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HFTCRNet: Hierarchical Fusion Transformer for
Interbank Credit Rating and Risk Assessment
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Abstract— As a prominent application of deep neural net-
works in financial literature, bank credit ratings play a pivotal
role in safeguarding global economic stability and preventing
crises. In the contemporary financial system, interconnectiv-
ity among banks has reached unprecedented levels. However,
many existing credit risk models continue to assess each bank
independently, resulting in inevitable suboptimal performance.
Thus, developing advanced neural networks to model intri-
cate temporal dynamics and interconnected relationships in
the banking system is essential for an effective credit rating
and risk assessment learning system. To this end, we pro-
pose a novel hierarchical fusion transformer for interbank
credit rating and risk assessment (HFTCRNet), which includes
the long-term temporal transformer (LT*) module, short-term
cross-graph transformer (STCGT) module, attentive risk con-
tagion transformer (ARCT) module, and hierarchical fusion
transformer (HFT) module to capture the long-term growth
trajectories of banks, the short-term interbank network variance,
the potential propagation of risks within interbank network, and
integrate these information hierarchically. We further develop
an interbank credit rating dataset, encompassing quarterly
financial data, interbank lending networks, and key indica-
tors such as credit ratings and systemic risk (SRISK) for
4548 banks from 2016Q1 to 2023Q1. Notably, we also adapt
the minimum density algorithm to stabilize the interbank loan
network over time, aiding in the analysis of long-term and short-
term network effects. Our learning system uses semi-supervised
learning to handle labels of varying sparsity, integrating credit
ratings and SRISK for a comprehensive assessment of individual
bank creditworthiness and systemic interbank risk. Exten-
sive experimental results on our interbank dataset show that
HFTCRNet not only outperforms all the baselines in terms
of credit rating accuracy but also can evaluate the systemic
risk within the interbank network. Code will be available at:
https://github.com/AI4Risk/HF TCRNet.

Index Terms—Deep learning, graph neural network (GNN),
interbank credit rating, temporal transformer.
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I. INTRODUCTION

N TRADITIONAL finance, banks serve as regional

resource distributors within specific areas. However, the
advent of the digital era and the expansion of global trade have
significantly altered global interactions of banks [1]. Further-
more, with new regulations and technological advancements,
the financial landscape has evolved, notably with derivatives
gaining prominence and altering the role of traditional inter-
bank lending [2]. Consequently, basing credit ratings solely
on financial status of banks is now considered outdated [3].
Therefore, exploring hierarchical neural network to model
and fuse complex interbank loan relationships is now vital to
construct an accurate credit rating and risk assessment learn-
ing system, essential for economic stability and preventing
systemic financial crises.

Constructing an accurate interbank credit rating system is
filled with challenges. The main issue lies in forming interbank
loan networks that are consistent over time. Current interbank
loan networks [4] are often built using either the maximum
entropy [5] or the minimum density [6] methods. Even though
these networks depict financial ties effectively [6], they fre-
quently lack continuity and consistency over different time
periods, which negatively affect modeling efforts temporally.

Exploring how risks spread within interbank loan net-
works is another complex task. Many existing models use
graph networks to illustrate how risks move from one bank
to another [7]. However, these graph networks are usually
kept shallow to avoid problems such as oversmoothing [8].
Moreover, it is crucial to note that only a small number
of contagion chains have a substantial impact on the entire
banking system. Therefore, making the graph network deeper
might not necessarily improve efficiency.

Furthermore, the impact of interbank loan networks differs
between short-term and long-term timeframes [9]. In the short
term, the structure of the interbank loan networks plays a
pivotal role in credit ratings. For example, if a bank establishes
connections with more highly rated banks recently, it indicates
that this bank has gained recognition from these highly rated
banks, suggesting that the rating of this bank should be higher
as well, and vice versa. Conversely, in the long-term, the finan-
cial health of individual banks becomes more significant as it
reflects the growth trajectories of each bank. The challenge of
incorporating these dynamics into a unified framework has
not been extensively investigated. Consequently, gaining a
comprehensive understanding of how risks temporally spread
within interbank loan networks remains an urgent matter.
Moreover, using different bank labels to evaluate the sys-
temic risk (SRISK) in the interbank loan network presents
challenges. Various bank label types, such as SRISK [10] and

2162-237X © 2024 IEEE. Personal use is permitted, but republication/redistribution requires IEEE permission.
See https://www.ieee.org/publications/rights/index.html for more information.

Authorized licensed use limited to: TONGJI UNIVERSITY. Downloaded on May 25,2025 at 07:24:03 UTC from IEEE Xplore. Restrictions apply.


https://orcid.org/0000-0003-3873-4053
https://orcid.org/0009-0008-8381-7169
https://orcid.org/0000-0002-5877-7387
https://orcid.org/0000-0003-0637-9317

This article has been accepted for inclusion in a future issue of this journal. Content is final as presented, with the exception of pagination.

credit ratings [11], often exhibit varying degrees of annotation
sparsity. For instance, SRISK values are available only for
a limited subset of banks. Thus, incorporating diverse labels
during modeling phase and leveraging them to assess systemic
risk are both imperative. To address the previously mentioned
challenges, we first curate a credit rating dataset and then
introduce an innovative framework for simultaneous credit
rating and risk assessment, leveraging interbank loan networks
as a foundational component. Our dataset was meticulously
collected from BankFocus and V-Lab' sources, encompassing
quarterly financial data spanning from 2016Q1 to 2023Q1 for
a total of 4548 banks. Moreover, we further construct the
dynamic interbank loan networks of all banks by quarter that
evolve over time. This dataset includes vital information such
as credit rating labels and SRISK values.

In terms of our framework, we initiate the process
by introducing an interbank credit rating model using a
hierarchical fusion transformer for interbank credit rating and
risk assessment (HFTCRNet), which effectively captures risk
propagation dynamics, facilitating a comprehensive analysis
of interbank loan network. Our framework comprises the
following components.

1) Long-Term Temporal Transformer (LT?) Module: This
module is designed to capture the enduring growth
trajectories of individual banks, providing insights into
their long-term performance.

2) Short-Term Cross-Graph Transformer (STCGT) Mod-
ule: To grasp the short-term influences of interbank loan
networks, we use the STCGT module. It detects changes
in the structure of neighboring interbank loan networks
over shorter time intervals.

3) Attentive Risk Contagion Transformer (ARCT) Module:
Contagion chains within each interbank loan network are
identified and analyzed using the ARCT module. This
allows us to capture the potential propagation of risks
through interbank relationships.

4) Hierarchical Fusion Transformer (HFT) Module: Our
framework integrates the findings from the LT® mod-
ule, STCGT module, and ARCT module via the HFT
module. This hierarchical integration enhances our
understanding of interbank risk by combining long-term
trends, short-term changes, and potential risk transmis-
sion pathways.

Moreover, our HFTCRNet operates in a semi-supervised man-
ner, making effective use of multiple labels for modeling.
This approach further combines various labels to evaluate the
systemic risk within the interbank financial system. Extensive
experiment on our dataset shows that our HFTCRNet not only
outperforms all the baseline in terms of credit rating accuracy
but also can evaluate the systemic risk of the interbank loan
network.
The main contributions of this work are as follows.

1) We focus on the bank credit rating and risk assess-
ment from the perspective of the temporal interbank
dynamics and propose a novel HFTCRNet, leveraging
LT3, STCGT, ARCT, and HFT modules to hierarchically
capture and integrate temporal interbank information.

2) We develop an interbank credit rating dataset, encom-
passing quarterly financial data, interbank lending

Thttps://bankfocus.bvdinfo.com and https://vlab.stern.nyu.edu
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networks, and key indicators such as credit ratings
and SRISK for 4548 banks from 2016Q1 to 2023Ql.
Notably, we also adapt the minimum density algorithm
to stabilize the interbank loan network over time, aiding
in the analysis of long-term and short-term network
effects.

3) We optimize HFTCRNet in a semi-supervised man-
ner, which not only uses multiple objective labels
annotated with different annotation sparsity but also
integrates credit ratings and SRISK for a comprehensive
assessment of credit rating and systemic risk.

4) Extensive experimental results on our dataset demon-
strate the efficacy of HFTCRNet for credit rating and
risk assessment on interbank loan networks.

The rest of this article is organized as follows. In Section II,
we briefly review related work about interbank loan network
construction, risk propagation in credit rating, long-term and
short-term effects in temporal graph, and semi-supervised
learning in graph modeling, respectively. In Section III,
we present a concise overview of the preliminary con-
tent, including the task definition and network construction.
In Section IV, we present the hierarchical credit rating and risk
assessment model by its four main modules. In Section V, our
method is evaluated on our dataset for the credit rating and
risk assessment tasks. Finally, the conclusion is presented in
Section VI.

II. RELATED WORK

We summarize related work in four areas: 1) interbank loan
network characteristics; 2) risk in contagion chain; 3) mod-
eling in temporal graph; and 4) semi-supervised learning in
graph.

A. Interbank Loan Network Characteristics

Great importance of study has been attached to the potential
threat of contagion defaults and the system risk ever since
2008. There are more and more works concentrating on the
construction of the interbank loan network to model the bank
system. The bilateral exposures of banks, however, are often
not explicitly visible due to confidentially issues. Early work
stress that the minimal amount of nonverifiable data from
the external should be imposed on the problem. Then comes
the maximum entropy estimation matrix [5], which evens the
distribution of interbank claims under the constraints across
all banks and therefore maximizes the interbank linkages.
Various implementations based on the maximum entropy cor-
responding to certain constraints have also been studied [12],
[13]. Moreover, the desired link density is used to generate
random graphs, and average values across the graph ensemble
contribute to the simulation of constraints observed [14].

In comparison, Anand et al. [6] put forward the minimum
density method, considering the economic rationale of engag-
ing in lending relationships with large amounts of banks.
An improvement of using a binary index tree is added to
the minimum density method, and its time complexity for
calculation and sampling achieves notable progress [15]. In a
distinct approach, Petropoulos et al. [16] concentrate on a
smaller banking system, specifically the Greek banks, and
integrate additional financial characteristics and previously
observed behaviors into their estimation of interbank relation-
ships. Different from research under static settings, a dynamic
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balance sheet framework is designed to generate a dynamic
contagion model by Feinstein and Sojmark [17].

All works mentioned above have contributed to the field
of interbank loan network construction. Nevertheless, the
construction of temporally consistent interbank loan networks
is being neglected. In our study, we propose a novel method to
implement the temporally consistent loan network and conduct
further research into its properties.

B. Risk Contagion

In recent times, the intersection of artificial intelligence,
data mining, and the investigation of systemic risk contagion
in the banking arena has drawn considerable attention [18].
Contemporary studies often model the propagation of defaults
within financial ecosystems by adapting the epidemic spread
model from network theory. For instance, Cheng et al. [19]
present an imbalanced network risk diffusion model, aiming
to predict short-term default risks and introduce the posi-
tive weighted k-nearest neighbors (p-wkNN) algorithm for
standalone scenarios. Taking a different approach, Barja et al.
[20] use the microscopic Markov chain approach (MMCA)
to scrutinize the effect of default diffusion in financial struc-
tures. On the simulation front, Jager et al. [21] propose a
network-centric approach to evaluate interbank risks, offer-
ing exhaustive distributions of plausible interbank losses.
Some works also study the risk contagion from the tradi-
tional machine learning viewpoint. For example, Song and
Li [22] introduce a holistic framework leveraging nonlinear
time-series analysis, aiming to pinpoint early warning sig-
nals (EWSs) indicative of looming phase transitions in banking
systems. Laux et al. [23] empirically examine interbank risk
contagion and use an long-short term memory (LSTM) to
predict future interest variances. Li and Li [24] introduce a
split-lending network model using the XGBoost classifier for
bank credit risk assessment; however, their study does not
address specific interbank risk contagion. Liu and Pun [25]
enhance systemic risk measures and propose a dynamic frame-
work for quantifying systemic risk using a two-step supervised
learning approach. Kristof and Virdg [26] distinguish between
good and bad banks within the EU-27 area, using logistic
regression and machine learning techniques to capture non-
linearities and interactions.

Some works make an attempt by exploiting the graph
learning, such as graph convolutional network (GCN) [8] and
graph attention (GAT) [27] into risk contagion. Balmaseda et
al. [28] introduce a graph neural network (GNN)-based method
designed to minimize the prelabeling effort required for costly
systemic risk metrics. This approach involves categorizing into
a limited number of classes while simultaneously predicting
continuous risk scores. A distinct approach is adopted by
Cao et al. [29], who used a two-tier neural network method-
ology to deduce the inverse demand function, relying solely
on partial data. Cheng et al. [30], [31] introduce temporal
attention contagion chain enhanced rating model (TRACER)
and stemming the contagion risk for regulation (iConReg),
innovative risk-rating mechanisms that deduce the risk proba-
bilities of contagion chains based on sequential loan activities.
In a related effort, Liu et al. [7] explore spatial-aware interbank
risk contagion and introduce a hyperfeature mapping operator
using an attention-based graph representation for interbank
credit rating prediction. In addition, Liu et al. [15] investigate

the impact of graph attacks on interbank risk contagion and
propose a selective-aware GNN (SAGNN) designed to prevent
such attacks in interbank credit rating predictions.

A common thread in these endeavors is the risk propagation
centered around the graph itself, with an inclination toward
shallower layers to circumvent oversmoothing issues. We con-
tend that a contagion chain with extended length is a pertinent
consideration, prompting our initiative to architect contagion
chains from an individual perspective.

C. Modeling in Temporal Graph or Dynamic Graph

Modeling temporal and dynamic graph [32], [33], [34],
[35] is essential for capturing sequential relationships and
performing tasks such as prediction. Recurrent neural network
(RNN) and its variants [36] are commonly used in this
domain. Chen et al. [37] introduce residual recurrent graph
neural networks (MRes-RGNN) to capture periodic temporal
dependencies. With the prominence of transformer architec-
tures [38], some studies leverage the inherent structure of
graphs to characterize the temporal framework. Shao et al.
[39] introduce the multi-graph long-term spatio-temporal fore-
casting graph neural networks (MLSTGCN) framework, which
combines the time domain with subgraphs, creating a multi-
graph set for their study. Rankformer [40] is presented as an
enhancement to transformer for long-term prediction tasks,
making use of the rank correlation function and decom-
position structure. Spatial-temporal graphs are also studied
in the context of traffic flow prediction. Spatio-temporal
graph convolutional network (STGCN) [41] develops a model
for traffic flow prediction by alternately stacking temporal
gated convolutions and spatial graph convolutions. In addi-
tion, spatio-temporal multi-graphs convolutional network
(STMGCN) [42] introduces a contextual-aware gating mecha-
nism to reweight different historical observations, while hierar-
chical spatio—temporal graph convolutional network and trans-
former (HSTGCNT) [43] proposes a hierarchical network that
integrates long-term temporal relationships with short-term
spatial-temporal relationships. Bidirectional spatial-temporal
adaptive transformer (BiSTAT) [44] introduces a bidirectional
spatial-temporal adaptive transformer for precise traffic fore-
casting, and time-enhanced spatio-temporal attention model
(TESTAM) [45] separately models recurring and nonrecur-
ring traffic patterns using a mixture-of-experts (MoE) model.
Dynamic graph modeling is crucial for capturing the evolving
characteristics of graphs. Frequency enhanced continuous-
time dynamic graph model (FreeDyG) [46] incorporates
frequency-domain analysis into the modeling process to cap-
ture more nuanced interaction patterns among different nodes.
Memory-based dynamic graph neural networks - PREDICT-
TO-SMOOTH (MDGNN-PRES) [47] focuses on entangled
temporal and structural dependencies during batch train-
ing and proposes an iterative prediction-correction scheme
combined with a memory coherence learning objective to
mitigate the temporal discontinuity.

In the financial domain, modeling in the time domain
finds applications across various contexts. LSTM [48] and
temporal graph convolution [49] have been implemented for
stock prediction. Notably, Zeng et al. [5S0] harness CNN and
transformer for short-term and long-term influence prediction,
respectively. However, there has been limited research into
credit ratings and systemic risks within time-series models
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and the evolving dynamics of the real financial world. In this
article, we introduce an innovative framework designed to
delve into these sectors. By investigating the dynamic changes
in graph architecture and examining both long-term and short-
term influences among different time periods, we aim to
achieve insightful analyses of systemic risks and credit ratings.

D. Semi-Supervised Learning in Graph

The nature of graph data labeling, often characterized by
its expensiveness or scarcity, has accentuated the significance
of semi-supervised learning within the realm of GNNs [51],
[52], [53], [54]. This methodology shines in harnessing graph-
structured data, facilitating a more extensive understanding
of graph data feature representations based on a limited
labeled dataset [55]. Several pioneering works in this domain
include those by Kong and Yu [56], who introduce gSSC,
a semi-supervised feature selection methodology tailored for
graph data. Another significant contribution is by Kipf and
Welling [8], who pioneered a layerwise propagation rule for
neural models, grounded in the first-order approximations
of spectral graph convolutions. Further contributions from
Zhuang and Ma [57] involve the dual-graph convolutional neu-
ral network, which ensures both local and global consistency in
semi-supervised learning paradigms. Hao et al. [58] introduced
ASGN, a teacher—student framework leveraging information
from molecular structures and distributions to mitigate learning
loss conflicts. Graph sample and aggregate (GraphSAGE) [59]
offers a streamlined representation of hierarchical graphs,
embedding diverse graph instances into fixed-length vectors.
Dynamic graph convolutional networks by semi-supervised
contrastive learning (DGSCL) [60] capitalizes on co-attention
to merge embeddings from given topologies and dynamic
graphs, enriching the embeddings for classification.

However, semi-supervised learning is rarely applied to
credit rating and risk assessment. Given the sparseness intrin-
sic to SRISK metrics, the imperative to label these data
through semi-supervised learning becomes clear. As such,
we incorporated annotations of SRISK values on the graph
across timeframes to bolster the precision of credit ratings’
predictions.

III. PRELIMINARY
In this section, we present the preliminary content, i.e.,
task definition in Section III-A and network construction in
Section III-B.

A. Task Definition

Formally, we define a temporal interbank loan network
as G = [Gy,...,Gr], where G, represents an interbank
loan network for one quarter, and the temporal networks
span T consecutive quarters. Each interbank loan network
G, is represented as G, = (E,, X;), where adjacency matrix
E, € RN encodes the topological structure of N banks in
the interbank loan network, where E;’ € {0, 1} in matrix E,
denotes the relationship between two nodes in position i and j.
In addition, the bank node feature matrix X, = x!,...,x" €
RN *Dx comprises M bank feature vectors, each with D, bank
characteristics. It is important to note that the number of banks
remains the same across different interbank loan networks
within G, but the graph connections vary over time. Given the
temporal interbank loan networks denoted as G, we investigate
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two primary tasks, node classification and node regression.
For node classification, we use credit ratings as our guiding
supervision, where banks in the current temporal interbank
loan network are assigned credit ratings for the upcoming
quarter. Conversely, in the node regression task, we use SRISK
values for guidance, where only a specific subset of nodes
receives the labels.

These tasks form the core of our analysis. Specifically, credit
rank represents the ability and willingness of a debtor to repay
their obligations in the future, where a higher credit rank
indicates a higher willingness and ability to repay, and vice
versa. Besides, SRISK reflects the capital shortfall of a firm
conditional on a severe market decline. In general, a higher
SRISK for a bank indicates a higher importance for finan-
cial system, which means if such a bank encounters severe
issues, its impact on the financial system is more substantial.
By simultaneously predicting credit rank and SRISK, we can
not only assess the credit rating of each bank in interbank loan
network but also provide an overall evaluation of systemic
financial risk in the financial system.

B. Interbank Loan Network

Studying bank risk spread often involves analyzing inter-
bank loan relationships using network analysis. In this
approach, each bank becomes a node, with loan relationships
forming the edges between them. If a financial system has N
banks, a matrix Z € [0, 00)V*V shows their loan positions.
Each X;; entry denotes the loan amount from bank i to bank
j. For a bank i, the row sum of Z indicates the interbank
assets A; = Zj.vzl Z;;, and the column sum of Z shows the
interbank liabilities L; = >}, Z;;.

Considering that the real interbank loan network is not
publicly available, interbank loan networks are often deduced
based on certain assumptions. Therefore, to approximate the
interbank loan network in practice, many studies use the maxi-
mum entropy principle. This principle posits that given limited
information, risk exposure should be distributed evenly among
active banks, while ensuring alignment with the available mar-
gins. Sheldon et al. [4] first apply this idea in interbank loan
network, by maximizing the unpredictability of the interbank
loan position matrix with scarce transaction data, which are
then revised to the widely accepted method, i.e., maximum
entropy estimation [5]. While the maximum entropy principle
results in a fully connected interbank loan network, it is
not practical given the high costs of processing information,
managing risk, and verifying reputations. Thus, Anand et al.
[6] introduced the minimum density method to address this
problem. This approach targets the most likely links and
allocates the biggest possible exposures to them, in line with
the overall bank balance sheet, which can be formulated as a
constrained optimization problem toward matrix Z

N N
min ¢ > 1z,
i=1 j=1

N
st > Ziy=A;i=123..N
i=1
N
> Zj=L;.j=123_.._.N. (1)
j=1
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Fig. 1. Illustration of HFTCRNet. Given the temporal bank feature and tempo:

ral interbank loan network as input, we first explore LT> module to extract the

growth trajectories of banks. Then we grasp the short-term influence of the interbank loan network with the STCGT module. At the meanwhile, we construct

and select the vital contagion chains with risk contagion chain selector and cap!
of these three modules is fused together through the HFT module. Finally, fou

To accelerate the optimization process, Liu et al. [15]
store the interbank position matrix with binary index tree,
which reduces the complexity of calculation and sampling
from O(n?) and O(n-logn) to O(n-logn) and O(logn-logn),
respectively.

In our study, we use the accelerated minimum density
method to construct the temporal interbank loan networks.
Whereas we observe significant changes in the network
between consecutive quarters due to randomness when opti-
mizing the matrix Z. This might not reflect the variation in
interbank loan relationships over quarters, impacting temporal
modeling. To address this, we start the optimization of matrix
Z with the interbank position matrix of previous quarter.
In addition, in keeping with the overall balance sheet of banks,
we introduce two vectors, namely, A;s and I, to track
changes in interbank assets and liabilities between quarters.
With this approach, our temporal interbank loan network
remains consistent for subsequent modeling.

IV. METHODOLOGY

In this section, we first briefly present the frame-
work in Section IV-A. Then we introduce LT® module in
Section IV-B, STCGT module in Section IV-C, ARCT module
in Section IV-D, and HFT module in Section IV-E. Finally,
we introduce the training objective function and the optimiza-
tion strategy in Section IV-F. In the remainder of this article,
we use regular letters to represent scalar and bold letters to
represent vector, matrix, and tensor.

A. Model Framework

To gauge the potential risk in temporal interbank loan
network and assign credit ratings, we look at three key factors.

ture the spatial risk propagation with the ARCT module. After that, the output
r different losses are exploited to predict the future financial status.

1) The financial performance of each bank over an
extended period. Banks showing positive growth
typically get a better credit ranking.

Variance of the interbank loan network recently. The
credit rating of a bank likely improves if it increases
ties with top-rated banks.

The exposure of banks to high-risk contagion chains.
If a bank defaults, this risk can propagate through the
contagion chain.

2)

3)

In this study, we construct three modules to capture vital
information related to the three aspects previously mentioned,
complemented by a fusion module for integration, as depicted
in Fig. 1. Taking temporal bank features X € RV*7*Dx and
interbank loan networks E € RV*N*T a5 input, we first use
the LT® module to trace the growth patterns of banks as
Lou € RV*TXDx Then the STCGT module discerns short-term
changes in the interbank loan network with the cross-graph
transformer between the interbank loan networks of adjacent
quarters as Sgy € RM*T*Dx Meanwhile, we identify and
prioritize high-risk contagion chains using the beam search
algorithm. After that, the ARCT module highlights spatial
risk propagation within these high-risk contagion chains as
Cout € RN*DPx The outputs of these three modules are
combined in stages, from fusing long- and short-term insights
to integrating temporal and spatial aspects via the HFT module
as Xouie € RV*Pr. The framework is optimized using four
distinct loss functions in a semi-supervised manner, predict-
ing the financial outlook, credit ranking, SRISK value, and
SRISK ratio for the upcoming quarter. By predicting both
credit rank and SRISK value together, our approach gauges
credit ratings and offers a holistic view of systemic financial
risks.
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B. Long-Term Temporal Transformer Module

This module processes temporal data to discern long-term
growth trajectories in financial health of banks. As depicted in
Fig. 1, our LT? module integrates temporal position data with
the financial status of bank, subsequently extracting enduring
temporal insights.

For time-series data, the transformer [38] uses sine and
cosine position embedding to capture the temporal order. The
traditional position embedding is given by

PE(pos, 2i) = sin(%)
period®/

&) )

PE(pos, 2i + 1) = cos .
P ) (periodz’ /d

Here, pos is the sequence position, i is the feature index, and
d is the feature dimension. The “period” parameter adjusts
wavelengths, where a smaller period gives a sharper position
distinction, suitable for our task. For every sequence element,
we use sine and cosine to encode position. By appending this
position embedding to the data sequence, the model learns
positional context. We then merge the position embedding
PE ¢ RV*TnxDe with bank financial status X € RN*TinxDx
to get input bank features X'’ € RN *Tinx(Det-Dy)

X = Concat(X, PE) 3)

where N is the number of banks, T, is the length of the input
bank features, D, is the dimension of position embedding, and
D, is the input dimension of bank features.

To capture the long-term financial health of each bank,
we propose an LT3 module to extract the long-term tempo-
ral relationships from the entire financial status feature of
banks. The LT module consists of L transformer encoder
layer (TEL), where each encoder is constructed by multihead
attention (MH), fully connected feedforward layer, along with
layer normalization through the residual connection. MH(-)
is the core of the transformer, which uses /i different linear
transformations to analyze the previous layer feature and
encourages the high-order feature interaction along the tem-
poral dimension. By regarding Ly = X'’ the MH can be
formulated as

H, = LN(MH(L;-) + L;—1)
MH(L;_;) = Concat(h{™, ..., hi")W,
Ly Wiy (Lo Wi )
D, + D,

where W', WiQ, Wi, € RPADIXDi and W, € RI-Dix(DetDy)
are trainable parameters, and LN [61] is the layer normaliza-
tion. Therefore, by regarding L; = TEL(L;_;), and L} = Loy,
the TEL can be formulated as
L' = TEL(L'"') = LN(FFN(H') + H)
FEN(H') = ReLUMH'Wp| +bp)Wr +bpr (5)

h"h = softmax( )LZ_IW"V 4)

where FFN and LN indicate the feedforward network and layer
normalization, respectively, and Wy € RP+PIxDs pp, e
RPr, Wgy € RPr*@DetD) and by, € RP+Pr are trainable
parameters. The feedforward network (-) contains two fully
connected layers and a rectified linear unit (ReLLU) activation
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function, which provides the nonlinear transformation and
representation ability in TEL.

In the LT? module, we capture the long-term growth trajec-
tories’ feature as Loy € RY*T*Dx with a linear transformation
to adjust the feature dimension, where the receptive field of
the self-attention mechanism can cover a long sequence of
bank financial status. Therefore, our LT? can learn the bidi-
rectional and long-term temporal relationships of the financial
sequences.

C. Short-Term Cross-Graph Transformer Module

This module focuses on the variance of the interbank
loan network along recent periods. As depicted in Fig. 1,
our STCGT module captures the variance of interbank loan
network between adjacent quarters through cross-graph trans-
former [62], [63] layers.

Given the input feature and interbank loan network of
adjacent quarter (XW-E® and X®D-E¢~D) to explore the
short-term impact of the interbank loan network on bank
features, we encourage the bank feature at time ¢t — 1 to
integrate into the bank features at time ¢ through both the
interbank loan networks at times ¢ and ¢ — 1. Using E® as an
example, the cross-graph transformer layers (CGTLs) among
X!, X, and E® are formulated as

CGTL(X", X" E®) = LN(FFN(X", ) + X

m cmh

X!, = LN(CGMH(X"~V, X® E®) + X©)

CGMH(X‘~", X® E®) = Concat(h{™, ..., hi"™W,
Wi t—Dywwi \T

hemh — softmax(HGm(Xt WQ XOWi)H)
’ VDx

where CGMH is the cross-graph MH network, and LN and
FFN are the layer normalization and the feedforward network,
respectively, as we have introduced in (5). Besides, W, W"Q,
and Wi, € RP>Pr and Wy e R"Pi*(P9) are trainable
parameters. Izo(-) is the edge indicator function. For edge
i, j in interbank load network E®, the value of I;o (M)[i, j]
is set as the original value of M[i, j], otherwise, the value of
Igo (M)[i, j] is set as —1 x 10'2, resulting in a zero in the
attention matrix.

The STCGT module enables the propagation of past
bank features to the current ones using adjacent interbank
loan networks. This module consists of the § STCGT
layer (STCGTL). To capture the short-term variance of the
interbank loan network from time ¢ — 1 to time ¢, we exploit
two different CGTL in each STCGT and concatenate the
output of these two CGTLs together. Setting Sy = X and
Sout = Ss, the STCGTL for each time step is given by

(1) t—1) @)
S E E)

= Concat(CGTL(S(tfl) s®, E(’))

s—1 s

““hwy (©

s—1

S0 = STCGTL(S(H)

CGTL(S!S", 8!, EC"D) )W, +b, ()
where W, € R¥P*D: and b, € RP: are the trainable
parameters to adjust the feature dimension in the STCGT
module.

In the STCGT module, we capture the short-term interbank

loan network variance features as Sy € RV*7*Px where the
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two CGTLs are exploited in each STCGTL to capture the
affect the interbank loan network in term. By stacking S layers
of STCGTL together, our STCGT can capture the variance of
recent S interbank loan network.

D. Attentive Risk Contagion Transformer Module

This module focuses on capture the potential propagation
of risks through interbank loan relationship. As depicted
in Fig. 1, our ARCT module first identifies and prioritizes
the high-risk contagion chains with beam search algorithm
and then highlights the spatial risk propagation within these
high-risk contagion chains.

Given the edge matrix E) of interbank loan network,
our goal is to establish high-risk contagion chains for every
bank. This allows us to model the risk propagation for each
bank independently. In Fig. 1 (bottom), we also illustrate the
process of high-risk contagion chains’ construction. Consider
a contagion chain starting from bank A, passing through bank
C, and ending at bank G, denoted as c4 — c¢c — c¢. This
chain is constructed based on two conditions: 1) a direct loan
relationship exists, meaning bank C borrows from bank A,
and bank G borrows from bank C and 2) the risk of this chain
only measures the risk of bank A through this chain if bank
G defaults. The contagion chain is derived from the interbank
loan network, and its associated risk corresponds to the small-
est loan value within the chain. To build these high-risk chains
for each bank, we use the beam search algorithm, initializing
the set of chains with each bank. The process iterates as
follows until the chain reaches a predetermined length.

1) Expand every existing chain by appending banks that

have borrowed from the last node of the chain.
In addition, note down the lent amount.

2) Update the risk metric of each chain using the smallest
loan value within that chain.

3) For every target bank, retain the top-k chains with the
highest risk value. If the risk values of two chains are
the same, we compare the length of the two chains first
and then compare other lent values in ascending order
for both the chains.

In step one, we incorporate an end of chain (“EOC”) node,
ensuring risk does not dissipate as the chain length increases.
To ensure the diversity of the high-risk contagion chains,
we encourage the adjacent node of target to be different.
Moreover, Algorithm 1 offers a detailed method for construct-
ing high-risk contagion chains. Ultimately, we generate the
high-risk contagion chains, denoted as C € RV>*NexLe ysing
the interbank loan network E7, where N is the bank numbers,
N, is the contagion chain count of each bank, and L, is the
maximum length of chains.

Given the high-risk contagion chains C, our objective is
to model risk considering two perspectives, the chain-aware
risk representation and the bank-aware risk representation
derived from the chains. To achieve this, we use two ARCT
layers (ARCTLs) to obtain representations for chains and
banks sequentially. Initially, we transform high-risk contagion
chains C into feature representations C; € RN*NexLexDx
using the indexing operation, denoted as C; = X[C]. Sub-
sequently, we apply the TEL equipped with an attention
mechanism (ATT) to derive the chain-aware risk represen-
tation. For each set of chain features C;f’“) from Cy, the

formulations are

Ci = TEL(C})

mid

CF;lr) — ATT(c(nc) X(T))

mid *
XD wl (C(’h-)wl )T)
0 K

mid

VDx

= softmax

C(”r)wl
Vv

mid

®)

where W}{, WIQ, and W{, are trainable parameters. The ATT
emphasizes features in chain representation that are similar
to the bank features. Next, a secondary ARCTL captures the
bank-specific risk representation

Cmid = TEL(CL)’
Cout = ATT(Cpig, X'7)
(XDWY (CiaW3)")

5 CoicWy  (9)

= softmax

where W%, W7,, and W7, are the trainable parameters.

In the ARCT module, we first derive the high-risk contagion
chains. Subsequently, we achieve both chain-aware and bank-
aware risk representations. The bank-aware representation,
denoted as Coy € RV*Px embodies the spatial risk profile
for the recent quarter. This is later integrated with temporal
attributes for credit rating and risk assessment.

E. Hierarchical Fusion Transformer Module

In LT3, STCGT, and ARCT modules, we capture the
long-term growth trajectories of each bank, short-term variance
of interbank relationships, and the spatial risk of contagion
chains. To properly integrate these heterogeneous data, we pro-
pose the HFT module to learn a better bank representation
from long-short temporal fusion to temporal-spatial fusion
through a cross-attention mechanism. Given the long-term
growth trajectories’ feature Loy € RY*T*Px and short-term
interbank loan network variance features Sqy € RN*T*Dx,
we fuse these two heterogeneous bank feature by MH mecha-
nismATT along the temporal dimension. Specifically, we start
by concatenating these two features together. Subsequently,
we perform MH along the time dimension to ensure that new
information from both long-term and short-term features can
be thoroughly integrated over temporal dimension, which can
be formulated as

Tout = Fsl (Louts Sout) = MH(COHC&t(Lom, Soul)) (10)

where Ty € R¥*T*D: MH is the MH network in (4),
and FS; is short for fusion layer 1. Then, we use a pooling
operation to compress the temporal information, resulting in
the temporal feature T/, € RV*Ps Subsequently, we merge
the temporal feature T({m with the spatial bank-aware feature
Coy through the MH, as depicted in (4). This encourages infor-
mation propagation among distinct bank features in provided
graph, which is formulated as

Xoszsz(Tg;,t, Com) = MH(Concat(Tg‘m, coul)) (11)
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Algorithm 1 High-Risk Contagion Chains

Input: E: Edge matrix. N,: Contagion chain count of
each bank. L.: Maximum length of chains.
Output: C: The collection of high-risk chains.
1 Function FindPath (node, path, paths, visited, C) :
Result: flag
visited[node] < True;
path < path U {node};
if length of path = N, or T (node) = () then
paths < paths U {path};
if length of paths < L. then
L C <« C U/{paths};

visited[node] < False;
9 path < path \ {node};
10 return True;

N S B W

=)

11 flag = False;
12 for 7 in T(u) do

13 if not visited[t] then

14 flag = FindPath(t, path, paths, visited,C);
15 if flag = True then

16 L break;

17 visited[u] < False;

18 path < path \ {u}

19 | return flag;

20 C < 0;

21 let V is a collection of nodes from FE

22 foreach v in V do

23 T() < {u | u € V, u is the neighbor of v};
24 visited|[v] = False;

25 for v in V do

26 path < {v};

27 paths < @;

28 for u in T(v) do

29 L FindPath(u, path, paths, visited);

30 return C;

where FS, is short for fusion layer 2. Here, Xy, € RV*P:
consolidates information ranging from long-term growth of
banks and short-term fluctuations in interbank relationships to
spatial risk in contagion chains.

The HFT module serves as an adaptive attentive fusion
mechanism. Instead of using a one-size-fits-all approach, this
module dynamically allocates appropriate weights to the long-
term temporal, short-term temporal, and spatial risk features
for different banks. In doing so, it offers a nuanced analysis
of the interbank relationships among banks.

F. Objective Function and Optimization Strategy

Given X,y from our HFTCRNet, we aim to predict the
credit rank and SRISK of the next quarter for every bank.
Therefore, we first map X, with four different linear trans-
formations to predict the future financial status, credit rank,
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SRISK value, and SRISK rate as

st = Xoutwfs + bf37 Xcr = Xoutwcr + bcr

st = Xoutwsv + bsv» Xsr = Xoutwsr + bsr (12)

where Wi, € RP>Pn W, W, Wy € RP>1 by e RPs,
ber, by, and by, € R! are the trainable parameters. For future
financial status and credit rating, we supervised them with the
ground-truth financial status and the credit rating through mean
square error and cross-entropy. For SRISK value and rate,
we exploit the semi-supervised learning by first supervising
on the annotated banks and then inferring the unannotated
banks and finally supervising all the banks. The loss function
can be formulated as

£fs = ||)A(fs - st||27 ‘ccr = CE(Xcr’ Xcr)
st = ||st - XSV||2? Esr = ||Xsr - Xsr||2

L= Lcr + Al‘Cl’s + >\2£fsv + )\3£sr (13)

where A\, Ay, and A3 are the hyperparameters balancing the
importance of difference modules.

G. Time Complexity

The HFTCRNet consists of four key components: LT3,
STCGT, ARCT, and HFT modules. To determine the time
complexity, we define the number of nodes as N, the number
of quarters as 7', the hidden dimension of HFTCRNet as D,
each node connected to K nodes on average, the maximum
length of the risk contagion chain as L, and the number of risk
contagion chains as R. We calculate the time complexity per
layer as follows: For the LT? module, which uses a transformer
layer in the temporal dimension, the time complexity is
O(NT?D). The STCGT module, involving a graph trans-
former layer between temporally adjacent graphs, has a time
complexity of O(TNK D). In the ARCT module, where the
transformer layer operates within the risk contagion chain, the
time complexity is O(NRL?D). For the HFT module, which
uses a transformer layer first in the temporal level and then in
the graph level, the time complexity is O(NT>D 4+ NK D).
Given that N > T ~ K =~ L = R, the overall time
complexity of HFTCRNet is O (N RL>D), indicating that the
time complexity is primarily determined by the ARCT module.
In comparison, the time complexity of HSTGCNT [43] is
O(NT*D + NTKD) = O(NTD x (T + K)), showing that
HFTCRNet is more complex. However, given the relatively
small scales of R and L, our time complexity is acceptable.

V. EXPERIMENTS
A. Experimental Settings

1) Dataset: In our study to devise the interbank credit rating
and risk assessment, we have amassed an extensive dataset
spanning 29 quarters, from 2016Q1 to 2023Q1, incorporating
records from a total of 4548 banks worldwide, which is named
as Interbank. These banks encompass various types including
commercial, savings, cooperative, real estate & mortgage,
investment, Islamic, and central banks. To specifically evaluate
the financial crisis in the first quarter of 2023, prominent
entities such as Silicon Valley Bank (SVB), Signature Bank
(SBNY), First Republic Bank (FRCB), and Credit Suisse (CS)
Group, alongside their closely affiliated banks, have been
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Fig. 2.  (a) Correlation heat-map of selected features. The correlation is
measured through cosine similarity between two features averaged on all
quarters. (b) Rank distribution among different quarters.

incorporated into our dataset. For each quarter, our dataset
includes four parts of content, the bank financial status matrix,
the interbank loan network adjacency matrix, the credit rank
of banks, and the SRISK metrics of banks. The bank financial
status matrix is collected from the BankFocus, where we
collect 383 features related to the bank finance status initially.
After feature pruning with variance threshold and correlation
coefficient, we identified 70 features as the finally feature
set. The correlation heat-map of selected feature is shown
in Fig. 2(a). The interbank loan network adjacency matrix is
construct by our improved minimum density method (refer to
Section III-B) to generate the temporally consistent interbank
loan networks. For data ratings, we collect existing ranks given
by Moody’s Analytics [64] and transfer original bank ranks
of each bank to relative ranks with “A,” “B,” “C,” and “D” to
facilitate further analysis on the systemic risk. The distribution
of the relative ranks is shown in Fig. 2(b). The objective of
the SRISK is to measure the capital shortfall of financial firms
conditional on a systemic event, and the SRISK is calculated
by its size, leverage, and risk. Therefore, we collect SRISK
value and SRISK rate from vLab, where the SRISK value
measures the potential impact of a bank in the interbank
system, and SRISK ratio is the ratio between SRISK value
and total SRISK value.

To further verify the efficacy of our model, we conduct
additional comparative experiments using a related financial
dynamic graph dataset, DGraph-Fin [65]. DGraph-Fin com-
prises a directed, unweighted dynamic graph that encapsulates
a social network among users of the Finvolution Group. Within
this network, each node represents an individual user, and
a directed edge from one user to another signifies that the
originating user has nominated the target user as their emer-
gency contact. The core challenge of DGraph-Fin is to identify
fraudulent users, a task that requires analyzing both node

TABLE I

ACCURACY AND MACRO-F; WITH DIFFERENT METHODS FOR CREDIT
RATING AND THE ROC-AUC WITH DIFFERENT METHODS ON
DGRAPH-FIN. BEST AND SECOND BEST PERFORMANCE ARE
HIGHLIGHTED IN BOLD AND UNDERLINE, RESPECTIVELY

Interbank DGraph-Fin

Method Accuracy Macro-F; ROC-AUC
GCN 0.537 £ 0.060  0.435 4+ 0.043 | 0.751 4+ 0.007
GAT 0.540 £+ 0.087  0.429 4+ 0.123 | 0.752 4+ 0.007
SAGNN 0.546 £ 0.059  0.436 + 0.046 | 0.747 4+ 0.011
TGAR 0.628 £ 0.084  0.569 4+ 0.094 | 0.721 £ 0.030
STGCN 0.562 £+ 0.129  0.469 4+ 0.126 | 0.756 + 0.006
STMGCN 0.614 £ 0.081 0.553 4+ 0.086 | 0.762 £ 0.010
HSTGCNT 0.659 + 0.099 0.598 4+ 0.106 | 0.775 + 0.016
TESTAM 0.647 + 0.095 0.603 + 0.102 | 0.765 4+ 0.009
FreeDyG 0.615 + 0.075  0.557 + 0.089 | 0.770 4+ 0.012
MDGNN_bs | 0.648 + 0.089  0.590 £+ 0.102 | 0.772 £+ 0.013
BiSTAT 0.622 + 0.088  0.544 + 0.082 | 0.757 + 0.012
HFTCRNet 0.678 £ 0.104  0.630 + 0.110 | 0.784 + 0.014

features and the structure of the graph elements in financial
applications. To align this dataset with our specifications of
our models, we reformat the data into segments consisting
of ten time steps each, i.e., ten days, for our experimental
analysis. It is important to note that since DGraph-Fin lacks
risk contagion chains, we do not use the ARCT module of
our model in these experiments. This adjustment ensures that
application of our model to DGraph-Fin is both appropriate
and optimized for the structure of this dataset.

2) Compared Method: To reveal the effectiveness of our
HFCTRNet, we use several state-of-the-art methods on our
credit rating and risk assessment dataset. These baselines
can be divided into two parts, the spatial methods and
spatial-temporal methods.

The spatial methods include the following.

1) GCN [8]: The original GCN model which defines
the graph convolution as aggregating features from
neighboring.

2) GAT [27]: This model is composed of attention lay-
ers that learn different weights to different nodes in
neighborhood.

3) SAGNN [15]: This model explores selective represen-
tation layer with GCN and GAT to explore the graph
attack in interbank credit rating.

4) Transformed Graph Attention for Credit Rating
(TGAR) [7]: This model proposes a hyperfeature
mapping operator based on attention-based knowledge
representation to build a knowledge system for interbank
credit rating.

The spatial-temporal methods include the following.

1) STGCN [41]: This model formulates the traffic flow
prediction on graph and builds the model by stack-
ing the temporal gated convolution and spatial graph
convolution in turn.

2) STMGCN [42]: This model proposes contextual gated
RNN which augments RNN with a contextual-aware
gating mechanism to reweights different historical obser-
vations.

3) HSTGCNT [43]: This model proposes a hierarchical net-
work to incorporate the long-term temporal relationships
and short-term spatial-temporal relationships through
attention.

4) BiSTAT [44]: This model introduces an encoder—decoder
architecture, featuring both spatial-adaptive and

Authorized licensed use limited to: TONGJI UNIVERSITY. Downloaded on May 25,2025 at 07:24:03 UTC from IEEE Xplore. Restrictions apply.



This article has been accepted for inclusion in a future issue of this journal. Content is final as presented, with the exception of pagination.

10 IEEE TRANSACTIONS ON NEURAL NETWORKS AND LEARNING SYSTEMS
08 = HFTCRNet
HSTGCNT
o7 MDGNNbs
o TESTAM
3 STGCN &
gos FreeDyG = 04
« TGAR
04 GAT 0.3
SAGNN
0.3 GCN 0
2018 2019 2020 2021 2022 2023 2018 2019 2020 2021 2022 2023
Quarters Quarters
(a) (b)
Fig. 3. (a) Accuracy for credit rating among different quarters. (b) Macro-F; of credit rating among different quarters.
gors TABLE III
go1so ACCURACY AND MACRO-F; OF HFTCRNET WITH DIFFERENT VARIANTS
Zoazs FOR CREDIT RATING PREDICTING FROM 2021Q1 10O 2023Q1
5 oo Method Accuracy Macro-F
;"“"5 HFTCRNet 0.678 £ 0.104  0.630 £ 0.110
goose STCGT-GCN 0.669 £ 0.093  0.609 + 0.118
2o.025 STCGT-GAT 0.670 £ 0.113  0.620 % 0.108
8000 ARCT (largest) 0.663 £ 0.096 0.611 + 0.110
GCN SAGNN GAT TGAR FreeDyG sm(ﬁm’esltsmacu BISTAT TESTAM  MDGNNbs HSTGCNT  HFTCRNet Graph (MIHDGII) 0.668 :l: 0.092 0.616 :l: 0.096
(w/o) SRISKR 0.670 £ 0.107  0.620 % 0.100
Fig. 4. Gap between accuracy and macro-F; in boxplot. (w/o) SRISKV 0.673 £+ 0.104  0.624 4+ 0.099

TABLE 11
ACCURACY AND MACRO-F; OF HFTCRNET WITH DIFFERENT

VARIANTS FOR CREDIT RATING PREDICTING

3) Implementation Details: We implement our method
using PyTorch [66], which is trained on one RTX 8000 GPU.

Method Accuracy Macro-Fq o -
HFTCRNet 0.678 £ 0.104 0.630 £ 0.110 We use Adam [67] optimizer 8; = 0.5 and 8, = 0.999 to train
(w/o) LT3 0.594 £ 0.066  0.512 £ 0.065 our model with fixed learning rate 0.01 for 2000 epochs. For
(w/o) STCGT =~ 0.642 & 0.094  0.571 & 0.096 each epoch, we directly send the whole temporal interbank
(w/o) ARCT ~ 0.638 £ 0.091  0.565 + 0.094 .
(wlo) HFT 0.662 + 0.101  0.617 + 0.111 loan network to our HFCTRNet, and therefore, the batch size
(w/o) Semi 0.669 + 0.109  0.620 + 0.120 equals to the bank size, i.e., 4548.

temporal-adaptive transformers in the encoder and
decoder.

5) TESTAM [45]: This model presents an MoE model with
three experts on temporal modeling, static spatiotempo-
ral modeling, and dynamic spatiotemporal modeling.

6) FreeDyG [46]: This model incorporates a node inter-
action frequency encoding module to capture the
proportion of neighboring nodes and the frequency of
node interactions.

7) MDGNN-PRES [47]: This model introduces an iterative
prediction-correction scheme, with a memory coherence
learning objective, to address temporal discontinuity.

To measure the performance of all the methods in credit

rating, two common metrics are chosen, i.e., accuracy and
macro-F;, where macro-F; is calculated by first calculating
F; in each credit rank, (i.e., “A,” “B,” “C,” and “D”), and
then averaging these four F; as macro-F;. Besides, we use
R? to measure the performance of SRISK prediction, which
measures the proportion of the variance in the dependent
variable that is predictable from independent variables, i.e.,
how well the model fits the data. The R? is calculated as

le:1 ()’i - )A’i)2
> i -3)

where N is the total number of banks, y; is the ground truth
of the ith bank, y; is the prediction of the ith bank, and ¥ is
the average of the ground truth.

R*=1- (14)

For input data, we exploit seven consecutive quarters to
formulate the temporal interbank loan network and bank
features. For the input bank feature, we first exploit a linear
transformation to project the feature dimension from 70 to
256 (D, = 256). For the LT? module, we stack two LT3 layers
with four head in TEL. The dimension for positional embed-
ding is set as the same dimension as the feature dimension
256. For the STCGT module, we stack two STCGTLs with
two heads in CGTL. For the ARCT module, we extract at
most eight contagion chains for each bank with the maximum
length as eight, and we set the number of head in the TEL as
four. For the HFT module, we exploit max-pooling operation
to compress the temporal information and the number of head
in the TEL is also set as four. For optimization, we set Aj, A,
and A3 as 0.1, 0.5, and 0.5, respectively. Moreover, for the first
1000 epochs, we only optimize Ly, and L on the annotated
SRISK metrics; for the last 1000 epochs, we optimize these
two SRISK losses on both annotated and generated SRISK
metrics.

For baseline comparisons, we use PyTorch to implement all
the baseline models and train them using an RTX 8000 GPU.
Each model is trained with a learning rate of 0.01 over
2000 epochs and a batch size of 4548, which corresponds
to the size of the dataset (bank size), which is consistent
with our HFTCRNet. Regarding the hyperparameters, we con-
figure both the GCN [8] and GAT [27] with two layers.
To ensure a fair comparison, the hidden and embedding dimen-
sions for all the baseline models are uniformly set to 256,
matching the configuration of our HFTCRNet. In addition,
we adhere to the original hyperparameter settings specified in

Authorized licensed use limited to: TONGJI UNIVERSITY. Downloaded on May 25,2025 at 07:24:03 UTC from IEEE Xplore. Restrictions apply.



This article has been accepted for inclusion in a future issue of this journal. Content is final as presented, with the exception of pagination.

LI et al.: HFTCRNet: HFT FOR INTERBANK CREDIT RATING AND RISK ASSESSMENT 11

0.67 —
~—¥— j; ACC Mean
0.66
s F Mean
—A— 1, ACC Mean
42 F Mean
0.64 —#- j, ACC Mean
1 F Mean

Mean Values

0.25 0.50 0.75 1.25 1.50 175 2.00

1.00
Weight Values

0.6700

7

Fig. 5. Variance of accuracy and macro-F; along with the change in A, Ay,
and \3
0.6800 0.675
- '
0.6775
€ 0.670
Sw
] 0.6750
< ®
n £ 0.665
Se 06725 3
2 < 0.660
©
£
o

0.655 —e— HFTCRNet

8

l0.6675
0.6650

4 5 7
Bank Number In A Contagion Chain

2 3 4 5 6 7
Temporal Length

(2) (b)

Fig. 6. (a) Accuracy heat-map with different contagion chains for a bank N,
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accuracy with different temporal lengths.

each corresponding study for other variables, maintaining the
integrity of the analysis.

B. Credit Rating

We undertook an evaluation of diverse models in credit
rating predictions using our dataset. The credit rating task is
structured such that content from n consecutive quarters is
leveraged as input to forecast the credit rank for the subsequent
quarter. Initially, the dataset comprising bank features and the
interbank loan network, spanning from 2016Q1 to 2017Q3,
was used as input to train models to predict the credit
rank for 2017Q4. For evaluation purposes, the observation
window was slid forward by one quarter, allowing us to
predict the credit rank for 2018Q1 using the dataset covering
the period from 2016Q2 to 2017Q4. Note that to spatial-
only methods, we explore the data of the last quarter as
input to predict the credit rank of next quarter. Adopting this
modeling approach, we then assessed both the accuracy and
macro-F; of credit rating predictions from 2018Q1 to 2023Q1.
Moreover, we evaluate the performance of all the methods by
calculating the gap between accuracy and macro-F; and show
the performance in boxplot. The results of this evaluation are
depicted in Table I and Figs. 3 and 4.

From the experimental results, it is evident that our HFTCR-
Net surpasses other baseline models in terms of accuracy
and macro-F; scores across most quarters. Moreover, when
compared with the second-best method in Table I, i.e., HST-
GCNT, our HFTCRNet demonstrates improvements of 1.9%
and 3.2% in accuracy and macro-F; scores, respectively, while
maintaining a comparable standard deviation. These results
highlight the robustness and stability of our model, which is
specifically tailored for interbank risk assessment. HFTCRNet
effectively captures the characteristics of bank risk, leading
to more precise credit ratings. In addition, by comparing the
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Fig. 7. (a) Effect of semi-supervised learning toward R2 score. (b) Variance
of high-risk SRISK along different quarters.

performance gap between accuracy and macro-f1, we can also
observe that our HFTCRNet is more stable than other base-
lines. This indicates the balanced performance of our method
across different credit ranks, especially when confronted with
an imbalanced credit rank distribution. For spatial-only meth-
ods, we observe that TGAR surpasses other methods (GCN,
GAT, and SAGNN). This superiority can be attributed to the
transformed graph attention and hyper context extraction used
in the representation of the interbank loan network. Regarding
temporal—spatial methods, HSTGCNT stands out against other
baselines. The reason for this is that HSTGCNT integrates both
long-term temporal features and short-term spatial-temporal
features. Our HFTCRNet not only extracts temporal informa-
tion from both long-term and short-term perspectives but also
incorporates the contagion chain in the spatial domain. This
makes it particularly well-suited for interbank credit rating
leading to our superior performance.

C. DGraph-Fin

In Table I, we provide a detailed comparison of the
experimental results obtained using the DGraph-Fin dataset.
We adhere to the original evaluation metrics specified by
DGraph-Fin, focusing on the receiver operating characteristic-
area under curve (ROC-AUC) scores to benchmark against
other baseline models. Our analysis reveals that our model
outperforms all the baselines in terms of ROC-AUC scores.
This is particularly noteworthy considering that DGraph-Fin
lacks risk contagion chains, which are a significant component
in the interbank dataset we have studied. Despite this, our
model demonstrates a robust ability to detect and analyze
the structural nuances and temporal dynamics inherent in
the graph, leading to effective identification of fraudulent
users within financial contexts. This capability is largely
attributable to the sophisticated architectural design of our
model, particularly the LT? module and the STCGT module,
which excel in capturing complex patterns and changes over
time. The performance of these modules underscores their
potential in enhancing fraud detection mechanisms in dynamic
temporal graph, highlighting the effectiveness of our approach
in tackling real-world challenges.
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TABLE IV

AVERAGE R? OF SRISK VALUE WITH DIFFERENT SUPERVISED
DATA USAGE RATIOS OF SRISK DATA WITH AND WITHOUT
SEMI-SUPERVISED LEARNING

Ratio 100% 80%  60%  40%  20%

w/semi 0901 0.895 0890 0879 0.841

wlo semi  0.826  0.812 0792 0.741  0.682
TABLE V

ACCURACY WITH REGARDING DIFFERENT SRISK VALUE. Acc IS THE
ACCURACY. GAP IS THE ACCURACY GAP BETWEEN
EACH SETTING AND ALL BANKS

Setting All Top-10%  Top-20%  Top-30%  Top-40%
Acc 0.678 0.712 0.704 0.699 0.691
Gap 0.00 0.034 0.026 0.021 0.013

D. Ablation Study

To better understand the contribution of different com-
ponents to credit rating, we conduct ablative studies on
our proposed model, which includes four primary compo-
nents: LT3, STCGT, ARCT, and HFT. We also integrate
semi-supervised learning during the training phase. We eval-
uate five model variants to assess the influence of each
component: (w/o) LT3, (w/o) STCGT, (w/o) ARCT, (w/o)
HFT, and (w/o) Semi, as detailed in Table II. The removal of
each component tests its individual impact: (w/o) LT?, (w/o)
STCGT, and (w/o) ARCT involve bypassing their outputs
directly to the HFT module, whereas (w/o) HFT aggregates
outputs of LT?, STCGT, and ARCT directly. The (w/0) semi
variant uses only annotated labels for optimizing Ly, and L.
The results show that LT is the most influential, highlighting
the significance of understanding bank growth trajectories.
Both STCGT and ARCT are crucial for capturing short-term
variances and contagion risks in the interbank loan network,
enhancing credit rating predictions. While HFT does not
introduce new features, it significantly boosts performance by
effectively integrating diverse data sources. Semi-supervised
learning provides marginal gains but offers valuable insights
in systemic risks, refer to Section V-E.

We further conducted an ablation study to evaluate the
performance of various modules from 2021Q1 to 2023Ql,
as detailed in Table III. STCGT-GCN and STCGT-GAT refer
to modifications where we replace the graph transformer in
STCGT with GCN and GAT, respectively. ARCT (largest)
denotes using the largest loan value in each contagion chain
as the chain’s risk value. Graph (MinDen) uses the mini-
mum density algorithm to generate interbank relationships.
Removing the SRISK value and SRISK ratio from the training
objectives is indicated by (w/o) SRISKV and (w/o) SRISKR,
respectively. The results highlight the importance of the
graph transformer for capturing short-term temporal rela-
tionships due to its robust representational ability, achieving
improvements of 2.1% and 1.0% in macro-F; over GCN and
GAT. Using the largest loan value as the risk measure in
ARCT (largest) leads to a performance drop, as our original
strategy effectively captures risk from the start to the end of
the chain, introducing varied risk patterns into the ARCT.
Conversely, ARCT (largest) focuses on the risk from any
node to the end, merging different patterns, which confuses
the learning process. Besides, both the SRISK value and ratio
prove vital for credit rating prediction, as they help measure
systemic risk through absolute and relative risk metrics.
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Fig. 8. Predicted credit rank of SVB, SBNY, FRCB, and CS on 2023Q]I.

During training, we use four distinct training objectives,
managed by three hyperparameters, \j, A, and A3, to maintain
balance among them. To explore the impact of these training
objectives further, we varied A\, \;, and A3 across a set of
values {0, 0.5, 1.0, 1.5, 2.0} and documented the results in
Fig. 5. The experimental results reveal that Ly is the most
critical objective, and selecting appropriate values for Aj,
A2, and Az significantly enhances performance, particularly in
terms of macro-F; score.

In addition, we explore the impact of high-risk contagion
chains and the dynamics of temporal interbank loan networks
on credit rating accuracy. For high-risk contagion chains,
we adjust the number of chains N, and their maximum length
L. within a range of 4-8. The influence of these parameters
on credit rating accuracy is illustrated in a heat-map shown
in Fig. 6(a), which indicates that using six contagion chains
of up to six links each optimizes accuracy. Longer chains
tend to introduce noise, reducing risk assessment effectiveness.
Regarding the temporal interbank loan networks, we varied
the sequence length from 2 to 8, with the resulting accuracy
changes depicted in Fig. 6(b). We observe that increasing
the sequence length improves credit rating performance up
to a length of 4, beyond which the performance levels off.
This finding highlights the importance of capturing growth
trajectories within a year for precise credit rating assessments.

E. Risk Assessment

In our training process, we optimize the SRSIK metrics
along with the credit rating. To assess the effectiveness of our
approach in predicting SRISK, we first compute the R? score
comparing the predicted and actual SRISK values for the
subsequent quarter. The resulting scores, plotted in Fig. 7(a),
demonstrate that all the R? values exceed 0.85, indicating the
superior performance of our method. To assess the impact of
semi-supervised learning on SRISK prediction, we conduct
experiments with varying ratios of annotated SRISK data, both
with and without semi-supervised learning, and present the
results in Table IV. The experimental findings show that the R?
metric improves as the ratio of supervised data usage increases
from 20% to 100%, highlighting the value of annotated data.
In addition, across different supervised data usage ratios, the
semi-supervised learning approach consistently enhances R?
significantly, confirming its effectiveness. Higher R? values
facilitate a more precise estimation of systemic risk, which can
further contribute to mitigating risk propagation. Furthermore,
a comparison of credit rating accuracy across all banks and
those with high SRISK reveals an interesting pattern, as shown
in Table V. Our methodology consistently achieves superior
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TABLE VI

ACCURACY AND MACRO-F; OF HFTCRNET WITH DIFFERENT ASSETS
AND LIABILITIES OF CREDIT RATING PREDICTING

Setting Accuracy Macro-F1
All 0.678 + 0.104  0.630 £ 0.110
[0, 25%)] 0.698 £ 0.098  0.648 £ 0.101
(25%, 50%) 0.688 + 0.112  0.638 £ 0.112
(50%, 75%] 0.667 £+ 0.109  0.624 £ 0.115
(75%, 100%]  0.659 + 0.108  0.612 + 0.114

accuracy rates with high SRISK banks. Considering that credit
ratings mirror the default risk of banks, and SRISK values
gauge the potential impact on the financial market in the event
of bank default, a combination of these two metrics offers a
robust evaluation of systemic risk. For a holistic assessment of
the systemic risk in the interbank financial ecosystem, we pro-
pose a metric termed “high-risk SRISK.” The computation for
this metric involves the following steps: 1) identifying banks
that fall within the top 10% bracket in terms of SRISK and
having a predicted credit rank of “D” and 2) aggregating the
predicted SRISK values of these identified banks. The high-
risk SRISK thus derived, charted over consecutive quarters,
is illustrated in Fig. 7. This metric, when juxtaposed against
both predicted and actual credit ratings, showcases congru-
ent variance patterns. Notably, heightened levels of high-risk
SRISK are observed in 2018Q3 and 2023Q1, aligning with
real-world.

F. Case Study

In this empirical evaluation, we delve deep into the per-
formance of our proposed HFTCRNet with other baseline
models. Notably, we focus on insights unearthed through
pertinent case studies centered around the 2023 banking crisis.
As part of this endeavor, we spotlight four banks: SVB,
SBNY, FRCB, and CS. In the first quarter of 2023, all these
banks declared bankruptcy, plummeting their credit rating to
the nadir, i.e., “D.” This is especially intriguing as just the
previous quarter, in 2022Q4, these banks boasted substantially
higher credit ranks. The pertinent question then arises: Can
various modeling techniques accurately predict this drastic
downturn in 2023Q1? The answers are collated in Fig. 8.
It is important to highlight that to minimize the influence
of randomness from a single experiment on the presented
credit ratings, we use different random seeds to train all the
models. Specifically, each model involved in the comparison is
trained ten times with different random seeds, and the credit
ratings are determined using a majority voting strategy, i.e.,
the risk rank that is predicted the most times are the predicted
rank. Fig. 8 reveals that while baselines manage to partially
anticipate the credit ranks of these banks, our HFTCRNet is
the only model that forecasts the trajectories of four banks.

To unravel the driving factors behind superior performance
of our HFTCRNet, we conduct an evaluation akin to that

()

Visualization of the effect of how different modules of our HFTCRNet affect the credit rank prediction on 2023Q1. (a) HFTCRNet w/o ARCT.

in Section V-D, dissecting the contribution of its intrinsic
modules. In our analysis presented in Fig. 9, we investigate
the influence of the ARCT, LT, and STCGT modules on the
credit ratings of SBNY, SVB, FRCB, and CS. We observe
that omitting any of the ARCT, LT3, or STCGT modules
leads to inaccurate predictions for SBNY, SVB, and FRCB,
respectively, while the credit rank prediction for CS remains
unaffected. Delving deeper into the unique attributes of these
banks, we identify distinct characteristics. For SBNY, a higher
number of contagion chains and longer chain lengths are
notable. In contrast, SVB demonstrates stable connections over
time, yet exhibits significant variations in its financial status.
FRCB, on the other hand, shows considerable changes in
connection status between 2022Q4 and 2023Q1. These obser-
vations highlight the specific contributions of each module:
the pivotal role of ARCT in capturing risk within contagion
chains is more pronounced for SBNY, LT?’s focus on financial
variability is crucial for SVB, and the capability of STCGT to
discern variances in adjacent temporal graphs is relevant for
FRCB.

G. Limitation

During the analysis of experimental results, we rank all
banks based on the total sum of their assets and liabilities.
We then segment them into four quartiles, i.e., [0%, 25%],
(25%, 50%], (50%, 75%], and (75%, 100%], and calculate the
accuracy and Macro-F; of credit rating predictions for each
quartile, as depicted in Table VI. The experimental results
indicate that our model provides accurate credit rating for
banks in the higher asset and liability brackets, i.e., [0%, 50%].
In contrast, the predictions for banks in the lower brackets, i.e.,
[50%, 100%], are less accurate, highlighting areas where credit
rating predictions could be enhanced for banks with lower
assets and liabilities. The performance discrepancies observed
are largely attributable to the greater impact that fundamental
economic indicators and interbank relationships have on the
risk assessments of banks with lower asset and liability totals.
Looking ahead, key research directions will include enhancing
the dataset with more comprehensive economic indicators,
developing a more effective interbank network, and improving
the robustness and accuracy of credit rating prediction.

VI. CONCLUSION

In this article, we have focused on the bank credit rating
and risk assessment from the perspective of temporal interbank
dynamics. To accomplish this task, we have proposed a novel
credit rating and risk assessment learning system, named as
HFTCRNet, which includes the LT? module, STCGT module,
ARCT module, and HFT module to capture and integrate
the interbank relationship from long-term growth trajecto-
ries, short-term interbank relationship variance, and spatial
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high-risk contagion chain. Besides, we have proposed a novel
interbank credit rating dataset, which incorporates quarterly
financial data of banks, temporal interbank loan networks,
and some vital labels (e.g., credit rating and SRISK) from
2016Q1 to 2023Q1 for a total of 4548 banks. To the best of
our knowledge, this is the first work that addresses the bank
credit rating and risk assessment by the temporal interbank
dynamic. Moreover, we optimize our framework in a semi-
supervised manner, which not only uses multiple objective
labels annotated with different annotation sparsity but also
demonstrates a new method to evaluate the systemic risk of
the interbank financial system. Extensive experiments on our
interbank dataset demonstrate the efficacy of HFTCRNet on
temporal interbank dynamics.
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