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Abstract—In banking finance and lending, credit rating is
an important tool to measure creditor and debt reliability and
prevent systemic risk among banks. Intrinsic features are key
factors in risk control decisions. Decision models built with these
intrinsic features are often used to assess risk classification and
asset safety, but there lacks research on credit prediction for
bank rating outlooks with financial correlation, which reflects
the structured pattern of systemic risk and contagion. Although
correlations among financial entities are valuable for rating
outlook, it is hard to integrate such interactions into feature-
based solutions. Aiming at the issues above, we propose a hyper-
feature mapping operator based on an attention-based knowledge
representation to build a knowledge system for the credit rating
prediction of the interbank to represent the knowledge of credit
rating. Combined with the interrelated behavior graph of each
entity, a hyper context graph attention with intrinsic properties
(assets, capabilities, buffers) are represented as knowledge for
rating prediction to extract the context representation, helping
understand the interaction of risk between intrinsic properties
and entity-to-entity. Through the experimental comparison and
evaluation based on 10 years of actual interbank data, the results
show that the proposed model is effective with higher perfor-
mance compared with the popular rating prediction methods
currently used in the industry.

Index Terms—interbank rating prediction, machine learning
fintech, transformed graph attention representation; data mining

I. INTRODUCTION

An interbank network is a network formed by inter-bank
lending among commercial banks, in which the default of
one bank may cause other banks to default, causing the
risk of default to quickly spread to the entire network, and
even lead to a systemic financial crisis [3], [6], [7]. Due to
the obligatory relationships between banks, the credit rating
between banks serves as a significant criterion to measure
creditor and debt risk for financial reliability assessment [20].
Although the credit rating is intuitive and widely applicable,
due to the fact that inter-bank financial shocks can evolve
from small-scale contagion to systemic crises, and the rating
has limited timeliness, it is still difficult for rating agencies
and policymakers to detect and predict potential risks, thus
formulating effective prudential supervision policies to prevent
crises or conduct policy interventions. To handle this risk,
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rating outlooks [2], [8], [11] with a certain early warning
mechanism are increasingly introduced into the credit rating
process to assess the potential direction of a credit rating over
a intermediate term thus preventing the latent risk before it
occurs.

In the industry, the domain rule based approaches are
designed by experts to predict the credit rating of the banks
where various rules are manually designed based on the
specific features of data and the mechanics of the interbank
system. Despite of its importance in practice, as to our best
knowledge, the problem of credit rating prediction has not
been systematic studied for interbank system in the research
literature. Nevertheless, similar to other finance related studies,
the classical machine learning models can be directly applied
without prior knowledge of rules or mechanism such as Re-
gression Analysis (e.g., [12]), Decision Tree Model (e.g., [25]),
Random Forest (e.g., [21]), gradient boosting decision tree
(GBDT) (e.g., [31]), AdaBoost [18], Multilayer Perceptrons
neural network (MLP) (e.g., [14], and Statistical Learning
(e.9., [13], [16], [17], [23], [24]).

We observe that the domain rule based methods cannot
work without proper hypothetical mechanism and may cause
non-objective results in the rating due to the subjective as-
sumptions of the model and the incomplete understanding
of the mechanism. Moreover, these rules are usually not
available for public or too specific due to the hand engineered
nature of these methods. On the other hand, not surprisingly,
our experiment results demonstrates that the performance of
directly applying classical machine learning models is not
competitive because they cannot well exploit the nature of
the interbank data. Moreover, these models cannot properly
capture the interconnection between entities (i.e., banks), while
the lending relationship between interbank is complex, and the
risk and rating of an entity will be affected by the status of
other related entities.

In this paper, we model the interbank system as a network
such that the interconnections among banks can be well cap-
tured. The prediction task on this network is quite challenging
because of the complex nature of the data. The information
about how much each bank owns in the interbank market
usually could be available in the form of assets and liabilities,
but the correlated influences among the banks are not easy to
acquire and model directly (e.g., which bank borrowed money
from which bank, the debt-creditor relationship and obligation
extent between the two and other banks, etc.). Besides, feature
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data, e.g., assets and liabilities, are heterogeneous, which
means these features cannot be trivially fed into a neural
network model.

To address the above challenges, in this paper we develop
a transformer-based attention network, representing the corre-
lations and influences with transformer-based graph attention
representation (TGAR) as context knowledge. In particular,
we use the feature data for the following three tasks: (1)
generating the edges of the inter-bank relationship graph
through a minimum density estimation, where the generated
graph will be fed into our proposed method together with
other input features; (2) deducing the strength of the inter-bank
relationship by using a transformer-based network, where the
self-attention mechanism can adaptively adjust the importance
of each edge of the inter-bank graph; and (3) being passed
on inter-bank relationship graph to infer the representation of
each bank to predict their ratings. Moreover, as to our best
knowledge, currently there is no public available interbank
data which is a big hurdle for this line of research. In this
project, we collect a inter-bank dataset spanning from 2010
to 2020, which will be public available for researchers. We
conduct extensive experiments to evaluate the effectiveness of
our proposed method on this dataset. The results demonstrate
the superior performance of context attention representation-
compared to baseline approaches.

We systematically address the problem of credit rating
prediction for interbank system. Our work paves a new way
of feature-driven predictive model in addressing the potential
risk threat on inter-bank relationships. The corresponding
design and implementation of the transformer-based graph
attention representation enables the model to learn from the
bank features directly. We also propose feature-driven self-
attention mechanism in detail and prove its effectiveness
in predicting the risk ratings. Comprehensive performance
evaluation demonstrates the superior performance of our pro-
posed methods compare to baselines. The results suggest that
our method can help to prevent potential financial crisis in
advance.

Il. METHOD

A. Financial Background

The process of credit rating includes conference organi-
zation, Information Curation, Analysis & Assessment, Ob-
servation, sovereign national rating, deliberation, and rating
determination [19] as shown in Figure 1. Different rating agen-
cies have slightly different rating methods. The two largest
rating agencies in the industry are Moody’s and S&P Global
Ratings [26]. At present, considering the changes in the market
and economic conditions, rating outlooks [2], [8], [11] are
increasingly introduced into the rating process as a supplement
to the credit rating by the rating agencies’ assessment of
factors that may lead to changes in the rating review in the next
6-24 months, which is an essential application background of
the topic in this paper.

Fig. 1. Process of Credit Rating

B. Transformed Graph Attention Representation

Figure 2 shows an overview of the data used in this
paper where the interbank data is represented by a graph.
Particularly, each node (bank) is described by four attributes
including assets, capabilities, buffers, and weights, and the
entities are represented by X. Note that the weights of the
entities are derived from the historical feature data of the banks
by performing data fusion and the edges of the interbank graph
are derived by a minimum density estimation [1], [3], [5], [22],
which is represented by A. Note that the data architecture used
in this paper does not require manual feature engineering and
can be directly computed and learned by the proposed system.

[ Feature Computing } [ Feature-Graph Computing ]

A

X Correlation
Network
+ Graph

History

Features

Weights Liabilities

Fig. 2. Data Schema and Workflow

For the relationship between each entity, we use a graph
to store the pointing relationship between each entity, and
each pointing relationship represents the direction of the
relationship behavior influence vector, which is encapsulated
as A. The data architecture does not require manual feature
engineering and constructs the original relational behavior into
a sequential format of graph structure, which can be directly
computed and learned by the proposed system.

We design a graph learning strategy with Transformed
Graph Attention Representation (TGAR) to construct a knowl-
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edge representation of each entity for graph learning. Inspired
by the work [29], [30], the Transformer-Based Graph Attention
Representation (TGAR) can be described as shown in figure 3.

Fig. 3. Context Knowledge Representation with TGAR

C. Hyper Feature and Context Representation

We design a hyper feature unit and hyper context unit for
extract the feature knowledge as a set of tensors. The main
operators of hyper feature unit include f(:) = fcnn() as a
computation of a full connected neural network (FCNN) and

(+) as hyper-feature transition.

The FCNN operator is mainly used to establish a linear
mapping with weights W that can be learned, and the mapping
can be formulated as f: X Sy by

y=WX+b (1)

where y refers to the mapping output and X input as a set
of features, W and b the weight and bias to be learnt. In
our design, we apply the FCNN modules to mapping the
elementary features of X to functional projections combined
with other operators, and these FCNN modules are the main
parts of learning.

The hyper feature transition operator () mainly performs
the mapping from feature to tensor space, which can be
formulated as

"Raxm S kanXT— (2)
in which k refers to the number of the hyper feature tensors.
Therefore, the mapping of hyper feature unit F(-) can be
formulated as
F(X) = X (3)
where  represents operator multiplication, which is a cascade
of inter-domain mappings (e.g. H F:AS BS C given
F:AS B,H:BS C). The corresponding functional
logic can be represented as F(X) = (f(X)). As shown in
figure 3 (b), the mapping of hyper context unit F¢ () can be
formulated as
Fc(X) = Fu(X) x Fo(X) = 1

f1X>< 2 ng (4)

D. Graph Fusion Representation

As for the design of Graph Fusion Representation, a soft-
max [10] operator is used for multi-classification. Defining
the softmax operator as (-), and if the correlation can be
represented as a graph A, the mapping of graph knowledge
fusion can be formulated as

M(A, X) = (AX) (5)

where the softmax operator () implements a mapping from
a numerical space to a probability space. Its function in the
system is to map the categorical numerical output to a relative
probability as P = (C), by
e’
Pi = —x
I
where P =[p1,p2,...] refers to the probability vector corre-
sponding to the vector of classification output C = [ ¢y, Co, . . .]
in which ¢; is the output of the ith classifier, the total number
of categories is Nc, and p; represents the probability ratio of
the ith element as a probability over all possible classifications.

E. Binomial Gain Learning

(6)

eC

We design a unit for a pair of tensor inputs to calcu-
late the binomial gain, in which differential aggregation and
sigmoid [9] operators are used to process the merging and
mapping tensors as the gain, in which the sigmoid operator
performs the mapping from the numerical space to the prob-
ability space, and can be formulated as (-) where

)= e )

and the operation for the input in a vector form can be
expressed as

X1 (x1)
(X)= : (8)
Xn (Xn)

and the operation for the input in a matrix form X =
{Xi }nxm can be expressed as

X =

X11 Xim (X11) (X1m)
X= (X)= :
Xn1 Xnm (Xn1) (Xnm )
9)

The differential aggregation operator
the inputs tensor as

( X1,X2) = Faun,1([X1, X2, X1 S X2]")

mainly aggregate

(10)

where f3x nx m, 1 refers to a FCNN operator with an input size
of 3x n and output size as 1.
Therefore, the binomial gain processing G(-) can be formu-
lated as
G(X1,X2) = ((

X1, X2)) (11)

Although the softmax operator and sigmoid operator can
map the tensor from a numeric domain to a probability
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domain, different from the use of the softmax in graph knowl-
edge fusion, the purpose of using sigmoid in this differential
aggregation is to distinguish the gains corresponding to the a
pair of tensor inputs, while the softmax operator focuses on
the probability mapping for multi-categorical outputs.

F. Bernoulli Fusion

As for the design of Bernoulli Fusion processing, a para-
metric rectified linear unit (PReLU) [28] operator is used for
the activation of the output. Defining the PReLU operator as

(+), with the binomial gain G obtained by (11), the mapping
of graph knowledge fusion can be formulated as

Y = (GX1+(1 S G)Xy) (12)
where Y =[y1,...,n] as the output. Let X = GX; +(1 S
G)Xz =[Xy1,...,Xp], it yields
o S — )?i )?i >0
yi = (%)= axi, X 0 (13)

in which X; and y; are corresponding to each other. In the
paper, we set a = 0.25.

G. context attention representation mapping

Through the combination of the series of units and operators
above, the context attention mapping can be completed under
the systematic framework with hyper context unit and graph
knowledge fusion on the input feature X and graph A. The
graph context learning output M can be obtained by applying
(4) and (5), which yields

M= (A Fc(X)) (14)

With hyper feature unit, its output can be obtained by (3)

as F (X). After performing tensor multiplication with M, the

product will be one of the inputs of binomial gain processing
can be formulated as

Z =

(A Fe (X)) F(X) (15)

Meanwhile, a hyper feature H is also obtained b_}/ H =
T (X) as another input to binomial gain processing. Together

with Z, the binomial gain can be obtained by using (10),(11),
which yields

G=(( H2Z) (16)
With H,Z, G the fusion representation K can be obtained
by the Bernoulli fusion module, and the Bernoulli fusion
procedure can be formulated as

K=

(GH+(1 S G)Z) (17)

As the output of attention-based operations, the attention
representation K can again be used as input for attention

refinement, thus forming a cascaded context attention repre-
sentation chain system.

TABLE |
ANNUAL STATS OF FEATURE DATA
Year | Avg Assets | Avg. Liabilities | Avg. Buffer | Avg. Weights
2011 10.1805 9.5426 326.8603 347.5834
2012 10.5614 9.8705 262.1356 283.5675
2013 10.7974 10.0724 498.7543 520.6241
2014 10.6820 9.9356 | 19795.6968 19817.3144
2015 10.4534 9.7032 | 27590.7611 27611.9178
2016 10.7571 9.9811 394.9608 416.6989
2017 11.8442 10.9607 1527.9176 1551.7226
2018 12.0645 11.1478 1981.3933 2005.6057
2019 12.2837 11.3360 1854.6793 1879.2990
I1l. EXPERIMENTS AND RESULTS
A. Data Set

In this section, we describe the extensive experiments
for evaluating the effectiveness of different methods. The
independent variables are ’assets’, ’liabilities’, ‘buffer’,
weights” as input attributes, and the prediction target
‘credit rank’ of the next year as the output. From a
variety of finance data sources such as Moody’s Analytics
BankFocus (https://bankfocus.bvdinfo.com/), Standard and
Poor’s  Rating(https://www.spglobal.com/ratings/en/products-
benefits/products/credit-ratings) and Trading Economics
Credit Rating (https://tradingeconomics.com/country-
list/rating), we collect 10-year interbank data from 2011
to 2020. The number of records in the attribute data is 14,245
each year; that is, there are 14,245 entities as prediction
objects. The attributes contained in each entity are ’id’,
‘assets’, ‘liabilities’, ‘buffer’, ‘weights’, ‘credit rank’, The
stats of feature ‘assets’, ‘liabilities’, ‘buffer’, ‘weights’ is
shown in table I. The attribute ‘credit rank” include 4 rating
categories, from the lower to the upper rank as D, C, B, A
with the similar method as Moody’s credit ranking [4].

B. Implementation and Evaluation

In this paper, we choose 2-layer cascading context attention
representationto compose a cascading system and test its
feasibility and performance. We apply Adam optimizer with

1 = 0.9 , = 0.999 and learning rate = 0.02 The
experiment use the feature information of the previous year
to predict the rating in the coming year, i.e., yk+1 = h(X;)
in which X; refers to the input of the year k, h(-) refers to
the method used for prediction based on the input of year k,
and y+1 refers to the rating of the prediction. For methods
with graph computing models, the model can be formulated
as Yi+1 = h(X, At) where we use the feature input X; and
the graph input as A; of year t to predict the rating of year
t+1.

To evaluate the performance of proposed method, we com-
pare context attention representationwith the following models
commonly applied in the risk assessment and prediction tasks,
including the Ridge Classifier, Gradient Boosting Decision
Tree (GBDT), Nearest Neighbors, Decision Tree, Random
Forest, Neural Network, AdaBoost, Naive Bayes (NB), Multi-
nomial NB, Bernoulli NB, Gaussian Process, and graph con-
volution network (GCN) [15], [27]. In order to evaluate the
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results of various methods from different perspectives, we is 0.4349. Comparatively, the method-oriented performance
choose four widely used metrics to measure the performance of MLP neural network is lower than S due to the lack of
of different methods for credit rating prediction, including correlation information, while GCN shows a boosting with the
accuracy, average-weighted precision, macro-averaged recall, introduction of the graph, and context attention representation-

improve more with the context attention. Figure 5 shows the

and macro-averaged F1-score.
Let {I;} be the aggregation of the indicators above. For

different method hy(-) and input in year t, the indicator can )

be formulated as Ii(k,t), which refers to the ith indicator Method-Wise Score Stats S(t)

of the kth method in year t. To measure the expectation of
0.6 é

metrics in the method-wise _and yearly manner, we define
the time-method-wise score Sy (t), metric-method-wise score

Sk (i), and yearly score S¢(i) as 0.5 Q
i ll\i/l(k,t) Se(i)= —k 'iT(k,t) S(i)= I+i<(k’t) g overallaverage S| il ] [l]
(18)
where M refers to the number of metrics, K the number 0.3<é 8
&

of methods, T the number of years. In this paper, K =
13;M = 4, T = 9. These metrics reflect the performance 021

expectation after synthesizing various t, k or i. To reflect the
overall method-oriented performance, the comprehensive score
of the kth method is introduced as

= _ i ik

Sk = T (19)
This metric mainly focuses on evaluating the performance
expectations of a method after synthesizing the metrics of the
entire period. Similarly, the annual comprehensive score of the

year t is defined as

Se(t) =

N
e

-
Random Forest |

RidgeclasS ifier 1
GBDT -
Nearest Neighbe
Decision Tre
Neural et 1
/‘\(:!.5,30051L J
Naive Bayes ]
MultinOm’-a/ NB ]
Bernouj g |
GaUSsian PrOCeSS 4
Ge
TGAR d
‘S:t(/() R

Fig. 4. Method-Wise S_k Comparison

yearly comparison between the synthesized metric Sy (t) and
St, revealing the difference between typical methods. In the
forecast performance of each year, the performance expecta-
metrics of each method in a certain period, showing the tion of Naive Bayes is always lower than the annual forecast
average level of prediction performance in this period with average level, while the performance expectation of TGAR,
the implication of the expectation of difficulty in this period. GCN, GBDT is always higher than the average level, and

context attention representationhas the highest performance

~ Lk, )
— k it
Se= MK (20)
This metric mainly focuses on the synthesis of the performance

The overall score is defined as
_ , (K value in the metric comparison of each year. The MLP neural
— i t k I'( ’t) . .
S= MTK (21)  network is below the annual average in most cases, only
breaking the average for the two years in 2014 and 2017.

This metric is a global performance metric expectation for . . LT
I - This shows that when no graph information is introduced,
the prediction task performance of the dataset itself after . ; . .
A the learning of MLP is more sensitive to the influence of the
synthesizing time and method factors. .
feature data of the current year, and the performance is not as
C. Main Results good as the tree-based method. However, after the introduction
According to the results of various experimental compar- of graph features, GCN and context attention representationare
isons and evaluations, the context attention representationsys-  relatively stable in annual prediction performance, and the per-
tem that integrates graph-based context attention representa- formance expectations can break through the annual average
tion can perform more effective graph learning, and obtain  evel-
more features under the same conditions to improve the
IV. CONCLUSION AND DISCUSSION

prediction hit and coverage.
Figure 4 shows the comparison stats of metric comprehen- In this paper, we propose a context attention representation
predictive rating method for the application scenario of inter-

sive score. context attention representationmodel shows the
highest Sy evaluation, followed by AdaBoost and Random bank rating outlook. We conduct experiments on our designed

Forest. Among the neural network methods, the performance method on a real industry dataset and use 12 popular methods
of context attention representationis also much higher than in the industry as baselines to compare the difference between
that of GCN and MLP neural networks. Therefore, it can be methods. Experimental results show that proposed attention-

seen that the attention representation integrated into the context based method outperforms these baselines in all metrics,
has played a significant role in improving the performance and can have better performance in predicting the numerical
features of expectation and variance. The advantages of our

of neural network methods. With (21), the overall metric S
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solution are: 1) The weight embedding method under our data
schema can significantly reduce the requirements on system
storage space and computational resource consumption. 2)
context attention representation maintains the independence
of features, correlation, and feature-correlation while fusing
heterogeneous feature data and relational data to reduce key
information loss after information fusion. 3) The context at-
tention mechanism can perform multiple learning on relation-
feature, feature-feature with the Bernoulli fusion, and binomial
gain. Future works include studying context gain and fusion
mechanisms in other modalities, and their impact on prediction
results in large-scale cascaded systems.
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