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Cross-border e-commerce requires dynamic, heterogeneous credit evaluation, but static models fail to capture
temporal and network interactions. This paper proposes an Improved Temporal Graph Convolutional Network
(ITGCN) for dynamic credit assessment. ITGCN constructs a dynamic heterogeneous graph integrating sellers,
buyers, logistics, and payment nodes, with a relationship-aware graph convolution operator and a temporal
decay attention mechanism to model heterogeneous dependencies. A multi-scale time series module captures
both short-term fluctuations and long-term credit trends, while a cross-domain feature alignment strategy
handles inconsistencies in multi-source data granularities. The experimental results on two public fraud
detection datasets show that the ITGCN achieves an AUC of 0.938 (D1) and 0.934 (D2), outperforming CARE-
GNN by 1.8 per cent and 2.1 per cent, and an F1 score of 0.876 and 0.871, representing improvements of 2.2 per
cent and 2.6 per cent. Ablation and robustness tests confirm its effectiveness and resilience. ITGCN offers a
reliable solution for cross-border credit assessment.
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1. Introduction

Cross-border e-commerce, a major digital trade form, has
grown rapidly, China’s 2025 imports and exports reached
2.84 trillion yuan. As a result, credit risk has increased sig-
nificantly [1], and extended logistics and varied settlement
periods have led to fraud, default and false logistics [2–4].
A problem is how to determine a person’s credit risk at the
same time.

Credit assessment anticipates the future operating capa-
bility of borrowers and partners. Early statistical models,
such as logistic regression and linear discriminant analy-
sis [5]. Although interpretable, they assume linear rela-
tionships among features and sample independence, and
therefore fail to capture the risk propagation among related
entities [6]. Later, non-parametric Gradient Boosting Deci-

sion Tree (GBDT) [7] significantly improves the prediction
accuracy, but it still uses static cross-sectional features and
fails to consider the temporal changes in credit status or
interactive information among related parties that could
enhance prediction.

Graph Neural Networks (GNNs) have introduced a new
approach to credit assessment by learning node representa-
tions through message passing and effectively incorporat-
ing neighbour information and complex dependencies [8].
Entities and relations in credit scenarios form graphs, and
the task is to perform node classification or link prediction
[9]. Early works have adopted static architectures such as
GCN and GAT [10, 11]; for example, Wang et al. [12] used
GCN on merchant graphs for corporate risk, and Shao et
al. [13] proposed GNN-EADD for e-commerce anomaly
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detection.
In order to capture temporal dynamics, researchers have

combined Recurrent Neural Network (RNN) or temporal
convolution with GNN to propose a series of Temporal
Graph Neural Network models. Among them, TGCN first
uses GCN to extract spatial dependencies, and then cap-
tures temporal evolution through a Gated Recurrent Unit
[14]. Wu et al. [15] proposed Graph WaveNet combined
with an adaptive adjacency matrix and dilated convolution.
Feng et al. [16] used the spatio-temporal attention mech-
anism to achieve long-term dependent explicit modeling.
In the field of financial credit evaluation, Temporal-aware
Graph Neural Network jointly models user credit dynam-
ics through three parts: static graph coding, short-term
graph coding, and a long-term timing module based on
Long Short-Term Memory [17]. Temporal Relational Graph
Convolutional Networks integrates financial knowledge
graphs and uses temporal relational reasoning for risk pre-
diction [18].

Although TGNNs have shown good results in dynamic
credit risk assessment, the current models have three main
deficiencies: they use discrete-time snapshots and thus
lose detailed information on continuous changes; they do
not adequately address the heterogeneity of multiple node
types and relationships in cross-border data; and they lack
an effective cross-domain temporal alignment mechanism
for data sources with different time resolutions.

In view of the above shortcomings, this paper proposes
an ITGCN, which is specially designed for cross-border
e-commerce dynamic credit evaluation tasks. The first is
a unified framework that combines four techniques for
cross-border e-commerce credit assessment, along with
customised decay-rate and credit-history mechanisms.

2. Theoretical basis

2.1. Dynamic heterogeneous graph

In the cross-border e-commerce scene, the participants in-
clude sellers, buyers, logistics providers, and payment in-
termediaries. We define a dynamic heterogeneous graph
G(t) =

(︂
v, ε(t), x(t)

)︂
, where v is the set of nodes; ε(t) is

the set of edges at time t, and the types of edges include
transaction, payment, logistics, and evaluation. x(t) ={︂

x(t)v ∈ Rdv | v ∈ V
}︂

is the node feature matrix, and the
feature dimension dv of different node types can be differ-
ent [19].

2.2. Time series graph convolution network

TGCN combines graph convolution with gated recurrent
unit. For each time step t, the graph convolution layer
spatially aggregates the current graph structure G(t) and

node feature x(t) to obtain the hidden state H(t) [20]. The
propagation rules of the single-layer GCN are shown in
formula (1):

H(t) = σ
(︂ ˜︁D− 1

2 ˜︁A ˜︁D− 1
2 X(t)W

)︂
(1)

In the formula, ˜︁A = A+ I is the adjacency matrix added
to the self-ring, and I is the unit matrix; ˜︁D is the degree
matrix; W is a learnable weight matrix; σ is a nonlinear
activation function. Subsequently, the GRU uses H(t) as
input to update the timing hidden state S(t), as shown in
Formula (2):

S(t) = GRU
(︂

S(t−1), H(t)
)︂

(2)

2.3. Problem definition

Given the dynamic heterogeneous graph sequence{︂
G(1), G(2), . . . , G(T)

}︂
in the historical T time steps and

the historical characteristics and edge information of each
node, the goal of this paper is to predict the credit default
probability yv ∈ [0, 1] of all seller nodes at T + 1 in the
future. In the public data set used in this paper, there is
no direct labeling of credit default by the seller; therefore,
we define credit default operationalization as the seller is
marked as at least one fraudulent transaction in the pre-
diction window. Credit default is defined as a seller ’s bad
behavior in the forecast window, such as overdue delivery,
poor quality, or false transactions [21]. At the experimental
level, transaction-level fraud labels are used as observable
proxy indicators. This challenge is structured as a temporal
binary categorization problem, as illustrated by Equation
(3):

ŷ(T+1)
v = fΘ

(︃{︂
G(t), x(t)

}︂T

t=1
, v
)︃

(3)

In the formula, fΘ is the mapping function to be learned
with parameter Θ.

2.4. Improved temporal graph convolution network
model

2.4.1. General framework

The four modules in the ITGCN framework are: (a) dy-
namic heterogeneous graph construction; (b) improved
temporal graph convolution with relationship-aware prop-
agation and temporal decay attention; (c) multi-scale tem-
poral feature extraction and cross-domain alignment; and
(d) credit prediction. The Framework is trained end-to-
endly (Fig. 1).

Note: The concrete node types, edge types, and feature
domains vary across datasets.
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Fig. 1. ITGCN overall framework.

The above framework assumes that transaction records
are aggregated into daily graph snapshots, transaction-
level fraud labels can serve as seller-level credit default
proxies, and baseline GNN models are evaluated on com-
parable graph representations.

2.4.2. Dynamic heterogeneous graph construction

For each time window t, we convert the records in the
original data into a heterogeneous graph. The specific
steps include: Node extraction; Feature encoding; Edge
construction; Time slice [22].

2.5. Improved Temporal Graph Convolution Module

2.5.1. Relationship-aware graph convolution

The main difference is that our RGC acts on an evolving
graph sequence and is jointly optimized with temporal
components. To this end, a Relation-aware Graph Convo-
lution (RGC) operator is designed [23]. For the node v of
type, its propagation rule in the lth layer is Formula (4):

h(l+1)
v = ReLU

⎛⎝∑
r⊟R

∑
u□Nr(v)

1
cv,u

W(l)
r h(l)

u + W(l)
φ(v)h

(l)
v

⎞⎠
(4)

In the formula, R is a set of edge types; Nr(v) represents
the set of neighbor nodes connected to v through type
r; cv,u = |Nr(v)| is the degree of node v within relation r,
serving as the normalization constant; W(l)

r is a learnable
weight matrix exclusive to the edge type r; W(l)

φ(v) is the

self-loop transformation matrix of the node type φ(v); h(l)v

represents the hidden vector of the l th layer node v; r index
edge type. Let H(t,l) is the node representation matrix of
the l th layer of the t th time step, then the relation-aware
convolution can be expressed as Formula ( 5 ) :

H(t,l+1) = Re LU

(︄
∑
r∈R

˜︁Ar H(t,l)W(l)
r + H(t,l)W(l)

self

)︄
(5)

In the formula, ˜︁Ar is the normalized adjacency matrix
of the relation r; W(l)

self is the self-loop weight matrix, which

is set to the mean value of each W(l)
r .

2.5.2. Temporal Decay Attention

We introduce a temporal decaying attention mechanism to
perform a weighted regrouping before inputting the convo-
lution output H(t) of each moment graph into the GRU [24].
For the current prediction time T and the historical time t,
the time decay factor δT,t = exp(−β · (T − t)) is defined,
where β = softplus(b) with learnable b (initialized so that
β = 0.5 ), ensuring β > 0 throughout training. Then use
Formula (6) to calculate the attention weight :

αT,t =
exp

(︂
δT,t · score

(︂
H(T), H(t)

)︂)︂
∑T

s=1 exp
(︂

δT,s · score
(︂

H(T), H(s)
)︂)︂ (6)

In the formula, a is a learnable vector. The weighted his-
torical representation ˜︁H(t) = αT,t H(t) replaces the original
H(t) input GRU.

2.6. Multi-scale time series modeling and cross-domain
feature alignment

2.6.1. Multi-scale temporal feature extraction

Cross-border e-commerce credit is driven by short-term
emergencies and long-term trends. In order to capture
both at the same time, a multi-scale temporal convolution
module is designed [25]. After GRU, the temporal hidden
state sequence S(1:T) ∈ RT×dh of each node is input into
three parallel one-dimensional convolution layers respec-
tively. The convolution kernel sizes are k1 = 3, k2 = 7, and
k3 = 15, respectively, and the corresponding expansion
rates are set to 1, 2, and 4, respectively, so that the receptive
field covers 3, 13, and 57 time steps, respectively. The out-
puts of the three convolutional layers are S(T)

short , and S(T)
long ,

all of which are d-dimensional vectors. Then adaptive fu-
sion is performed through the gated fusion unit, as shown
in Formula ( 7 ):

gs = sigmoid
(︂

Us S(T)short + Um S(T)mid + Ul S(T)long + bg

)︂
Sfused = ∑

s∈{ short, mid, long
gs ⊙ S(T)s (7)

In the formula, Us, Um, Ul are a learnable gated weight
matrix; bg is the bias vector; ⊙ denotes the product of
elements.

2.6.2. Cross-domain feature alignment

The cross-domain alignment module is designed to project
the features of each domain to a unified time coordinate sys-
tem [26]. Suppose that for a node v, there is a characteristic
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Table 1. ITGCN hyperparameter settings
Category Hyperparameter Value Category Hyperparameter Value

Graph Convolution
Number of GCN layers 2

Multi-scale Convolution

Kernel sizes k1 = 3, k2 = 7, k3 = 15
Hidden dimension 128 Dilation rates d1 = 1, d2 = 2, d3 = 4

Number of edge types R (Determined by the
dataset, D1:4, D2:1) Input / Output channels dg = 256

GRU

Weight matrices R128×128, independent

Training

Padding mode same padding
Self-loop weight Mean of all W(l)

r Batch size 64
Hidden dimension 256 Initial learning rate 10−3 × 0.9
Number of layers 1 Learning rate decay every 20 epochs

Temporal Decay Decay rate Initialized as 0.5 Adam parameters β1 = 0.9, β2 = 0.999, ϵ = 10−8

Attention LeakyReLU negative slope 0.2 Early stopping patience 50 epochs

Cross-domain Alignment Number of domains Configured by dataset
(D1: 2 domains, D2: 1 domains) L2 regularization coefficient 10−5

Number of time interval bins 5 Loss Positive class weight D1: 25.0,
D2: 49.0

Projection matrix R128×dz Environment Random seed 42

z(t)v,d from domain d at time t. A set of time-aware projection
matrices Pd,τ is learned for each domain d, where τ is the
time interval from the last update. The time intervals are
binned at τ ∈ {0, [1, 3), [3, 7), [7, 15), [15, ∞)} days, with
bin boundaries chosen to capture short-, medium-, and
long-term gaps. The projection matrices Pd, are are shared
across nodes within the same domain and time bin. After
projection, the alignment feature ˜︁z(t)v,d = Pd,τ(v,d,t)z

(t)
v,d is ob-

tained. Then the attention mechanism is used to aggregate
the features of each domain, as shown in Formula (8):

z(t)v, align = ∑
d⊏D

exp
(︂

qT˜︁z(t)v,d

)︂
∑d□D exp

(︂
qT˜︁z(t)v,d

)︂˜︁z(t)v,d (8)

In the formula, q is a learning query vector. Finally,
z(t)v, align and Sfused are stitched together as a comprehensive
representation of node v at time t.

2.7. Credit prediction and model training

The composite representation is input into a two-layer fully
connected network to obtain the probability of default, as
shown in formula (9):

ŷ(T+1)
v = sigmoid

(︂
W2 · ReLU

(︂
W1

[︂
S(v)

fused ∥ z(T)v,align

]︂
+ b1

)︂
+ b2

)︂ (9)

In the formula, W1, W2, b1, b2 are trainable parameters.
The training loss uses a weighted two-class cross entropy,
as shown in Formula (10):

L = − 1
N

N

∑
v=1

[λyv log ŷv + (1 − yv) log (1 − ŷv)] (10)

In the formula, N is the total number of seller nodes in
the training set; yv is the true default label; λ is computed
on the original training set before undersampling, reflecting
the natural class distribution.

2.8. Experimental settings

2.8.1. Data set introduction

Dataset D1 (https://www.kaggle.com/datasets/dylanxie1/
cross-border-transaction-fraud-detection-dataset) is a
public cross-border transaction fraud detection dataset
with tran saction, user, device/IP, and fraud infor-
mation. Dataset D2 (https://www.kaggle.com/dat
asets/umuttuygurr/e-commerce-fraud-detection-dataset)
is an e-commerce fraud detection dataset with global
transaction records and fraud labels. Both datasets are
simulated public datasets used as benchmarks because real
cross-border credit data is unavailabe.

Transaction-level fraud labels must be aggregated to the
seller level for credit default prediction, and each seller
serves as the base unit. For a seller v, if any transaction
in the forecast window W is identified as fraudulent, the
default label yv is set to 1; otherwise, it is 0. Aggregation is
ordered by timestamp and will not contain future data. The
data are chronologically divided into training, validation
and test sets(70%,10%,20%), and label aggregation within
each split is limited to the historical transactions of that
time period.

2.8.2. Data preprocessing

Data preprocessing steps: (1)Missing values: numerical
features with < 30% missing were median-filled; > 30%
were deleted; missing categorical values formed a new cate-
gory. (2)Outliers:Z-score truncation at the 1%and 99%quan-
tiles.(3)Feature engineering: rolling-window user statis-
tics; seller complaint rate, average transaction interval, and
late-night transaction ratio. (4)Time alignment:transaction
timestamps discretized into equal time windows. (5)Graph
construction: heterogeneous graphs built by time-window
slices; isolated or all-zero nodes removed. (6)Label bal-
ance:fraud rates were 3%-5%(D1)and 2% (D2); negative
instances were undersampled to below 1:5 for training only,
while λ used the original distribution to avoid majority-
class bias.

https://www.kaggle.com/datasets/dylanxie1/cross-border-transaction-fraud-detection-dataset
https://www.kaggle.com/datasets/dylanxie1/cross-border-transaction-fraud-detection-dataset
https://www.kaggle.com/dat
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Table 2. Performance comparison of each model on D1 and D2 datasets
Model D1-AUC D1-F1 D1-Recall D1-Accuracy D2-AUC D2-F1 D2-Recall D2-Accuracy p (D1) p (D2)

XGBoost 0.808 ± 0.005 0.735 ± 0.006 0.704 ± 0.008 0.781 ± 0.004 0.802 ± 0.006 0.728 ± 0.007 0.695 ± 0.009 0.775 ± 0.005 < 0.001∗∗ < 0.001∗∗
LSTM 0.839 ± 0.004 0.763 ± 0.005 0.737 ± 0.007 0.814 ± 0.004 0.835 ± 0.005 0.756 ± 0.006 0.731 ± 0.008 0.810 ± 0.005 < 0.001∗∗ < 0.001∗∗
GCN 0.858 ± 0.004 0.780 ± 0.005 0.754 ± 0.006 0.833 ± 0.003 0.853 ± 0.005 0.773 ± 0.006 0.746 ± 0.007 0.829 ± 0.004 < 0.001∗∗ < 0.001∗∗

TGCN 0.876 ± 0.003 0.794 ± 0.004 0.770 ± 0.005 0.852 ± 0.003 0.871 ± 0.004 0.789 ± 0.005 0.764 ± 0.006 0.846 ± 0.004 < 0.001∗∗ < 0.001∗∗
STGCN 0.891 ± 0.003 0.811 ± 0.004 0.788 ± 0.005 0.868 ± 0.003 0.886 ± 0.004 0.805 ± 0.005 0.781 ± 0.006 0.862 ± 0.003 < 0.001∗∗ < 0.001∗∗

GraphWaveNet 0.915 ± 0.003 0.845 ± 0.004 0.823 ± 0.005 0.893 ± 0.003 0.909 ± 0.004 0.836 ± 0.005 0.812 ± 0.006 0.887 ± 0.003 0.008∗ 0.012∗
TemGNN 0.905 ± 0.004 0.831 ± 0.005 0.826 ± 0.006 0.882 ± 0.004 0.899 ± 0.005 0.823 ± 0.006 0.818 ± 0.007 0.876 ± 0.004 < 0.001∗∗ < 0.001∗∗
TRGCN 0.912 ± 0.003 0.838 ± 0.004 0.822 ± 0.005 0.890 ± 0.003 0.912 ± 0.004 0.844 ± 0.005 0.827 ± 0.006 0.891 ± 0.003 0.004∗ 0.006∗
R-GCN 0.902 ± 0.004 0.824 ± 0.005 0.808 ± 0.006 0.880 ± 0.004 0.897 ± 0.005 0.817 ± 0.006 0.801 ± 0.007 0.873 ± 0.004 < 0.001∗∗ < 0.001∗∗

HGT 0.918 ± 0.003 0.848 ± 0.004 0.830 ± 0.005 0.896 ± 0.003 0.913 ± 0.004 0.841 ± 0.005 0.823 ± 0.006 0.890 ± 0.003 0.006∗ 0.008∗
CARE-GNN 0.921 ± 0.004 0.857 ± 0.005 0.851 ± 0.006 0.901 ± 0.004 0.915 ± 0.005 0.849 ± 0.006 0.842 ± 0.007 0.893 ± 0.004 0.010∗ 0.014∗

ITGCN 0.938 ± 0.003 0.876 ± 0.004 0.864 ± 0.005 0.920 ± 0.003 0.934 ± 0.004 0.871 ± 0.005 0.858 ± 0.006 0.916 ± 0.003 - -
Note: ∗∗p < 0.001; ∗p < 0.05.

2.8.3. Baseline model and evaluation index

In order to verify the effectiveness of ITGCN,the follow-
ing baseline models are selected for comparison:XGBoost
[27], LSTM [28], GCN [10], TGCN [28], STGCN [29], Graph-
WaveNet [16], TemGNN [17], TRGCN [18], R-GCN [30],
HGT [31], CARE-GNN [32].

The evaluation indexes were PR-AUC, AUC, F1-score,
Recall, and Accuracy. All indicators are calculated on the
test set, and each experiment is repeated 5 times to take the
mean.

2.8.4. Super parameter settings

The hyperparameters of ITGCN are set as shown in Table 1.
Every hyperparameter is identified via grid search across
the validation data, and the exploration scope follows pre-
vious studies. All experiments are implemented under the
framework of PyTorch 1.12 and PyTorch Geometric 2.2,
using NVIDIAA100 GPU ( 40GB video memory ).

3. Experimental results and analysis

3.1. Overall Performance Comparison

As shown in Table 2, ITGCN outperforms all the baselines
on both datasets. On D1, it achieves AUC 0.938 and F1
0.876; on D2, AUC 0.934 and F1 0.871. Non-graph models
are significantly worse and do not perform well. Dynamic
models outperform static GCN, and those that incorpo-
rate relational/knowledge graph modeling are better, but
still lower than ITGCN. D1 show stronger fraud detection
ability.

In addition, in terms of PR-AUC, ITGCN achieves 0.612
on D1 and 0.586 on D2, outperforming the strongest base-
line GraphWaveNet by 8.7% and 7.3%. For Precision at
1% Recall, ITGCN reaches 0.385 on D1 and 0.362 on D2,
compared with 0.347 and 0.334 for GraphWaveNet, repre-
senting improvements of 10.9% and 8.4%. These results
further confirm that ITGCN’s advantages are not solely
driven by ROC-AUC but hold under more stringent met-
rics for imbalanced classification.

Graph-based models significantly outperform non-
graph baselines, and relational information is required for
this improvement. ITGCN has outperformed both homoge-
neous and heterogeneous baselines consistently, and com-
bines the advantages of relationship-aware propagation
with temporal modelling. Quantitatively, it has improved
the AUC by 2.4%-2.5% over the best baseline and is statisti-
cally and practically significant.

3.2. Ablation experiment

In order to verify the contribution of each improved mod-
ule of ITGCN, the following variants are designed: (1)
ITGCN w/o RGC; ( 2 ) ITGCN w/o TDA; ( 3 ) ITGCN w/o
Multi-scale; ( 4 ) ITGCN w/o Align; ( 5 ) ITGCN w/o all;
(6) ITGCN w/o RGC & Multi-scale.

The ablation experiments in Table 3 show that the re-
moval of RGC reduces AUC and F1 by 1.8% and 2.5%, re-
spectively, confirming that relational awareness is crucial to
the semantic distinction of heterogeneous graphs. Remov-
ing TDA led to a decrease in AUC by 1.2% and a decrease
in F1 by 1.6%, indicating that time-attenuated attention
can use recent information more accurately; the removal of
multi-scale modules had the largest decrease, highlighting
the key role of capturing short-term and long-term mod-
els. The removal of the alignment module reduces AUC
and F1 by 1.4% and 2.0%, indicating that cross-domain
feature alignment alleviates the problem of time granular-
ity inconsistency. The variant without all modules drops
to AUC 0.876 and F1 0.794, indicating that each module
contributes independently. The multi-scale module has the
largest increase and is required to capture both short-term
and long-term features.

3.3. Timing dynamic analysis

In order to evaluate the performance of the model under
different prediction time windows, we set the prediction
windows to 3 days, 7 days, 14 days, and 30 days, respec-
tively, and tested the AUC and F1 of each model under
these four windows. The results are shown in Table 4. We
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Table 3. Ablation experimental results on the D1 dataset
Model Variant AUC F1 Recall Accuracy

ITGCN w/o RGC 0.921 ± 0.003 0.854±0.004 0.841 ± 0.005 0.899 ± 0.003
ITGCN w/o TDA 0.927 ± 0.003 0.862 ± 0.004 0.850 ± 0.005 0.906 ± 0.003

ITGCN w/o Multi-scale 0.918 ± 0.004 0.851 ± 0.005 0.837 ± 0.006 0.897 ± 0.004
ITGCN w/o Align 0.925 ± 0.003 0.858 ± 0.004 0.846 ± 0.005 0.903 ± 0.003

ITGCN w/o RGC & Multi-scale 0.905±0.004 0.836 ± 0.005 0.823 ± 0.006 0.883 ± 0.004
ITGCN w/o all (TGCN) 0.876 ± 0.003 0.794 ± 0.004 0.770 ± 0.005 0.852 ± 0.003

Complete ITGCN 0.938 ± 0.003 0.876 ± 0.004 0.864 ± 0.005 0.920 ± 0.003

Table 4. Comparison of model performance under different prediction windows
Model Prediction Window (days) AUC F1 Positive Rate (Test Set) (%)

3 0.961 ± 0.003 0.905±0.004 5.08
7 0.952 ± 0.003 0.892 ± 0.004 8.36

ITGCN 14 0.938 ± 0.003 0.876 ± 0.004 13.36
30 0.912 ± 0.004 0.847 ± 0.005 20.90
3 0.931 ± 0.004 0.858 ± 0.005 5.08
7 0.921 ± 0.004 0.847 ± 0.005 8.36

14 0.912 ± 0.004 0.838 ± 0.005 13.36
30 0.864 ± 0.005 0.789 ± 0.006 20.90
3 0.934 ± 0.003 0.864±0.004 5.08

GraphWaveNet 7 0.926 ± 0.003 0.854 ± 0.004 8.36
14 0.915 ± 0.003 0.845 ± 0.004 13.36
30 0.873 ± 0.004 0.801 ± 0.005 20.90
3 0.901 ± 0.004 0.821 ± 0.005 5.08

TGCN 7 0.890 ± 0.004 0.808 ± 0.005 8.36
14 0.876 ± 0.003 0.794±0.004 13.36
30 0.834 ± 0.005 0.751 ± 0.006 20.90

Table 5. AUC of each model under different feature
missing ratios

Feature Missing

Ratio
ITGCN GraphWaveNet TGCN

0% 0.938 ± 0.003 0.915 ± 0.003 0.876 ± 0.003

5% 0.934 ± 0.003 0.909 ± 0.003 0.868 ± 0.004

10% 0.929 ± 0.003 0.897 ± 0.004 0.856 ± 0.004

15% 0.923 ± 0.004 0.883 ± 0.004 0.841 ± 0.004

20% 0.916±0.004 0.867 ± 0.004 0.825 ± 0.005

25% 0.906±0.004 0.854±0.005 0.808 ± 0.005

30% 0.894 ± 0.005 0.838 ± 0.005 0.770 ± 0.006

Table 6. Generalization results of time distribution
migration

Model Recent AUC
Medium-term

AUC

Long-term

AUC

Degradation

(Recent →

Long-term)

ITGCN 0.938 ± 0.003 0.925 ± 0.003 0.904 ± 0.004 3.6%

TRGCN 0.912 ± 0.004 0.890 ± 0.004 0.857 ± 0.005 6.0%

GraphWaveNet 0.915 ± 0.003 0.894±0.004 0.863 ± 0.004 5.7%

TGCN 0.876 ± 0.003 0.848 ± 0.004 0.814 ± 0.005 7.1%

also evaluated the sensitivity of ITGCN to λ by varying
it from 0.5× to 2× of the default value; AUC fluctuated
within ±0.003, indicating that the model is robust to the
exact choice of this hyperparameter.

Table 4 shows that ITGCN consistently outperforms all
baselines in prediction windows. It has better long-term
trend capture and robustness to window extension. Perfor-
mance degrades with longer windows, as expected. ITGCN
has a relatively small drop in AUC compared with TGCN,
TRGCN and GraphWaveNet, and its multi-scale module
can effectively learn long-term credit changes. ITGCN has
a 30-day AUC that is still higher than TGCN’s 3-day AUC
and shows better long-term performance than the original
GNN.

3.4. Robustness and generalization performance analysis

To verify ITGCN’s deployment reliability, we evaluate its
robustness and generalization from three perspectives.
(1) Data sparsity robustness, Fig. 2 shows the effect of edge
deletion ratio on AUC of each model.
(2) Missing value robustness, Table 5 shows the effect of
the proportion of missing features on AUC.

As shown in Table 5, when the deletion rate was 30%, the
AUC of ITGCN remained at 0.894, while GraphWaveNet
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Table 7. Comparison of efficiency of each model

Model Params (M) Training time
per epoch (s)

Inference time
(ms/sample) Epochs to converge

XGBoost - 12 0.3 -
LSTM 1.2 36 0.8 33
GCN 1.8 58 1.1 29

TGCN 2.5 92 1.5 39
STGCN 3.2 120 1.8 43

GraphWaveNet 3.9 134 2.0 45
TemGNN 4.2 148 2.1 47
TRGCN 5.1 206 2.8 53
ITGCN 4.8 158 2.3 48

Fig. 2. Data sparsity robustness curve

decreased to 0.838 and TGCN decreased to 0.775. The re-
dundancy of different domain features in the cross-domain
alignment module makes up for some missing information.
( 3 ) Generalization of time distribution shift: Table 6 is the
generalization result of time distribution migration.

Table 6 shows that the AUC of ITGCN on the long-term
subset is 0.904 , which is 3.6% lower than that in the near
future, while TGCN decreased by 7.1%, TRGCN decreased
by 6.0%, and GraphWaveNet decreased by 5.7%.

In summary, the superior robustness of ITGCN across
all three scenarios stems from the complementary nature
of its four modules: RGC provides redundant relational
paths, TDA prioritizes recent reliable signals, Multi-scale
captures stable long-term patterns, and Align compensates
for missing features via cross-domain redundancy.

3.5. Efficiency analysis

All experiments were carried out in the same hardware
environment. Table 7 is the result of efficiency analysis.

As shown in Table 7, the parameter of ITGCN is 4.8M; it
is slightly smaller than that of TRGCN and slightly larger
than that of GraphWaveNet. The training time per round
is 158 seconds; although it is longer than that of TGCN, it
is shorter than that of TRGCN, so it is within an accept-

able range. Inference time per sample is 2.3 ms ; there-
fore, ITGCN can meet the real-time credit assessment de-
mand of less than 100ms. It converges in 48 epochs, the
same as TemGNN and GraphWaveNet. Inference time
is 2.3ms/sample for the forward pass; including dynamic
graph construction and neighbour sampling, the total delay
is 12 − 18 ms/ sample and well below the 100 ms limit.

4. Conclusions

Aiming at the problem of dynamic credit evaluation of
cross-border e-commerce, this paper proposes an algorithm
ITGCN based on improved temporal graph convolution
network. Extensive experiments on two public fraud detec-
tion datasets show that ITGCN achieves an AUC of 0.938
and 0.934 on D1 and D2, respectively. The F1 score reached
0.876 and 0.871. The ablation experiment verified that each
module had a positive contribution, and the multi-scale
component had the largest gain, with an AUC increase of
2.1%. Robustness analysis shows that ITGCN still main-
tains an AUC of more than 0.889 under the condition of
50% edge deletion, 0.894 under the condition of 30% feature
deletion, and only 3.6% attenuation under the condition
of time distribution deviation, which is consistently better
than all baseline models. Efficiency analysis shows that
ITGCN has 4.8M parameters and 2.3 ms / sample infer-
ence time, which achieves a good performance calculation
trade-off.

The shortcomings of the research are as follows: the data
set used in the experiment is simulated data, which is dif-
ferent from the real platform data in terms of noise distribu-
tion and abnormal pattern diversity, and the performance
of the model in the actual deployment needs to be further
verified. In the future, a self-supervised pre-training mech-
anism can be introduced to learn node representation on
unlabeled transaction data to alleviate the problem of label
sparseness.
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