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Abstract

This thesis presents an investigation into the application of advanced
machine learning techniques to enhance information processing capabilities in the
financial services sector, focusing on the challenges faced by small and medium-sized
enterprises (SMEs) due to limited data availability. It comprises three interconnected
studies that utilize cutting-edge approaches like graph neural networks and large
language models to overcome the specific challenges of financial analytics and risk
assessment in SMEs.

In the first study, the thesis introduces a relational graph attention network
algorithm. This methodological innovation addresses limited data availability in
SMEs by utilizing information from adjacent enterprises. It constructs a network
that factors in shared management teams and business interactions, aiming to
refine the accuracy of credit risk predictions. This approach is empirically validated
using a dataset from Chinese SMEs, demonstrating its potential effectiveness in
practical applications.

The second study advances this line of inquiry by developing a
heterogeneous spatial-temporal graph convolutional network. This model goes
beyond previous approaches by integrating dynamic relational and transactional
data from a network of enterprises. The study tests the model's capability to
enhance the accuracy of credit default predictions, comparing its performance
against traditional models that focus primarily on individual SME attributes. The
empirical analysis, grounded in robust statistical evaluation, confirms the model's

effectiveness.



The third study of the thesis explores a novel text mining workflow that
incorporates large language models, like ChatGPT, along with an automated web
crawling technique. This approach aims to extract meaningful insights from
internet-sourced textual data, an important resource in scenarios of limited data
availability. The practical utility of this method is showcased through a case study
on the Chinese market for new energy buses, illustrating its potential application in
financial service analytics.

Overall, this thesis contributes to the academic discourse in financial
services by thoroughly exploring the use of machine learning methods for tackling
data analysis and risk assessment challenges in SMEs with limited data. It
underscores the transformative impact of machine learning in finance, offering
more advanced tools for decision-making to both service providers and
policymakers. Furthermore, this research lays a strong groundwork for further
studies in this area and stands as a useful reference for both scholars and industry

professionals.
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Chapter 1 Introduction

Chapter 1 Introduction

The financial services sector stands at a pivotal juncture, characterized by
rapid technological advancements and an increasingly data-driven landscape. This
evolution is significantly shaped by the integration of machine learning, which offers
sophisticated analytical and predictive capabilities. However, this sector faces a
crucial challenge: the pervasive scenario of limited data availability. This issue is
particularly acute among SMEs and in emerging markets, as indicated by recent
studies (Chen et al., 2023). These enterprises often grapple with incomplete financial
records and opaque information streams, which leads to a myriad of challenges,
including higher risk premiums and constrained access to financial support. Such a
landscape underscores the urgent need for innovative solutions that can function
effectively in environments where data is scarce or incomplete.

In traditional financial service contexts, machine learning models rely heavily
on the availability of extensive and high-quality datasets. This requirement, however,
Is seldom met in the case of SMEs and niche financial markets. The gap in data
availability is further exacerbated by challenges such as incomplete financial records
and a lack of transparency in information dissemination (Song et al., 2016). This
discrepancy not only hinders the applicability of conventional financial models but
also reveals a significant gap in the financial analytics landscape, particularly in
addressing the needs of a substantial market segment. This thesis seeks to address
these challenges by exploring the effectiveness of advanced machine learning
techniques in enhancing information processing capabilities in financial services,
with a particular focus on scenarios characterized by limited data availability.

The first paper presents a novel approach to SME credit risk assessment by
utilizing data from adjacent enterprises. This method is grounded in the concept that
adjacent enterprises - those engaged in relational (Tobback et al., 2017), transactional
(Kou et al., 2021), and supply chain relationships (Wu et al., 2022) - can provide
valuable insights into the creditworthiness of SMEs. The paper introduces a RGAT
that effectively aggregates information from these adjacent enterprises. This
approach not only addresses the limitations highlighted by Bronstein et al. (2017) in
traditional neural networks' handling of complex topological structures but also
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demonstrates how incorporating a broader array of data sources can enhance the
accuracy of credit risk assessments in the SME sector.

Building upon the innovations of the first paper, the second paper investigates
the spatial-temporal dynamics of SMEs' credit default risks by incorporating adjacent
enterprise data within a GNN framework. This paper is informed by recent
advancements in machine learning and finance literature (Wang et al., 2021; Yang et
al., 2020; Y. Zheng et al., 2021) and underscores the significance of interconnected
networks in understanding and predicting credit risks. It presents a comprehensive
perspective on financial analytics for SMEs, highlighting how relational and
transactional ties among businesses are crucial in shaping credit risk profiles.

The third paper marks a significant leap into the domain of LLMs, like
ChatGPT, for extracting valuable insights from internet-sourced text data. This
innovative approach addresses a critical gap in financial services — the extraction of
actionable insights from vast, unstructured textual datasets. By utilizing advanced
LLMs, this study demonstrates a new frontier in financial analytics, especially
beneficial in scenarios marked by limited traditional data availability. The use of
LLMs, as explored in this paper (Kanbach et al., 2023; Z. Zheng et al., 2023),
represents a paradigm shift in how financial data is processed and analyzed, moving
beyond conventional models to embrace the richness of digital data streams.

10T data
Industrial data-{MES, WMS, ERP
On-chain data

Public opinion information
External -
External . Information -
. . information . Justice information
information Provider data
sources - -
Credit information

{Online data An text minin
Information in financial Kl 9 Study 3
service |Public data {Textual data St llely

Multimedia data

Internal Internal ‘Transaction data — —
. . —information H Predicting SMEs' credit risk §
information

sources Profile data

Static [ Study |
Dynamic — Study 2

Fig. 1-1 The relations among three studies from information perspective
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Tree-based methods 1 GBDT

Machine learning
CNN
RNN

Artificial neural Relational graph
networks Staticgraph attention network Study:l
GNN
Spatial-temporal
Dynamic:graph graph neural network pludy:2
Transformer SRIge anotage Study 3
Models y

Fig. 1-2 The relations among three studies from method perspective

As shown in the Fig. 1-1 and Fig. 1-2, the three studies address the traditional
data deficiency problem by leveraging different types of information and methods.
Study 1 and Study 2 mitigate this issue by utilizing information from adjacent
enterprises, with Study 1 focusing on static graph models and Study 2 on dynamic
graph neural networks to analyze evolving data patterns. Both studies incorporate
external and internal data sources to enhance the prediction of SME's credit risk. On
the other hand, Study 3 addresses data deficiencies by utilizing internet-sourced
information, applying large language models and text mining workflows to extract
valuable insights from unstructured data such as public opinion and online content.
Together, these studies provide a comprehensive approach to financial risk
assessment by integrating diverse data sources and advanced methodologies.

The collective narrative of these papers addresses the central challenge of
limited data in financial analytics. Through a multifaceted approach, the thesis
showcases how leveraging adjacent data, spatial-temporal dynamics, and LLMs can
unveil new pathways in financial analytics. This synthesis of diverse methodologies
underscores the central aim of the thesis: to enhance information processing in
financial services through innovative machine learning techniques in the face of data
scarcity. It represents a comprehensive effort to not only tackle the immediate
challenges faced by SMEs in financial services but also to offer a blueprint for future

advancements in the field.
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The thesis makes several novel contributions to the field of financial services.
It pushes the boundaries of data utilization in financial analytics, challenging the
notion that limited data equates to limited insights. By introducing groundbreaking
machine learning techniques tailored for SMEs and niche markets, the thesis offers
practical tools and frameworks that can be adopted by financial institutions, SMEs,
investors, and policymakers. These contributions enable more informed and strategic
decision-making, even in the absence of comprehensive data sets. The implications
of this research are far-reaching, offering tangible benefits to various stakeholders in
the financial ecosystem and paving the way for more resilient and adaptable financial
models.

The thesis begins with this introduction, laying a solid foundation for the
subsequent in-depth exploration in the following chapters. Each paper is presented as
an essential component of the thesis, focusing on specific aspects of machine
learning application in financial services under conditions of limited data. The
concluding chapter will synthesize the findings from these papers, discussing their
broader implications and identifying potential avenues for future research. This
structured approach ensures that each paper's contributions are not only showcased
individually but also integrated into the larger narrative of advancing financial

analytics through machine learning in data-constrained environments.
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Chapter 2 First study

Credit risk prediction for small and medium enterprises utilizing

adjacent enterprise data and relational graph attention network

Abstract
Credit risk prediction for SMEs has long posed a complex research challenge.

Traditional approaches have primarily focused on enterprise-specific variables,
but these models often prove inadequate when applied to SMEs with
incomplete data. In this innovative study, we push the theoretical boundaries
by leveraging data from adjacent enterprises to address the issue of data
deficiency. Our strategy involves constructing an intricate network that
interconnects enterprises based on shared managerial teams and business
interactions. Within this network, we propose a novel RGAT algorithm capable
of capturing the inherent complexity in its topological information. By doing so,
our model enhances FSPs' ability to predict credit risk even in the face of
incomplete data from target SMEs. Empirical experiments conducted using
China's SMEs highlight the predictive proficiency and potential economic
benefits of our proposed model. Our approach offers a comprehensive and
nuanced perspective on credit risk while demonstrating the advantages of

incorporating network-wide data in credit risk prediction.

Keywords: Risk management, SME, Credit risk, Transactional data, GNN

1. Introduction

The deceleration of global trade presents formidable challenges for
companies and their supply chains (Chen et al., 2023). Particularly SMEs, which
constitute the most vulnerable segment within the supply chain network, necessitate
heightened financial support. However, due to incomplete financial records,
information opacity, and limited risk resistance capacity, SMEs often face higher risk
premiums when seeking financial assistance from FSPs such as banks and fintech
companies (Song et al., 2016).
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To mitigate the subsequent risk premium and enhance the assessment of
credit risk for SMEs, there has been significant interest from academia and industry
in utilizing information from adjacent enterprises as an external signal. Adjacent
enterprises refer to entities that engage in business interactions with the target
enterprises, encompassing relational (e.g., shared directors and managers) (Tobback
etal., 2017), transactional (e.g., payment network) (Kou et al., 2021), and supply
chain (Wu et al., 2022) relationships. Notably, SCF exemplifies this approach by
facilitating expedient financing support to SMEs through credit binding with FEs (Jia
et al., 2020). FEs are the centre of the supply chain or business ecosystem, playing a
pivotal role in orchestrating and influencing its network activities due to their
strategic position, market power, or operational capacity. Due to credit integration
within SCF programs, FSPs make informed decisions by considering the credit risk
of adjacent enterprises, such as upstream and downstream supply chain partners.
Consequently, previously underserved SMEs can now access loans from FSPs based
on the high-quality nature of their adjacent enterprises (Tobback et al., 2017).
Recognizing these advantages, a McKinsey Global Company study in 2020
emphasized that the potential market for supply-chain finance is estimated at $17
trillion (MGPR, 2020). The flourishing growth of SCF signifies widespread
acceptance of incorporating adjacent enterprise value into SME credit evaluations.
Furthermore, the low default rate observed in SCF underscores the potential value of
assessing SME credit risk by considering their associated enterprise conditions (Zhu
etal., 2019).

However, most research and financial solutions beyond SCF still consider
each enterprise as an isolated entity when predicting its credit risks. As previously
mentioned, unlike large enterprises, SMEs often face data deficiency issues due to
incomplete records in their financial systems. This limitation renders traditional
methods ineffective in producing satisfactory results (Lugovskaya, 2010; Ma et al.,
2016; Zhu et al., 2016). Furthermore, even though some researchers have
acknowledged that signals from adjacent enterprises can help mitigate data
deficiency problems and predict the credit risk of SMEs, the high-dimensional and
complex topology of these networks restricts their models to utilizing manually
extracted features only. Consequently, important information is lost in this process
(Tobback et al., 2017; Yang et al., 2015; Yuan et al., 2019).
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A recent example is Kou et al. 's (2021) study, where they leverage
transactional data between target SMEs and adjacent enterprises to enhance the
predictive power of their model. However, the extracted features in their method—
such as the number of adjacent enterprises in payment networks—only capture
quantity information while neglecting quality information about these neighboring
entities. Nevertheless, as Tobback et al. (2017) argued, different qualities exhibited
by adjacent enterprises significantly impact SMEs' creditworthiness: reputable
neighbors increase credibility, while bankrupt ones increase bankruptcy likelihood. A
real-world example is provided by the case of Evergrande Group, which faced
maturing debts amounting to an estimated USD 428.36 billion, with overdue
commercial paper constituting approximately USD 318.04 billion. This default event
directly catalyzed the bankruptcy of Grandland Group, a key supplier to Evergrande.
Moreover, many adjacent SMEs have subsequently encountered significant
detrimental impacts on their operational and financial stability.

This paper aims to address this research gap by proposing a graph learning-
based model for effectively aggregating information from the SME and its adjacent
enterprises. Furthermore, traditional neural networks designed for Euclidean or grid-
like structures are inadequate in handling the arbitrary size and complex topological
structure of adjacent enterprises associated with SMEs (Bronstein et al., 2017). To
overcome this limitation, we introduce a novel approach called RGAT that leverages
graph learning techniques to aggregate information from both the target enterprise
itself and its adjacent enterprises. Unlike conventional GNNSs, our proposed method
can handle multiple relationship types within a unified model while discerning
distinct contributions made by adjacent enterprises.

The remaining sections of the paper are structured as follows: Section 2
summarizes relevant literature and progress. Section 3 elaborates on the construction
process of the relational, transactional, and comprehensive risk graphs. In Section 4,
we present detailed information about our proposed RGAT method. Sections 5 and 6
outline the experimental setup and analysis of empirical results, respectively. Finally,
in Section 7, conclusions are presented along with discussions on potential avenues

for further exploration and investigation in this research domain.
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2. Literature review

In contrast to FEs, which possess abundant operational history records and
reliable audited financial statements, SMEs suffer from information opacity and
incomplete internal control systems, thereby posing challenges for FSPs in assessing
credit risk (Su & Lu, 2015; Zhu et al., 2019). Consequently, we focus on this subject
matter and review the two closely related research areas: 1) factors influencing
SMEs' credit risk and 2) methodologies for predicting SMEs' credit risk.

2.1. Features impacting SMEs' credit risk

Firstly, the features influencing the credit risk of SMEs can be primarily
categorized into two principal clusters: SMEs-oriented features and SCF-oriented
features (Zhu et al., 2019). The SMEs-oriented features refer to SMEs' financial and
operational features (L. Zhao & Huchzermeier, 2015). Financial characteristics
typically represent the fiscal performance and debt repayment capacity of SMEs.
Fantazzini and Figini (2009) contend that several key financial indicators, including
the liquidity ratio, debt ratio, short-term to long-term debt ratio, provisions to sales
ratio, equity to debt ratio, and short-term debt, exert a significant impact on the credit
risk of SMEs. Lin et al. (2012) selected 33 financial ratios from inspecting the
correlation matrix of 70 financial ratios in their model to predict SMEs™ bankruptcy
risks. Cultrera and Brégart (2016) find that financial ratios, such as profitability and
liquidity, effectively predict bankruptcy for SMEs in Belgian. Although these
financial ratios play a significant role in evaluating the risks of SMEs, scholars also
highlight that informational opacity and incomplete financial statements of SMEs
may cause financial fraud (Chen et al., 2022; Ma et al., 2016).

To avoid being misguided by unaudited financial features, Psillaki et al.
(2010) found that operational features such as technical efficiency significantly
improve risk forecasting accuracy compared with standard financial indicators.
Furthermore, researchers have indicated that factors such as company size, history,
geographical distribution, customer networks, supply chain information, employee
backgrounds, and awards are typically deemed to be correlated with the risk profile
of SMEs (Angilella & Mazz( 2015; Tobback et al., 2017; Zhu et al., 2017). Da and
Peng (2022) propose innovation capacity and business models can be employed as
determinants of credit risk for technology-oriented micro and small enterprises.
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Besides SME-oriented features, utilizing the SCF-oriented features in the SCF model
is the key to success. Such as the financial features and operational features of FEs
are considered the significant influencing features of SMES' credit risk in SCF
(Wuttke et al., 2013). Furthermore, researchers have investigated the phenomenon of
contagion effects among enterprises and hypothesize that risks propagate from
adjacent enterprises. These SCF-oriented features are derived from counterparties
(Barro and Basso, 2010; Jorion and Zhang, 2009), entrepreneurial relationships (Qian
etal., 2021), and supply chain networks (Wu et al., 2022).

Recently, Yin et al. (2020) argued that operational features are still hard to
obtain, and proposed features from openly available legal judgments effectively
predict the credit risk of SMEs. Bakoben, Bellotti, and Adams (2020) evaluated
credit account risks by analyzing account behaviors. Kou et al. (2021) leverage
SMEs' transactional data and payment network—based variables to build a timely
credit risks model. Their research shows that, unlike traditional financial features,
transactional data are recorded and available promptly and reflect the latest
conditions of SMEs. Although they achieved better accuracy by extracting features
from transactional data of adjacent enterprises, their manually extracted features,
such as the number of adjacent enterprises and the amount of the total cash inflow,
cannot distinguish the importance of different adjacent enterprises. As Tobback et al.
(2017) claimed, an enterprise connected to numerous bankrupt entities is more likely
to exhibit an increased probability of experiencing bankruptcy, and on the contrary,
reputable large enterprises will increase the credibility of their partner. It is
reasonable that if the SME customers are bankrupt, they will have fewer orders
revenue; if they are bankrupt, they will need to search for new suppliers, which will
likely be more costly. Thus, it is unreasonable to regard reputable large adjacent
enterprises and bankrupt adjacent enterprises as the same in their method. Our study
strives to fill this gap by utilizing the GNN to aggregate adjacent enterprises' varying

importance levels.

2.2. Methods for forecasting SMEs' credit risk

Several statistical and machine learning methods have been proposed by
scholars to deal with the proposed influencing features and then be employed by
FSPs to forecast the credit risk of SMEs and make credit loan decisions. The earliest
work in this area is from Edmister (1972), who utilizes multiple discriminant analysis
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and ratio analysis approaches to predict the default probability of SMEs. After that,
more traditional statistical approaches such as Z-score, logit regression analysis,
credit rating approach, and multivariate leaner discriminant analysis were proposed
by researchers and widely employed by FSPs around the world (Altman & Sabato,
2007; Chen et al., 2010; Chen et al., 2023; Ciampi, 2015; Dirick et al., 2017; Kou et
al., 2022; Migueis et al., 2013; Niu et al., 2020; Pan et al., 2021; Skordilis &
Moghaddass, 2017). To achieve a better performance, Ciampi (2015) combines
multiple individual statistical approaches to forecast the credit risk of SMEs in Italy.
While these approaches perform well in some specific cases of traditional financial
solutions and SCF, Zhu et. (2019) emphasize that FSPs always find the quality and
quantity of collected observations is not enough to qualify for use in traditional
statistical approaches because these approaches usually assume a specific data
distribution. These drawbacks have encouraged researchers to investigate machine
learning methodologies, which derive knowledge through model training and do not
require assumptions of specific data distributions when predicting risks (Im et al.,
2012; Wang et al., 2011). Fantazzini and Figini (2009) introduce a non-parametric
random survival forest approach, employing diverse statistical techniques to assess
its reliability. They assert that the random survival forest outperforms the traditional
logit model in terms of performance. Zhu et al. (2016) propose a random subspace-
real AdaBoost method to predict the credit risk of SMEs in SCF. They claim that
ensemble machine-learning approaches have higher accuracy than previous
individual methods. Furthermore, Zhu et al. (2019) put forward an advanced
ensemble machine learning methodology designed to manage comparatively smaller
datasets encountered in practical applications, asserting that the performance of
machine learning generally surpasses that of conventional statistical approaches.
Nevertheless, the existing machine learning methods still treat each enterprise
as an isolated entity and leverage the isolated entity's attributes, which have a poor
performance when historical behavior is lacking (e.g., start-up) and multiple
companies collude. Pourhabibi et al. (2020) claim that graph learning-based methods
can detect connectivity patterns and local network structure in the supply chain.
Scholars use GNNs, a frontier of machine learning that can model data from the non-
Euclidean domain to predict the price of stocks and analyze social networks (Y.
Chen et al., 2018, 2018; Li et al., 2020; Y. Yang et al., 2019). While GNN learners
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are claimed to achieve a better performance if the research object is in a non-
Euclidean space, such as graphs and manifolds, build graphs for SMEs to predict
their credit risk are under-researched (Yang et al., 2020; Zhao et al., 2022). To
address the gap, our research proposes the RGAT variant of GNN for predicting
credit risk in SMEs. This approach facilitates the aggregation of heterogeneous
information from both SMEs and their adjacent enterprises, while the attention
mechanism within RGAT effectively discerns distinct contributions among these
adjacent enterprises.

In conclusion, while the significance of adjacent enterprises in determining
SME credit risk has been acknowledged, the application of advanced machine
learning techniques, particularly GNNs, remains underexplored. Our study employs
the RGAT variant of GNN, known for its enhanced capability to capture intricate
relational structures, offering a more nuanced understanding than traditional methods.
By integrating data from SMEs and their adjacent enterprises, we ensure a
comprehensive analysis, capturing both intrinsic and extrinsic factors influencing
credit risk. Our preliminary findings suggest that the RGAT-based approach
enhances prediction accuracy and offers deeper insights into the adjacent enterprise
factors that most influence SME credit risk. The insights from our research have
implications for financial institutions, regulators, and SMEs themselves, potentially
revolutionizing credit risk assessment methodologies. In bridging the existing gap
with the RGAT-based approach, our study is pioneering in SME credit risk
prediction, setting a new benchmark for future research and practical applications.

3. The proposed methodology

To facilitate information sharing among enterprises and leverage data from
SMEs themselves and adjacent enterprises, we construct graphs to represent the
interrelationships between enterprises. The proposed methodology begins by
constructing a comprehensive risk graph comprising relational information such as
shareholders, directors, and managers, along with transactional data to establish
connections between companies, based on the assumption derived from SCF that
association with reputable enterprises mitigates credit risk. Subsequently, we employ

graph fusion technology to develop a holistic risk graph for the GNN learner, as
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illustrated in Fig. 2-1.
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Fig. 2-1 The model architecture for the credit risk prediction of SMEs.

3.1. Relational graph and transactional graph

Relational data is a type of overlapping interaction record that defines the
interconnections between enterprises. Relational data can effectively address data
deficiency issues by aggregating information from adjacent enterprises. To model
the relationships among these enterprises, we employ a heterogeneous graph known
as the relational graph, where nodes represent different types of enterprises and edges
denote various relations between them. In contrast to Tobback et al.'s (2017)
approach of projecting a bipartite graph into a homogeneous one, our study
constructs a heterogeneous graph capable of accommodating multiple node and edge
types. As depicted in Fig. 2-2, the relational graph encompasses four distinct node
categories: natural person, SME, FE, and FSP. Shareholders can be either natural
persons or other enterprises; meanwhile, board members and management personnel
are typically natural persons. Given that shared ownership influences business
management and strategy similarity, which subsequently impacts company
performance, nodes are connected if they belong to shareholders or serve on each
other's boards of directors or management boards.

12
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?i.sfv

Fig. 2-2 Relational graph from the relational data.
Relational graph from the relational data. Black nodes represent the natural person;

blue nodes represent SMEs; yellow nodes represent FES; green nodes represent FSPs.

Transactional data refers to the information recorded from financial
transactions and money exchanges conducted by enterprises. Unlike financial
statements that reflect past performance, transactional data is promptly recorded to
capture the latest operational conditions of SMEs. Due to the complexity and scale of
transactions involving natural persons and noise in such transactions, this network
exclusively focuses on transactions between enterprises. Subsequently, these
transaction records need to be transformed into a graph with nodes and edges derived
from tables. Since each transaction represents a supply relationship that influences
company performance, nodes are connected if there is at least one transaction record
between them within a specific period. Like relational graphs, the resulting
transactional graph is heterogeneous with three types of nodes: SME, FE, and FSP,
as illustrated in Fig. 2-3. The time frame selection for transactions depends on loan
duration distribution and forecast horizon considerations. Generally speaking, longer
time frames are advantageous for constructing comprehensive network relationships,

while shorter ones better reflect recent enterprise conditions.

Fig. 2-3 Transactional graph from the transactional data.

Blue nodes represent SMEs; yellow nodes represent FES; green nodes represent FSPs.

13
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3.2. Graph fusion

To address integrating multiple relationship types and enterprise types within
a unified model, we construct a comprehensive risk graph by combining relational
and transactional graphs. This comprehensive risk graph encompasses relational and
transactional information, with each enterprise represented as a node while excluding
natural persons. Nodes representing the same enterprise in the graph are merged,
preserving their associated edges. Consequently, two categories of edges emerge:
real edges that depict direct interactions between enterprises (including ownership
relations: R1 and transaction relations: R2) and implied edges that indicate
relationships between two enterprises through shared associations with natural
persons (implied relations: R3). As depicted in Fig. 2-4, the comprehensive risk
graph consists of three node types (FSP, FE, SME) and three edge types (R1, R2, R3).
Subsequently, a graph learning-based algorithm incorporating an attention

mechanism can be employed to forecast risks for SMEs within this graph.

Fig. 2-4 Comprehensive risk graph from the relational and transactional graph.
Blue nodes represent SMEs; yellow nodes represent FEs; green nodes represent FSPs;
R1, R2, and R3 represent ownership, transaction, and implied relations.

4. The proposed algorithm

There are three types of nodes and three types of edges in the comprehensive
risk graph; thus, we proposed a RGAT by extending relational GCN (Schlichtkrull et
al., 2018) and GAT (Velickovic¢ et al., 2018) to encode the SMEs, FEs, and FSPs
with multiple relations. The proposed methodology is in line with the GNN design
framework from You et al. (2020). We utilize the multi-head attention mechanism to

catch the different importance of adjacent enterprises with the same type and utilize

14



Chapter 2 First study

the different neural network weights to handle the multiple types of enterprises and

relations.

4.1. Graph convolutional network

Generally, the expressive power of GCN results from aggregating neighbors'
information of the target node using neural networks, which is determined by the
intra-layer structure, inter-layer structure, and learning configuration. Each node will
be assigned a node embedding, representing nodes as vectors to represent enterprises’

credit risk based on local network neighborhoods. The initial embedding h?of the
node Vv input to the layer is basic features x, extracted from the enterprise profiles of
node v, h? =x,,x, € R, where F is the number of features in each node. And the

embedding of v at layer [+1 is a non-linear transformation of the embedding of v

and its neighborhood at the previous layer, as Equation 1 shows.

hO
h=g( > Wt
ue;(v) ! |N (V)|

+B,h"),vle(0,..,L-1) (1)

where h) is the 1 -th layer embedding of node v, o is a nonlinearity function, W, and
B, are trainable weights, and N (V) is the local neighborhood of v. Through the basic

GCN, the message from neighborhood is passed to the target node. The information
of the adjacent enterprises is aggregated with the target enterprise. Furthermore, we
introduce the multi-head attention mechanism to catch the different importance of

adjacent enterprises.

4.2. Multi-head attention mechanism
In the previous GCN, all neighbors u € N(v) are equally important to node v,

which is based on the node degree of node v, . To devote more computing

N (V)|

power to more important neighbors, we introduce the trainable attention
weight a focuses on the important neighbors and fades out the rest:

h(™ =0 (X, @, Wih{ +BhD) VI € (0,... L-1) 0y

where the ¢, is the normalized attention weight across pairs of nodes u, v. As

Velickovic et al., (2018) suggested, LeakyReL U is employed to address the "dying
ReLU" problem, improve gradient flow, and enhance learning capacity while

maintaining computational efficiency and ease of implementation in deep learning
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models. We employ a single-layer feedforward neural network with LeakyReLU

nonlinearity to train the attention weight. The «,, then be expressed as:

o = exp(Leaky Re LU (a[W®h{™ || W (7))
" Y cnweP(Leaky Re LU @Wh{ [ WOh{])

(3)

where a is the jointly trainable weight vector of the single-layer neural network
and || is the concatenation operation.

We extend our mechanism to multi-head attention to stabilize the learning
process and catch the different information from three types of enterprises.
Specifically, the transformation described in Equation 2 is performed by three
distinct attention mechanisms operating independently, and then the outputs are

averaged:
3
h(" =<’<§Z<Zuewak WO +Bh), V1€ (©,...L-1) (4
= vu !

where ¢« is the k-th normalized attention weight across pairs of nodes u, v, W and
By are k-th trainable weights. With the multi-head attention mechanism, the GCN
has the capability to distinguish the differences among adjacent enterprises.
Nevertheless, though the attention mechanism can distinguish the importance of

homogeneous nodes, heterogenous edges with different types of features in the

comprehensive risk graph need a more expressive algorithm.

4.3. Modelling Relational Data

For different relation types in a comprehensive risk graph, we primarily
follow the architecture of Schlichtkrull et al. (2018), which uses different neural
network weights for different relation types. We denote the comprehensive risk graph

G =(V,E,R)with nodes v eV , labeled edges (v,r,u), and relation types r e R .

Then the GCN propagation model for the relational graph can be defined as:

3
NI =J(%Z(Z S e Wh® £ BhO)), VI e(0,..,.L-)  (5)

k=1 reR UEN{V)
where ¢ is the k-th normalized attention weight across pairs of nodes u, v under
relationr, N, is the local neighborhood of v under relation r, and w;"* are k-th

trainable weights under relation r. To sum up, the overall architecture of this

approach is shown in Fig. 2-5.

16



Chapter 2 First study

After getting the final set of embeddings of every node, h{") e RF , we map

node embeddings fromh(" e RF to the prediction §, € R*, where K is the risk level

of SMEs. Then we employ the cross-entropy loss as the loss function:

£=-33"y"l0g(3") ©)

i=1 j=1

where yf) is the one-hot representation of the actual value of the j-th class for node i

and §"is the prediction value of the j-th class for node i.
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Fig. 2-5 Structure of the proposed relational graph attention network.

5. Experimental setup

The goal of the experiment is to forecast whether an enterprise will default
using adjacent enterprises' data. Traditional machine learning methods and graph-
based learning methods are employed to deal with transactional data and relational

data among enterprises.

5.1. Data sources and features

The enterprise profiles, transactions, and payment data were collected from
the database of a publicly traded Chinese commercial bank, encompassing the
entirety of the 2020 fiscal year. The global COVID-19 pandemic prompted an

economic lockdown during the year's initial half, followed by a resurgence in
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economic activity during the latter half. This dataset thus contains the transactions
during the lockdown and post-COVID. Table 2-1 reports the characteristics of the
data. The primary dataset comprises the basic enterprise profile attributes of more
than 150,000 enterprises, encompassing each entity's unique identifier, industry type,
operational status, registered capital, and the age of the SME, and relational
information, including unique identifiers for shareholders and senior management
personnel. For FEs and FSPs, additional quarterly financial ratio information such as
market-to-book ratio, asset-liability ratio, and credit rating is incorporated whenever
available. Enterprises are granted an SME status if they comply with the latest
definition of the Ministry of Industry and Information Technology in China, using
the annual revenue and the number of employees to distinguish (see Appendix 2-A
for each industry type). In addition, the loan state of the company (default or not) is
collected as the label of enterprises. These default events are recorded when the loan
payment is more than 30 days late, which is the rule adopted by the bank. The other
dataset contains more than 4 million transaction records between previous enterprises,
including timestamp, sending party, receiving party, and transaction value. In the
event that enterprises experience bankruptcy prior to the conclusion of the year, the
terminal status of the enterprises preceding closure, as well as the transactions

executed before bankruptcy, will be utilized for analysis.

Table 2-1 Data characteristics of the enterprises.
P is the number of directors and senior managers; SME, FE, and FSP are the number
of enterprises; L is the number of loan payment events; D is the number of default

events; R1, R2, and R3 is the number of relations.

Purpose P SME FE FSP L D R1 R2 R3

Total set 473336 143205 8550 934 95335 3457 115392 4192854 174804
Train set NA 143139 8550 934 77583 2777 92183 3485635 125843
Validation set  NA 143205 8550 934 9157 337 110391 3793712 154033
Test set NA 143205 8550 934 8595 343 110391 3793712 154033

Node features are derived from the enterprise profiles, encompassing each
enterprise's unique identifier, industry classification, operational status, registered
capital, registration date (corresponding to company age), size category, and the

unique identifiers associated with shareholders and senior managers. The features of
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edges depend on their types, where ORs have the shareholding ratio feature; TRs
have the number of transactions and the quantity of cash flow features; IRs have the

number of mutual people features, respectively.

5.2. Experimental design and performance measure

Fig. 2-1 presents the general architecture of the experiment, including the
datasets, graph, algorithm, and model evaluation. To compare with the benchmark,
eight existing commonly used methods are used to predict the same objective in the
experimental part. They are SVM, DT, RF, XGBoost, NN, GCN, GAT, and RGCN
(Kou et al., 2019; You et al., 2020). We use two-stage multiobjective feature
selection methods to select effective features for the first five methods because they
cannot directly utilize topological information (Kou et al., 2021). The other three
graph-based methods utilize the same setup as our proposed one. In addition, we
utilize the grid search method (Bergstra et al., 2011) to optimize the hyperparameter
of each method to achieve optimal performance. The details of hyper-parameter
tuning are provided in Appendix 2-B. The total dataset is split into training,
validation to optimize the weight matrix and hyperparameters, and testing set to
evaluate the methods across the default events time. An inductive setting is employed
to ensure that the test set remains holdout until the final performance evaluation
(Hamilton et al., 2017). Specifically, only relations occurring within the initial nine
months and before are considered during the training phase. Relations transpiring
within the first ten and a half months are employed to validate default events
between September and mid-October and fine-tune the network parameters.
Subsequently, the model is deployed to predict defaults occurring within the
remaining one and a half months, constituting the test set. The reliability of the
results is realized by averaging the performance over three different random seeds,
which are trained in an end-to-end manner with the ADAM optimizer (Kingma & Ba,
2017).

The dataset exhibits an imbalance owing to the limited instances of defaults.
Consequently, two prevalent evaluation metrics, namely the AUC (Bradley, 1997)
and the KS (Bradley, 2013), are employed to evaluate the proposed methodology in
credit risk prediction and alleviate the overfitting problem. AUC represents the area
under the ROC curve. In this context, a random classifier exhibits an AUC of 0.5,
while a flawless classifier achieves an AUC value of 1. Another measure is the KS

19



Chapter 2 First study

statistic which assesses the model by quantifying the extent of separation between
the distributions of positive and negative outcomes. The value of KS is the maximum
difference between true-positive and false-positive rates, which fall between 0 and 1,
and achieve a higher value when the model is better at separating positive from
negative cases. Each method's training process involves a maximum of 600 epochs,
and the reported results are derived from the test dataset.

6. Results analysis and discussion

6.1. Model performance of non-graph-based methods

Tables 2-2 and 2-3 indicate the experimental results of baselines, graph-based
methods, and the proposed method on our dataset. As seen in Table 2-2 and Fig. 2-6,
the basic enterprise profile attributes are insufficient no matter the forecasting
method used, which is slightly better than random guesses. It happens because we are
in a scenario without financial ratio data. Despite this, XGBoost achieves a better
performance than others which is the only method in this group to get the AUC and
KS more than 0.6 and 0.2. The reason is that this kind of tree-based ensemble
learning method requires less parameter tuning, thus allowing practitioners to build
an acceptable model with little information. As expected, the model's performance
increased significantly with the inclusion of relational and transactional information.
Adding the relational features to the previous models slightly increased the average
AUC and KS from 0.557 to 0.608 and 0.110 to 0.179, respectively. This finding
suggests that the incorporation of relational information substantially contributes to
the enhancement of model performance in credit risk prediction. A similar effect can
be seen by adding transactional features, which increase the average AUC and KS
from 0.557 to 0.574 and 0.110 to 0.160. We can find that using transactional
information among enterprises improves the model's predictive power. A much more
significant increase is achieved when the transactional features are added while
maintaining the relational features. This observation is justifiable, as transactional
information conveys the most recent business circumstances of SMEs, while
relational information unveils the background of these enterprises. Furthermore,
researchers claimed that cash flow and frequency of payment are positively
correlated to firm growth, and the mutual director, management team, and

shareholder lead to similar business strategies and risk preferences (Kou et al., 2021;
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Tobback et al., 2017). Hence, the integration of such information bolsters the
predictive capabilities of the respective models.

Table 2-2 Discrimination performance of models with feature combinations.

SVM DT RF XGBoost NN

Features
AUC KS AUC KS AUC KS AUC KS AUC KS

B 0513 0.031 0521 0.028 0535 0122 0.643 0.243 0575 0.126
B+R 0528 0.035 0526 0.077 0.643 0.207 0.696 0.311 0.645 0.264
B+T 0524 0.039 0515 0.052 0593 0.225 0.622 0.237 0.617 0.249
B+R+T 0542 0081 0544 0083 0676 0235 0687 0353 0.658 0.275

Note: "B" refers to features from basic enterprise profile attributes, "R" refers to features

from relational information, "T" refers to features from transactional information
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Fig. 2-6 The AUC and KS of models with feature combinations.

6.2. Model performance of graph-based methods

Unlike the previous methods, graph-based methods do not need to do much
feature engineering. On the contrary, they explicitly utilize graph structure
information and propagate the massage from graph structure instead of using it as
part of the features. As shown in Table 2-3 and Fig. 2-7, generally, by explicitly
modeling relationships, graph-based models get better performance than the
comparison models. Specifically, GCN as the baseline model in this group, gets the
AUC and KS more than 0.6 and 0.2 in each graph, while the GAT boosts
performance by devoting more attention to more critical nodes. That indicates some
adjacent enterprises could be more invaluable for FSPs. The reason may be due to
their stricter supplier selection system and the industry's prosperity. In addition, by
adopting different weight strategies for different relation types, the RGCN also
increases the AUC and KS compared with the GCN. Nevertheless, the RGCN is
slightly not as good as the GAT, which may indicate the character of adjacent
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enterprises has a more decisive influence than the type of the relations. It means that
even a weak connection can pass important messages as long as the linked
enterprises are significant enough. For example, an SME of auto parts will have a
smaller probability of default if it has some relations with Tesla (Teece, 2018). We
also can see the proposed RGAT outperformed the other methods. This is reasonable
since the RGAT combines the advantage of both sides, which gives more attention to
the important adjacent enterprises as well as the relations. In addition, as expected,
multi-head attention mechanisms slightly increase the average AUC and KS from
0.803 to 0.807 and 0.526 to 0.559. The three independent attention mechanisms
stabilize the learning process and catch the different information from the graph. On
the other hand, same as the non-graph-based models, the graph-based models'
performances are improved by adding relational and transactional information. All
methods obtain their highest AUC and KS on the comprehensive risk graph due to
the exploitation of the graph structure of target SMEs with their adjacent enterprises.

Table 2-3 Discrimination performance of graph-based models.

RGAT-
GCN GAT RGCN RGAT )
Features Multihead

AUC KS AUC KS AUC KS AUC KS AUC KS

Relation graph 0.636 0.251 0.736 0.441 0.744 0.438 0.797 0.457 0.799 0.528

Transactional
A 0.638 0.237 0.719 0539 0.768 0.454 0.779 0.558 0.784 0.563
grap

Comprehensive
0.692 0.258 0.786 0.567 0.774 0.546 0.834 0.562 0.838 0.585
risk graph

AUC KS
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Fig. 2-7 The AUC and KS of graph-based methods.
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6.3. The impact of FEs and risky pattern

Table 2-4 reports the default probability of SMEs under FEs' impact. If an
SME is only linked with other SMEs in the comprehensive risk graph, their default
probability is 3.32%, while the default rate declines sharply if it links with at least
one FE. Specifically, if an SME has an R2 relation with FEs, their default probability
will be 1.41%, less than half of its peers. The low default rates are because FEs
usually have strict criteria for selecting partners, and only high-quality SMEs have
the chance to work with them. Furthermore, having a strong partner is helpful for
SMEs to expand new customers and business scale, thus fast-growing and avoiding
the default (Robson & Bennett, 2000). Beyond this, as Ma et al. (2016) explored,
SMEs' management capability and experienced managers from FEs can help SMEs
survive and avoid default in brutal market competition. There is another nearly half
cut in default rates of SMEs if they have an R1 and R3 relation with FEs. In
conclusion, same as the experience from SCF practice, the default probability of
SMEs will be lower if they have relations with FEs.
Table 2-4 The default probability of SMEs under FEs' impact.

Items SME SME-R2-FE SME-R1R3-FE SME-R1R2R3-FE
Number of SME 88744 31549 10124 12788

Number of FE 0 5738 1853 1496

Default probability of SMEs  3.82% 1.41% 0.77% 0.74%

Note: R1, R2, and R3 represent ownership, transaction, and implied relations.

We further investigate the risky patterns in the comprehensive risk graph.
Specifically, we count the subgraph with four nodes using the exacting subgraph
enumeration approach proposed by Wernicke and Rasche (2006). We match the
subgraphs with the default enterprises in the entire network and calculate the credit
default rate of each pattern. We rank the detected risky patterns in descending default
rate order, and the top 5 risky patterns are shown in Fig. 2-8. The riskiest pattern in
the comprehensive risk graph is not complex, where mutual directors or managers
utilize one controlled SME to trade and transfer money to the other one. The
remaining four patterns all have a loop structure that hints at collusion among
enterprises. The second risky pattern has a sequential connection, where each SME
in this pattern only has transactions with its upstream and downstream and forms a

loop. At the same time, as shown in Pattern 3, SMEs have transactions with each
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other in a small cycle also means a high default probability. A more subtle pattern is
doing circular trading through controlled enterprises, which is hard to detect using
traditional methods. The last risky pattern can be described as connected enterprises
trading with the same customers. These risky patterns usually cannot be detected
through conventional scorecard-based risk control systems because they treat each
applicant as an isolated entity. On the contrary, our model works well when collusion
among enterprises or lacking historical behaviour information by linking the
applicants with their adjacent enterprises. That shows the comprehensive risk graph

can help FSPs better evaluate the credit risks of SMEs in practice.

Pattern 1 Pattern 2 Pattern 3

Pattern 4 Pattern 5
Fig. 2-8 The top 5 risky patterns detected from the comprehensive risk graph.

6.4. The economic benefit of the proposed prediction model

The experiment mentioned above indicates that the comprehensive risk graph
and RGAT can help FSPs find risk patterns among enterprises and better forecast the
credit risk of SMEs. In order to more comprehensively assess the economic
advantages of the proposed model and algorithm, we examined the impact of

adjacent enterprise information through an economic lens.
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Fig. 2-9 The granting performance of the baseline model, GCN, and our
proposed RGAT.

To demonstrate the economic value of adding adjacent enterprises’
information and the proposed algorithm, we utilize the granting performance metric,
which signifies the number of loan defaults by SMEs under varying cut-off values
corresponding to the percentage of approved loan applications. The granting
performance results of the baseline model, GCN, and RGAT are shown in Fig. 2-9.
The performance of the GCN and RGAT is better than the baseline model used by
FSPs at almost all thresholds from 30% to 100%. Consequently, the model
incorporating information from adjacent enterprises can aid FSPs in mitigating
financial losses attributable to loan defaults. An example from the test dataset helps
to illustrate the benefits. Assuming that the percentage of approved loan applications
is 80%, with an average loan size of $200,000, the algorithm described above is
projected to yield defaults of 254, 227, and 163, respectively. Thus, GCN and RGAT
will reduce the bank's losses by $ 5,400,000(10.62%) and $18,200,000(35.83%).
Furthermore, RGAT saves $12,800,000(28.19%) more compared to GCN because of
the flexibility to handle adjacent enterprises' information. With the advanced
predictive capabilities of the proposed method, financial institutions can optimize
their lending portfolios, achieving a balance between risk and return. By leveraging
the insights from the proposed method, banks and other lenders can tailor their
financial products and services to better match the risk profiles of SMEs, potentially
leading to reduced default rates and improved financial performance. Furthermore, a

clearer understanding of credit risks can foster trust and transparency between SMEs
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and their stakeholders, facilitating more efficient capital allocation in the market. For
suppliers, a more accurate prediction of an SME's credit risk means reduced
uncertainties, allowing for more informed decisions regarding credit extensions,
payment terms, and inventory management. Customers stand to benefit from a
smoother supply chain operation, as the reduced credit risk can lead to consistent
deliveries and potentially better terms of trade.

7. Conclusion and future directions

We studied the potential of building graphs for forecasting SMEs' credit risk
by linking adjacent enterprises. After comparing graph-based and non-graph-based
models, we found that building a comprehensive risk graph can take advantage of the
relations among companies and thus improve the credit risk forecasting capability of
FSPs. Moreover, we proposed a RGAT method to handle the heterogeneous graph
tasks with an attention mechanism.

This study contributes to the credit risk forecasting literature by showing the
additional predictive power of distinguishing the type of enterprises and their
relations in graph-based credit risk forecasting models. This is of theoretical
importance for forecasting SME defaults. In addition, the proposed RGAT addresses
multiple types of nodes and relations in GNN research to evaluate the performance of
various models with relational and transactional data. The empirical results showed
that the proposed model outperformed other benchmarks with less feature
engineering. Last, the type of adjacent enterprises and relations can be distinguished
to improve the graph-based models' performance further.

This study has provided practical guidance to banks for evaluating their
customers and supporting their credit loan decision-making. It will be convenient and
effective for banks to utilize the adjacent enterprises’ information to support their
decision. Furthermore, this model can be easily extended to other financial products,
such as mortgages and corporate bonds. To confirm the practical value of relational
and transactional graphs, the experiment results suggested that banks can consider
the adjacent applicants' adjacent enterprises to avoid collusion and information
opacity. This study can offer insights to FEs about avoiding risky suppliers and
SMEs about improving their credit by cooperating with high-quality enterprises. The
government can detect and identify systematic risks by adopting the comprehensive
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SME graph. Additionally, our proposed RGAT method will help practitioners handle
the heterogeneous graph easily.

To limit the model's scale and complexity, we divided relations into three
types, while relations can be fine-grained in future research. For example, the mutual
shareholders, directors, and managers can be regarded as having different relations
because they may impact enterprises differently. Moreover, we have not considered
the managers' resignation date. Former managers may still have an influence on
SMEs. Future research can explore if reliable historical data of SMEs and their
managers can improve the performance of graph-based models. Furthermore,
investigating the potential benefits of our proposed approach for larger corporations
is highly intriguing. Larger firms often have complex supply chains and multifaceted
business relationships that are not fully captured by traditional financial metrics. Our
approach could be particularly advantageous in illuminating the influence of these
factors on the credit risk of large enterprises.

Appendix 2-A. SME for each industry type

Industry Type SMEs

Agriculture, forestry,
] o Revenue <200 million RMB
animal husbandry and fisheries

Construction industry Revenue <800 million RMB

Transportation industry Employees <1,000 OR Revenue <300 million RMB
Warehousing industry Employees <200 OR Revenue <300 million RMB
Manufacturing Employees <1,000 OR Revenue <400 million RMB
Wholesale Employees <200 OR Revenue <400 million RMB
Retail Employees <300 OR Revenue <200 million RMB
Software and IT service Employees <300 OR Revenue <100 million RMB
Postal industry Employees <1,000 OR Revenue <300 million RMB
Accommodation industry Employees <300 OR Revenue <100 million RMB
Catering industry Employees <300 OR Revenue <100 million RMB
Information transmission industry Employees <2,000 OR Revenue <100 million RMB

Real estate development and operation ~ Revenue <2000 million RMB
Property management Employees <1,000 OR Revenue <50 million RMB
Other industries not listed. Employees <300

Source: Ministry of Industry and Information Technology (MIIT), National Bureau
of Statistics, Reform Commission, Ministry of Finance, China (2011).
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Appendix 2-B. Hyper-parameter tuning

Models

Hyper-parameter tuning

SVM

DT

RF

XGBoost

NN

GCN

GAT

RGCN

The penalty parameter C: 0.1, 1, 10, 100
Kernel type: 'linear," 'rbf,' ‘poly," 'sigmoid'
Degree of the polynomial kernel: 2, 3, 4,5

Kernel coefficient gamma: 'scale,’ ‘auto,' 0.1, 1, 10

Criterion type: 'gini,' ‘entropy’

Splitter strategy: 'best,' ‘random’

The maximum depth of the tree: 10, 20, 30, 40, 50

The minimum number of samples required to split an internal node: 2, 5, 10

The minimum number of samples required to be at a leaf node: 1, 2, 4

The number of trees in the forest: 10, 50, 100, 200

Criterion type: 'gini,' ‘entropy’

The maximum depth of the tree: 10, 20, 30, 40, 50

The minimum number of samples required to split an internal node: 2, 5, 10

The minimum number of samples required to be at a leaf node: 1, 2, 4

Learning rate: 0.01, 0.05, 0.1, 0.3
The maximum depth of the tree: 3, 5, 7, 10

Proportion of training data in each round: 0.5, 0.7, 0.9

Proportion of features to randomly sample: 0.5, 0.7, 0.9

Number of boosting rounds: 50, 100, 200
Learning rate: 0.1, 0.01, 0.001, 0.0001
Activation function: 'tanh’, 'relu’

Weight optimization solver: 'sgd’, 'adam’
L2 penalty parameter: 0.0001, 0.001,0.01
Dropout rate: 0.1, 0.3, 0.5

Learning rate: 0.001, 0.01, 0.1

L2 penalty parameter: 0.0001, 0.001,0.01
Number of GAT layers: 1, 2

Number of attention heads: 3

Dropout rate: 0, 0.3, 0.5

Learning rate: 0.005, 0.01, 0.05

L2 penalty parameter: 0.0001, 0.001,0.01
Learning rate: 0.001, 0.01, 0.1

L2 penalty parameter: 0.0001, 0.001,0.01
Number of layers: 1, 2

Dimension of hidden layers: 16, 32, 64
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Dropout rate: 0.2, 0.5, 0.8
Self-loop weight: 0.1, 1, 10
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Chapter 3 Second study

A spatial-temporal graph convolutional network approach for small
and medium-sized enterprises’ credit default prediction through

integrating adjacent enterprises

Abstract
The operational and financial dynamics of SMEs are intricately shaped by their

market surroundings. As such, assimilating data from adjacent enterprises becomes
pivotal in understanding and predicting credit default risks inherent to SMEs. Credit
default remains a salient issue, guiding the decisions of investors, creditors, and
business collaborators. This research delves into the utility of adjacent enterprises'
information in predicting SMEs' credit default risks. We craft a heterogeneous
spatial-temporal graph by leveraging the relational and transactional interconnections
among enterprises. This network is designed to discern the extent to which features
of adjacent enterprises enhance the accuracy of credit default predictions and to
identify which relational types possess heightened informational value that augments
the predictability of these features. We propose a cutting-edge spatial-temporal GCN
algorithm to aggregate information in this graph. Empirical analyses, grounded in
data from Chinese SMEs, underscore our advanced model's predictive acumen and
prospective economic advantages. Our findings illuminate that integrating dynamic
features from adjacent enterprises bolsters prediction accuracy, surpassing traditional
models that solely focus on the attributes of the target SME, especially in scenarios

where the SME’s financial data is absent.

Keywords: Risk management, SME, Credit risk, Transactional data, GNN

1. Introduction

SMEs’ operational and financial risks are significantly contingent upon
market circumstances, or in other words, adjacent enterprises that are closely linked
or neighboring in some manner to the target SME. Recent studies have provided
empirical evidence of credit risk contagion across interconnected networks of

adjacent enterprises, including those involved in relational (e.g., shared directors and
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managers) (Tobback et al., 2017), transactional (e.g., payment network) (Kou et al.,
2021) and supply chain (Wu et al., 2022) relationships. Taking the case of
Evergrande Group (Evergrande) and its suppliers as an illustrative example, by the
end of August 2023, Evergrande's outstanding maturing debts had escalated to
approximately USD 428.36 billion, with around USD 318.04 billion in overdue
commercial paper. The default mentioned above directly led to the bankruptcy of
Grandland Group, a key supplier to Evergrande. Moreover, numerous adjacent
SMEs' operational and financial conditions have suffered severe adverse
consequences.

Predicting default risk is a key aspect of credit decision-making and pricing
for financial institutions. Generally, large companies acquire credit ratings from
agencies like Standard & Poor's, Fitch, and Moody's to demonstrate their default risk,
a process that can be expensive for these issuers (Manso, 2013). This high cost often
makes it impractical for SMEs to regularly obtain such ratings. Additionally,
traditional default prediction methods mainly use information from the target SME's
unaudited financial statements, which might not always be available (Sigrist &
Leuenberger, 2023; Zhang et al., 2022). Yang et al. (2020) found that less than 6% of
SMEs can provide complete credit-related data. However, incorporating data from
adjacent businesses can significantly improve the availability of relevant information
by ten times. Despite this, current literature seems to have largely ignored the
importance of using dynamic data from nearby enterprises in assessing SMEs' credit
default risk.

Recently, the rapid advancement of machine learning has enhanced the
information processing capability of financial institutions and researchers, enabling
them to effectively utilize information from adjacent enterprises and expand beyond
the limited scope of traditional default prediction. The opportunity arises to harness a
substantial amount of traditionally unanalyzed data, characterized by its sheer
volume, complexity, dynamicity, and diverse variety. These technological
advancements have bolstered the transparency of information flow, reduced the cost
associated with information processing, and revolutionized the risk management
paradigm (Leo et al., 2019).

This research utilizes a GNN architecture to create a cutting-edge algorithm
for credit default prediction, uniquely integrating information from adjacent
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enterprises. The GNN framework has demonstrated exceptional predictive
capabilities in recent finance and management literature. These studies are
characterized by their focus on objects involving multiple components and
relationships, necessitating the incorporation of individual features and intricate
relationships (Wang et al., 2021; S. Yang et al., 2020; Zheng et al., 2021). Leveraging
machine learning algorithms, this study aims to reduce the costs linked with
conventional human analyst-based credit default prediction and achieve an
automated credit default prediction system. The present study demonstrates that
adjacent enterprises' characteristics and relational attributes can markedly enhance
the accuracy of credit default predictions. Consequently, for a substantial number of
SMEs that lack publicly accessible financial or operational data, our approach—
leveraging information from their adjacent enterprises, such as disclosures from their
prominent public shareholders—proves valuable in evaluating their credit risks.
Given that SMEs frequently face financial constraints and depend on external
financing to maintain their operations, a more precise assessment of their credit risks
can facilitate their capital-raising endeavors. Furthermore, by discerning which
adjacent enterprises and relational factors influence their credit risks, these entities
can refine their operational and financial tactics, including sourcing decisions, to
bolster their credit standing.

In this study, we designed our experiment utilizing data sourced from the
CRM and transaction systems of a publicly listed commercial bank in China. Our
findings indicate that the integration of information from adjacent enterprises
significantly enhances the predictive accuracy of a target SME's credit default.
Specifically, when enriched with dynamic adjacent enterprise data, the ST-RGCN
model exhibited an improvement in accuracy by approximately 64.71% in contrast to
conventional models that exclusively depend on target enterprise characteristics. To
validate the resilience of our results, we rigorously examined a range of alternative
machine learning models and applied diverse perturbations. Among the tested
methodologies, the ST-RGCN approach consistently outperformed in terms of
accuracy. Notably, a dynamic training methodology yielded superior outcomes
relative to a static counterpart. Moreover, data from adjacent enterprises, especially
those pertaining to ORs, were demonstrably more insightful than data derived from

individual entities. Additionally, our analysis reveals that our model, when depending
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solely on features from adjacent enterprises, yielded notably precise predictions of
SME defaults. This highlights a viable strategy for evaluating SMEs with scant data,
especially when information from their neighboring enterprises is obtainable.
Furthermore, our research identified that substantial transaction volumes and
enduring relationships were especially illuminating in this regard.

This paper contributes to the existing literature in several dimensions.
Primarily, it enriches the discourse on credit risks by integrating the perspectives of
adjacent enterprise risk and the application of machine learning. While conventional
credit default studies, such as those by Sigrist and Leuenberger (2023) and Zhang et
al. (2022), predominantly concentrate on the intrinsic factors of target enterprises,
our research pioneers the inclusion of adjacent enterprise features and relational
attributes as pivotal determinants of an SME's credit default. We underscore the
significance of information from adjacent enterprises in refining credit risk
management strategies. By incorporating these adjacent enterprise characteristics,
our model is promising for evaluating firms with limited financial data. This
innovative methodology bears implications for regulatory bodies, financial
institutions, and SMEs. For example, it equips firms and financial entities with
enhanced capabilities to more adeptly gauge their credit risks, thereby facilitating
more informed decisions regarding payment terms and interest rates, ultimately
optimizing the financing of SMEs.

Secondly, this research enriches understanding credit risk contagion within
enterprise networks. While prior studies have explored the contagion effect across
counterparties (Barro & Basso, 2010; Jorion & Zhang, 2009), entrepreneurial
relationships (Gaganis et al., 2023; Jiang et al., 2018; Qian et al., 2021), and supply
chains (Wu et al., 2022), the default prediction model offer empirical evidence that
risk indeed disseminates among adjacent enterprises. This is substantiated by the
enhanced prediction accuracy achieved upon integrating information from these
adjacent entities. Furthermore, this research augments empirical credit risk literature
by pinpointing specific scenarios where adjacent enterprise data is most beneficial
for credit risk assessment. We ascertain that the informational value derived from
adjacent enterprises is contingent upon their relations' nature and magnitude.

Lastly, our research contributes to the burgeoning literature on graph-based
learning models. We introduce the ST-RGCN, an innovative approach designed to
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aggregate dynamic information from both the focal node and its neighboring nodes.
Distinct from traditional GNNs, our proposed methodology is adept at assimilating
spatial-temporal data from heterogeneous graphs within a cohesive framework,
thereby distinguishing the unique contributions emanating from adjacent enterprises.
The remainder of this paper is organized as follows: Section 2 offers a review of
pertinent literature. The architecture of our proposed GNN is elucidated in Section 3.
Section 4 details the data sources, sample division, and the selection of tuning
parameters. Robustness tests and a comparative analysis of model performance are
undertaken in Section 5. The economic advantages of incorporating dynamic
information from adjacent enterprises are discussed in Section 6. The paper

concludes with Section 7.

2. Literature review and related works

This study intersects a range of research areas encompassing multiple
disciplines. These fields include panel and empirical investigations of loan defaults,
credit risk, contract fraud, and enterprise bankruptcy for SMEs, as well as recent
machine learning methods of default prediction and bankruptcy prediction for SMEs,
especially using GNNs. In the following, we provide a synthesized overview of the

pertinent literature.

2.1 Credit default prediction methods

In general, the credit assessment methodologies employed by rating agencies,
such as Fitch, Moody's, and Standard & Poor's, utilized a combination of
multivariate analysis incorporating expert opinions (Altman, 1968; Hilscher &
Wilson, 2017), audited accounting, and pricing information (Crosbhie & Bohn, 2018),
within an option-theoretic framework and public trading information and bond prices
(Jarrow & Turnbull, 1995). However, these approaches are deemed unsuitable for
SMEs characterized by illiquid trade and non-tradeable debt and options (Korangi et
al., 2023). For SMEs, researchers have developed linear statistical methods such as
logistic models (Altman & Sabato, 2007), credit rating models (X. Chen et al., 2010),
and multivariate linear discriminant analysis models (Edmister, 1972) for financial
institutions to make loan decisions and identified over one hundred financial ratios
related to liquidity, profitability, leverage, debt, cash flow, and sales impact target
SMEs' credit risk significantly (X. Chen et al., 2010; Gupta et al., 2014; Lin et al.,
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2012). While these approaches are extensively adopted by banks globally, Zhu et al.
(2019) emphasized that the gathered observations in practice may not consistently
follow the particular data distribution assumptions inherent in these approaches,
which diminishes model performance and potentially results in increased loan
defaults. These constraints have encouraged researchers to explore non-linear
machine learning techniques that offer better generalization capabilities while
circumventing the assumptions related to specific data distributions (Crosato et al.,
2023; Lu et al., 2022). Fantazzini and Figini (2009), Zhu et al. (2016), and Zhu et al.
(2019) proposed a random survival forest, random subspace-real AdaBoost, and
random subspace MultiBoosting methods, respectively. Their research demonstrates
that a well-designed tree-based ensemble machine learning method can effectively
handle the relatively smaller datasets commonly encountered in practice and
outperform conventional statistical approaches.

Meanwhile, researchers are exploring the potential of artificial neural
networks for predicting defaults. Early research has shown that simple neural
networks can significantly improve accuracy and robustness in predicting default
samples, outperforming other methods during the same period (Tam & Kiang, 1992).
Recent advancements in the field of deep learning methodologies have substantially
influenced progress in the area of credit default prediction(Mahbobi et al., 2021). For
example, Mai et al. (2019) utilized the convolutional neural network, integrating both
textual disclosure data and accounting data, to enhance prediction accuracy. Kim et
al. (2022) conducted an experiment to evaluate the performance of LSTM algorithms
in predicting bankruptcy. Further, to reduce drops in performance due to long
dependencies in LSTM, Korangi et al. (2023) employed a transformer-based model
to predict U.S. mid-cap companies. The outcomes of these researches emphasize the
superior efficacy of deep learning models compared to alternative methodologies.
This superiority can be attributed to the models' ability to delineate complex, non-
linear relationships and effectively manage large volumes and diverse data types.

Notably, the deep learning approaches mentioned earlier solely rely on the
target enterprise's features, which exhibit poor performance in situations where
historical behavior is absent or multiple companies collude (S. Yang et al., 2020).
Researchers from the management sector have recognized the significant impact of
interconnections emanating from adjacent enterprises. For example, Tobback et al.
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(2017) discovered that SMEs with shared managers and board members exhibit
similar risk conditions, as evidenced by two datasets of Belgian and U.K. SMEs.
They argued that incorporating relational data from neighboring enterprises can
enhance the predictive power of loan default prediction, and fraud detection models.
Beaver et al. (2019) conducted a comprehensive study on business groups across
more than 100 countries worldwide, revealing the significance of ownership
relationships in predicting default for both parent and subsidiary companies. Kou et
al. (2021) have confirmed the significant impact of transactional data with adjacent
enterprises on SME bankruptcy using payment network-based features. Wu et al.
(2022) discovered that incorporating supply chain features from supplier and
customer portfolios of SMEs notably improves the precision of credit rating forecasts,
thereby facilitating their access to capital. Based on these recent findings, it is natural
to assume that adjacent enterprise features can enhance the predictive accuracy of a
target SME's default risk. While the significance of adjacent enterprises and
enterprise networks has been emphasized from different perspectives by management
scholars, only a few studies have fully utilized them due to their high dimensionality,
complex topology, and high information process requirement (S. Yang et al., 2020;
Zheng et al., 2021). We are also interested in investigating the informative value of
adjacent enterprises' relations for SMEs' credit default prediction and identifying

when and what types of such relations are more relevant.

2.2 Graph neural network approaches

As a data structure, graphs accurately depict complex interactions between
entities and are widely utilized in nature science (Newman et al., 2001; Zitnik et al.,
2018), social science (Adamic & Glance, 2005; Backstrom et al., 2012), and
engineering (Leskovec & Sosic, 2016; Zhao et al., 2020) fields. Recently, there is an
increasing focus on GNNs for graph analysis because they can simultaneously utilize
both graph structures' rich information and node feature information within a deep
learning framework (Kipf & Welling, 2017). It transforms the abundant structural
and semantic information embedded in a graph into low-dimensional dense node
representations, which can facilitate various downstream tasks such as node-level
classification (Zheng et al., 2021), link-level prediction (S. Yang et al., 2020), and
graph-level classification (Wu et al., 2019).
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To facilitate modeling, early GNNs were primarily based on simple graph
structures that were static and homogeneous (Gori et al., 2005; Scarselli et al., 2009).
In recent years, with the success of Convolutional Neural Networks in computer
vision, an increasing number of methodologies have emerged that define convolution
operations on graph structures known as GCNs (Kipf & Welling, 2017). The
researchers have extended the complexity and diversity of graph structures, including
heterogeneous graphs for accommodating heterogeneity (Hu et al., 2020;
Schlichtkrull et al., 2018), dynamic graphs for temporal analysis (Garcia-Duran et al.,
2018; Jain et al., 2016), and hypergraphs for modeling high-order associations (Bai et
al., 2021; Tu et al., 2018; Yadati et al., 2019). These studies provide greater
flexibility and wider application scenarios of GNNSs.

In the financial field, the complexity of the financial system, intricate
relationships among entities, and multiple data sources present challenges to existing
GNN models (Wang et al., 2021). The existing works indicate that the relations used
to construct graphs are various. For instance, Matsunaga et al. (2019) predicted the
price of enterprise stock utilizing inter-market and inter-company relationships. They
constructed a knowledge graph that maps the connectivity among enterprises,
including supplier, customer, partner, and shareholder relations. Sawhney et al. (2020)
concentrated on integrating data from diverse sources, and a GNN is employed to
effectively aggregate temporal signals from real-world S&P 500 index data, and
inter-stock relationships. On the other hand, unlike Chen et al. (2018), who utilized
static stock relations, Ying et al. (2020) proposed a temporal graph convolution layer
for capturing the dynamic stock relations and achieving better performance.

GNN methods are also utilized in predicting loan defaults, as other related
entities may influence borrower defaults. Cheng et al. (2020) constructed a graph
based on the guarantee relationship for predicting default loans. They proposed a
high-order GAT for learning the embeddings of guarantee networks to handle
changing guarantee relations and improve prediction accuracy. Unlike guarantee
loans, unsecured credit loan requires additional information to depict the interactions
between enterprises. Xu et al. (2021) developed a user relationship graph for
personal credit loans that leverages multi-faceted social connections among users,
including social ties, transactions, and device usage. Their model attains a cutting-
edge outcome in the context of large-scale auto loans. Yang et al. (2020) designed a
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spatial-temporal aware GNN to extract supply chain relationships among SMEs and
predict loan defaults based on the previously mined supply chain graph. Their two-
step approach captures the interactions within supply chains yet overlooks higher-
order relationships such as industry policies, regional economic policies, and group
affiliations. Besides, current methods fail to differentiate between different types of
adjacent enterprises. FEs and financial institutions possess more distinctive features
that can be utilized and have a significantly different impact on target SMEs
compared with other neighbors. Our research aims to bridge this gap by utilizing a
sophisticated variant of GNN, ST-RGCN, to predict the credit default risk of SMEs
based on information from both the SMEs themselves and their adjacent enterprises.

3. Methodology

In this section, I will introduce our study's notations and problem statement.
Subsequently, we will clarify the architecture of our novel ST-RGCN and the spatial-

temporal risk graph for SMEs.

3.1 Notations and Problem Statement

The notations employed in this study comprise three components: node-level
notations concerning the basic information of SMEs, FEs, and Fls; edge-level
notations concerning transactional and relational relations; and graph-level notations

concerning heterogeneous spatial-temporal graphs of enterprises.

Definition 1. Enterprises’ basic features. The basic features of SME nodes include
the unique identifier of SMEs, industry type, operational status, registered capital,
and the age of the SME at time t, which can be formulated as v' = (it',os!, rc!, age') .
The original node features matrix isVg,c € R where v and foue denotes the

number of SMEs and the feature dimensions. Besides, to take advantage of the
quarterly financial ratio information when available, market-to-book ratio, asset-
liability ratio, and credit rating are incorporated into FE and FI node features from
the literature review, which can be formulated as v* = (it',0s, rc, age’, mb', al',cr") .
The original node features matrix isV.. € R"* and V!, e R"™ where vand f

denotes the number of FEs and FlIs and the feature dimensions, respectively.
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Definition 2. Enterprises’ relations. The relationships between enterprises are
categorized into two types: the first type is real edges that reflect direct interactions
between enterprises, including OR and TR. The second type is implied edges that
imply a relationship between two enterprises through a shared connection with an

individual, known as IR. As shown in Fig. 3-1, the original features of these relations

depend on their types, where ORs have the shareholding ratio feature gitj = (srij‘) ; TRs

have the volume and amount of transactions features &; = (vt;,at;); IRs have the

number of mutual people features &; = (np; ), respectively.

Definition 3. Enterprises’ heterogenous spatial-temporal graph. The
heterogeneous spatial-temporal graph of enterprises is represented as a sequence of T
snapshots G ={G'}_, ={{V',E',T,,T,}}, , where nodes with node types v{ eV",
edges with relation types ; € E', node type T, e {SME, FE, FI}, and relation type

T.e{OR, TR, IR}.

Definition 4. SMEs' credit default prediction. Given the information on enterprises
and the interactive information among enterprises under different cross sections

{{V' E' T, T.}},, the heterogeneous spatial-temporal graph of enterprises {G'}_,

can be constructed, as shown in Fig. 3-2. The trainable parameters will be trained

using the historical default information of SMEs D™ ={(v,, y,)} where y=1 denotes

SMEs' credit default; otherwise, y=0. The objective is to forecast the default
probability of SMEs in the T+1 period D™ ={(v,, y,)} based on the constructed

graph and trained parameters.

Fig. 3-1 Static comprehensive risk graph.
Blue nodes represent SMEs; yellow nodes represent FES; green nodes represent FSPs;

R1, R2, and R3 represent ownership, transaction, and implied relations.
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t=T

Time

Fig. 3-2 Spatial-temporal comprehensive risk graph.

3.2 Spatial-temporal relational graph convolutional network

The structure of the proposed GNN-based algorithm to aggregate spatial-
temporal information from heterogeneous graphs is given in Fig. 3-3. The proposed
ST-RGCN is an extension of RGCN (Schlichtkrull et al., 2018) and ST-GCN (Yan et
al., 2018) to handle multiple types of nodes and edges, as well as dynamic changes in
network structure and node properties over time simultaneously. The proposed
methodology ST-RGCN aligns with the GNN design framework introduced by You
et al. (2020). We employ a relational spatial-aware aggregator to capture information
from adjacent enterprises in the same snapshot and a temporal-aware aggregator to

retrieve historical information of nodes across graph snapshots.

3.2.1 Relational spatial aware aggregator

The relational spatial aware aggregator is employed to aggregate information
from neighbor node within the same snapshot. The initial embedding of the target
node V will be represented as the h® =v; at time t to convey its distinct messages.

The adjacent nodesU are denoted as, h® =v; for SME neighbors and nh° =v; for FE

and FI neighbors. To address the heterogeneity of the dimension, we employ a simple
linear transformation layer to transfer the original data into a uniform feature space.
Inspired by the successful propagation algorithm in RGCN (Schlichtkrull et al.,
2018), which has demonstrated remarkable effectiveness in aggregate information
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from neighborhoods, the following algorithm is proposed for computing the forward-

pass update of the target node:
h®

h(|+1) :O_(Z Z Wr ‘ t h(')) vl e(O0,...,L-1) 1)

ret, uENr

where h() is the | -th layer embedding of node V at time t, represents the hidden
state of the node, O is a nonlinearity function,w"and B, are trainable weights, and
v’ is the local neighborhood of v at time t under relation r €T, . As Equation 1

shows, the vector of target node is update by aggregating transformed feature vectors
through a normalized sum while incorporating relation-specific transformations

based on the type of an edge.

3.2.2 Temporal aware aggregator

After having the relational spatial aware aggregator, the temporal aware
aggregator is employed to aggregate information from multiple snapshots. The
concept of neighbor nodes within a single snapshot can be extended to temporally
connected nodes, as the temporal aspect of the graph is constructed by connecting the
same node across consecutive snapshots. Equation 1 for computing the forward-pass
update of the target node can be extended to:

hi =D (D] Wr‘ )+ > B, ‘

refT, ungr‘ quI

) vie(O,...L-1) @)

where h() is the | -th layer embedding of node V at time t, represents the hidden
state of the node, O is a nonlinearity function, w"and B, are trainable weights, and
v, Is the temporal neighborhood of v. The receptive field of spatial and temporal

neighbor can be controlled by the specific context and downstream tasks.

3.2.3 Loss function

The default prediction can be formalized as a standard node classification

problem. After getting every node's final set of embeddings, h{" RF we map node

embeddings fromh{" RF to the prediction label y, through a fully connected
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multi-layer perception. In line with Yang et al. (2020) study, we employ the cross
entropy loss function as follows:
1

£=—E Y. ylog(§)+(1-y)log(l-¥) 3)
(u,y)eD’

Additionally, L2 regularization (M. Yang et al., 2023) is employed to prevent
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Fig. 3-3 Structure of the proposed ST-RGCN

3.3 Feature selection

The interpretability of machine learning methods and the process of feature
engineering, particularly in relation to neural networks, are widely recognized as
significant challenges. The graph-based neural network inherently incorporates
information from neighboring nodes to update node features, thereby obviating the
need for intricate hand-crafted feature engineering in traditional methods. In a recent
study conducted by Lundberg and Lee (2017), they propose SHAP as a solution
rooted in cooperative game theory, aiming to elucidate the output of any machine
learning method. SHAP quantifies the contribution of each feature to individual
prediction values within the model, facilitating feature ranking and selection. We
utilize SHAP to identify the most significant features for each type of node and
relation based on their highest SHAP values, considering both feature quality and

availability.
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Specifically, we perform separate feature selections for each type of
enterprise and relation features to reduce the number of variables. In line with Wu et
al. (2022), we initially evaluate the discriminatory capability of each selected feature
from enterprises and relations by testing for equality of means. The joint hypothesis
has been tested that these features exhibit equal means among default and non-
default SMEs. The table 3-1 presents statistically significant differences beyond a
significance level of 0.1% for those features. These findings provide preliminary
evidence suggesting that these features contribute to distinguishing SMEs' default
status.

Table 3-1 Test of significance for selected variables

Train set Validation set Test set
Category  Feature Non- Non- Non-
Default  F ratio Default Default
default default default
it 0.61 0.67 12.96***  0.58 0.68 0.60 0.67
0S 0.88 0.48 72.48***  0.88 0.49 0.88 0.48
SME rc 0.80 0.35 110.86*** (.78 0.34 0.79 0.34
age 0.76 0.37 47.49%**  0.77 0.37 0.77 0.37
it 0.62 0.69 10.54***  0.62 0.69 0.62 0.69
0s 0.87 0.39 118.48***  0.87 0.69 0.87 0.69
rc 0.84 0.31 231.32***  0.84 0.51 0.84 0.51
FE/FI age 0.74 0.55 22.64*%**  0.74 0.65 0.74 0.65
mb 0.85 0.23 172.44%** (.85 0.23 0.85 0.23
al 0.63 0.33 76.37%**  0.63 0.33 0.63 0.33
cr 0.77 0.28 63.67***  0.77 0.28 0.77 0.28
OR sr 0.94 0.16 683.52***  (0.94 0.16 0.94 0.16
R vt 0.95 0.24 537.73***  0.95 0.24 0.95 0.24
at 0.94 0.64 74.6%** 0.94 0.64 0.94 0.64
IR np 0.92 0.27 248.35***  0.92 0.27 0.92 0.27

Note: *** indicate significance at 0.1% level
4. Data, sample split, and choice of tuning parameters

The data utilized in this study were sourced from the CRM and transaction
systems of a publicly traded commercial bank in China. For further analysis,
enterprises are divided into three types (SMEs, FEs, and Fls). An enterprise is
granted SME status if it complies with the latest definition of the Ministry of
Industry and Information Technology in China, which distinguishes based on annual
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revenue and number of employees for each industry type (see Appendix 2-A). Fls are
distinguished from other industrial enterprises by their unique business model,
accounting measures, and financial influence on SMEs, which conform to the
standard practice in the literature for predicting enterprise defaults (Shumway, 2001).
A total of 143,236 SMEs has been collected within their CRM system. And profile
features from a total of 8550 FEs and 934 FIs have been gathered, including the
unique identifier and the basic information of each enterprise(industry type,
operational status, registered capital, and the age of the SME), and the unique
identifier of shareholders and senior managers, with additional quarterly updates
provided by including accounting features(market-to-book ratio, asset-liability ratio,
and credit rating) from financial statements issued by enterprises listed on the
Shenzhen and Shanghai stock exchanges in cases where internal data for FEs and Fls
are absent.

The summary statistics on the adjacent enterprises data are shown in Table 2.
Panel (a) of Table 2 delineates the distribution of enterprises by entity type, covering
FEs, FSPs, and SMEs. The table presents the number of entities (No.entity), the
percentage of each entity type in the total sample (Pct.entity), and data on three types
of relationships (R1, R2, R3) — the number of these relationships (No.R) and their
average per entity (Avg.R). In our sample, SMEs constitute the largest group with
93.79% of the total, followed by FEs and FSPs. Notably, FEs have an average of
11.54 R1 type relationships and a significantly higher average of 156.39 R2 type
relationships, indicating their extensive network. FSPs, though fewer in number,
show a higher average number of R1 and R2 relationships per entity, suggesting a
more concentrated focus on these relationship types. Panel (b) of Table 2 provides a
breakdown of the distribution of these entities and their relationships over different
months, segmented into periods from before 2020 to the end of 2020. The data reveal
significant changes in the number of relationships over time. The quarterly
breakdown within 2020 highlights an expanding network, especially in the R2-type
relationships, indicating a dynamic change in the interactions among these
enterprises over the year. In the case of a missing value for an accounting variable in
all data sources, we employ the nearest observation prior to the corresponding date as
a substitute. Additionally, we processed transaction data comprising over 4 million
records of inter-enterprise transactions in transaction systems during 2020 and
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extracted features including timestamp, sender, receiver, transaction type, and

transaction value. If enterprises undergo bankruptcy before the end of the year, the

transactions executed before bankruptcy will be collected in the experiment.

Adjacent
enterprises

3. Identify features for
adjacent enterprises

2_ Link adjacent

Self
features
at T=t-1

Self
features
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1. Identify features
of target SME

Fig. 3-4 The prediction model
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An SME is deemed to default if the loan payment is delayed by more than 30

days or if it has entered into bankruptcy, as per the bank's policy. The default

indicator for an enterprise is set to one if it defaults, while a value of zero is assigned

to enterprises that have not experienced any loan payment delays and remain

operational at the end of the sampling period; mergers and acquisitions are also

considered as being operational. The whole prediction process is illustrated in Fig. 3-

4.

Table 3-2 Summary statistics for enterprises

No.entity Pctentity No.R1  Avg.R1 No.R2 Avg.R2 No.R3 Avg.R3
Panel(a): Distribution by entity type
FE 8550 5.60 98667 11.54 1337135 156.39 64467 7.54
FSP 934 0.61 18176 19.46 165075 176.74 8182 8.76
SME 143236 93.79 197666 1.38 6543020 45.68 307957 2.15
Total 152720 100 314508 2.06 8045230 52.68 380606 2.49
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No. entity No. R1 No. R2 No. R3
Panel(b): Distribution by month
Before 2020 145368 297859 0 357606
Jan-Mar 184 393 1767537 528
Apr-Jun 1162 2428 2308982 3358
Jul-Sep 2693 5415 1930855 7355
Oct-Dec 3313 8413 2037856 11759
End of 2020 152720 314508 8045230 380606

4.1 Sample split: Training, validation, and test data

The dataset is divided into three subsets for training the weight of learnable
parameters, evaluating predictions, and choosing tuning hyperparameters: training,
validation data set, and test data sets. The ST-RGCN model adjusts its weights based
on the training dataset to maximize the AUC between predicted and actual outcomes.
In our experiment, 75% of the dataset is allocated for training, while the 12.5%
portion serves as a validation set to evaluate model performance without overfitting.
The validation set also helps determine optimal hyperparameters such as learning
rate, epochs, feature normalization, and aggregation function. The test set objectively
evaluates the final model's performance, providing an unbiased assessment of its
generalizability to novel and unseen data instances. Once the model has undergone
training and validation, it is assessed on the test set to ascertain its ultimate
performance metrics. Utilizing the test set only once is crucial to prevent potential
bias during performance evaluation. Specifically, only relations and default events
occurring within the initial nine months and before are included during the training
phase. Relations transpiring within the first ten and a half months are utilized for
validating default events between September and mid-October and fine-tuning the
network parameters. Subsequently, the model is deployed to predict defaults
occurring within the remaining one and a half months, constituting the test set. We
employ a rigorous approach to ensure result reliability by averaging performance
across three distinct random seeds and training them end-to-end using the ADAM
optimizer. (Kingma & Ba, 2017).
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4.2 Benchmark models and Hyper-parameter tuning

We employed eight widely adopted methodologies for predicting the same
objective in the experimental section as shown in Table 3. These methods encompass
SVM, DT, RF, XGBoost, MLP, GCN, ST-GCN, and RGCN (Kou et al., 2019; You et
al., 2020). Here's an elucidation of our rationale for selecting each method and hyper-
parameter tuning:

1. SVM is a robust linear classifier renowned for its high accuracy in both linear
and non-linear datasets, making it an ideal choice as a baseline model due to its
popularity and reliability in classification problems. Specifically, the penalty
parameter of the error term 'C' was fine-tuned within the range of [0.1, 1, 10,
100]. A smaller value of C leads to a wider margin, potentially resulting in
increased training errors but enhanced generalization to the testing data.
Conversely, a larger value of C narrows down the margin and reduces training
errors. The kernel type was ['linear," 'rbf,' 'poly,’ 'sigmoid'], and the degree of the
polynomial kernel was [2, 3, 4, 5]. The kernel coefficient for 'rbf', 'poly," and
'sigmoid’ gamma was [ 0.1, 1, 10].

2. DT provides a visual and intuitive model structure that offers insights into the
hierarchical importance of features. Its simplicity and interpretability make it
frequently utilized across various applications. Grid Search is used to tuning
parameters of DT with the "GridSearchCV" module from "scikit-learn." The
maximum depth is [10, 20, 30, 40, 50]. The minimum number of samples is in
the range [2, 5, 10], and the minimum number of samples is in the range [1, 2, 4].

3. RF, an ensemble method addressing the variance problem of DTs, significantly
enhances performance by constructing multiple trees and aggregating their results.
The same hyperparameter tuning method is employed, with the number of trees
ranging from 10 to 200. Additionally, the maximum depth, the minimum number
of samples, and the minimum number of samples are selected from sets [10, 20,
30, 40, 501, [2, 5, 10], and [1, 2,4] respectively.

4. XGBoost, an advanced implementation of gradient boosting known for its
efficiency and superior model performance, is widely used and serves as a
standard benchmarking choice based on its extensive success in Kaggle
competitions. The implementation of an XGBoost library in Python is employed,

with the tuning of hyperparameters, including the learning rate to mitigate over-
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fitting, the maximum depth of a tree, the proportion of training data randomly
sampled in each round, and the number of boosting rounds.

MLP is a basic form of a neural network and serves as the foundational
architecture for deep learning models. Its performance offers a clear baseline
from the neural networks’ domain. We utilize the MLPClassifier algorithm from
sklearn.neural_network library to construct a neural network while optimizing
hyperparameters, such as the hidden layers learning rate schedule for weight
updates, and L2 penalty parameters.

GCN is a fundamental algorithm for analyzing network structures within data,
serving as a leading method for network data analysis, which can help assess our
approach's relative strengths accurately. PyG, an extension of PyTorch for
geometric deep learning, is employed to implement GCN in our experiment. The
number of hidden units in GCN corresponds to the dimensionality of node
embeddings at each layer, allowing for the capture of intricate representations.
However, caution should be exercised as increasing this parameter may lead to
overfitting when confronted with limited data. The dropout rate determines the
fraction of input units to drop and is applied to both the input and hidden layers,
enhancing model robustness. The learning rate influences the step size for
adjusting model weights during training, while regularization imposes a penalty
on the loss function based on weight magnitude, effectively preventing
overfitting.

ST-GCN enables us to evaluate our model's performance specifically optimized
for handling intricate temporal relationships within graph structures since it
specializes in interpreting spatial-temporal data. Temporal and spatial kernel sizes
are employed to capture diverse scales of temporal and spatial dependencies.
RGCN focuses on exploring multiple relation types within graphs, enabling a
comprehensive understanding of complex relational data and contextually
evaluating the performance of our model. The self-loop weight is employed to
quantify the significance of self-loops, which play a pivotal role in addressing the
issue of vanishing gradients in RGCN and ensuring the emphasis on nodes' own
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Table 3-3 Benchmark models and Hyper-parameter

Models Advantage Hyper-parameter

ICI,
o . 'kernel’,
SVM Effective in high-dimensional spaces; memory efficient.
‘degree’,
‘gamma’
‘criterion’,
) o S ) ‘splitter', 'max_depth’,
DT Simple, visualizable, and requires little data preparation. . .
'min_samples_split',
'min_samples_leaf'
'n_estimators',
‘criterion’,
o 'max_depth’,
RF Handles large datasets, missing values, and unbalanced data. . .
'min_samples_split',
'min_samples_leaf’,
'bootstrap’
‘learning_rate',
'max_depth’,
XGBoost Regularized, efficient, and can be parallelized 'subsample’,
‘colsample_bytree’,
'n_estimators'
'hidden_layer_sizes',
‘activation’,
MLP Models non-linear relationships 'solver’,
‘regularization ',
'learning_rate'
‘hidden_units',
‘dropout’,
GCN Handles graph-structured data )
'learning_rate ',
'regularization '
‘learning_rate',
‘temporal_kernel_size',
. . 'spatial_kernel_size',
ST-GCN Captures spatial and temporal patterns in graphs
'num_temporal_layers',
'num_spatial_layers',
'regularization '
‘learning_rate',
. . 'regularization’,
RGCN Handles multi-relational graph data
‘num_layers',
‘hidden_dim’,
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‘dropout’,
'self_loop_weight'

4.3 Performance measure

In our experimental analysis, we utilized a dataset characterized by an
inherent imbalance resulting from the sparse instances of loan defaults. To ensure a
comprehensive evaluation and address this imbalance, we employed two key metrics:
the AUC, rooted in Bradley's 1997 research, and the KS statistic highlighted by
Bradley in 2013(Bradley, 1997, 2013). The AUC evaluates the entire two-
dimensional space under the ROC curve, with values ranging between 0.5 (indicative
of a random classifier) and 1 (representing flawless classification). Conversely, the
KS statistic assesses the separation between positive and negative outcome
distributions by measuring the maximum divergence between true positive and false
positive rates on a scale from 0 to 1. A higher KS value underscores a model's
proficiency in differentiating between positive and negative instances. Each method
underwent up to 600 epochs for rigorous model training, while performance
evaluations were conducted on an independent test dataset to ensure objective and

unbiased assessments.

5. Model performance and robustness tests

The performance of models based solely on features of the target SME with
those incorporating features of adjacent enterprises and discuss the superiority of
dynamic models over static ones are compared in this section. Subsequently, an
ablation experiment to assess the robustness of the proposed model are conducted.
Additionally, we employ GNNExplainer for model interpretation.

5.1 Model performance

The results obtained from evaluating the models, including both traditional
algorithms and GNNSs, using various combinations of features, are shown in Table 4
and Table 5. A noteworthy observation across all models is the significant impact of
adjacent enterprises' features on performance metrics. Specifically, the combinations
of both adjacent enterprises only and target SME plus adjacent enterprises
consistently outperformed the target SME only set in terms of AUC and KS metrics.

Moreover, when integrated with adjacent enterprises, the combination of target SME
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plus adjacent enterprises typically demonstrated similar or slightly superior
performance compared to the adjacent enterprises only set, thereby highlighting the
importance of incorporating adjacent enterprise features when there are deficiencies
in target SME features.

Among the traditional machine learning algorithms, both the RF and
XGBoost models consistently demonstrated KS values across all feature sets.
Notably, their performance peaked when utilizing only adjacent enterprises, and
SME plus adjacent enterprises feature combinations contrast. In GNNs, the ST-
RGCN model emerged as the most proficient due to its adept incorporation of
temporal-spatial relationships. This model's design enables it to capture nuanced
developmental changes in enterprises over time, consistently achieving the highest
AUC for all feature combinations. The strength of ST-RGCN is further emphasized
by its discriminatory power measured by the KS metric; when paired with the SME
plus adjacent enterprises feature combination, it achieved an optimal KS value of
0.58. This result signifies its superior discriminatory capability compared to other
models and feature combinations. Our findings emphasize the crucial role of
adjacent’ features in augmenting model performance. While XGBoost has emerged
as a leading model among conventional algorithms, the ST-RGCN model, which
focuses on temporal-spatial relationships and captures the evolutionary dynamics of
enterprises over time, has been identified as the most effective approach.

Table 3-4 Model performance of traditional machine learning algorithms

SVM DT RF XGBoost MLP
Features

AUC KS AUC KS AUC KS AUC KS AUC KS
SME only 0.51 0.03 051 0.03 053 0.2 0.53 0.14 0.51 0.13
AE only 0.58 0.07 0.59 0.08 0.66 0.34 0.65 0.44 0.62 0.42

SME plus AE 0.59 0.08 0.59 008 067 037 068 045 062 043

Table 3-5 Model performance of graph neural networks

GCN ST-GCN RGCN ST-RGCN
Features

AUC KS AUC KS AUC KS AUC KS
SME only 0.51 0.12 0.51 0.12 0.51 0.12 0.51 0.12
AE only 0.66 0.24 0.68 0.34 0.77 0.53 0.78 0.58
SME plus AE 0.69 0.26 0.73 0.37 0.78 0.54 0.84 0.58
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5.2 Ablation experiment and robustness check

In this subsection, we undertake a detailed examination of the proposed model to
discern the significance of its individual components and evaluate its robustness
under various perturbations.

Table 3-6 Model performance of ablation experiment

RGCN ST-RGCN
Features

AUC KS AUC KS
OR 0.57 0.21 0.62 0.26
TR 0.66 0.36 0.71 0.37
IR 0.61 0.30 0.64 0.33
OR+TR 0.73 0.47 0.81 0.56
OR+IR 0.67 0.36 0.74 0.54
IR+TR 0.71 0.39 0.79 0.53
OR+TR+IR 0.78 0.54 0.84 0.58

A comprehensive ablation study is conducted to comprehend the individual
contributions of various components within the ST-RGCN model, as shown in Table
3-6. This study assessed the impacts of temporal dynamics, spatial considerations,
and three distinct types of enterprise relationships: OR, TR, and IR. The AUC and
KS metrics outcomes for the RGCN and ST-RGCN models are presented. The
RGCN model achieved an AUC of 0.78 and a value of 0.54, respectively. In contrast,
the ST-RGCN model, incorporating temporal-spatial dynamics, exhibited enhanced
performance with an AUC of 0.84 and a KS value of 0.58, thereby emphasizing the
inherent reliance of the model on temporal information. This pattern was consistently
observed across all control groups. The decline in performance further underscores
the significance of capturing temporal dynamics to effectively comprehend the
evolving nature of enterprise interactions and their subsequent impact on credit
predictions.

The disconnection of the model from OR resulted in a significant reduction of
6% in AUC, underscoring the pivotal role of ownership structures in determining
creditworthiness. These relationships, reflective of financial backing and operational
synergies, are evidently critical for enhancing the model's predictive accuracy. Upon
ablating TR, the model's performance exhibited a significant decline of 15% in AUC.

The extensive volume and diverse nature of transactional interactions among
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enterprises render TR indispensable for understanding the credit landscape
comprehensively. Evaluating the model without incorporating IR revealed its
nuanced contribution, as evidenced by the performance metrics indicating a marginal
decline of 4% in AUC. This suggests that while IR may not exert as significant an
influence as direct relations such as OR and TR, they still provide an additional layer
of depth by capturing overlooked indirect influences. Furthermore, relying solely on
a single relation leads to suboptimal performance.

The ablation study elucidated the significance of different enterprise
relationships in the ST-RGCN model. While each relationship type contributed to the
model's predictive accuracy, their combined effect demonstrated superior
performance, particularly in the ST-RGCN model. Incorporating temporal-spatial
dynamics in the ST-RGCN model further emphasized its predictive prowess across
various relation combinations, highlighting the importance of a comprehensive
approach in credit prediction.

We conducted a comprehensive robustness assessment to validate the model's
reliability across diverse scenarios. Our methodology encompassed various
perturbations, including temporal and spatial inconsistencies, graph structural
variations, and disturbances at the feature level. Additionally, we scrutinized the
model's performance under varying data volumes to highlight its dependence on
adjacent enterprise data. Our findings demonstrate the commendable resilience of the
ST-RGCN model in the face of temporal perturbations while underscoring its
inherent reliance on temporal dynamics. Conversely, spatial perturbations had a
relatively subdued impact, affirming the model's strong interpretability in spatial
aspects. Notably, even when subjected to random structural perturbations that mimic
real-world data inconsistencies, the model's performance remained largely unaffected,
showcasing its remarkable adaptability. However, feature perturbations revealed a
certain sensitivity, indicating acute attention of the model towards nuanced features
at a granular level. Furthermore, a decrease in adjacent enterprise data volume
emphasized the crucial role of comprehensive adjacent enterprise relationships for
optimal predictions. In conclusion, the ST-RGCN model exhibits robustness across

various scenarios due to its intricate interplay between spatial and temporal dynamics.
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5.3 Model interpretation

In the intricate domain of credit default prediction for SMEs, the ST-RGCN
model presents a sophisticated yet opaque decision-making mechanism. We
employed GNNExplainer (Z. Ying et al., 2019), a renowned tool designed
specifically for interpreting Graph Networks to unravel this complexity and enhance
model transparency. The concept behind GNNEXxplainer is that if the removal or
modification of a node/feature impacts the prediction outcome, then it is considered
essential and should be included in the crucial set.

Initially, we fine-tuned the tool to our ST-RGCN model and subsequently
ranked node and edge features based on their significance in credit default
predictions. The ranking emphasizes the pivotal role of specific features, such as
transaction volume and ownership percentage, in credit default assessment,
particularly highlighting the significance of substantial transaction volumes or long-
standing relationships. Transaction volume serves as a crucial indicator of an SME's
financial activity, reflecting their ability to generate income and effectively manage
expenses. The presence of substantial transaction volumes indicates a significant
collaboration, while long-standing relationships indicate a stable customer base and
operational continuity. This collaboration and stability are crucial for SMEs as they
signify reliability among partners and customers. Conversely, ownership percentage
provides essential information about enterprises' level of control and responsibility
over assets and liabilities. Understanding the impact of these factors on credit
defaults enables lenders to make more informed decisions when evaluating
borrowers' creditworthiness. For instance, a high transaction volume combined with
a significant ownership percentage signifies a robust financial position and
responsible management practices, thereby reducing default risk. Conversely, low
transaction volumes may raise concerns about an individual's or company's ability to
fulfill their financial obligations. Furthermore, this ranking underscore the
insufficiency of relying solely on traditional credit scores in providing a
comprehensive assessment of an individual's creditworthiness. By incorporating
transaction volume and ownership percentage into the evaluation process, lenders
can better assess potential risks of lending money or extending credit.

Moreover, the GNNExplainer demonstrated its capability to extract

influential subgraphs, facilitating a nuanced understanding of the intricate
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interdependencies between SMEs and adjacent enterprises. These interdependencies
often serve as indicators for shared financial health or reflect industry-specific
dynamics. Highly concentrated markets typically comprise a few dominant players
who wield substantial influence over the entire industry. In such or operational
dynamics of one major player can have cascading effects on other entities within the
same market. This ripple effect is particularly pronounced in SMEs, which may be
more susceptible to actions or financial well-being of dominant market players.
Consequently, given the interconnected financial health of entities within these
markets, the model's ability to predict credit defaults for SMEs in such concentrated
markets becomes more deterministic.

Furthermore, markets characterized by differentiated offerings present their
own set of challenges and implications. Differentiated offerings often imply that
products or services provided by entities within these markets are unique and not
easily substitutable. This uniqueness leads to high switching costs for businesses, as
transitioning to an alternative product or service can result in significant financial
and operational burdens. For SMEs operating within such markets, this can
necessitate a heightened reliance on specific suppliers or customers. Consequently,
the financial health or operational stability of these crucial partners can
disproportionately impact the creditworthiness of SMEs. The masking mechanism of
GNNExplainer further enhanced our understanding by highlighting key nodes that
consistently played pivotal roles in credit predictions. These nodes, often
representing FEs were characterized by attributes such as high registered capital
values or commendable credit ratings. Such attributes are typically indicative of
financial stability and operational resilience, making them crucial determinants in
predicting credit defaults. In essence, the interplay of market concentration, product
differentiation, and the associated switching costs, combined with the inherent
attributes of SMEs and FE/FIs, offers a comprehensive perspective on the credit

default prediction landscape.

6. The economic benefit

In the contemporary interconnected business landscape, leveraging dynamic
information assimilation from adjacent enterprises enhances the competitive

advantage in decision-making processes. This is particularly evident in credit default
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prediction for SMEs, where harnessing the potential of adjacent enterprises' data
enables businesses and financial institutions to achieve augmented economic benefits.
This section explores the multifaceted economic advantages arising from this
integration.

In the financial sector, information asymmetry often leads to suboptimal
lending decisions. However, this asymmetry can be significantly mitigated by
integrating dynamic data from adjacent enterprises. Lenders gain access to a more
comprehensive and up-to-date dataset, ensuring that credit decisions are based on
robust information and reducing the likelihood of financial misjudgments. Financial
institutions can obtain a comprehensive perspective of an SME's operational
environment by incorporating dynamic information from adjacent enterprises. This
enhanced viewpoint facilitates a more precise credit risk evaluation, leading to well-
informed lending decisions. Consequently, institutions can minimize non-performing
loans and optimize their loan portfolios, resulting in increased profitability. For
investors, the dynamic data of adjacent enterprises provides deeper insights into an
SME's market position and potential growth trajectory. This enables informed
investment decisions that allocate capital to SMEs with promising prospects and
ultimately lead to higher returns on investment.

For SMEs, gaining a comprehensive understanding of the health of
neighboring businesses can provide valuable business intelligence, facilitating
informed strategic decision-making that ranges from optimizing supply chains to
expanding market presence. Ultimately, this drives revenue growth and enhances
operational efficiency. Moreover, such knowledge can foster robust business
relationships by proactively identifying potential risks or opportunities within the
ecosystem, promoting more sustainable and mutually advantageous partnerships.
Integrating information about adjacent enterprises can refine marketing and sales
strategies for businesses offering products or services to SMEs. By comprehending
the broader network in which an SME operates, businesses can tailor their offerings
more effectively, leading to increased sales and customer retention.

Integrating dynamic information from adjacent enterprises into the decision-
making processes of SMEs, financial institutions, and other stakeholders offers many
economic benefits. The substantial economic value derived from this integration is
evident from enhanced credit risk assessments to optimized business strategies and
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improved investment decisions. As the business ecosystem continues to evolve,
leveraging the potential of data from adjacent enterprises undeniably serves as a

fundamental catalyst for achieving economic success.

7. Conclusion

In this study, we proposed a GNN-based approach and investigated its
application in predicting credit default for SMEs by incorporating dynamic
information from adjacent enterprises. Our findings highlight the crucial role of
adjacent enterprises’ dynamic information in improving the accuracy of credit default
predictions. Specifically, when augmented with dynamic adjacent enterprise data, the
ST-RGCN model demonstrated an approximately 64.71% increase in accuracy
compared to traditional models that solely relied on target enterprise features. To
ensure the robustness we extensively explored alternative machine learning models
and employed various perturbations. Among these approaches, the ST-RGCN
method consistently demonstrated superior accuracy. Importantly, a dynamic training
approach yielded more favorable results compared to a static model. Furthermore,
adjacent enterprises, particularly ownership relations, proved to be more valuable
than those obtained from individuals.

The efficacy of our model was significantly demonstrated across various
types of adjacent enterprises and relationships, with the ownership of adjacent FE
experiencing the most substantial benefits. However, minimal improvement was
observed in one-time transactions with adjacent SMEs. Interestingly, even when
relying solely on adjacent enterprise features, our model provided commendably
accurate predictions of SME defaults. This suggests a potential solution to rating
SMEs with limited data, particularly if data from their adjacent enterprises is
accessible.

We delved deeper into the nuances of adjacent enterprise relationships,
discovering that principal links characterized by significant transaction volumes or
long-standing relationships were particularly informative. Additionally, adjacent
enterprises operating in highly concentrated markets or those with differentiated
offerings implying high switching costs provided more predictive power. While our
approach of integrating dynamic adjacent enterprise information into the ST-RGCN

model for credit default prediction is innovative, it has limitations. The primary
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reliance of our research was on dynamic transaction data, which may not be readily
available for many financial institutions. Additionally, it should be noted that
transaction data from a single bank may not provide a comprehensive representation
of the entire range of business activities. Incorporating transaction records from
multiple banks can enhance prediction accuracy by constructing a more
comprehensive network; however, this necessitates the establishment of an inter-
bank cooperation model and privacy protection mechanism for future exploration.
Integration with federated learning (T. Li et al., 2020) which enables model training
across multiple devices or servers while maintaining data localization and sharing in
the form of gradients or model weights, presents a promising technique for

addressing this challenge.
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Leveraging Internet-Sourced Text Data for Financial Analytics in
Supply Chain Finance: A Large Language Model-Enhanced Text
Mining Workflow

Abstract

In the rapidly evolving supply chain finance landscape, fintech innovations
such as text mining and LLMs like ChatGPT are transforming information
processing and decision-making. This study presents the development of an
LLM-enhanced text mining workflow that integrates internet-sourced
information to improve the information processing capabilities of FSPs. We
applied this innovative workflow to analyze the demand for new energy buses
in the Chinese market. We used data from bidding websites and corroborated
these findings with information extracted from financial statements. Our
approach aims to reduce information asymmetry between FSPs and industry
partners. Compared to previous studies, this research demonstrates the
practicality and increased operational efficiency of leveraging internet-sourced
data in conjunction with large language models for supply chain financial
services. Furthermore, it underscores the potential of integrating advanced
language models in financial data analysis, paving the way for their broader

application in areas with limited data accessibility.

Keywords: Text Mining, Large Language Model, Fintech, Financial Analytics,
Operational Efficiency

1. Introduction

SCF aims to optimize the management of financial flows within supply
chains, necessitating accurate and timely decision-making for sustained growth and
operational resilience. This sector has undergone rapid evolution, significantly
influenced by advancements in fintech, which introduce innovative tools and
methodologies for data analysis and interpretation (Hildebrand and Bergner, 2021).

Particularly transformative technology is text mining, which has proven to be more
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efficient than traditional financial analysis methods, especially in handling the
complexities associated with SCF activities (Ying et al., 2020). In SCF, FSPs—
including banks, large enterprises, third-party logistics firms, and fintech
companies—play a pivotal role. They enhance financial liquidity across the supply
chain, notably aiding SMEs by facilitating access to essential, cost-effective financial
support through collaborations with FEs. Compared to traditional financial services,
SCF involves a broader array of participants, which necessitates handling more
complex and diverse textual materials (Olan et al., 2022). Text mining is a promising
technique to leverage advanced algorithms and machine learning techniques to
analyze textual data, thereby significantly reducing the time and costs traditionally
associated with financial analytic processes (Kumar and Ravi, 2016).

Moreover, SMEs and their supply chain partners often have incentives to
collude and may tend to withhold operational information from FSPs for security
reasons (Martin and Hofmann, 2017). Such constraints of limited information in
traditional settings frequently hinder the timely and accurate financial health
assessment and risks. In this context, signals sourced from the internet that are
beyond the control of SMEs can provide more reliable information to FSPs (Ferrara
et al., 2014). These uncontrolled signals serve as a crucial supplement to
conventional data sources, offering insights that might otherwise remain obscured.
However, effectively harnessing these external information sources is challenging.
They are often unstructured and not readily prepared for analysis, making selection
and processing difficult. In the era of big data, an enormous amount of data is
continuously generated and stored online, presenting both opportunities and
obstacles. Useful data, particularly pertaining to SMEs, is often scattered across
various platforms and embedded deep within the web, complicating efforts to extract
meaningful insights.

In light of the complexities and challenges previously identified regarding the
extraction of reliable data from diverse and unstructured internet sources, we have
developed an innovative workflow utilizing Large Language Models (LLMs) such as
ChatGPT (Kanbach et al., 2023). This advanced LLM-enhanced text mining
workflow is meticulously designed to streamline the traditional financial data
analyzing processes and comprises four critical phases: Business Analysis, Data
Collection, Information Extraction, and Result Evaluation. Each phase plays a vital
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role in transforming the data access and analysis capabilities of FSPs, providing a
systematic approach to address the prevalent issues of data fragmentation and
information asymmetry. The practical effectiveness of this workflow is demonstrated
in a case study within China’s new energy bus sector. By mining demand
information from bidding websites and financial statements, our workflow equips
FSPs with the tools necessary for industry evaluations. This method is particularly
beneficial in mitigating information asymmetry between FSPs and industry partners,
significantly advancing beyond the conventional methods that often struggle to
capture financial data's dynamic and dispersed nature. Our study contributes to the
field by diminishing the reliance on labor-intensive and inefficient traditional
analysis methods, thereby enabling FSPs to make faster, more informed decisions
based on robust, data-driven insights.

The remainder of this paper is organized as follows: Section 2 reviews the
application of text mining in the financial domain and the development of LLM.
Section 3 details the proposed LLM-enhanced text mining workflow. Section 4
presents a case analysis of China's new energy bus industry, showcasing the
workflow's practical application. Finally, Sections 5 and 6 discuss the results and our

study's main contributions, limitations, and future research directions.

2. Literature review

Practitioners and scholars alike recognize the transformative potential of
fintech in enhancing the convenience and cost-effectiveness of financial services,
marking it as a critical area for academic investigation, particularly in data analysis
and decision-making processes (Cao and Zhai, 2023). Particularly noteworthy are the
technologies of text mining and LLMs. These technologies have substantially
advanced the capabilities of FSPs to process and interpret vast amounts of textual
data, revolutionizing traditional financial workflows. This literature review seeks to
delve into these advancements, with a particular focus on their integration into

supply chain finance.

2.1 Text mining and its application in the financial domain

Text mining involves extracting meaningful information from unstructured
text data, which, in the realm of finance, includes an array of sources such as news

articles, financial reports, market commentaries, and social media content (Kumar
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and Ravi, 2016). The integration of text mining in the financial sector has marked a
paradigm shift in data analytics, transcending traditional methods of information
processing. Early applications of text mining in finance primarily focused on
sentiment analysis, a process in which the sentiment expressed in financial news and
reports was used to forecast market trends and stock movements (Tetlock, 2007).
After that, the scope of text mining expanded to encompass various other critical
areas such as risk management, fraud detection, and customer service enhancements
(Chatterjee et al., 2024; Khadjeh Nassirtoussi et al., 2014). In risk management, text
mining helps identify early warning signs of market shifts or company-specific
troubles and provides a proactive approach to risk assessment. Fraud detection has
also benefitted, with text mining enabling the identification of patterns and anomalies
indicative of fraudulent activities. In customer service, automated systems powered
by text mining can handle inquiries and provide information, improving efficiency
and customer satisfaction (Kumar and Ravi, 2016).

Furthermore, the role of natural language processing (NLP), a subset of
machine learning, has become increasingly prominent in parsing and interpreting
complex financial documents, such as annual reports, to extract relevant data points
for investment analysis (Appio et al., 2023). For example, studies have shown the
potential of using online search data and social media content to anticipate market
movements (Curme et al., 2014). These sources provide a real-time pulse of public
opinion and emerging trends, offering previously inaccessible insights. In industry,
leading firms like Bloomberg and Reuters have developed sophisticated tools that
aggregate and analyze financial news in real-time, providing traders and investors
with actionable insights (Bollen et al., 2011). These tools use advanced algorithms to
sift through vast amounts of data, identifying trends and patterns that human analysts
might overlook. Zhao et al. utilize a large processed dataset to predict SCF failure.
They propose that a large financial dataset from external data sources significantly
improves the FSPs’ predictions of the SCF clients’ business failures (Zhao et al.,
2015).

Table 4-1 categorizes and summarizes the external information sources
utilized in previous research into six distinct categories: financial news,
announcements, financial statements, financial press, social media, and reviews.

However, there remains a gap in the comprehensive utilization of data from
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specialized professional websites and public disclosure sources. These sources
include bidding websites, recruitment platforms, judicial documents, national
enterprise credit information portals, etc. By harnessing machine learning techniques
and internet sources, FSPs could gain deeper and more nuanced insights from these
underutilized data sources.

Table 4-1 The sources used for text mining in the financial domain

Category Source Research Paper

Financial news Google News, Yahoo Finance, Ashtiani and Raahemi, 2023; Chen et
Sina News al., 2021; Li et al., 2021

Announcements Exchanges, Public company, Feuerriegel and Gordon, 2018;
Government Feuerriegel and Prollochs, 2021

Financial statements  Exchanges, Public company Niessner et al., 2022; Wei et al., 2019

Financial press Bloomberg, Quamnet, LiveJournal  Al-augby and Nermend, 2015; Lin et
site, Reuters, S&P al., 2022

Social media Twitter, Facebook Chuaetal., 2019; Sawhney et al.,

2020; Schniederjans et al., 2013
Reviews Amazon, IMDb Lang et al., 2021; Singh et al., 2022

2.2 LLMs and its application in the financial domain

The evolution of LLMs like ChatGPT has markedly influenced text mining,
especially in financial applications, over the past year. Traditional text mining
methods, including market data collection and empirical data gathering from
unstructured online sources, are often plagued by inefficiencies and the limitations of
manual processing (Tzeng, 2023). LLMs have demonstrated exceptional abilities in
generating contextually relevant text and performing complex language tasks,
thereby transforming data analytics within the financial sector (Niszczota and Abbas,
2023). ChatGPT, a variant of the Generative Pre-trained Transformer (GPT) model
developed by OpenAl, has garnered significant attention in the NLP community. Its
deep learning capabilities facilitate a wide range of language understanding and
generation tasks, representing a milestone in developing LLMs (Forner and Ozcan,
2023; Kim, 2023). ChatGPT's design allows it to learn and adapt from a vast corpus
of internet-sourced text data, making it highly versatile and contextually aware
(Dowling and Lucey, 2023). In the financial sector, the applications of ChatGPT and
similar LLMs are particularly noteworthy (Dowling and Lucey, 2023). These models

have been employed to enhance customer service through advanced chatbots that
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handle complex queries more efficiently than their predecessors (Koc et al., 2023).
Furthermore, researchers examine the use of ChatGPT in generating financial
recommendations within the Australian financial sector, highlighting its potential to
reduce the time for simple advice creation but noting its limitations with complex
advice, necessitating professional oversight for regulatory compliance (Neilson,
2023). An emerging area of interest is the integration of LLMs with traditional
financial models. LLMs can provide a more comprehensive view of the financial
landscape by combining quantitative data with qualitative insights extracted from
various text sources (Cao and Zhai, 2023). While LLMs have demonstrated their
utility in simplifying and automating various tasks, combining their strengths with
traditional financial models could lead to more comprehensive and insightful market
analyses and predictions (Alawida et al., 2023). In particular, the effective integration
of LLMs with traditional text mining techniques in the financial supply chain
remains underexplored (Lin et al., 2020). Our research aims to fill this gap by

developing an advanced workflow enhanced by the capabilities of LLMs.

3. Workflow modules

In this section, our workflow was organized into four phases, each logically
building on the previous one in an intuitive manner. This workflow in lines with
traditional financial text mining frameworks and innovative LLM workflow from
chemical field (Ding et al., 2023; Zheng et al., 2023). As shown in Fig. 4-1, the first
phase, Business Analysis, involves identifying specific financial problems or
questions, which defines the type of data required. The second phase, Data
Collection, employs automatic web crawlers and other tools to gather the necessary
financial data. The third phase, Information Extraction, processes this data to extract
relevant and significant information. Finally, the fourth phase, Result Evaluation,
assesses Whether the extracted information effectively addresses the initial questions,

ensuring that the analysis remains focused and yields valuable insights.
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Fig. 4-1 The Schematics of the LLM enhanced workflow

3.1 Business Analysis

The Business Analysis phase is the foundational phase of our advanced data
science workflow, designed specifically to meet the needs and strategic objectives of
FSPs. In SCF practice, risks are usually the most important concern to FSPs due to
the level of risk that directly affects the cost and the income. Traditionally, this
process involves a series of systematic yet often labor-intensive steps typical of
conventional business analysis methods (Niessner et al., 2022). Not all risk factors
need to be considered in a specific SCF solution. The business understanding process
is designed for practitioners to select several of the most concerning risk factors due
to their specific business. As shown in Fig. 4-2, the first step in this phase is an
exploration of the business context of the FSP. This involves a comprehensive
analysis of the receiver's market position, range of services, target clientele, and
competitive dynamics. The primary goal of this step is to garner an in-depth
understanding of the operational environment, pinpointing the unique challenges and
opportunities that the FSP faces (Ashtiani and Raahemi, 2023). In our LLM-based
Business Analysis phase, with its advanced NLP capabilities, LLM can assist in
rapidly gathering and interpreting business requirements and context (Koc et al.,
2023). It can process natural language inputs from business stakeholders, translating

them into structured analytical objectives, thus speeding up the initial stages of the
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business analysis. Following the contextual groundwork, the phase progresses to
defining precise analytical goals. The establishment of these goals serves as a
guiding compass for the entire analytical process, shaping the direction and focus of
subsequent data collection and analysis. LLM can aid in refining the analytical goals
by interactively working with analysts to fine-tune objectives. It can suggest
potential areas of focus based on its understanding of the business context, providing
a broader perspective that might be overlooked in traditional methods. The next step
involves the identification of relevant data sources, a critical step in the workflow.
This process includes selecting internal and external data sources — from transaction
histories and customer databases to market reports, financial news, regulatory
publications, and social media content. The objective is to target data sources that are
likely to provide valuable insights that align with the previously defined analytical
goals. LLM can assist in identifying potential data sources by analyzing the defined
goals and suggesting relevant data repositories, both internal and external. Its ability
to process large amounts of information can uncover valuable data sources that may
otherwise be missed. Upon identifying potential data sources, the phase shifts to
specifying the types of data required for effective analysis. This involves determining
the level of detail, historical range, frequency of updates, and data format. This step
is crucial to ensure the appropriateness of the collected data, both in terms of quality
and relevance for the intended analysis. In light of the sensitive nature of financial
data, the next step places significant emphasis on compliance with relevant data
protection laws and ethical standards. It entails a rigorous assessment of data privacy
requirements and securing the necessary permissions. Leveraging LLM's knowledge
base, it can provide preliminary guidance on compliance and ethical considerations
relevant to the data sources and analytical objectives. This assists analysts in
navigating the complex regulatory landscape more efficiently. The concluding step
of the Business Analysis phase involves strategizing the integration of diverse data
sources. This involves addressing compatibility issues among different data formats
and structures and devising a methodical approach for merging, cleaning, and
preparing the data for analysis. LLM can contribute to planning the integration of
diverse data sources by suggesting methodologies and best practices for data

consolidation and preprocessing tailored to the specific needs of the analysis.
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In conclusion, the integration of LLM into the Business Analysis phase
brings about a transformative change in the traditional process. By automating and
enhancing various stages of the phase, LLM not only streamlines the workflow but
also introduces a level of depth and comprehensiveness that augments the overall
effectiveness of the business analysis. This phase, therefore, serves as the strategic
bedrock of our workflow, ensuring that the entire data analysis process is in lockstep

with the specific requirements and aims of the financial service provider.

1 Business Analysis
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Fig. 4-2 The workflow in the business analysis module.

3.2 Data collection

Building upon the strategic insights developed in the Business Analysis phase,
the workflow progresses into the data collection phase. This phase employs advanced
web crawling technology to systematically gather pertinent financial data, guided by
the principles outlined in the business analysis.

The construction of a traditional web crawler, a pivotal tool in data harvesting,
is a process that typically involves several complex stages (Azimi et al., 2022). As
shown in Fig. 4-3, it starts with defining the crawler's scope and objectives, such as
the specific data or websites it is tasked to target. With LLM's assistance, the process
of identifying the most relevant websites and data sources can be more intuitive and
less time-consuming (Zheng et al., 2023). LLM can suggest sources based on the
context of the user's request, streamlining the initial setup phase. Following this,
developers engage in designing the crawler's architecture, including its crawling
algorithms and data extraction methods. This step is critical as it determines the
efficiency and effectiveness of the crawler in navigating through web pages and

retrieving relevant information.
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Subsequently, the implementation step involves coding the crawler, usually in
languages like Python, using libraries such as Scrapy or Beautiful Soup. During this
phase, functionalities are integrated to handle different data formats, manage
crawling rules, and obey robots.txt files. Additionally, developers must incorporate
features to manage challenges like duplicate content, varying website structures, and
dynamic web content. LLM can interpret specific requirements stated in natural
language, translating them into specific, structured queries for the crawler. This
eliminates the need for users to have technical expertise in query formulation.
Furthermore, it can optimize search queries based on its understanding of the user's
intent and the nuances of the targeted data, thereby improving the relevance and
precision of the crawler's search. Post-crawling, rigorous testing is conducted to
ensure the crawler's functionality aligns with its intended purpose. This involves
debugging and refining the crawler's performance, often requiring significant
technical expertise and time. LLM can assist in the post-crawling analysis by
summarizing and categorizing the collected data, making it more accessible and
understandable for users. This reduces the workload in data preprocessing and
analysis.

In conclusion, while traditional web crawlers are powerful tools for data
collection, their construction and operation often require significant technical
expertise and manual intervention. The integration of LLM not only simplifies these
processes but also enhances the efficiency and effectiveness of web crawlers, making
them more adaptable and user-friendly. This advancement represents a significant
leap forward in the field of data harvesting and analysis, especially beneficial for the

financial sector, where timely and relevant data acquisition is key.
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Fig. 4-3 The workflow of Automatic Web Crawler module.
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3.3 Information extraction

The traditional Information Extraction phase in a data science workflow is a
crucial phase where raw data is transformed into actionable insights, as shown in Fig.
4-4. Traditionally, this phase begins with data preprocessing, where the collected
data is cleaned, formatted, and structured for analysis (Gkatziaki et al., 2018). This
task is often manual and time-consuming, involving data normalization, handling
missing values, and removing duplicates. LMM can assist in automating parts of the
data preprocessing stage. It can interpret and categorize data, handle basic cleaning
tasks, and even identify and flag potential data quality issues, thereby reducing
manual effort and increasing efficiency. Subsequent to preprocessing, the phase
typically employs various algorithms for extracting meaningful patterns and insights
from the data. This involves the use of statistical models such as dictionary matching,
regular expression, machine learning algorithms, and sometimes complex data
mining techniques. Analysts need to select appropriate methods based on the data
characteristics and the analytical goals set in earlier phases. Specifically, the goal
mainly includes the five subtasks of named entity recognition, event recognition,
value recognition, and time detection and recognition, which recognize entities,
events, values, and times, respectively. Then, the relation extraction process helps
recognize the relations among these items.

With its advanced NLP capabilities, LLM can augment traditional data
extraction methods. It can analyze text data to extract key themes, sentiments, and
patterns more efficiently than conventional algorithms. This is especially useful
when dealing with large volumes of unstructured text data. Additionally, LLM can
facilitate an interactive data analysis process. Analysts can query the model in natural
language to explore different aspects of the data or to clarify and delve deeper into
specific findings, making the analysis process more intuitive and dynamic. The final
step usually encompasses the validation and interpretation of the extracted
information. Analysts review the results to ensure their accuracy and relevance to the
business objectives. This process often requires domain expertise and critical
evaluation skills to translate data findings into business insights. LLM can support
the validation and interpretation step by summarizing the extracted insights,
suggesting potential implications, and highlighting areas that might require further

investigation. This can aid analysts in better understanding and communicating the
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analysis results. Given its training on diverse datasets, LLM can be particularly adept
at adapting to evolving trends and patterns in data, a crucial feature in the rapidly
changing financial sector.

In conclusion, the incorporation of LLM into the Information Extraction
phase represents a significant enhancement to the traditional process. By automating
and augmenting various stages of information extraction, LLM not only streamlines
the workflow but also introduces a level of sophistication and adaptability that

significantly enhances the quality and relevance of the insights derived from the data.
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Fig. 4-4 The workflow of Information Extraction module

3.4 Result evaluation

Following the Information Extraction phase, the Result Evaluation phase is
critical in assessing the extracted insights' validity and applicability. As shown in Fig.
4-5, this phase typically involves a series of steps where analysts review and interpret
the results in the context of the established business objectives. The process often
begins with a statistical validation of the findings, where analysts verify the accuracy
and reliability of the extracted data through various statistical tests and measures.
LLMs can assist in the initial statistical validation process by automating some of the
standard data quality and accuracy checks (Cao and Zhai, 2023). This can expedite
the validation phase, allowing analysts to focus on more complex aspects of data
evaluation. This is followed by a contextual interpretation step, where the relevance
of the results to the business goals and market conditions is assessed. Analysts rely
heavily on their domain expertise to translate the data findings into meaningful
business insights, a process that can be subjective and requires a deep understanding
of both the data and the business landscape. With their advanced NLP capabilities,
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LLMs can provide substantial support in interpreting the results. They can process
and summarize complex data findings, identify key patterns and anomalies, and even
suggest potential implications, thus aiding analysts in the interpretation process.
Finally, the phase concludes with a comprehensive report preparation, where the
findings are documented and presented to stakeholders. This often involves
visualizing data in an understandable and compelling manner, crafting narratives
around the data, and making recommendations based on the analysis. LLMs can
revolutionize the report preparation step. They can assist in generating
comprehensive, well-structured reports, complete with narrative summaries of the
findings and data visualizations. This not only speeds up the reporting process but
also ensures that the reports are clear, concise, and accessible to a wider audience.
Furthermore, LLMs can facilitate an interactive feedback mechanism where analysts
and stakeholders can query the model for further clarifications, explore different
perspectives of the data, or refine the focus of the analysis. This interactive approach
can lead to a more nuanced and thorough understanding of the results. Given their
training on a wide range of datasets and scenarios, LLMs can adapt to evolving
business needs and market conditions, providing insights that are not only accurate
but also contextually relevant.

In conclusion, the integration of LLMs into the Result Evaluation phase
brings about significant advancements over traditional methods. By automating and
enhancing various stages of result validation, interpretation, and reporting, LLMSs not
only streamline the evaluation process but also enrich the quality and

comprehensiveness of the insights derived from the data analysis.
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Fig. 4-5 The workflow of Result Evaluation module
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4. An application of the proposed workflow

This section utilizes our LLM-enhanced text mining workflow to analyze the
operating risks of SCF in China's rapidly evolving new energy bus sector. Although
this sector has become a significant part of the economy, it faces unique challenges
related to data acquisition and reliability (Basma et al., 2022; Hensher, 2022). Our
innovative workflow aims to address these challenges by reducing information
asymmetry between financial institutions and their industrial partners through the
analysis of end-user demand from internet-sourced data.

To evaluate the effectiveness of our LLM-enhanced workflow, we conducted
a comparative analysis with traditional text mining methods, focusing on efficiency
and accuracy. For this purpose, we selected GPT-3, GPT-4, Bard, and Ernie Bot as
benchmark models. These models were chosen based on their advanced capabilities
and relevance to our study. GPT-3 and GPT-4, developed by OpenAl, represent
advanced iterations in the Generative Pre-trained Transformer series. Their nuanced
understanding and generation of natural language make them highly suitable for
complex data processing tasks (Dowling and Lucey, 2023). To add diversity to our
comparison, we included Bard and Ernie Bot. Bard is known for its unique linguistic
capabilities, while Ernie Bot, designed to process various languages, including
Chinese, complements the strengths of the GPT models (Sun et al., 2021). By
critically evaluating these models, we aimed to determine how well LLM-enhanced
workflows perform in reducing information asymmetry and improving decision-
making processes in the SCF, specifically within the context of China's new energy

bus industry.

4.1 Business Analysis

New energy buses in China have become increasingly important in public
transportation due to their low energy consumption and reduced CO2 emissions.
However, our interaction with the LLM reveals significant challenges in this sector,
primarily stemming from the complexities of end-user procurement mechanisms.
These mechanisms lead to fluctuating demand and high operational risks in SCF
practices. To address these challenges, our first step is to analyze and understand the
procurement mechanisms of end-users, as illustrated in Fig. 4-6. We utilize the LLM

to analyze policy documents, news articles, and market reports, identifying patterns
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in the purchasing decisions of public transport companies and institutions, which are
the primary customers in this sector. By understanding these patterns, we can see
how changes in end-user demand influence downstream orders from SMEs.

Given the high uncertainty in end-user demand, our analytical goal is to
analyze the demand for new energy buses. This is crucial for suppliers,
predominantly SMEs, to determine their parts requirements and for FSPs to
accurately assess operational risks. To obtain real-time and concrete data on new
energy bus demand, we target the China Central Government Procurement (CCGP)
website, which hosts most of the purchasing information for these vehicles. This
choice is based on the legal requirement for open bidding processes in state-owned

enterprises, which account for over 90% of the demand in this market.

Financial service
|
]
Text mining = J» FSPs

Information : CEs SIE
disclosure :
Bus company : =
websites : -\é SME
S N
[ JRelemsethe T o | |pidaing— [ ZhoneTon Sy
purchase plan : ansaction
; S
] T
1
1

Fig. 4-6 The business analysis of new energy bus sector

4.2 Data collection

In this phase, our first step was to define the crawler's scope and objectives,
focusing on the CCGP website, with the initial URL 'http://www.ccgp.gov.cn'. We
utilized LLMs to "browse" the initial website, identifying relevant keywords and
links. The crawler was then programmed to search for specific keywords related to
the new energy bus sector, such as 'new energy bus', ‘full electric bus', and 'fuel cell
bus'. This targeted approach ensured the relevance of the data collected. The crawler
was developed using Python, integrating Scrapy and Beautiful Soup libraries. This
phase was crucial, as it equipped the crawler with the capabilities to handle various
data formats, adhere to established web crawling protocols and respect site-specific
constraints like robots.txt files. A novel aspect of our methodology was using LLMs

to convert natural language inputs into structured code, significantly simplifying the
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coding process and enhancing the crawler's efficiency in retrieving relevant and
precise data.

Our crawler successfully identified 2,527 pertinent web pages from the
CCGP website between 2013 and 2019. The data extracted included comprehensive
procurement details, which were rigorously parsed and systematically cataloged in
our database, setting the stage for in-depth analysis. Recognizing the concentrated
nature of the industry, we extended our data collection to include production volume
data from the financial statements of the three market leaders in this sector: YuTong,
ZhongTong, and BYD. This targeted collection resulted in 84 financial documents
over the specified period, providing an extensive overview of these dominant entities'
operational scale and market dynamics. After crawling, we verified the 2,527 web
pages from the CCGP website to ensure data accuracy and completeness, checking
for missing information and ensuring correct parsing and storage. We rapidly
categorized and summarized the data using LLMs, focusing on the demand
information for new energy buses. This detailed validation provided a solid

foundation for further analysis.

4.3 Information extraction

In this phase, we focused on extracting specific bidding information from the
new energy bus sector. Critical elements for extraction included the names of bidding
entities, transaction amounts, dates, and other relevant details essential for analyzing
market dynamics and procurement trends. Initially, we employed traditional text-
mining methods to extract this information. We selected two distinct IE techniques
after analyzing the textual materials and conducting various experiments. As detailed
in Table 4-2, we used regular expressions to extract patterned strings such as URLS,
monetary amounts, and dates due to their predictable structure within the text. Titles,
being consistently formatted, were also efficiently extracted using regular
expressions. However, extracting company names presented a more complex
challenge, as they do not follow consistent patterns. To address this, we employed
the BILSTM algorithm from PaddleNLP, a toolkit developed by Baidu. PaddleNLP
offers advanced machine learning algorithms, pre-trained models, and datasets
specifically designed to recognize Chinese company names. This approach enabled

us to accurately identify and extract company names from the textual data, which is
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crucial for mapping the competitive landscape and understanding market
participation.

In contrast, introducing LLMs into our text-mining workflow revolutionized
the IE process. Utilizing LLMs, we bypassed the need for structured queries and
specific programming languages. Instead, we instructed the LLMs to systematically
extract and organize data directly from unstructured text. For instance, the LLMs
identified and categorized detailed procurement information, such as contract terms
and project specifications, directly from bid documents and market reports. We used
specific prompts (see Appendix 4-A) to extract URLS, monetary amounts, company
names, and dates directly. This LLM-enhanced approach significantly streamlined
the IE process, enabling more efficient and accurate extraction of relevant
information. The LLM's ability to understand and process web content allowed us to
handle the collected data more effectively, enhancing the precision of our data
extraction and ensuring that the demand information collected was accurate. As a
result, 252 production volume records from the financial statements and 1632
transaction records from the CCGP are obtained. We aggregate these records into
monthly data to filter out the noise. The results are displayed in Fig. 4-7.

Table 4-2 Regular expressions

Item Regular expression

URL http://(Dw-T+\)+[\Ww-1+(/[\w- ./?%&=]*)?
Date \d{4} ([-/1)\d{2} ([-/.])\d{2}

Amount (-?[0-9,]+)(\.[0-9]+)?

The production volume and the end-user demand
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Fig. 4-7 The production volume and the end-user demand
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4.4 Result evaluation

The result evaluation phase of this study focused on analyzing the data
extracted in the previous phase to investigate the relationship between end-user
demand for new energy buses and the production volumes of major FEs in this sector.
Recognizing the importance of this relationship for FSPs, we conducted a detailed
cross-correlation analysis to determine if a time-delay correlation existed that could
enable FSPs to forecast supplier demand based on external data sources. This aspect
of our analysis was crucial for FSPs aiming to reduce information asymmetry and
enhance decision-making processes. Before conducting the cross-correlation test,
checking for autocorrelation in the time series data was imperative, as its presence
could lead to misinterpretations. Our analysis, presented in Appendix 4-B, confirmed
no significant autocorrelation in the end-user demand data, validating the suitability
of these data for further cross-correlation analysis. Having established the data's
suitability, we applied cross-correlation tests to examine the lag between the end-user
demand signals from the CCGP website and the production volume data reported by
the FEs.

Appendix 4-C shows that we calculate the cross-correlation coefficient
between end-user demand and production volume from lag 10 to lag -10. A rule-of-
thumb procedure based on large-sample normal approximation was employed at a
significance level (a) of approximately 5% to determine whether a significant
relationship existed between the two series. The correlation relationship is
significant if the cross-correlation coefficient is higher than __ 2 (where the

NG
variable n is the number of observations and k is the lag). The results indicated that
the correlation at lag 0 is approximately 0.558, which is significant. Similarly, the
correlation at lag 1 is approximately 0.357, which is also significant. These findings
suggest that end-user demand derived from text mining is a reliable leading indicator
for estimating the production volume of FEs. The cross-correlation analysis revealed
a notable time-delayed relationship, providing significant insights for FSPs. It
suggests that forecasting the demand of upstream suppliers one period ahead based
on end-user demand data is possible, which can significantly reduce the operational
risks for FSPs associated with financial services in this emerging industry. In

conclusion, our result evaluation process in the new energy bus sector context
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provided crucial insights into demand forecasting for FSPs. By rigorously analyzing
the data and translating the findings into practical strategies, we contributed valuable
knowledge to aid FSPs in reducing information asymmetry and enhancing their

decision-making processes in this dynamic sector.

5. Results and discussion

For our evaluation, we developed a scoring system for the outputs generated
by each LLM model, following the approach of Zhang et al.(Zhang et al., 2024). The
scoring criteria are as follows: a score of 5 is assigned to outputs that are both highly
detailed and accurate; a score of 4 is given to outputs that are detailed and accurate
but lack some specifics; a score of 3 is for correct but less detailed outputs; a score of
2 is for vague or impractical descriptions; and a score of 1 is for incorrect responses
or failures to adhere to instructions. Notably, any score below 3 is classified as a task
failure. Additionally, we assessed the effectiveness of each LLM output based on the
number of prompt attempts required to achieve a satisfactory response. The task is
considered unsuccessful if an LLM fails to respond satisfactorily within 20 attempts.
This evaluation methodology ensures a rigorous and comprehensive assessment of
each model's performance, providing valuable insights into their practical

applicability in SCF for the new energy bus sector.

5.1 Evaluation of The Performance

In assessing the performance of LLM-enhanced workflows, we conducted a
comparative analysis against traditional methodologies, focusing on key metrics such
as time efficiency and accuracy. The models evaluated include Bard-Gemini Pro,
Ernie Bot-3.5, GPT-3.5, and GPT-4. The results in Tables 4-5, 4-6, and 4-7 highlight
the distinct advantages and trade-offs associated with each approach.

The LLM-enhanced methods demonstrated significant time savings across
various phases of the workflow compared to traditional methods. For example, GPT-
4, despite taking longer in the Business Analysis phase (103 minutes compared to 95
minutes for traditional methods), showed remarkable efficiency in other phases.
During the Data Collection phase, GPT-4 completed the task in 55 minutes,
compared to 133 minutes for traditional methods. In the Information Extraction
phase, GPT-4 took only 37 minutes, significantly faster than the 189 minutes

required by traditional methods. The most substantial reduction in time was observed
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in the Result Evaluation phase, where GPT-4 completed the phase in just 17 minutes,
dramatically outperforming the traditional method's 274 minutes. Overall, the total
time for the LLM-enhanced workflows was substantially lower, with GPT-4
completing the entire process in 212 minutes compared to 691 minutes for traditional
methods, illustrating the LLMSs' ability to process and analyze large datasets
efficiently.

The number of prompt attempts required to achieve satisfactory responses
varied among the models, reflecting their usability and efficiency differences. GPT-4
had the lowest average prompt attempts across all phases, indicating a more intuitive
user interface and a reduced learning curve. For instance, in the Business Analysis
phase, GPT-4 required only 12 attempts, while Bard-Gemini Pro needed 14, GPT-3.5
needed 17, and Ernie Bot-3.5 needed 20 attempts. In the case of Ernie Bot-3.5,
satisfactory responses were not received even after 20 attempts, prompting a review
of the input prompts and consideration of model limitations. Overall, the total
average prompt attempts for GPT-4 were 32, significantly lower than Bard-Gemini
Pro (43), Ernie Bot-3.5 (64), and GPT-3.5 (61). This demonstrates GPT-4's advanced
contextual understanding, enabling precise interpretation of user queries from the
outset and highlighting its superior performance in terms of efficiency and user
experience.

Accuracy was measured across different phases, with scores ranging from 1
to 5. Traditional methods consistently scored 5 across all phases, indicating high
reliability. Among the LLM models, GPT-4 averaged the highest accuracy (4.75),
closely matching traditional methods. Bard-Gemini Pro and GPT-3.5 both averaged
4.25, while Ernie Bot-3.5 averaged 4. While traditional methods demonstrated
consistent accuracy, the LLMs, particularly GPT-4, exhibited comparable accuracy
with slight variations. The probabilistic nature of LLMSs' language generation and
interpretation capabilities may account for these variations.

Table 4-3 Time efficiency of models

Tradition LLM-Enhanced

Time/min

al Bard-Gemini Pro  Ernie Bot-3.5 GPT-3.5 GPT-4
Business Analysis 95 43 63 53 103
Data collection 133 57 61 68 55
Information extraction 189 62 68 48 37
Result evaluation 274 24 33 34 17
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SUM 691 186 225 203 212

Table 4-4 Average prompt attempt of models

Average prompt Tradition LLM-Enhanced

attempt al Bard-Gemini Pro  Ernie Bot-3.5  GPT-3.5 GPT-4
Business Analysis NA 14 20 17 12
Data collection NA 7 13 18 7
Information extraction ~ NA 13 17 14 7
Result evaluation NA 9 14 12 6
SUM NA 43 64 61 32

Table 4-5 Level of accuracy of models

Tradition LLM-Enhanced

Level of accuracy

al Bard-Gemini Pro  Ernie Bot-3.5 GPT-35  GPT-4
Business Analysis 5 4 3 4 5
Data collection 5 3 3 3 4
Information extraction 5 5 5 5 5
Result evaluation 5 5 5 5 5
Average 5 4.25 4 4.25 4.75

Our analysis revealed a strategic advantage in adopting LLM-enhanced
workflows, especially in stages where time efficiency and rapid data processing are
critical. The significant reduction in processing time, particularly in the Result
Evaluation phase, underscores the LLMs' ability to swiftly synthesize and evaluate
large volumes of data. However, a hybrid approach combining traditional methods
with LLM capabilities could yield better results in phases requiring extensive
contextual understanding, such as Business Analysis. While LLMs offer substantial
benefits in terms of speed and efficiency, human oversight remains essential to
ensure accuracy and reliability. In conclusion, LLM-enhanced workflows hold
significant promise in revolutionizing data analysis processes, particularly in sectors
where speed and thorough data synthesis are critical. The distinct performance of
various models across different stages of analysis highlights the necessity of
selecting the right tool for specific tasks balancing time efficiency, user experience,
and accuracy. For FSPs and related sectors, strategically integrating LLM

technologies can significantly improve operational efficiency and decision-making
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capabilities. The evolving capabilities of LLMs, from GPT-3.5 to GPT-4, showcase a
rapidly advancing field, with future iterations likely to bridge the gap in accuracy

further while bolstering efficiency.

6. Conclusion

This study has explored the application of an innovative LLM-enhanced text
mining workflow to address the complexities and challenges of SCF faced by FSP.
Our workflow, leveraging advanced LLMs, has demonstrated significant
improvements over traditional financial analysis methods in terms of efficiency,
accuracy, and depth of analysis. Our research makes several theoretical contributions
to the field of financial data analysis and SCF. Firstly, it extends the application of
LLMs in financial text mining, showcasing their potential to handle diverse and
unstructured data sources effectively. By integrating LLMs into the text mining
workflow, we provide a systematic method that addresses information asymmetry
and data fragmentation issues prevalent in SCF. This integration enhances the
capability of FSPs to analyze complex supply chain activities more accurately and in
a timely manner. Additionally, our study contributes to the growing body of
knowledge on the practical applications of fintech advancements, particularly in
improving supply chains' financial liquidity and operational resilience.

The practical implications of our study are significant for FSPs, including
banks, large enterprises, third-party logistics firms, and fintech companies. The
LLM-enhanced workflow offers a robust tool for FSPs to perform comprehensive
industry evaluations, enabling them to make faster, more informed decisions based
on data-driven insights. By mining demand information from bidding websites and
financial statements, our workflow effectively mitigates information asymmetry
between FSPs and their supply chain networks. This capability is crucial for
supporting SMEs with cost-effective financial services and enhancing overall supply
chain performance. Furthermore, the time and cost savings achieved through this
advanced text mining approach can lead to substantial operational efficiencies for
FSPs.

Despite its contributions, our study has certain limitations. The primary
limitation lies in the dependency on the quality and availability of internet-sourced
data. While LLMs significantly enhance data processing capabilities, the accuracy of

the insights derived still depends on the integrity of the raw data. Additionally, the
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performance of LLMs can vary based on the specific context and nature of the data,
which may require further fine-tuning and customization. Another limitation is the
initial setup and computational resources required to implement and maintain the
LLM-enhanced workflow, which may be a barrier for some organizations. Future
research can build upon our findings by exploring the integration of LLMs with other
advanced analytical techniques, such as predictive analytics and machine learning
models, to further enhance decision-making capabilities in SCF. Expanding the
application of LLM-enhanced text mining workflows to other sectors beyond the
SCF can provide broader insights into its versatility and effectiveness. Finally,
examining the ethical and regulatory implications of using LLMs in financial data

analysis could offer valuable guidelines for practitioners and policymakers.

Appendix 4-A. A sample of prompts

Phase Prompt
Phase 1: What are the most important risk factors FSPs should consider
Business when developing a supply chain finance solution in the new energy
Analysis bus industry?
What measures should we take to mitigate these risks?
What are the relevant data sources to support our analysis? Please
list any potential internal and external data sources.
What are the data requirements we should obtain from these
potential data sources?
Does the data we use comply with data protection laws and ethical
standards?
How can we integrate these diverse data sources effectively?
Phase 2: Help me define the scope and identify the most relevant websites
Data for data collection.
Collection  Assist in analyzing the structure of these websites and writing the
proper code for the web crawler to gather data from them.
Help me test the results and assess the quality of the collected data.
Phase 3: Help me clean, format, and structure the collected data.
Information ~ What is the appropriate method to extract the amount and timing of
Extraction new energy bus purchases?
Assist in extracting this bidding information from the prepared
dataset.
Provide a summary of the extracted information.
Phase 4: Help me verify if the extracted information makes sense.
Result Assist in analyzing the information, interpreting the insights, and
Evaluation  providing advice to practitioners.
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Summarize the entire task and suggest directions for future

optimization.

Appendix 4-B. Auto-correlation test

Std. Ljung-Box Statistic

Lag  Autocorrelation Errora Value df  Sig

1 0.087 0.108 0.650 1 0.420
2 -0.075 0.108 1.134 2 0.567
3 -0.092 0.107 1.878 3 0.598
4 -0.024 0.106 1.928 4 0.749
5 -0.021 0.106 1.967 5 0.854
6 -0.207 0.105 5.839 6 0.441
7 -0.152 0.104 7.973 7 0.335
8 -0.143 0.104 9.878 8 0.274
9 -0.030 0.103 9.961 9 0.354
10 0.077 0.102 10.531 10 0.395
11 0.198 0.102 14.345 11 0.214
12 0.208 0.101 18.616 12  0.098
13 0.095 0.100 19.519 13 0.108
14 -0.023 0.099 19.571 14 0.144
15 -0.053 0.099 19.856 15 0.178
16 -0.170 0.098 22.870 16 0.117

Appendix 4-C. Cross-correlation test

Lag Cross-correlation  Std. Error
-10 0.016 0.118
-9 -0.034 0.117
-8 -0.110 0.116
-7 -0.157 0.115
-6 -0.184 0.115
-5 -0.083 0.114
-4 -0.150 0.113
-3 -0.037 0.113
-2 -0.109 0.112
-1 0.192 0.111
0 0.558 0.110
1 0.357 0.111
2 -0.080 0.112
3 -0.182 0.113
4 -0.141 0.113
5 -0.121 0.114
6 -0.148 0.115
7 -0.227 0.115
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8 -0.099 0.116

9 0.053 0.117

10 0.017 0.118
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Chapter 5 Conclusion

This thesis has systematically addressed the challenge of limited data in
financial services, particularly for SMEs. The key findings from the three papers
provide a cohesive understanding of how innovative machine learning approaches
can revolutionize credit risk prediction and financial analytics in data-scarce
environments.

o Paper 1 demonstrated the effectiveness of leveraging adjacent enterprise data
using a RGAT. This approach significantly enhanced the accuracy of credit
risk assessments for SMEs by incorporating broader data sources, including
relational and transactional networks.

o Paper 2 expanded this understanding by exploring the spatial-temporal
dynamics of SME credit default risks through a GNN framework. This study
highlighted the importance of interconnected networks and their impact on
credit risk prediction, offering a more holistic view of financial analytics in
the SME sector.

o Paper 3 ventured into the realm of LLMs to process and analyze internet-
sourced text data, showcasing a novel method for extracting valuable
financial insights in scenarios where traditional data is limited. This approach
demonstrated the potential of LLMs in enriching financial data analysis,
especially in the context of emerging markets and niche financial products.
The collective contributions of this thesis to the field of financial services are

significant. By introducing and validating advanced machine learning techniques,
this research has challenged traditional notions of data utilization in financial
analytics. It has shown that limited data does not necessarily constrain the extraction
of meaningful insights, especially when innovative methodologies are applied. The
thesis has provided practical machine learning frameworks that can be adopted by
various stakeholders in the financial sector, facilitating more informed decision-
making and strategy development.

The findings from this thesis have practical implications for financial
institutions, SMEs, investors, and policymakers. For financial institutions, the
enhanced models of credit risk prediction can lead to more accurate lending

decisions and risk management. SMEs can benefit from more favourable lending
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terms and better access to finance, as their creditworthiness can be more accurately
assessed. For investors, these findings offer new tools for risk assessment and
investment decision-making. Policymakers can leverage these insights to design
more inclusive financial policies and support mechanisms for SMEs.

While this thesis has made significant strides, it also opens several avenues
for future research. Further exploration could focus on the application of these
machine learning techniques across different industries and geographies to validate
their effectiveness in diverse contexts. Investigating the integration of additional data
sources, such as social media and real-time market data, could further enhance the
models' predictive accuracy. Additionally, there is scope for developing more robust
and scalable machine learning algorithms that can handle increasingly complex
financial datasets.

In conclusion, this thesis represents a meaningful step forward in the
application of machine learning in financial services, particularly under the
constraints of limited data availability. The innovative approaches and findings of
this research not only contribute to academic knowledge but also provide actionable
solutions with real-world impact, paving the way for more resilient and adaptable

financial systems.
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