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Abstract

Graph-based fraud detection is crucial in identifying ille-
gal activities in social networks, finance, and other sectors.
Despite recent progress in this area, most of current re-
searches typically require a large amount of annotated data
to demonstrate its benefits. In practice, obtaining sufficient
high-quality annotated data is challenging, limiting the effec-
tiveness of model training. Therefore, leveraging extremely
limited label information is crucial to enhance model per-
formance. We propose a context-aware graph neural network
(CGNN) to address this. CGNN performs category seman-
tic decomposition on the contextual neighbor features of the
center node to enrich the category semantics. In the neigh-
bor message aggregation stage, the denoising attention mech-
anism enables the center node to adaptively aggregate het-
erophilic and homophilic information from neighbors. Par-
ticularly for unlabeled data, feature augmentation within the
category subspace and consistency regularization driven by
entropy minimization ensure that such data can further en-
hance model performance under explicit semantic guidance.
We demonstrate on four real-world datasets that CGNN sig-
nificantly outperforms other baseline methods with extremely
limited labels.

1 Introduction

Fraud detection has been widely studied as a risk control
method, but initial research primarily focused on structured
data, such as tabular data (Zhou et al. 2020; Kurshan, Shen,
and Yu 2020). However, tabular data is insufficient in reflect-
ing the interactions between entities. For example, financial
fraud often involves interactive transactions between bank
cards or between bank cards and merchants. Therefore, it is
necessary to use unstructured data, such as graph-structured
data, to improve fraud detection.

With the emergence of graph neural networks, there has
been a growing interest among researchers in graph-based
fraud detection. GADBench (Tang et al. 2024) introduces a
benchmark for graph anomaly detection tasks and provides a
comprehensive analysis of current graph anomaly detection
algorithms. Notable works such as CARE-GNN (Dou et al.
2020), BWGNN (Tang et al. 2022), and AMNet (Chai et al.
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Figure 1: Improper use of unlabeled gray samples can ad-
versely affect the model. For example, assigning pseudo la-
bels to gray samples or assuming that gray samples are nor-
mal can introduce errors.

2022) have demonstrated promising results in graph-based
fraud detection tasks. However, these methods typically re-
quire a substantial amount of labeled data to achieve optimal
model performance. In practice, the availability of labeled
data is often extremely limited, and most of the samples are
unknown to their labels, called the gray samples. Hence, re-
cent research has increasingly focused on improving fraud
detection performance with few labeled data. For instance,
GTAN (Xiang et al. 2023) and ConsisGAD (Chen et al.
2024) leverage label propagation and learnable data aug-
mentation techniques to enhance model performance with
limited labeled data.

Motivation. However, the aforementioned methods have
shown success primarily stems from the efficient use of the
label data, and overlooking the information from gray sam-
ples. Even the latest work ConsisGAD (Chen et al. 2024)
proposes a learnable data augmentation module to utilize
gray samples explicitly, this method lacks explicit seman-
tic information guidance. In fact, as shown in Figure 1, the
unreasonable use of gray samples will have a huge impact
on the accuracy of the detection results. Hence, effectively
leveraging a small number of labeled samples alongside a
large number of gray samples for fraud detection is our re-
search motivation.

Challenges. This is nontrivial due to the following chal-
lenges: (1) Effective utilization of gray samples. Existing
self-supervised or semi-supervised learning methods for un-



labeled samples rely on multi-view data augmentation (Liu
et al. 2022). However, data augmentation can disrupt orig-
inal fraud patterns, resulting in suboptimal model perfor-
mance. (2) Joint optimization of models with labeled and
gray samples. Gray samples lack clear semantic meaning,
making it challenging to optimize them alongside labeled
samples. Existing pseudo-labeling methods can lead to er-
ror accumulation, rendering them less than ideal (Kim et al.
2022).

Solution. To address the challenges of graph-based fraud
detection with few labels, we propose a Context-aware
Graph Neural Network (CGNN). It performs category se-
mantic decomposition on the contextual neighbor features
of the center node to enrich the category semantics. In the
neighbor message aggregation stage, the denoising atten-
tion mechanism enables the center node to adaptively aggre-
gate heterophilic and homophilic information from neigh-
bors. In particular, for unlabeled data, we conduct targeted
perturbations on the feature subspace formed by category
semantic decomposition to form different feature augmenta-
tion forms. Finally, the idea of consistency regularization is
used to optimize the model. Highlights of our contributions
are as follows:

e The category semantic decomposition of contextual
neighbors significantly enhances GNNs’ ability to extract
semantic information from gray samples, alleviating the
issue of semantic deficiency in scenarios with limited la-
beled data.

Feature augmentation within the category subspace and
consistency constraints based on minimizing entropy en-
able the utilization of gray samples under explicit seman-
tic guidance.

Extensive experiments are conducted on four datasets. It
is fully verified that our proposed CGNN can effectively
utilize gray sample information to improve model perfor-
mance compared with the baseline methods.

2 Related Work
2.1 Graph-based Fraud Detection

Graph-based fraud detection primarily focuses on graph
neural networks (GNNSs) (Li et al. 2023; Jin et al. 2021; Liu
et al. 2023; Xiang et al. 2023; Xu et al. 2024), which can be
categorized into spatial and frequency domain approaches.
In the spatial domain, the focus is on propagating and aggre-
gating neighborhood information. CARE-GNN (Dou et al.
2020) employs reinforcement learning to adaptively sam-
ple neighbors, effectively filtering out noise. PC-GNN (Liu
et al. 2021) enhances this approach by introducing condi-
tional node sampling to combat fraud camouflage. FRAU-
DRE (Zhang et al. 2021) integrates outputs from different
layers to manage varying complexities. In the frequency do-
main, the emphasis is on designing filters to capture target
signals. AMNet (Chai et al. 2022) aligns anomalous node
signals with high-frequency information for anomaly detec-
tion. BWGNN (Tang et al. 2022) uses band-pass filters to
manage spectral energy shifts. GHRN (Gao et al. 2023) em-
ploys a label-aware edge indicator to reduce noise. PMP-

12113

GNN (Zhuo et al. 2024) bridges the spatial and spectral do-
mains by using adaptive node-level spectrogram filters to ad-
dress heterogeneity.

2.2 Graph-based Semi-supervised Learning

Semi-supervised learning is a very effective learning
paradigm when you have a small amount of labeled and a
large amount of unlabeled data (Song et al. 2022; Kim et al.
2022; Yang et al. 2021). It is mainly implemented through
consistency regularization or pseudo-label learning. Consis-
tency regularization is implemented based on the assump-
tion that the model should have the same predictions for dif-
ferent inputs after reasonable perturbations (Laine and Aila
2016; Li, Xiong, and Hoi 2021; Yang et al. 2024). Pseudo-
label learning is based on the low-density assumption of
the decision boundary, and uses high-confidence unlabeled
samples as training targets, making such samples far away
from the decision boundary (Lee et al. 2013; Berthelot et al.
2019). There are also some methods that combine the two to
further improve the effect of the model, such as FixMatch
(Sohn et al. 2020), Grafn (Lee et al. 2022), etc. Usually
these methods require different dimensions of perturbation
of the data, such as random cropping or flipping of images
in the field of computer vision, and random masking of node
features or cropping of edges in the field of graph learning
(Yang, Cohen, and Salakhudinov 2016). It is difficult to en-
sure the rationality of this random augmentation method.
This paper uses the learned category semantic features to
achieve feature augmentation in category subspace, ensur-
ing the rationality and controllability of the augmentation.

3 Problem Definition
We denote the graph by G = (V, A, X,C), where V =
{v1, .., UN, UN 41, -, UN4+ 01 } TEpresents the set of nodes in

the graph. For ease of description, we use V' = {vl}iv to

represent the set of labeled nodes, and V' = {vz}%ﬂw to

represent the set of unlabeled nodes. A represents the ad-
jacency matrix. X = {z1,%9,...,2x} € R? represents the
node features. C represents the label of the node.

Unlike previous work, our focus is on alleviating the prob-
lem of mediocre model performance in the presence of only
a small number of labels. Hence, the number of instances
with real labels is denoted as |C| = |Cy| + |C1| < N, where
|Co| = n|C1| and |C]| represents the counts of labeled nor-
mal and fraudulent nodes, respectively. The parameter 7 sig-
nifies the ratio of positive to negative samples. Following
(Wan et al. 2021), we set |C1] to 1 and 5, while 7 maintains
the original ratio of the dataset, to study fraud detection un-
der extremely limited labels.

4 Methodology

The overall framework of our proposed CGNN is shown in
Figure 2. The key core of CGNN is based on the assumption
of interactivity between nodes. That is, for any node in the
graph, it has the characteristics of maintaining its own cat-
egory and interacting with other categories. In other words,
node features can be decomposed according to node cate-
gories (Ma et al. 2019).
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Figure 2: The overall framework of CGNN. CGNN improves the ability of the center node to perceive the category semantics
of its neighbors, especially the unlabeled nodes, through category semantic decomposition. At the same time, it performs con-
sistency regularization training on the category subspace feature perturbations (SFP) of the unlabeled nodes, further improving

the performance of the model.

4.1 Context-aware Graph Neural Network

Category Semantic Decomposition In reality, the lack of
annotated data makes it difficult to directly train an effec-
tive model. Therefore, CGNN fully mines the contextual in-
formation of the center node through category semantic de-
composition (CSD), thereby alleviating the problem of less
annotated data. Specifically, for the center node and its con-
textual neighbors, we first use a linear layer to map all node
features in the graph to the same latent space.

x = o(FC(x)) (D

where FC represents the fully connected layer, and o repre-
sents the Leaky ReL.U nonlinear activation function.

Based on the aforementioned interaction hypothesis be-
tween nodes, we believe that each node has different char-
acteristic components to determine the link tendency with
other specific categories of nodes. Since graph fraud detec-
tion is a binary classification problem, we can decompose
the node features into two subfeature components: normal
and abnormal.

Specifically, the features of the neighbor v; of the cen-
ter node v; are equally divided into two parts, and then two
different linear layers project each part to different category
subspaces as follows:

:c? = Whor(z;[: m,:]) + bpor @
IJI = Wabnor (xj [m 5 ]) + babnor
where m = d//2 represents the feature dimension after

decomposition. -//- represents integer division operation.
Wiors Wapnors bnor and bgpnor are all learnable parame-
ters. If v; is a normal node, then a:? is the component that

maintains its own category characteristics, and ! is the ten-
dency component to interact with other category nodes. The
reverse is also true for fraudulent nodes.
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Therefore, we adopt feature consistency contrastive learn-
ing to constrain the semantics of the two categories of nor-
mal and abnormal. We keep the semantics of the feature
subspaces of the same category close, while the semantics
of the subspaces of different categories are far away (Khosla
et al. 2020). So the positive sample pair <:c§“, x? > |k=p comes
from the feature components of the same category subspace,
while the negative sample pair <x§, JC?> |k£q is the node
feature component of different category subspaces. Specif-
ically, we implement the contrast constraints between posi-
tive and negative sample pairs as follows:

)

3)
where P(k) is the set of positive sample pairs, that is, other
samples with the same label as sample c. A(k) is a set of neg-
ative sample pairs, that is, other samples with different labels
from sample k. S (-, -) denotes the cosine similarity and 7
is the temperature coefficient. Category semantic decompo-
sition gives explicit semantic information to the contextual
neighbors of the center node, especially the unlabeled nodes.
This enables the center node to obtain more explicit informa-
tion from its neighbors.

k P
S<‘T'J ’T]>

)
s ac’fx">
J J

exp(

Lesp =3 pen — \P(lk-)\ log {ZPEP(IC)

a€A(k) exp(

Denoising Attention Further clarify and refine the infor-
mation that need to be propagated to the center node. We
employ an attention mechanism to determine the messages
content from each neighbor node that should be propagated
to the center node.

a; = softmax(WAttTanh(W(az(; + le) +b))

1
Ty

where o represents the attention weight. The above opera-
tions enable the center node to adaptively extract neighbor
information in its area.

“4)

zj = oga) + (1 o)



Aggregation and Update We use the messages propa-
gated by context neighbors to update the feature of the center
node as follows:

1
z; :FC(;vq;JrﬁZ:z:j) (5)

where FC represents the fully connected layer, and d; rep-
resents the degree of the center node.

Prediction Take x; as the input of the classifier based on
multi-layer perceptron to obtain the final classification prob-
ability y;. The classification process can be optimized by
Cross entropy.

(6)

where Lcopg calculates the classification loss with cross-
entropy. 77° is the imbalance weight corresponding to class
c. y; represents the label of node 7 on class c, and g is the
corresponding predicted probability.

Leg ==Y n°ylog(§)

Theoretical Insights In the spectral domain, CGNN’s
contextual neighbor perception functions as a node-level
adaptive spectral graph filter.

Theorem 1. Consider an attributed graph G, Let L
UAUT represent the eigendecomposition of the symmetric
normalized Lpalacian L = [ — D~Y2AD~1/2 where U is
the matrix of eigenvectors and A = diag([\;]i=1...n) is the
diagonal matrix of eigenvaluesand 0 = A\ < ... < )\, < 2.
The different feature components of node v; can be regarded
as two sets of different graph signals, namely XW,,,, and
XWabnor- Whor and Wpyo are similar to the parameters
of Eq.(2) that map node features to normal and abnormal
subspaces. CGNN can be represented as a node-level adap-
tive graph filter. The specific spectral convolution of node v;
on XW,,, and X W p,,0r can be defined as:

H(Ui) = g;or(L)XWnOT + gébnor(L)XWab’ﬂOT

= Ugpor(MUT XWiior + Uglyor (MU X Wapnor
(N
where the spectral convolution filters are diagonal matrices
defined as:
g;or(A)[‘]a]} :’71'(17)\]')7 Uj EN(Ui)
g(llbnor(A)[j7ﬂ :(1_’%)(1_)‘])7 Uj EN(Ui)
where H (v;)[i,:] represents the feature representation of
node v; after convolution. ~; % >« is the filter adap-
tation coefficient. d is the degree of the center node. The
proof process is shown in Appendix A.1.

As we all know, different center nodes are located in dif-
ferent areas of the graph, which causes the center nodes to
show different homogeneity and heterogeneity. Therefore, it
is not optimal for existing works (Chai et al. 2022; Dong
et al. 2021; Yang et al. 2023) to use the same graph filtering
method for all nodes. Under the condition of very few labels,
the labels of the neighbors of the center node are almost un-
known. As a node-level adaptive graph filter, CGNN real-
izes the perception of the homogeneity and heterogeneity of
the center node through category semantic decomposition.
In other words, CGNN can effectively combine contextual
neighbor information to obtain regional unique information.

®)
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4.2 Consistency Training

For unlabeled gray samples, consistency regularization
within the feature subspace are created by category semantic
decomposition to enhance the model’s generalization ability.

Specifically, for the unlabeled node v;, its contextual

neighbor v; can be decomposed into two components x?

and :L]l by the Eq.(2). Then similarly combining m? and :vjl
according to the Eq.(4) can obtain the feature x; of the un-

labeled node.

Subspace Feature Perturbation After category semantic
decomposition, the normal and abnormal feature sets {x?}

and {x}} of neighbor nodes are equivalent within their re-
spective feature subspaces. Hence, we employ random sub-
space feature perturbation (SFP) to accomplish feature aug-
mentation from two distinct perspectives: normal and abnor-
mal. Combining Eq.(4), we can get the neighbor message
after disturbance as follows:

0_
0=
1

J

1 ops € SFP({2}})

aja:? + (1 — ) Tha, Tha € SFP({,TJI})

B} = ajapa + (1 —aj)

€))

z

where :E? and :ijl are the messages of the context neighbor
nodes after feature augmentation in the normal and abnor-
mal feature subspaces, respectively. SFP(x) is a random
permutation operation of features within a subspace. {x?}

and {le} represent the feature sets of neighbor nodes in the

normal and abnormal subspaces, respectively. % 4 and z}. 4
represent the features after feature augmentation in the nor-
mal and abnormal subspaces, respectively.

Finally, for x;, :E(J) and :EJI , the corresponding classification
probabilities 7, §° and §j* can be obtained through Eq.(5) and
the classifier. According to consistency regularization (Li,
Xiong, and Hoi 2021), the prediction g of unlabeled nodes
should be consistent with 7° and 7! respectively. Therefore,
we constrain the consistency relationship between the three
through minimum entropy as follows:

1
Ler = N ZS<?)J}O>ZOQ(S<@’@1>) (10)

where S (-, -) denotes the cosine similarity.

4.3 Objective Function

To sum up, the objective function of CGNN in the training
process consists of three parts: supervised classification loss
function L g, category semantic decomposition loss Losp,
and consistency training loss L¢ 1. Therefore, the overall ob-
jective function can be expressed as follows:

L=Leg+MLesp + BLcr (1)

where A\ and (8 are constant coefficients respectively used
to balance the objective function. It is worth noting that the
feature space is not perturbed during the testing phase, so the
prediction results can be obtained directly through CGNN.

For ease of understanding, we list the entire training pro-
cess of the model in Algorithm 1.



Algorithm 1: CGNN

1: Input: Attribute graph G; Few labeled nodes V' and cor-
responding labels C. Unlabeled nodes pV are used for
semi-supervised learning. Number of training iterations
iters.
Output: Predict the result .
Initialize the corresponding model parameters.
while iter <— iters do
Input the attribute graph G, and map all nodes of V'
and pV to the same feature space through Eq.(1).

6:  Eq.(2) and Eq.(3) respectively realize the category se-
mantic decomposition and the corresponding seman-
tic constraints.

7:  Eq.(4) selectively adjusts the neighbor messages of
the center node V. Eq.(5) realizes the aggregation and
update of the center node message.

8:  The prediction ¢ for the labeled node V' is obtained
through the classifier and further optimized using
Eq.(6).

9:  Eq.(9) perform subspace feature perturbation and de-
noising operations on the context neighbor nodes of
the unlabeled center node.

10:  Eq.(10) constrains the consistency of predictions for
unlabeled nodes.

11:  Calculate the total optimization loss according to
Eq.(11).

12:  Update model parameters.

13: end while

14: return g.

S Experiments

In this section, we conduct experiments to validate the per-
formance of CGNN on four real-world graph fraud detection
datasets while also answering the following questions:

¢ RQ1: Does CGNN outperform state-of-the-art methods
for graph-based fraud detection with extremely few la-
bels?

* RQ2: What impact does the core module of CGNN have
on model performance?

* RQ3: How important parameters in CGNN affect model
performance?

5.1 Experimental Setup

Datasets We selected the review-oriented datasets Ama-
zon (Liu et al. 2021) and YelpChi (Dou et al. 2020), and
the financial datasets Elliptic (Chai et al. 2022) and T-
Finance (Tang et al. 2022) to evaluate the performance of
CGNN. Table 1 summarizes the basic information of these
four datasets.

Baselines For evaluating the performance of CGNN,
we establish a baseline using state-of-the-art GNN-based
methods. This baseline comprises well-known graph neu-
ral networks like GCN (Kipf and Welling 2017), GAT
(Velickovi¢ et al. 2018), and GraphSAGE (Hamilton, Ying,
and Leskovec 2017). Additionally, it includes specialized
graph models explicitly crafted for the task of graph fraud

Datasets #Nodes #Edges #Features Abnormal(%)

Elliptic 46,564 73,248 93 9.76
Amazon 11,944 4,398,392 25 6.87
T-Finance 39,357 21,222,543 10 4.58
YelpChi 45,954 3,846,979 32 14.53

Table 1: The statistics of datasets

detection, namely CARE-GNN (Dou et al. 2020), PC-GNN
(Liu et al. 2021), FRAUDRE (Zhang et al. 2021), AMNet
(Chai et al. 2022), BWGNN (Tang et al. 2022), GHRN (Gao
et al. 2023), Semi-GNN (Wang et al. 2019), GTAN (Xi-
ang et al. 2023), BSL (Yu, Liu, and Luo 2024), ConsisGAD
(Chen et al. 2024) and PMP-GNN (Zhuo et al. 2024). It is
worth noting that Semi-GNN, GTAN, BSL, ConsisGAD and
PMP-GNN all emphasize their model capabilities with few
labels. Additional details provided in the Appendix A.6

Evaluation Metrics We cast the graph fraud detection
task as a binary classification problem under imbalanced
conditions. Consequently, for model evaluation, we adopt
standard metrics including Macro-F1, Macro-Recall, and
Macro-Precision, in line with established methodologies.

Implementation Details In all experiments, we use Adam
(Kingma and Ba 2014) to optimize the model, where the
learning rate is 0.01 and the weight decay is 1e-4. On all four
datasets, we set the embedding size to 64, the batch size to
16, and the balance coefficients A\ and 3 of the loss function
to 1. For the temperature coefficient 7 in Logp it is set to
0.8 in T-Finance and 0.01 in other datasets.

For data split, we use D = {D4,qin U Dyatid U Diest } to
represent all data, where Dyyqin, Dyaiiq and Dyes; represent
training, validation and test sets respectively. These sets ac-
count for 10%, 30% and 60% of the total data respectively.
Specifically, in order to reflect the few-label and gray sam-
ples, we set the training set Dirgin = {Diaber U Dgray},
where Djupe; and Dy, represent labeled and unlabeled
samples, respectively. For Dj,p.;, we first randomly sample
1 or 5 abnormal nodes without replacement, and then ran-
domly sample normal nodes without replacement according
to the positive-to-negative sample ratio of the original data.
The nodes not sampled are used as D g;.q, . In addition, to re-
flect the stability of the model in experiments, we report the
mean and standard deviation of five experiments. See the
Appendix A.2 for more implementation information.

5.2 Performance Comparison of Baseline (RQ1)

Table 2 presents the evaluation results of CGNN and base-
line methods with 1 or 5 black samples during training.
The results show that basic GNN models like GCN, GAT,
and GraphSAGE are ineffective due to fraud camouflage.
However, specialized methods like PC-GNN, BWGNN, and
GHRN fail to leverage gray samples, limiting their perfor-
mance under extremely limited labels.

CGNN is compared to recent graph-based fraud detec-
tion methods using gray samples, including GTAN, BSL
and ConsisGAD. Although they use gray samples, the lack



Method

Amazon

Elliptic

F1

Recall

F1

Recall

F1

Recall

F1

Recall

GCN
GAT
GraphSAGE
CARE-GNN
FRAUDRE
PC-GNN
AMNet
BWGNN
GHRN
GTAN

58.40+£8.87 60.91£9.35 57.60+£7.44 60.13+9.24
45.94+16.85 46.31+16.46 55.23£7.94 56.46+8.37
71.95£10.75 69.36+10.40 68.11£15.06 75.27+£13.58
75.51£14.74 72.26+13.44 88.87+0.73 87.40+1.76

50.55£2.04 60.55£5.17
26.09£1.77 26.98+2.63
47.68+0.76 58.89+2.54
50.95+£5.46 57.33+10.43

65.47+11.63 61.42+9.44 73.80£11.98
73.76+14.12 69.33£11.28 82.17+5.36
61.21+11.31 58.91£7.93 80.25+6.86
72.89+15.14 70.55+14.04 86.72+3.26
76.53+12.21 76.07£10.22 89.99+1.15
79.31+6.52 77.16£9.62 83.04+10.95

Semi-GNN 49.03+21.54 58.73+11.97 73.29+8.79
ConsisGAD 80.08+13.70 75.89+12.29 88.27+1.91
BSL 78.40+15.41 77.22+14.42 88.66+1.66

PMP-GNN  79.26+£3.42 75.80£3.12 87.39+3.00

80.15+4.31
76.08+5.53
74.37+7.23
83.63+3.06
86.36+1.68
79.9349.67
77.81+4.20
84.09+3.10
84.69+3.06
83.70£3.35

49.49+5.25
44.45+14.61
53.99+13.11
62.28+6.46
61.81+6.17
57.46£5.56

54.93+£8.90
58.3349.18
54.98+9.97
64.05+£6.94
64.40+7.05
68.95+8.54

49.86+1.85
25.93£2.15
47.34+0.72
60.86+5.81
58.46+5.69
66.00+8.24

50.47+2.57
24.02£1.85
47.87+1.08
65.21+8.48
68.30+9.17
66.47+8.53

60.31£16.06 61.69+14.45

73.90+8.61
74.28+8.59
70.94+4.73

72.2948.35
72.26+8.26

77.40+4.65

56.9548.42 62.28+11.89 70.65£7.93 70.86+7.81
59.71+£15.37 60.15+£14.30 75.64+11.1 73.95+10.91
65.1349.63 70.25+11.74 73.2849.23 73.57+£9.44
54.03£13.13 55.49+11.02 68.65+17.34 67.00+£13.91

CGNN (ours) 85.56+8.49 82.26+8.50 90.08+0.72 86.51+£1.21 76.26+x7.07 76.29+4.46 82.79+4.48 80.81+0.40
T-Finance YelpChi
Method 5 5
F1 Recall F1 Recall F1 Recall F1 Recall

GCN 55.77+£7.28 54.84+£5.07 55.9248.52 56.00+7.75 46.08+0.00 50.00£0.00 46.08+0.00 50.00+0.00
GAT 32.81+£9.28 36.91+10.74 31.37+9.83 34.99+9.84 46.08+0.00 50.00£0.00 46.08+0.00 50.00+0.00
GraphSAGE 64.49+7.93 62.55+6.38 69.08+11.27 68.36+£9.41 46.73+0.83 50.13+0.13 46.40+£0.34 50.08+0.10
CARE-GNN 66.24+12.84 74.21+15.18 66.62+9.40 80.93+2.57 52.36+0.93 52.69+0.59 53.09+3.03 56.63+2.40
FRAUDRE 76.03+£9.18 73.63+9.01 75.60+14.33 83.13+4.17 48.35+2.43 49.88+3.07 41.93+8.57 53.73+2.01
PC-GNN  74.32+13.60 76.42+13.23 84.95+1.56 82.61+0.79 46.34+0.51 50.11+0.23 54.05+3.06 54.37+2.39
AMNet 70.1945.86 68.62+4.73 80.37+£2.53 75.99+5.01 48.70+2.29 50.86+0.73 50.43+3.80 52.10+2.05
BWGNN  73.21+£5.11 74.05+4.95 85.75+3.07 82.42+3.44 49.29+1.42 50.56+0.74 54.59+1.25 54.71+0.98
GHRN 69.46+10.39 70.97+8.38 85.98+1.56 83.53+2.87 49.14+1.87 50.63+0.56 55.04+1.12 55.10+1.11
GTAN 74.79+14.43 70.52+12.60 85.44+2.82 84.44+1.84 47.47+4.11 51.30+0.85 51.20+3.46 52.73+1.98
Semi-GNN  56.0549.64 71.1949.62 52.15+1.89 72.60+5.27 32.72+16.36 50.00+0.00 31.96+15.89 50.18+0.28
ConsisGAD 80.10+6.63 79.37+8.61 88.37+2.33 84.06+4.44 51.90+3.05 52.69+2.13 55.05+1.96 56.25+2.78
BSL 66.94+3.47 67.68+8.97 64.76x14.45 75.10£6.21 49.06+0.88 51.79+2.20 52.12+3.28 52.84+1.83
PMP-GNN 78.97+7.44 76.31+7.69 84.83+1.72 81.09+0.90 33.42+15.62 50.02+0.06 46.13+0.03 50.02+0.02
CGNN (ours) 86.36+3.59 82.94+4.36 90.10+1.62 87.17+1.81 52.71+1.13 52.73+1.17 56.08+1.86 56.49+1.63

Table 2: Performance(%) of fraud detection on four datasets. The 1st/2nd best results are marked in bold/underline.

of clear category semantics limits their effectiveness. PMP-
GNN only focuses on the gray neighbor information cor-
responding to the central node. CGNN performs well with
1 and 5 black samples, owing to node-level adaptive spec-
tral filtering and consistent training with gray samples. Even
on the challenging YelpChi dataset, CGNN demonstrates
comparable performance. Notably, CGNN achieves the best
Macro F1 scores across all four datasets.

In addition, the standard deviation reveals that CARE-
GNN, PC-GNN, and similar models are more sensitive to
labeled data distribution with few labels, resulting in larger
standard deviations. In contrast, CGNN’s spectral adaptation
mechanism leads to a smaller standard deviation, indicating
stronger robustness to changes in data distribution.
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5.3 Ablation Analysis (RQ2)

To evaluate the effectiveness of the key designs of CGNN,
we conducted a series of ablation experiments by exclud-
ing each module. As shown in Figure 3, CGNN,,/, csp
excludes the category semantic decomposition module, and
CGNNy /o cr, excludes the consistency training process.
CGNNy o apr means that the attention mechanism in
Eq.(4) is not used, but the normal and abnormal components
are directly added together.

It can be observed that the category semantic decomposi-
tion module in CGNN improves the utilization of labels and
lays a good foundation for the consistency training part by
assigning category semantics to the context neighbor infor-
mation of the center node under extremely limited labeling
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Figure 5: Weight factor analysis of the loss function.

conditions. Consistency training further improves the model
effect through consistent regularization of different perspec-
tives of unlabeled data. It is worth noting that the theoretical
analysis in 4.1 shows that the attention weight coefficient
will adjust the spectrum energy, making CGNN an adap-
tive filter. From the ablation result CGN N, /, o771, When
the attention mechanism is removed, the model effect de-
creases. This demonstrates the effectiveness of CGNN as a
node-level adaptive spectral filter.

5.4 Parameter Sensitivity Analysis (RQ3)

Temperature coefficient analysis. In the category se-
mantic decomposition module, Eq.(3) plays an important
role. The smaller the temperature coefficient, the sharper
the similarity distribution, which will make the model pay
more attention to details but prone to overfitting. Con-
versely, the similarity distribution will be flatter. We there-
fore evaluate the sensitivity of the temperature coefficient
to model performance at different settings. Specifically, in
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the Amazon, Elliptic and YelpChi datasets we set 7 &
{0.01,0.03,0.05,0.07,0.09}. For T-Finance, we set 7 €
{0.1,0.3,0.5,0.7,0.9}. We conducted five experiments un-
der corresponding settings. Figure 4 shows the specific ef-
fects in Amazon and Elliptic datasets. It can be seen that the
temperature coefficient 7 has a slight impact on the effect
of the model. For example, as 7 increases, the performance
of the model shows a slightly decreasing trend in the El-
liptic dataset. But overall, better performance can be easily
achieved through appropriate and reasonable adjustments.

Weight factor analysis of the loss function. As shown in
Eq.(11), the two factors \ and (3 are critical in balancing the
supervised classification loss, category semantic decompo-
sition loss, and consistency regularization loss. Hence, we
evaluate our model’s sensitivity to these terms under differ-
ent settings. Specifically, we run CGNN on the four datasets
for A\, 8 € {0.1,0.3,0.5,0.7,0.9} based on grid search and
report the results of Macro-F1 in Figure 5. It can be observed
that the loss weight parameters A and /3 have a slight impact
on the performance of CGNN. But it is worth noting that
no matter how A\ and S change, CGNN can show compet-
itive results. In addition, we found that reasonable settings
of the two parameters A and [ can achieve better results
than those reported in Table 2. For example, for the ellip-
tic dataset, CGNN shows better results when A and /3 are set
to 0.1 and 0.2 respectively. The parameter sensitivity analy-
sis results of T-Finance and YelpChi are shown in Appendix
A3.

6 Conclusion

In this study, we propose a novel context-aware graph neu-
ral network (CGNN) with extremely limited labels. CGNN
performs category semantic decomposition on the contex-
tual neighbor features of the center node to enrich the cate-
gory semantics. In the neighbor message aggregation stage,
the denoising attention mechanism enables the center node
to adaptively aggregate heterophilic and homophilic infor-
mation from neighbors. Particularly for unlabeled data, fea-
ture augmentation within the category subspace and consis-
tency regularization driven by entropy minimization ensure
that such data can further enhance model performance under
explicit semantic guidance. We verify that CGNN exhibits
meaningful improvements over other baseline methods un-
der extremely limited labels on four real-world datasets.
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