, particularly in AP. GCN, for example, achieves AP values of 25.05% on
YelpChi and 39.01% on Amazon. These results indicate that unmodified neighborhood
aggregation does not adequately address heterophily and minority-class detection in
these datasets.

Second, fraud-aware and structure-learning methods, including IDGL, SparseGAD,
GDN, and AHFAN, generally improve upon the conventional baselines. On the two
review-based graphs, their pairwise representations or static refinement mechanisms
do not explicitly model latent group-level affiliations, which may partly explain the
remaining AP gap.
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Table 3 Overall performance comparison (%). Results are reported as mean + sample standard
deviation over five runs, and the highest mean result for each metric is highlighted in bold.

Methods YelpChi | Amazon | Elliptic

AUC AP Macro-F1 AUC AP Macro-F1 AUC AP Macro-F1
GCN 60.974£0.29 25.05+£0.20 48.10£1.37 83.614+0.02 39.01£0.03 47.51£0.00 92.00+0.18 75.20+0.83 76.1443.26
GAT 73.9543.34  40.34£3.03 56.10+£4.07 94.2940.98 83.63£1.91 90.39+£0.65 90.04+0.27 53.56+1.86 55.8941.67
GraphSAGE 80.5140.86 46.51+£1.74 59.97+£1.30 92.454+0.51 82.9140.60 89.40+£1.38 91.69+0.15 71.31+1.83 64.0746.69
HGNN 83.05+£1.20 51.67+2.03 63.95+2.81 97.50+0.21 88.76+0.54 92.00+£0.30 94.25+0.27 79.35+0.65 87.0240.55
HyperGCN 62.4240.32 25.67+0.30 49.044+1.04 88.974+0.74 59.40+1.91 66.644+2.52 92.18+0.11 75.31+£0.54 79.35+0.40
GPRGNN 83.32+0.55 51.81+1.24 60.55+1.02 95.93+£0.17 88.06+0.16 91.29+0.18 94.05+0.23 82.71+0.58 87.08+0.73
FAGCN 85.54+0.64 58.06+1.72 71.32+1.30 95.66+£0.35 87.06+0.11 91.43+0.11 94.15+1.40 82.25+3.33 86.21£2.02
CARE-GNN 76.71+£0.04 36.71£0.14 59.99+2.49 94.79£0.08 85.53+0.20 88.27+0.58 94.38+0.13 70.42+1.66 76.28+1.12
FRAUDRE 76.22+0.99 37.85+2.06 60.67+1.77 94.25+0.55 85.59+0.50 87.76+1.24 91.30£1.02 68.03+5.61 73.78+2.56
IDGL 85.16+0.43 56.94+1.07 71.85+0.90 97.66+0.15 89.56+0.73 91.8540.31 94.82+0.95 74.16+10.63 89.88+1.23
AMNet 84.244+0.38 31.91+0.98 69.374+0.73 97.77+0.13 77.60+0.71 92.80+0.32 96.56+0.16 74.84+0.87 91.76=+0.29
GHRN 85.04+0.40 34.84+0.90 72.41+0.56 97.674+0.25 74.36+2.27 91.814+0.71 97.90+£0.08 77.90+0.84 92.91+0.23
SparseGAD 86.27+0.83 59.43+1.05 73.17+0.97 97.414+0.47 90.29+1.23 92.08+0.24 97.29£0.16 89.98+£0.51 91.51+0.36
F2GNN 84.62+0.34 33.49+0.50 71.504+0.37 98.024+0.11 77.09£2.05 92.80+0.67 96.30+£0.33 73.30£1.95 91.36=+0.66
GDN 87.15+0.19 61.25+0.51 70.444+0.98 97.26+0.28 88.54+0.72 90.284+0.70 98.04+0.09 92.03+0.31 91.13+0.41
AHFAN 86.58+1.10 61.51+2.27 73.43+1.40 97.524+0.45 91.81+0.71 92.714+0.43 97.18+0.10 89.60+£0.46 91.45+0.21

JK-DHGNN (Ours) 88.87+0.27 66.70+0.87 75.15+1.00 98.15+0.31 92.30+0.43 92.35+0.19 94.90+0.24 84.92+1.55 89.43+0.58

Third, JK-DHGNN demonstrates particularly strong performance on the two review-
based datasets. On YelpChi, it achieves the highest mean AUC and AP values of 88.87%
and 66.70%, respectively, while also obtaining a Macro-F1 of 75.15%. On Amazon,
JK-DHGNN achieves the highest mean AUC and AP values of 98.15% and 92.30%,
whereas its Macro-F1 of 92.35% remains competitive with the strongest baselines.
These results indicate that the proposed framework is effective for dense review graphs
characterized by multiple relation types and structural camouflage.

On Elliptic, JK-DHGNN obtains 94.90% AUC, 84.92% AP, and 89.43% Macro-F1.
Although these results outperform several conventional GNN and hypergraph baselines,
they remain below specialized anomaly-detection methods such as GDN, SparseGAD,
and GHRN on one or more metrics. This result suggests that the complete combination
of spectral filtering, dynamic hypergraph learning, and KAN-like classification is less
suitable for the sparse transaction-flow structure of Elliptic than for the two dense
review graphs.

Overall, the results demonstrate that JK-DHGNN is particularly competitive on
review-based fraud detection, while its performance varies according to graph density,
relation semantics, and structural characteristics.

5.3 Ablation Study (RQ2)

To assess the contribution of each component, we evaluate four ablated variants on all
datasets: “Without Jacobi-KAN” replaces the Jacobi-KAN classifier with a parameter-
matched multilayer perceptron; “Without Jacobi Filter” removes spectral filtering;
“Without Dynamic Hypergraph” retains only the static view; and “Without Auxiliary
Supervision” retains the complete architecture but removes the intermediate auxiliary
objective by setting v = 0. Table 4 reports the results.
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Table 4 Ablation study (%). Results are reported as mean + sample standard deviation over five

runs.
Architecture YelpChi | Amazon | Elliptic

AUC AP Macro-F1 AUC AP Macro-F1 AUC AP Macro-F1
JK-DHGNN 88.874+0.27 66.70+0.87 75.15+1.00 98.15+0.31 92.30+0.43 92.35+0.19 94.904+0.24 84.92+1.55 89.43+0.58
Without Jacobi-KAN 87.994+0.71 65.34+1.07 74.89+0.85 98.05+£0.21 91.37£0.91 92.284+0.25 95.76+0.53 86.64+1.48 90.22+1.25
Without Jacobi Filter 86.954+0.36  62.414+0.77 74.56+0.58 97.37+0.05 90.94+0.18 92.394+0.30 96.56+0.28 88.14+1.15 91.16+0.55

‘Without Dynamic Hypergraph 89.14+0.45 66.98+1.11 75.55+0.56 97.924+0.43 91.774+0.98 92.02+0.62 88.67£1.00 53.26+1.80 72.43+1.38
Without Auxiliary Supervision 85.83+1.00 60.33£2.69 70.1941.22 96.38+0.66 89.52+0.71 92.02+£0.91 93.63+1.19 80.79+3.81 86.52£1.97

Table 4 reveals that the contributions of the proposed components are dataset
dependent rather than uniformly positive across all graph types.

On YelpChi, removing the Jacobi filter reduces AP from 66.70% to 62.41%, while
removing auxiliary supervision reduces AP to 60.33% and Macro-F1 to 70.19%. Replac-
ing the Jacobi-KAN classifier with a parameter-matched MLP also causes a moderate
AP reduction to 65.34%. In contrast, removing the dynamic hypergraph produces a
small mean improvement, increasing AP from 66.70% to 66.98%. This suggests that
the dense observed relations in YelpChi already provide strong structural information
and that the additional learned affiliations may introduce limited redundancy.

On Amazon, the complete model achieves the highest mean AUC and AP. Remov-
ing the Jacobi filter decreases AP by 1.36 percentage points, replacing Jacobi-KAN
decreases AP by 0.93 points, and removing the dynamic hypergraph decreases AP
by 0.53 points. Auxiliary supervision provides the largest contribution, as its removal
reduces AP from 92.30% to 89.52%.

Elliptic exhibits a substantially different behavior. Removing the dynamic hyper-
graph causes AP to decrease sharply from 84.92% to 53.26%, demonstrating that
learned high-order affiliations are critical for this sparse transaction graph. Auxiliary
supervision also provides a clear benefit. However, removing the Jacobi filter or Jacobi-
KAN classifier improves the mean performance, with the Without Jacobi Filter variant
reaching 88.14% AP. These results suggest that simultaneously applying multiple
polynomial transformations may introduce excessive transformation or optimization
interference on sparse transaction-flow graphs.

Overall, the ablation results show that dynamic high-order structure, spectral filter-
ing, nonlinear classification, and auxiliary supervision contribute differently depending
on graph density and relation semantics.

5.4 Top-K Sensitivity Analysis (RQ2)

We vary the number of dynamic hyperedge affiliations retained per node over K €
{5,8,10,15,20}. Figure 2 reports the best validation AP obtained during training.
Points denote the mean over five model seeds, error bars denote the sample standard
deviation, and stars indicate the dataset-specific values used in the main experiments.

The preferred sparsity level is dataset dependent. YelpChi reaches its highest mean
validation AP of 66.12% at K = 10, while Amazon reaches 89.83% at K = 8. Their
comparatively narrow performance ranges indicate moderate sensitivity to K. Elliptic
obtains its highest validation AP of 87.14% at K = 20, suggesting that its sparse
transaction topology benefits from retaining more learned affiliations. These results
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Fig. 2 Sensitivity of validation AP to the Top-K sparsification threshold on YelpChi, Amazon, and
Elliptic. Stars identify the selected values: K = 10 for YelpChi, K = 8 for Amazon, and K = 20 for
Elliptic.

support dataset-specific selection of K while not isolating Top-K sparsification from
the remaining dynamic-hypergraph generator.

5.5 Representation Disentanglement (RQ2)

We use t-SNE to visualize the learned node representations immediately before the
final classifier. Figure 3 shows the two-dimensional projections for YelpChi, Amazon,
and Elliptic; blue points denote benign nodes and red points denote fraudulent or illicit
nodes.

JK-DHGNN | YelpChi JK-DHGNN | Amazon JK-DHGNN | Elliptic

-+ Benign
o Fraud

Fig. 3 t-SNE visualization of the learned node embeddings of JK-DHGNN on (a) YelpChi, (b)
Amazon, and (c) Elliptic. Blue points denote normal nodes and red points denote abnormal or
fraudulent nodes.

The projections show greater visual separation on Amazon and Elliptic. In Figure 3
(b), many fraudulent nodes occupy a concentrated elongated region apart from most
benign nodes. In Figure 3 (c), illicit transactions are concentrated along a peripheral
trajectory. These qualitative patterns are consistent with the AP and Macro-F1 results
in Table 3, although a two-dimensional projection cannot establish class separability
in the original representation space.
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The YelpChi projection in Figure 3 (a) exhibits greater overlap: fraudulent nodes
are dispersed across several local regions rather than forming a single compact cluster.
This pattern is compatible with heterogeneous spam behavior, but it should not be
interpreted as direct evidence of distinct fraud groups. Overall, the t-SNE plots provide
descriptive support for the quantitative results rather than proof of class separability.

5.6 Stability under Random Structural Perturbation (RQ3)

We perturb the observed topology at five edge-injection ratios: 0%, 5%, 10%, 20%,
and 30%. For each ratio, non-existing node pairs are sampled without self-loops or
duplicate edges and added before training. JK-DHGNN is retrained from scratch on
each perturbed topology using model seed 2023 and a fixed perturbation realization.
Figure 4 reports the resulting AUC, AP, and Macro-F1 values. These curves represent
a descriptive single-seed stability analysis rather than the five-run averages in Table 3;
this protocol explains the small difference between the 0% values and the main results.
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Fig. 4 Performance stability of JK-DHGNN under different ratios of random edge perturbation.
Noise edges are injected into the observed topology at ratios from 0% to 30%. Results are obtained
with a single model seed and a fixed perturbation realization.

At a 30% random edge-injection ratio, AP decreases from 66.88% to 63.36%
on YelpChi, from 92.23% to 91.30% on Amazon, and from 85.29% to 82.46% on
Elliptic. The corresponding relative AP reductions are 5.26%, 1.01%, and 3.32%,
respectively. These results indicate gradual degradation rather than abrupt failure under
random structural perturbation. Because the experiment does not include adversarially
optimized attacks or comparative robustness baselines, it should be interpreted as
descriptive stability rather than evidence of superior adversarial robustness.

5.7 Sensitivity to Spectral Filtering Order (RQ2)

We further examine the spectral filtering order on the powers-of-two diagnostic grid
d € {2,4,8,16,32} and plot validation AP in Figure 5. The main configuration
d = 10, reported in Table 2, was selected separately using validation performance
and is therefore not part of this diagnostic scaling grid. Accordingly, this experiment
characterizes sensitivity across progressively higher polynomial orders rather than
repeating the main model-selection sweep. Each point denotes the mean validation AP
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over five model seeds, the error bars denote the sample standard deviation, and all other
hyperparameters are held fixed. The curves show modest dataset-dependent variation
rather than a monotonic collapse, with Amazon and Elliptic remaining comparatively
stable and YelpChi exhibiting a somewhat larger but still bounded response range.

YelpChi Amazon Elliptic

90 H—o\+\+

ss —

Validation AP (%)

GSM

2 4 8 16 32 2 4 8 16 32 2 4 8 16 32
Jacobi polynomial order d Jacobi polynomial order d Jacobi polynomial order d

Fig. 5 Validation-AP sensitivity of JK-DHGNN over a powers-of-two diagnostic grid of Jacobi
polynomial orders. Points show five-seed means and error bars show sample standard deviations; the
separately selected main setting d = 10 is not part of this diagnostic grid.

This behavior is consistent with using the Jacobi basis to combine multiple poly-
nomial orders rather than enforcing a purely low-pass propagation pattern. As with
the perturbation experiment, the figure should be interpreted as descriptive sensitivity
rather than as a direct measurement of representation over-smoothing.

5.8 Transductive Time-Aware Case Study on Elliptic (RQ4)

We additionally conduct a transductive time-aware case study in which labels from the
first 60% of time steps are used for training, labels from the following 20% are used
for validation, and labels from the final 20% are reserved for testing. The complete
graph structure and node features remain available, consistent with the transductive
formulation in Section 3.2. The case study uses model seed 2023. As shown in Table 5,
JK-DHGNN outperforms GCN and HGNN but remains below GPRGNN in AP and
Macro-F1. This result indicates that temporal distribution shift remains challenging
for the current architecture. Because the experiment uses one fixed temporal split and
model initialization, the results are descriptive and are not intended as statistically
conclusive comparisons.

5.9 Computational Efficiency Analysis (RQ5)

JK-DHGNN contains 65,748, 65,300, and 69,652 trainable parameters on YelpChi,
Amazon, and Elliptic, respectively. Across five runs, the mean total optimization times
to early stopping were 142.13+11.13 s, 165.29442.27 s, and 33.13+4.79 s, respec-
tively, whereas the corresponding peak CUDA memory usage was 8,263.50+5.58 MB,
9,266.50+1.34 MB, and 910.74£5.80 MB. These results show that JK-DHGNN is com-
pact in terms of trainable parameters; nevertheless, full-batch graph processing and
the storage of intermediate structural tensors impose substantial memory overhead on
the dense review graphs.
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Table 5 A transductive time-aware case study on
Elliptic. The results are descriptive and are not
intended as statistically conclusive comparisons.

Model AUC AP Macro-F1
JK-DHGNN 81.91 43.55 73.12
GCN 78.03 37.11 49.54
HGNN 75.20 18.30 58.62

GPRGNN 82.30 48.96 78.23

6 Discussion

The ablation results demonstrate that the contributions of the proposed components
are strongly dataset dependent. On YelpChi and Amazon, Jacobi filtering and auxiliary
supervision yield measurable improvements in AP. By contrast, the dynamic hyper-
graph branch provides only marginal benefits on YelpChi but is crucial on Elliptic,
where its removal markedly degrades predictive performance. Conversely, removing the
Jacobi spectral filter or replacing the Jacobi-KAN classifier improves the results on
Elliptic. This pattern suggests that simultaneously applying polynomial transformations
in the spectral encoder and classifier may introduce redundant feature transformations
or optimization interference on sparse transaction graphs. Additional controlled experi-
ments are required to verify this explanation and distinguish architectural effects from
dataset-specific optimization behavior.

Taken together, these findings indicate that component effectiveness is conditioned
by both graph density and relation semantics. The dense, multi-relational review
graphs provide abundant observed connections, enabling spectral filtering and auxiliary
supervision to improve minority-class ranking. In the comparatively sparse Elliptic
transaction graph, learned higher-order affiliations help compensate for limited observed
connectivity, whereas the fixed combination of multiple polynomial modules appears less
transferable. Consequently, dataset-adaptive gating or module-selection mechanisms
may offer a more reliable extension than applying an identical architectural configuration
across heterogeneous fraud-detection scenarios.

This study has several limitations. First, the primary benchmarks use stratified
random splits and therefore do not fully emulate forward-looking fraud detection under
temporal distribution shift. Second, the time-aware evaluation is transductive and
relies on a single fixed split and model initialization; its results should therefore be
regarded as descriptive rather than as evidence of prospective or statistically robust
performance. Third, random edge injection represents generic structural noise and does
not reproduce an adversarially optimized camouflage attack. Finally, constructing the
dense intermediate assignment matrix H e RV*Mayn remains a substantial memory
bottleneck for full-batch training on large graphs. Future evaluations should incorporate
repeated or rolling temporal splits, multiple model seeds, adaptive structural attacks,
and sparse or mini-batch dynamic-hypergraph construction.
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7 Conclusion

This study introduced JK-DHGNN, a dual-view hypergraph framework that integrates
observed pairwise relations, task-adaptive higher-order affiliations, Jacobi spectral
filtering, and KAN-like nonlinear classification for graph-based fraud detection.

Across the stratified random-split benchmarks, JK-DHGNN achieves the highest
mean AUC and AP on the YelpChi and Amazon review graphs among the evaluated
methods. On Elliptic, it remains competitive with conventional GNN and hypergraph
baselines but does not surpass several specialized graph-anomaly-detection approaches.
These results indicate that the proposed architecture is particularly effective for dense
review graphs, while its relative advantage decreases on sparse transaction networks.

The component analysis further confirms that no single architectural configuration
is uniformly optimal across datasets. Jacobi filtering and auxiliary supervision are more
beneficial on the review-based datasets, whereas dynamic hypergraph learning provides
the largest contribution on the sparse Elliptic graph. The performance gains observed
after removing the Jacobi filter or Jacobi-KAN classifier on Elliptic emphasize the
importance of dataset-adaptive module integration and careful validation of interacting
polynomial transformations.

The random-perturbation analysis indicates gradual rather than abrupt degrada-
tion under structural noise, whereas the transductive time-aware case study reveals
persistent limitations under distribution shift across time. Future work will investigate
adaptive module selection, memory-efficient dynamic-hypergraph construction, repeated
temporal evaluation, and stronger adversarial protocols to improve the robustness and
practical applicability of JK-DHGNN.
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