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Abstract— In the construction of interdependent networks, the functionality of a group in one layer typically relies on the 

support of a group in another layer. To investigate the stability of such networks, we propose a framework comprising a 

bilayer interdependent hypergraph system, where the two layers exhibit mutual dependencies. Our core hypothesis is that the 

removal of nodes in one layer not only leads to node failures but, more critically, triggers the failure of hyperedges, resulting 

in iterative cascading failures across layers. Using a bilayer system characterized by a Poisson hyperdegree distribution as 

an example, we have proven through rigorous analysis how parameter changes affect the robustness of the target network. 

Overall, our study highlights the critical role of hyperedge interdependence mechanisms and network topological structures 

in mitigating cascading failures in systems with higher-order interactions, providing valuable insights for the design and 

optimization of network systems. 

Keywords— Interdependent Networks, Hypergraph, Hyperedge Dependency, Cascading Failure. 

I. INTRODUCTION 

With the exploration of real-world systems, we find that a single network can no longer meet our real needs[1,2], Networks in 

the real world usually interact with other networks to varying degrees[3-5] and jointly function to serve the real world. These 

networks often take the form of multi-layer interdependent networks[6]. 

In such a network, the cascading failure process is more worthy of study. It usually manifests as the removal of a few nodes 

triggering iterations through intra-layer failures or inter-layer failures, ultimately bringing the network to a stable state. 

However, merely the interdependence relationship is far from sufficient. Networks in the real world usually exhibit complex 

relationships and dependencies, not just pairwise connections. To address this issue, we introduce hypergraphs to reflect 

high-order interactions and dependencies[7], providing a more comprehensive representation. For example, in social 

networks[8,9], we can consider the interaction patterns among multiple users, explore the high-order associations among 

multiple users. In biological networks[10], we can effectively identify the strong and weak relationships between nodes.  

Further study the robustness of the network. Percolation theory is a commonly used method to study network robustness[11], 

played a key role in the study of the collective behavior of systems. There are usually two types of percolation, one of which 

is bond percolation[12], one is point percolation[13]. So usually, the seepage situation is studied to observe the system behavior 

of the network. Zhou et al[14] analyzing the characteristics of interdependent networks, a related k-core percolation model is 

proposed. Given any degree distribution of edge-coupled interdependent networks, the relative sizes of the k-core and the 

corona cluster as well as the percolation threshold can be obtained through the derivation of self-consistent equations, and 

then the phase transition of k-core percolation can be analyzed. The proposed k-core percolation model and protection 

strategy not only help to understand the hierarchical structure of the network, but also provide some guidance for enhancing 

the resilience of the network against attacks. Secondly, the higher-order interactions in interdependent networks can usually 

be represented by hyperedges or simplicial complexes. For simplicial complexes, Peng et al[6,15] constructed a two-layer 
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partial dependence network theoretical model with a simplicial complex, in which failures between nodes occur through the 

synergistic effects of pairwise interactions and high-order interactions. In this model, removing a node will cause all other 

nodes in the same simplex to be removed, and due to the dependence between the two networks, node failures will spread 

through the dependence links between the two networks. This process will occur recursively, ultimately leading to a 

cascading process. Four types of artificial MIHN models were further constructed, where high-order interactions are still 

described by simplicial complexes, and inter-layer dependencies are established through one-to-one matching dependence 

links. The robustness of MIHN was studied by investigating the largest connected component and the percolation threshold. 

We found that the density of the simplicial complex and the number of network layers affect its percolation behavior. 

For hyperedges, Liu et al[16] proposed a percolation model that takes into account the dependence of hyperedges on their 

internal nodes, and the research reveals the different impacts of the hyperdegree distribution on the system robustness in 

single-layer and double-layer hypergraphs. In the real world, not only do nodes have interdependent relationships, but edges 

do as well. Qian et al[17] proposed an interdependent hypergraph model considering the inter-layer node dependency. The 

cascading failures in hypergraphs with different inter-layer dependencies were studied. The maximum attack intensity that 

the network can withstand was determined through theoretical analysis, as well as how its robustness changes under different 

attack intensities. The multi-layer hypergraph can represent the relationships between nodes more clearly. However, there is 

less research on identifying important nodes within this framework. Wang et al[18] proposed a method named HCT to fill this 

gap. The global centrality of nodes in the entire network can be calculated. Compared with other methods, the important 

nodes identified by HCT exhibit stronger propagation capabilities, and removing these nodes will seriously damage the 

connectivity and robustness of the network. To further reveal the profound impact of group support on the resilience of the 

system against cascading failures, Chen et al [19] designed a framework consisting of a two-layer interdependent hypergraph 

system, where the nodes in one layer can obtain support through the hyperedges in the other layer. The article derived the 

critical threshold of the initial node survival probability that marks the second-order phase transition point. 

There is also an understanding of network resilience. Network resilience measures the degree of performance degradation of 

a network after being perturbed and its recovery ability, and is closely related to the ability to resist cascading failures. Li et 

al[20] proposed three resilience enhancement strategies based on the node capacity redundancy at different structural scales, 

and developed a network resilience evaluation method that considers both the structure and node load. The performance of 

the enhancement strategies is closely related to the node capacity redundancy. Specifically, when enhancing nodes with 

larger capacity redundancy, the enhancement efficiency is higher. In addition, the heterogeneity of node load has a profound 

impact on the enhancement efficiency. Lv et al [21] proposed a resilience assessment model to predict the performance of 

interdependent networks against cascading failures. This model can accurately monitor the activities of each node during the 

cascading process. 

In the real world, systems often exist in the form of groups, so that the network not only needs to consider the intra-layer 

dependencies but also the inter-layer dependencies. Furthermore, it is necessary to consider whether this dependence is node 

dependence or hyperedge dependence. Therefore, we will combine these two aspects and use hypergraphs to study the 

robustness of two-layer partially interdependent networks. 

II. MODEL AND THEORY 

2.1 Model: 

We construct a bilayer hypergraph system with hyperedge interdependencies, denoted as layers 𝐴 and 𝐵. Layer 𝐴 consists 

of 𝑁𝐴 nodes and 𝑀𝐴 hyperedges, while layer 𝐵 comprises 𝑁𝐵 nodes and 𝑀𝐵 hyperedges. The hyperdegree of each node, 

denoted by 𝑘, represents the number of hyperedges to which the node belongs. The hyperdegree distributions of 

layers 𝐴 and 𝐵 follow 𝑃𝐴(𝑘) and 𝑃𝐵(𝑘), respectively. Similarly, the cardinality of a hyperedge, denoted by 𝑚, indicates the 

number of nodes contained in each hyperedge, with distributions following 𝑄𝐴(𝑚) and 𝑄𝐵(𝑚), respectively. Regarding 

interlayer dependencies, we define that hyperedges in layers 𝐴 and 𝐵 are interdependent with probability 𝜆. 

Due to the interdependence between network systems being maintained through hyperedges, the cascading failure process 

involves both node failures and hyperedge failures. First, we consider node failures. In layer 𝐴, nodes are initially present 
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with probability 𝑝 (equivalently, removed with probability 1 − 𝑝), where 𝑝 represents the initial node survival probability. 

For a node to remain functional, it must satisfy the following conditions: (1) the node must belong to the Giant Connected 

Component (GCC) of its layer to ensure intralayer connectivity; (2) all hyperedges to which the node belongs must remain 

functional. 

Second, we address hyperedge failures. Each hyperedge initially exists in a functional state. To remain functional after node 

failures, a hyperedge must satisfy the following conditions: (1) following node failures, the functional state of the hyperedge 

is reassessed; we define a tolerance coefficient 𝛼 ∈ [0,1] (typically taken as 𝛼 = 0.5 in this study), and a hyperedge fails if 

the proportion of its constituent nodes that are functional falls below 𝛼; (2) if a hyperedge's interdependent partner hyperedge 

in the opposite layer fails, the hyperedge itself fails. 

This cascading failure process, triggered by initial node removal, iterates between the two layers until no additional node or 

hyperedge failures occur. The final sizes of the Giant Connected Components in layers 𝐴 and 𝐵 are denoted as 𝐺𝐴 and 𝐺𝐵, 

respectively. 

The cascading failure process in the model is illustrated in Figure 1. (a) Initially, node 4 in layer 𝐴 is removed. (b) Nodes (1, 

2, 3) fail because they become disconnected from the GCC, and hyperedges 𝑒1
𝐴 and 𝑒2

𝐴 fail as their functional node 

proportions fall below 𝛼 = 0.5. (c) Due to the interdependence between layers 𝐴 and 𝐵, hyperedges 𝑒1
𝐵 and 𝑒2

𝐵 in 

layer 𝐵 fail, and hyperedge 𝑒3
𝐵 fails because its functional node proportion equals exactly 0.5. (d) Layer 𝐵 further affects 

layer 𝐴, causing hyperedge 𝑒3
𝐴 in layer 𝐴 to fail, at which point the system reaches a stable state. 

 

FIGURE 1: Schematic diagram of the cascading failure process in bilayer hypergraphs A  and B . The 

connections between the two layers represent the interdependence established between a hyperedge in one 

layer and its corresponding dependent hyperedge in the other layer. Blue nodes indicate functional nodes, 

black hyperedges represent functional hyperedges, red nodes denote failed nodes, and red hyperedges 

indicate hyperedges that have failed due to degraded functionality. 

2.2 Theory 

To characterize the structure of the two-layer network and the interdependence between them, we introduce generating 

functions to simplify the key information regarding the hyperdegree distribution and cardinality distribution in each layer[19]. 
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Since this study considers a bilayer network, the generating functions for the hyperdegree distributions of networks A  and 

B  are similar and are both functions of k : 
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The generating function for the cardinality distribution is defined as: 
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The generating function for the distribution of excess bases is defined as: 
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As shown in Figure 1, the cascading failure process unfolds in a discrete iterative manner, progressing from stage 1n   to 

n    in both layers of the network. 

We denote the probabilities of hyperedges functioning normally in layers A  and B  at the n  stage as 
A

nT
 and 

B

nT
, 

respectively. Correspondingly, the probability that a dependent hyperedge in layer 
( )A B

 lacks support from normally 

functioning hyperedges in layer 
( )B A

 at the n  stage is given by the following expression: 
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The proportion of nodes that maintain their functions in layer 
( )A B

 of the nth stage can be expressed as:  
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A

nT
 and 

B

nT
 can be expressed as: 
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    (7) 

Among them,
A

nf  and 
B

nf  represents the probability that a randomly selected hyper-edge through a random node can be 

connected to the giant connected components (GCC) of each layer. First, select a random hyperedge with cardinality m  

according to the distribution 
( )AQ m

 or 
( )BQ m

.Then, 

m

j

 
 
  represents the situation where there are 

j
 failed nodes among 

the m  nodes of the selected hyperedge.
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   represents the probability that 

at least one of the 
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 functional nodes on the remaining hyperedges can be connected to the Giant Connected 

Component (GCC) in a random hyperedge with a base of m .
 I 

 is an indicator function. When the condition in the 

parentheses holds, it takes the value of 1; otherwise, it takes the value of 0. It is used to determine whether the hyperedge 

state exceeds the tolerance coefficient  . Generally, the tolerance coefficient  is first taken as 0.5. 

A
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   (8)  

Therefore, the proportion of nodes 
A

nS
 and 

B

nS
in the Giant Connected Component (GCC) can be obtained from the 

following formula: 
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When the cascading failure process terminates, they converge to their steady state values respectively:

,, , , , , ,A B A B A BA Bp Sf fp T T S      . All the above formulas can form a self-consistent system of equations, written in the 

form of a generating function: 
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First, assume that both layers follow a Poisson cardinality distribution: / !m me m m    ，This simplifies the solution of 

the equation. Therefore, we have: 
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Furthermore, if the two hypergraph layers have identical cardinality and hyperdegree distributions, we can derive: 

0 0 0

0 0 0

( ) ( ) ( )

( ) ( ) ( )

A B

m m m

A B

k k k

G x G x G x

G x G x G x

  


            (16) 

If 
, A B

A Bq q q r r r   
，we can derive: 
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III. RESULTS AND DISCUSSION 

In Figure 2, we can observe that, under the condition of fixing the average hyperdegree, the average hyperedge cardinality, 

and the tolerance coefficient, as the proportion of node removal increases, the change of the giant connected component 

(GCC). For the overall trend, all curves gradually decrease as 1 r  increases and then tend to 0, which conforms to the 

general law when the network is under attack. The smaller the 
q

 is, the size of GCC can still maintain a relatively high 

proportion for a period of time; conversely, the larger the 
q

 is, the more sensitive the network is to node removal, and a 
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small-scale node damage will lead to network collapse. As 
q

 decreases, the network characteristics tend to transform into a 

more continuous phase transition. 

 

FIGURE 2: The trend graph of the GCC size changing with the node removal ratio. Different colors 

represent the change of the GCC size with the node removal ratio under different dependency ratios. 

From Figure 3, we can see that as the dependency ratio increases, the network is more likely to collapse. Moreover, the larger 

the average hyperdegree, or the average hyperedge cardinality, the stronger the network's invulnerability, and the less likely 

it is to collapse as increases. From the figure, we can further learn that, excluding the situations where the dependency ratio, 

average hyperdegree, and average hyperedge cardinality are relatively small, as the dependency ratio increases and the 

average hyperdegree, and average hyperedge cardinality become larger, the network characteristics tend to transform into a 

more continuous phase transition. 

 
FIGURE 3: It shows the variation of the GCC size with the increase of the removal proportion under 

different parameter settings, that is, under different average hyperdegree and different average hyperedge 

cardinalities. 
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The first sub-figure in Figure 4 illustrates the variation of the size of the Giant Connected Component (GCC) under different 

tolerance coefficients as the proportion of removed nodes increases. Under a low tolerance coefficient, when the initial 

failure proportion is relatively small, the size of the GCC has already started to decrease significantly; as gradually increases, 

the GCC approaches 0. When the tolerance coefficient is small, the network is extremely sensitive to the initial failure, and 

the critical value of the phase transition is low. As the tolerance coefficient becomes larger and larger, a larger initial failure 

proportion is required for the size of the GCC to decrease, which indicates that the network can withstand a high-proportion 

initial failure, and the critical value of the phase transition is high, that is, only a strong disturbance can trigger the collapse of 

the network. 

The second sub-figure shows the variation of the size of the GCC under the combined effect of the node retention proportion 

and the tolerance coefficient. It can be known from the color bar that the redder the color, the larger the size of the GCC. 

Fixing, it can be seen that a larger is better; fixing, it can be seen that a larger is better. Therefore, only when both and 

become larger and larger will the size of the GCC become larger and larger. The white lines in the figure represent contour 

lines, which means that for any combination of and on the line segment, the size of the GCC is constant. 

 

FIGURE 4: Respectively show the changes in the size of GCC under different tolerance coefficient 

conditions as the dependency proportion increases, and the changes in the size of GCC under the combined 

effect of the node retention proportion and the tolerance coefficient. 

From Figure 5, the presented results demonstrate the variations in the size of GCC under different dependency ratios and 

various parameter combinations. Firstly, a larger dependency ratio renders the network more prone to collapse. Secondly, 

with other parameters kept constant, increasing the tolerance coefficient emerges as the optimal approach to enhance the 

network's invulnerability. When other parameters are kept constant and only the average hyperdegree or the average 

hyperedge cardinality is changed, the phase transition of the network will change. The larger and are, the slower the GCC 

decreases with and the network can withstand a higher proportion of node removal. In addition, in the case of a relatively 

small dependency ratio, increasing the average hyperedge cardinality can enhance the invulnerability of the network more 

effectively than increasing the average hyperdegree. 
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FIGURE 5: Results of parameter combinations under different dependency ratio conditions. 

IV. CONCLUSION 

This study examines cascading failures and phase transitions in a bilayer hypergraph system with hyperedge 

interdependencies. Key findings include: cascading failures arise from coupled node and hyperedge failures, driven by 

hyperedges dependence on both constituent node functionality and interdependent hyperedges across layers, iterating until a 

steady state. The giant connected component (GCC) exhibits phase transitions with increasing initial node removal. Lower 

dependency ratios or larger delay critical transitions, and makes the phase transition exhibit more continuous characteristics. 

Higher or smaller heighten sensitivity to initial failures, lowering collapse thresholds. Node retention proportion and 

synergistically affect GCC size: larger values of both preserve GCC integrity, with contour lines indicating (,) combinations 

yielding equivalent GCC sizes. Larger average hyperdegree and cardinality enhance invulnerability, mitigating collapse 

under higher. With other parameters remaining unchanged, increasing the tolerance coefficient is the optimal way to improve 

the network's invulnerability, In the case of a relatively small dependency ratio, increasing the average hyperedge cardinality 

yields better results than increasing the average hyperdegree. These results highlight hyperedge interdependencies and 

topology in bilayer hypergraph resilience, aiding network optimization against cascading failures. 
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Abstract— Preventing and defusing local government debt risks is a core issue in current macroeconomic governance. 

Against the backdrop of policies that promote the separation of credit between urban investment platforms and local 

governments, market pricing remains constrained by expectations of implicit guarantees. Using urban investment bonds 

issued between 2014 and 2024 as the research sample, this paper constructs an issuer-bond and guarantor-bond bipartite 

network, introduces two dynamic indicators: issuer node degree and guarantor node degree, and employs a quasi-natural 

experiment based on a series of debt resolution policies to examine the interactive effects of policy regulation and network 

structure on issuance spreads. The empirical results show that policy effects exhibit significant heterogeneity; the pricing 

weight of network characteristics is reshaped with the policy environment, where issuer node degree transforms into a 

market-oriented signal, while guarantor node degree reverses into a hub for risk transmission. Urban investment bond 

pricing deviates systematically from traditional financial theories, with variables capturing government credit linkages 

acting as the core pricing determinants. The findings of this paper indicate that the risk pricing of urban investment bonds is 

undergoing a transition from relationship dependence to fundamental risk pricing, which provides empirical support for 

identifying implicit guarantees and preventing risk contagion within guarantee networks. 

Keywords— Urban Investment Bonds (UIBs); Issuance Spread; Implicit Guarantee; Network Analysis. 

I. INTRODUCTION 

1.1 Research Background and Significance: 

Against the backdrop of the fiscal revenue-expenditure gap caused by the 1994 tax-sharing reform, urban investment bonds 

emerged as a “quasi-municipal bond” with Chinese characteristics. By the end of 2024, the outstanding balance of implicit 

local government debt had reached 10.5 trillion yuan, and its risk transmission has become a core issue in the establishment 

of a joint prevention and control mechanism for fiscal and financial risks (Qiu et al., 2022). Since the issuance of Document 

No. 43 [2014] of the State Council, which established the debt governance framework, China has continuously promoted the 

resolution of implicit debt through Document No. 50, Document No. 35, and the “package debt resolution” policies. 

However, discrepancies still exist between the market pricing mechanism and policy orientation, highlighting the path-

dependent nature of implicit guarantee expectations (Cao, 2023). Notably, existing studies are mostly limited to the analysis 

of traditional financial indicators and fail to reveal how the structural position of issuers in the debt network affects risk 

pricing. Against the background that policies continue to weaken unified implicit guarantees, structural indicators such as 

network node degree may reshape the formation mechanism of credit spreads through dual channels of information 

transmission and risk exposure. By constructing two dynamic network indicators—issuer node degree and guarantor node 

degree—this paper systematically analyzes the interactive effects of policy regulation and network structure on the issuance 

spreads of urban investment bonds, aiming to provide theoretical references and practical evidence for improving the debt 

governance system and preventing systemic financial risks. 
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1.2 Literature Review: 

Domestic and foreign scholars have established a multi-level research system on the pricing mechanism of bonds backed by 

government credit. At the macroeconomic level, early studies constructed an analytical framework including variables such 

as money supply and GDP (Altman, 1990). Subsequent research verified the transmission effects of the economic cycle and 

risk-free interest rate on credit spreads (Collin-Dufresne et al., 2001). Chinese scholars have echoed this perspective, finding 

that financial environment optimization (Pan et al., 2015), fiscal sustainability (Yan & Ma, 2024) can reduce issuance costs,  

while risks of urban investment bonds may push up treasury bond premiums and exert systemic impacts (Niu et al., 2016). 

At the micro level, bond maturity (Fons, 1994), embedded options (Kalotay, 1997), and guarantee arrangements (Zhang & 

Jiao, 2017) serve as core pricing determinants. Institutional factors represent a key dimension highlighting Chinese 

characteristics. Foreign studies emphasize the roles of fiscal transparency and governance structure (Bo et al., 2023; Feld, 

2017). Domestic research has deeply revealed the dominant role of implicit government guarantees and their substitution 

effect with market-oriented guarantees (Ouyang & Wang, 2024; Chen et al., 2024), while also noting the upward pressure of 

administrative intervention on financing costs (Zheng et al., 2025). 

Regional economies and issuer characteristics form the micro-foundation of pricing. Pairing assistance (Liang et al., 2025) 

and equity connections (Tong et al., 2024) can improve financing conditions. In recent years, studies have begun to regard 

local government economic activities as a complex network system, confirming that risk contagion and information spillover 

embedded in network structure profoundly affect credit pricing (Mao et al., 2024; Wu et al., 2021). 

Nevertheless, existing literature still has obvious limitations. First, most studies treat guarantees as isolated dummy variables, 

ignoring the impact of the systematic network formed by issuer-guarantor relationships and its topological characteristics on 

risk pricing. Second, they fail to dynamically reveal the structural evolution of guarantee networks across different policy 

cycles and their moderating effects on bond pricing logic. Against this background, this paper adopts a network analysis 

perspective. By constructing two dynamic indicators—issuer node degree and guarantor node degree—we systematically 

examine the impact of network characteristics on the issuance spreads of urban investment bonds. This study aims to expand 

the analytical boundaries of bond pricing theory and provide implications for preventing systemic risks. 

II. CURRENT SITUATION AND THEORETICAL ANALYSIS 

2.1 Analysis of the Current Situation of Urban Investment Bonds: 

China’s urban investment bonds originated in Shanghai. On July 22, 1992, with the approval and authorization of the 

Shanghai Municipal Government to broaden financing channels for urban construction, Shanghai established a specialized 

investment and holding company dedicated to raising and managing funds for urban construction and maintenance: Shanghai 

Urban Construction Investment & Development Corporation. 

On April 15, 1993, the company issued its first urban construction bond worth 500 million yuan with a maturity of 2 years 

and a coupon rate of 10.5%. This became China’s first urban investment bond, opening a new chapter in the development of 

China’s bond market. 

2.1.1 Bond Maturity: 

As shown in Table 1, in terms of the evolution of the term structure, China’s urban investment bonds exhibit a dual trend of 

coexisting short-termization and medium- to long-termization, reflecting the complex interaction between market liquidity 

preferences and policy guidance. The term structure of urban investment bonds underwent a landmark shift in 2024, 

characterized by a move from the previous concentrated pattern dominated by 3-year bonds to a more extended distribution 

led by 5-year bonds. This change is not a simple maturity substitution: the share of 5-year bonds surged to 54.5%, while that 

of 3-year bonds dropped from a high of 71.6% in 2023 to 36.8%, indicating a profound adjustment in market logic. Against 

the policy backdrop of “controlling new debt and digesting existing debt”, this signals that urban investment platforms are 

proactively managing their debt maturity structure and pursuing long-term stability. It also reflects that investors, guided by 

policies, have granted longer risk exposure to platforms with relatively sound fundamentals. Although short-term bonds still 

account for about 10% to meet liquidity needs and ultra-long-term bonds remain stable, the noticeable upward shift in the 

maturity center is quietly reshaping the risk pricing and rollover model of the urban investment bond market. 
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TABLE 1 

BOND MATURITY OF URBAN INVESTMENT BONDS 

Maturity 2020 2021 2022 2023 2024 

<1 761 237 1036 146 833 

1 379 85 426 108 551 

3 1157 352 1222 1753 3083 

5 1891 1001 1176 1241 4561 

7 948 746 661 430 220 

>=10 138 122 49 51 211 

Data source: Wind Database, Resset Database. The same below. 

2.1.2 Analysis of the Guarantee Network Structure of Urban Investment Bonds: 

The visual map of the issuer-guarantor network intuitively presents the coexistence of high fragmentation and local 

centralization in China’s local debt guarantee system. As shown in Figure 1, the nationwide guarantee network of 

outstanding urban investment bonds at the end of 2024 contains 1,750 nodes with a modularity coefficient as high as 0.882, 

forming 301 independent communities. This indicates that the so-called national guarantee network is actually a complex 

composed of hundreds of locally connected, highly isolated local credit clusters. 

Network parameters further confirm this feature: the average degree is only 0.994 and the graph density is merely 0.001. 

Guarantee relationships mostly present a star structure radiating from a single core node, with credit resources highly 

concentrated in provincial guarantee groups or key municipal platforms. For instance, Jiangsu Credit Re-guarantee Group, 

Chongqing Three Gorges Financing Guarantee, and Tianfu Credit Enhancement are all core nodes of local clusters. 

This structure reveals that, at the macro level, credit resources are fragmented due to administrative and regional barriers, 

lacking a cross-regional risk-sharing mechanism. At the micro level, each sub-network relies on a small number of core 

nodes for internal control and coordination. Even under policy interventions such as the “package debt resolution” plan, the 

basic logic of the guarantee network has not been fundamentally restructured, and the boundaries of local implicit guarantees 

remain clear. The stability of the entire system highly depends on the individual robustness of local core nodes, and its 

systemic resilience deserves continuous attention. 

 

FIGURE 1: Guarantee Network of Outstanding Urban Investment Bonds in China by the End of 2024 
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2.2 Theoretical Analysis and Research Hypotheses: 

2.2.1 Analysis of Implicit Guarantees: 

Most financing platforms are established with authorization from local governments, and their debt obligations often carry 

implicit government credit backing. The market generally expects the public sector to intervene and provide bailouts in the 

event of default, which significantly depresses the risk pricing of urban investment bonds (Wang et al., 2016), but also 

distorts risk signals and misallocates financial resources (Luo & Liu, 2016). 

To alleviate such distortions, China has successively introduced a series of debt resolution policies. Document No. 43 [2014] 

of the State Council first clarified the principle of no central government bailout. Document No. 88 [2016] of the General 

Office of the State Council proposed classified regulation but lacked detailed implementation rules. Document No. 50 [2017] 

of the Ministry of Finance promoted the construction of an explicit guarantee system through negative lists and market-

oriented guarantee mechanisms. Document No. 35 and No. 47 issued in 2023 focused on targeted debt resolution and 

structural deleveraging, providing directional support to key provinces while strictly controlling new projects. 

From the perspective of the guarantee analytical framework, the evolution of implicit guarantees exhibits phased 

characteristics. The debt restructuring clause in Document No. 43 was interpreted by the market as a continuation of implicit 

guarantees (Chen et al., 2020). Document No. 50 drove the shift of pricing fundamentals toward explicit guarantees (Ouyang 

& Wang, 2024). The targeted support in Document No. 35 still implies a logic of “selective support”. This policy evolution 

directly affects the formation of urban investment bond spreads and reshapes market linkages by altering entity behaviors, 

providing a theoretical foundation for understanding the dynamic changes in network characteristics. 

𝐻1: Although debt resolution policies such as Document 43, Document 50, and Document 35 aim to promote market-

oriented clearing, varying degrees of implicit government guarantee still exist in their design. 

2.2.2 Network Analysis: 

Constructing a spatially correlated network of local government debt risks enables the accurate identification of key nodes 

and transmission channels of risk contagion from a structural perspective, revealing the dual characteristics of robustness and 

vulnerability coexisting in the system (Li, 2022). As a core tool for analyzing systemic correlation structures, complex 

network theory has formed a mature paradigm in research on the cross-entity and cross-market contagion mechanisms of 

financial risks. Numerous studies have confirmed that network topological features such as degree distribution and clustering 

coefficient are critical indicators for measuring risk accumulation and outbreak probability (Li et al., 2019; He et al., 2020). 

Therefore, examining local government debt risks within an integrated network framework is consistent with the 

evolutionary nature of debt risks and has solid methodological feasibility. 

Against this background, this paper constructs two network indicators—issuer node degree and guarantor node degree—to 

capture how the central position of an issuer in the network structure affects its financing costs. Theoretically, this study 

introduces complex network analysis into the bond pricing framework, breaking through the limitations of traditional 

research that only focuses on individual characteristics, and reveals the important role of network externalities in risk pricing. 

Practically, accurately identifying network centrality features helps to warn against implicit risk contagion caused by joint 

guarantees, providing a decision-making basis for regulators to identify key nodes and establish a risk early warning system. 

On this basis, this paper proposes the following hypotheses: 

𝐻2:The impact of network node degree on the issuance spread of urban investment bonds varies dynamically with the 

strength of implicit guarantees. Specifically, stronger implicit guarantees strengthen the negative effect of node degree on 

yield spreads, while weaker implicit guarantees amplify the positive effect of node degree on yield spreads. Moreover, 

explicit guarantees and implicit guarantees exhibit a substitution effect in this moderating mechanism. 

III. RESEARCH DESIGN 

3.1 Sample and Data Sources: 

This paper collects issuance data of China’s urban investment bonds, relevant enterprise data, and provincial local fiscal 

variables. The data are mainly obtained from the Wind Database, supplemented by the Resset Database. Short-term bonds 

with a maturity of less than 1 year and long-term bonds with a maturity of more than 10 years are excluded, and continuous 

variables are winsorized at the 1st and 99th percentiles. The final sample consists of 34,541 bonds issued from March 1, 2014 
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to March 31, 2024. Macroeconomic data are derived from the China Statistical Yearbook, the China Local Government Bond 

Information Disclosure Platform, and the China Money Network. The econometric software used is Stata 18.0. 

3.2 Descriptive Statistical Analysis: 

Based on the descriptive statistical results, the mean value of the explanatory variable issuance spread is 1.98 with a standard 

deviation of 1.11, indicating that the financing costs of urban investment bonds are somewhat differentiated but overall 

volatility is controllable. 

In terms of network characteristics, the mean values of issuer node degree and guarantor node degree are 15.73 and 12.58 

respectively, with maximum values reaching 322 and 473, and significantly high standard deviations. This reflects 

substantial differences in centrality among entities in the urban investment bond guarantee network, with a small number of 

core entities having far larger connection scales than ordinary entities. 

In terms of bond micro characteristics, the mean values of total issuance amount and maturity are 8.35 billion yuan and 4.30 

years, consistent with the mainstream issuance characteristics of urban investment bonds. The mean value of explicit 

guarantee is only 0.20, indicating that most urban investment bonds rely on implicit credit backing. In terms of macro and 

entity characteristics, the mean value of provincial fiscal self-sufficiency rate is 0.57, reflecting that most provinces rely on 

transfer payments for fiscal expenditure. The mean value of enterprise type is 0.99, confirming that nearly all urban 

investment issuers in the sample are state-owned enterprises. The mean registered capital is 8.002 billion yuan with large 

disparities, and the mean return on net assets is 1.02 with a negative minimum value, reflecting the large divergence in 

capital scale and weak overall profitability of urban investment platforms. 

In addition, the mean values of SHIBOR and FR007 are stable with small volatility, indicating a relatively stable market 

liquidity environment during the sample period. Overall, the sample covers urban investment entities with different network 

positions and qualifications as well as diverse characteristics. The data distribution is consistent with the reality of the urban 

investment bond market, which can provide a reliable foundation for subsequent empirical analysis. 

TABLE 2 

DESCRIPTIVE STATISTICAL ANALYSIS 

  Observations Mean Std Min Max 

Issuance Spread 34541 1.98 1.11 0.32 5.1 

Explicit Guarantee 34541 0.2 0.39 0 1 

Issuer Node Degree 34541 15.73 20.84 0 322 

Guarantor Node Degree 34541 12.58 48.67 0 473 

Total Issuance Amount 34541 8.35 5.54 1 30 

Maturity 34541 4.3 2.02 1 10 

Fiscal Self-sufficiency Rate 34526 0.57 0.15 0.26 0.87 

GDP 34532 38199.48 29510.36 2910.1 137008 

PPI 34532 100.55 4.59 90.8 115.4 

Fixed Asset Investment 33910 7.4 9.84 -27.4 43.9 

Inflation Rate 34532 100.04 0.51 98.8 101.3 

Growth Rate of Industrial Added Value 34532 6.78 4.86 -12.3 21.5 

Money Supply 34541 10.24 1.64 8 13.7 

Enterprise Type 34541 0.99 0.09 0 1 

Registered Capital 34541 80.02 154.16 1 922.04 

ROE 34541 1.02 3.07 -20.48 10.43 

Net Asset Liability Ratio 34541 2.25 1.83 0.05 13.45 

SHIBOR 34541 2.67 0.79 0.05 13.45 

FR007 34541 2.34 0.5 1.4 4 
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3.3 Empirical Model Specification: 

To examine the respective impacts of policy shocks and network characteristics on the issuance spread of urban investment 

bonds, this paper establishes the following three sets of empirical models. 

3.3.1 Heterogeneity of Implicit Guarantees Implied by Policies: 

To examine the changing role of explicit guarantees in the issuance pricing of urban investment bonds against the backdrop 

of evolving implicit guarantees, and to answer whether market-oriented credit enhancement mechanisms can better perform 

risk-sharing and reduce financing costs when government bailout expectations weaken, this paper first analyzes the dynamic 

changes in implicit guarantees. Various documents issued during the local government debt management reform provide a 

convenient setting for this study. We select Document 43, Document 88, Document 50, the outbreak of the COVID-19 

pandemic, and Document 35 as time nodes, and use bonds issued six months before and after each event to conduct five sets 

of difference-in-differences regressions. The specific empirical model is as follows: 

𝑆𝑝𝑟𝑒𝑎𝑑𝑖,𝑝,𝑡 = 𝛼0 + 𝛼1𝑇𝑟𝑒𝑎𝑡𝑒𝑑𝑖 + 𝛼2(𝑇𝑟𝑒𝑎𝑡𝑒𝑑𝑖 × 𝑃𝑜𝑠𝑡𝑡) + ∑ 𝜃𝑥𝐶𝑜𝑛𝑡𝑟𝑜𝑙𝑖,𝑡
𝑥
1 + ∑ 𝜇𝑥𝐶𝑜𝑛𝑡𝑟𝑜𝑙𝑖,𝑝,𝑡

𝑥
1

+𝑇𝑖𝑚𝑒 + 𝑃𝑟𝑜𝑣𝑖𝑛𝑐𝑒 + 𝐼𝑛𝑑𝑢𝑠𝑡𝑟𝑦 + 𝐼𝑠𝑠𝑢𝑒𝑟𝑅𝑎𝑡𝑖𝑛𝑔 + 𝜀𝑖,𝑡

(1) 

where i denotes the individual bond, and p denotes the province (autonomous region / municipality).The dependent variable 

𝑆𝑝𝑟𝑒𝑎𝑑𝑖,𝑝,𝑡 is the difference between the coupon rate of bond i issued at time t and the yield of treasury bonds with the same 

maturity in the same period.The independent variable Treatedi is a dummy variable indicating whether the bond is an urban 

investment bond. To mitigate the endogeneity problem caused by omitted variables as much as possible, this paper includes a 

series of control variables 𝐶𝑜𝑛𝑡𝑟𝑜𝑙𝑖,𝑝,𝑡 and 𝐶𝑜𝑛𝑡𝑟𝑜𝑙𝑖,𝑡, including bond-level and province-level control variables.The 

regression controls for monthly time fixed effects (Time), province fixed effects (Province), industry fixed effects (Industry), 

and issuer rating fixed effects (IssuerRating). 

This paper expects that the strength of implicit guarantees for urban investment bonds will change with the issuance of 

relevant policies. Before the promulgation of policy documents, the market has high expectations of implicit guarantees for 

urban investment bonds, so their issuance spreads are significantly lower than those of the control group, corresponding to 

the coefficient 𝛼1<0.As the implementation effects of different policies vary, if the degree of implicit guarantees weakens 

after the policy shock, the coefficient 𝛼2 will be positive (𝛼2>0).Conversely, if the policy shock increases the degree of 

implicit guarantees, the coefficient 𝛼2 will be negative (𝛼2<0). 

3.3.2 The Substitution Relationship Between Explicit Guarantees and Implicit Guarantees: 

From a theoretical perspective, the substitution relationship between explicit guarantees and implicit guarantees can be 

derived: when implicit guarantees exist, the importance and actual value of explicit guarantees are weakened, leading to 

differences in the impact of explicit guarantees on the issuance pricing of urban investment bonds and non-urban investment 

bonds. After understanding the changing trend of the degree of implicit guarantees, this paper constructs the following model 

to examine the changing role of explicit guarantees in the pricing of urban investment bonds: 

𝑆𝑝𝑟𝑒𝑎𝑑𝑖,𝑝,𝑡 = 𝛽0 + 𝛽1(𝐶𝐸𝑖 × 𝑃𝑜𝑠𝑡𝑡) + 𝛽2(𝑇𝑟𝑒𝑎𝑡𝑒𝑑𝑖 × 𝑃𝑜𝑠𝑡𝑡) + 𝛽3𝐶𝐸𝑖  + 𝛽4𝑇𝑟𝑒𝑎𝑡𝑒𝑑𝑖 + ∑ 𝜃𝑥𝐶𝑜𝑛𝑡𝑟𝑜𝑙𝑖,𝑡
𝑥
1

+ ∑ 𝜇𝑥𝐶𝑜𝑛𝑡𝑟𝑜𝑙𝑖,𝑝,𝑡
𝑥
1 + 𝑇𝑖𝑚𝑒 + 𝑃𝑟𝑜𝑣𝑖𝑛𝑐𝑒 + 𝐼𝑛𝑑𝑢𝑠𝑡𝑟𝑦 + 𝐼𝑠𝑠𝑢𝑒𝑟𝑅𝑎𝑡𝑖𝑛𝑔 + 𝜀𝑖,𝑡

(2) 

The core explanatory variable 𝐶𝐸𝑖 is a dummy variable for explicit guarantee, which takes the value of 1 if the bond is 

guaranteed, and 0 otherwise. 𝛽1captures the impact of policy shocks on the effect of explicit guarantees. 𝛽2reflects the 

change in credit spreads of urban investment bonds, i.e., the impact of policy shocks on implicit guarantee expectations. 

Theoretically, as implicit guarantees are weakened by policies, explicit guarantees can better play a role in sharing bond risks 

and reducing financing costs. We therefore expect opposite signs for 𝛽1and 𝛽2: when implicit guarantee expectations are 

weakened, 𝛽1<0 and 𝛽2>0. 

3.3.3 The Impact of Network Structure Information on Issuance Spread under the Effect of Implicit Guarantees: 

To examine the basic effect of network characteristics on urban investment bonds and the moderating effect of policy periods 

on such impact, this paper constructs the following model: 
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𝑆𝑝𝑟𝑒𝑎𝑑𝑖,𝑝,𝑡 = 𝛾0 + 𝛾1(𝑇𝑟𝑒𝑎𝑡𝑒𝑑𝑖 × IDeegree) + 𝛾2(𝑇𝑟𝑒𝑎𝑡𝑒𝑑𝑖 × GDeegree) + 𝛾3IDeegree

+𝛾4GDeegree + 𝛾5𝑇𝑟𝑒𝑎𝑡𝑒𝑑𝑖 + ∑ 𝜃𝑥𝐶𝑜𝑛𝑡𝑟𝑜𝑙𝑖,𝑡
𝑥
1 + ∑ 𝜇𝑥𝐶𝑜𝑛𝑡𝑟𝑜𝑙𝑖,𝑝,𝑡

𝑥
1

+𝑇𝑖𝑚𝑒 + 𝑃𝑟𝑜𝑣𝑖𝑛𝑐𝑒 + 𝐼𝑛𝑑𝑢𝑠𝑡𝑟𝑦 + 𝐼𝑠𝑠𝑢𝑒𝑟𝑅𝑎𝑡𝑖𝑛𝑔 + 𝜀𝑖,𝑡  

(3) 

where coefficients 𝛾1and 𝛾2 are the coefficients of the core explanatory variables, identifying the pricing effects of issuer 

node degree and guarantor node degree on urban investment bonds; 𝛾3and 𝛾4represent the coefficients of issuer node degree 

and guarantor node degree on issuance spread across all bonds. 

IV. REGRESSION RESULTS AND ANALYSIS 

4.1 Analysis of the Heterogeneity of Implicit Guarantees Implied by Policies: 

According to the regression results in Table 3, this paper analyzes the dynamic changes in implicit guarantees from the 

perspective of policy and pandemic shocks. Column (1) shows that the coefficient of urban investment bonds is significantly 

negative, which confirms the market expectation of government bailouts. The interaction terms in Columns (2) to (6) indicate 

that: After the issuance of Document 43, the issuance spread narrowed further, as the market interpreted “debt replacement” 

as a strengthening of implicit guarantees. Coupled with weaker-than-expected implementation and local economic stimulus, 

guarantee expectations were elevated. Although Document 88 attempted to regulate the debt boundary, its effect was limited. 

Implicit guarantees weakened significantly after the implementation of Document 50, which promoted the development of 

explicit guarantees by refining regulations, prohibiting commitment letters, and encouraging market-oriented guarantees. 

Expectations rebounded significantly after the pandemic shock, due to increased local financing dependence and slower 

policy implementation amid economic uncertainty. Document 35 reduced the issuance spread, as the market interpreted 

targeted restructuring and strict project controls as a demonstration of systemic risk management capacity, which in turn 

strengthened policy bailout expectations. 

TABLE 3 

HETEROGENEITY OF IMPLICIT GUARANTEES IMPLIED BY POLICIES 

 (1) (2) (3) (4) (5) (6) 

  All Period Doc 43 Doc 88 Doc 50 
the COVID-

19 
Doc 35 

Treated_Post 
—— -0.420*** 0.00307 0.180*** -0.237*** -0.392*** 

  (-4.90) -0.04 -2.67 (-3.99) (-13.90) 

Treated 
-0.200*** -0.055 -0.403*** -0.387*** -0.0875 0.0306 

(-17.25) (-1.07) (-5.17) (-6.68) (-1.63) -1.05 

Amount 
-0.0218*** -0.0327*** -0.0107*** -0.0160*** -0.0182*** -0.0141*** 

(-28.83) (-10.52) (-3.09) (-6.01) (-6.58) (-9.49) 

Maturity 
0.0142* 0.0153 0.039 0.153*** 0.101*** 0.0484*** 

-1.76 -0.41 -1.04 -5.23 -3.14 -2.58 

RED 
0.0844*** 0.669*** 0.403*** 0.368*** 0.329*** 0.0602** 

-5.29 -5.14 -7.19 -8.97 -4.86 -2.41 

PO 
0.0662*** 0.204* 0.343*** 0.193*** 0.103*** -0.0851*** 

-6.9 -1.67 -8.57 -6.48 -3.36 (-4.19) 

Fiscal Self-sufficiency Rate 
0.847*** 1.869 -0.0572 -6.224*** -0.985 3.203*** 

-6.07 -1.35 (-0.05) (-3.62) (-1.14) -3.58 

Ln(GDP) 
-0.0892*** 0.544** -0.274 0.31 -0.26 0.633** 

(-5.86) -2.46 (-0.65) -1.34 (-0.99) -2.18 

PPI 
0.00923*** 0.000698 -0.0182 0.0118 -0.00545 -0.0265** 

-4.67 -0.03 (-1.41) -0.85 (-0.29) (-2.10) 

Fixed Asset Investment 
-0.00487*** 0.00114 0.000697 0.00347 -0.0047 -0.00532** 

(-7.43) -0.12 -0.1 -0.6 (-1.47) (-2.07) 
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Inflation Rate 
0.00694 0.0749 -0.0247 0.151** 0.143** -0.0625 

-0.43 -1.06 (-0.25) -2.3 -2.5 (-1.04) 

Growth Rate of Industrial Added 

Value 

0.00171* -0.00531 0.014 0.0113 0.00965** -0.00493*** 

-1.69 (-0.40) -1.19 -1.45 -2.15 (-2.61) 

Money Supply 
0.126*** 0 0 0.453** 0 0 

-14.17 0 0 -2.53 0 0 

Enterprise Type 
-0.157** 0 -0.651** 0.82 -1.493*** -0.314*** 

(-2.19) 0 (-2.35) -1.6 (-5.23) (-3.53) 

Registered Capital 
-0.000357*** 0.000112 -0.000319** -0.000369*** -0.000385*** -0.000436*** 

(-13.25) -0.67 (-2.33) (-3.05) (-4.71) (-8.85) 

ROE 
-0.0215*** -0.00693 -0.00555 -0.0150** -0.0225*** -0.0225*** 

(-15.14) (-1.03) (-0.61) (-2.20) (-3.38) (-10.33) 

Net Asset Liability Ratio 
-0.0278*** -0.00338 -0.0200* -0.0299*** -0.0380*** -0.0280*** 

(-11.75) (-0.27) (-1.73) (-2.82) (-3.61) (-7.64) 

Shibor 
-0.00662 -0.0105 1.003** 0.900*** 0.037 -0.15 

(-0.25) (-0.06) -2.21 -4.58 -0.29 (-0.61) 

FR007 
0.127*** 0.0667* 0.0463 0.0785* 0.112 0.0991*** 

-8.12 -1.67 -0.7 -1.66 -1.62 -3.74 

Constant 
-0.275 -10.53 6.502 -22.67*** -6.983 2.778 

(-0.16) (-1.27) -0.67 (-2.98) (-1.05) -0.43 

Time YES YES YES YES YES YES 

Province YES YES YES YES YES YES 

Industry YES YES YES YES YES YES 

IssuerRating YES YES YES YES YES YES 

N 31312 973 1091 1407 3149 8061 

R2 0.61 0.657 0.579 0.505 0.601 0.579 

Notes: ∗, ∗∗, and ∗∗∗ denote statistical significance at the 10%, 5%, and 1% levels, respectively. Robust standard errors 

are reported in parentheses. Columns (2) to (6) correspond to newly issued bonds before and after the policy shocks. The 

time window restriction results in a decrease in sample size, the same for the following tables. 

4.2 The Substitution Relationship between Explicit Guarantees and Implicit Guarantees: 

According to Table 4, the phased regression reveals the dynamic interaction between explicit guarantees and implicit 

guarantees under different policy shocks. In the full-sample regression, the main effect of implicit guarantees is significantly 

negative, while that of explicit guarantees is significantly positive, confirming the dominant role of implicit guarantees and 

their substitution relationship with explicit guarantees in the long-run equilibrium. However, this framework undergoes 

structural changes under policy shocks. 

Specifically: During the period of Document 43, the interaction term of implicit guarantees is significantly negative, while 

that of explicit guarantees is positive but insignificant, indicating that market expectations of implicit guarantees 

strengthened instead, and explicit guarantees did not play an incremental role. During the period of Document 88, the 

interaction terms of both types of guarantees are insignificant, as the market adopted a wait-and-see attitude toward the 

policy. During the period of Document 50, the interaction term of implicit guarantees is significantly positive (expectations 

weakened), while that of explicit guarantees is negative, suggesting that explicit guarantees began to show a potential 

substitution effect after the weakening of implicit guarantees, although a market consensus had not yet been formed. During 

the COVID-19 pandemic and the period of Document 35, the interaction terms of both guarantees are significantly negative, 

indicating that in the face of systemic risks or overall debt restructuring policies, investors no longer distinguish between the 

two, but regard them as superimposed risk mitigation tools, resulting in a synergistic enhancement effect. 
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TABLE 4 

THE SUBSTITUTION RELATIONSHIP BETWEEN EXPLICIT GUARANTEES AND IMPLICIT GUARANTEES 

 (1) (2) (3) (4) (5) (6) 

  All Period Doc 43 Doc 88 Doc 50 the COVID-19 Doc 35 

Treated_Post 
—— -0.416*** -0.0171 0.129* -0.209*** -0.310*** 

  (-4.74) (-0.21) -1.92 (-3.51) (-10.98) 

CE_Post 
—— 0.0369 0.09 -0.0415 -0.125 -0.436*** 

  -0.27 -1.09 (-0.61) (-1.59) (-10.07) 

Treated 
-0.204*** -0.0311 -0.368*** -0.354*** -0.118** -0.00992 

(-17.66) (-0.61) (-4.69) (-6.25) (-2.19) (-0.34) 

CE 
0.0689*** -0.307*** -0.465*** -0.430*** 0.249*** 0.264*** 

-4.96 (-5.61) (-6.97) (-7.23) -3.86 -7.16 

Control YES YES YES YES YES YES 

N 31312 973 1091 1407 3149 8061 

R2 0.611 0.671 0.607 0.557 0.604 0.586 

 

4.3 The Impact of Network Structure Information on Issuance Spread under Implicit Guarantees: 

Table 5 presents the dynamic impacts of issuer node degree and guarantor node degree on bond issuance spreads under 

implicit guarantees. The full-sample results show that the effects of node degree differ significantly between urban 

investment bonds and non-urban investment bonds: for non-urban investment bonds, the effect of guarantor node degree is 

insignificant, whereas for urban investment bonds, it significantly reduces spreads, reflecting the credit endorsement effect 

under implicit guarantees. 

In terms of sub-periods: During the Document 43 period, the market interpreted debt replacement as a strengthening of 

implicit guarantees. The spread-increasing effect of issuer node degree in non-urban investment bonds was offset in urban 

investment bonds, and the spread-suppressing effect of guarantor node degree was weakened. During the Document 88 

period, although the policy attempted to clarify the debt boundary, implicit guarantees still persisted, and the market-based 

credit role of guarantor node degree began to emerge. During the Document 50 period, the prohibition of implicit guarantees 

promoted market-oriented transformation. The effect of node degree returned to market logic, the difference in the impact of 

issuer node degree narrowed, and the suppressing effect of guarantor node degree became more significant for urban 

investment bonds. During the pandemic shock period, expectations of implicit guarantees rebounded. The coefficients of 

both issuer node degree and guarantor node degree tended to be negative, but the latter was insignificant, confirming that 

stronger implicit guarantees suppress the signal role of node degree. During the Document 35 period, which focused on debt 

resolution, expectations of implicit guarantees rebounded slightly, and the effect of node degree became divergent again. 

Overall, the impact of node degree is highly linked to the strength of implicit guarantees: the stronger the implicit guarantee, 

the more the market-based credit signal of node degree is suppressed; the weaker the implicit guarantee, the more significant 

its pricing effect. This confirms the transition of credit pricing for urban investment bonds from “implicit guarantee 

dependence” to “market-oriented credit dominance”. 
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TABLE 5 

THE IMPACT OF NETWORK STRUCTURE INFORMATION ON ISSUANCE SPREAD UNDER IMPLICIT 

GUARANTEES 

  All Period Doc 43 Doc 88 Doc 50 the COVID-19 Doc 35 

I_Degree 

0.00105*** 0.0196** 0.00889* 0.00355 0.00540*** -0.00114** 

-4.26 -2.47 -1.65 -0.84 -3.22 (-2.55) 

Treated_I_Degree 

0.00107*** -0.00471 -0.000806 -0.0002 -0.00562*** 0.00195*** 

-3.29 (-0.43) (-0.12) (-0.04) (-2.76) -3.17 

G_Degree 

0.000163 -0.00540*** -0.0221*** -0.0241** -0.000232 0.00121*** 

-0.6 (-4.57) (-3.49) (-2.21) (-0.28) -2.63 

Treated_G_Degree 

-0.00111*** 0.00126 0.0150** 0.0184* -0.000429 -0.00181*** 

(-3.92) -1.01 -2.34 -1.69 (-0.45) (-3.74) 

Treated 

-0.219*** -0.11 -0.384*** -0.275*** -0.169*** -0.154*** 

(-16.25) (-1.43) (-4.36) (-4.27) (-3.39) (-5.43) 

Control YES YES YES YES YES YES 

N 31312 973 1091 1407 3149 8061 

R2 0.612 0.663 0.601 0.553 0.6 0.572 

 

V. ROBUSTNESS CHECKS 

5.1 The Substitution Relationship between Network Structure, Explicit Guarantees and Implicit Guarantees 

Acknowledgement: 

Table 6 examines the substitution relationship between explicit guarantees and implicit guarantees under network structure. 

In the left column without explicit guarantees, the coefficient of Treated is significantly negative, confirming that implicit 

guarantees reduce the issuance spreads of urban investment bonds. The main effect of issuer node degree is significantly 

positive, and the interaction term with urban investment bonds is also significantly positive, indicating that its risk signal is 

still partially transmitted. The main effect of guarantor node degree is insignificant, whereas its interaction term with urban 

investment bonds is significantly negative, reflecting the strengthened credit endorsement of the guarantor’s network status 

under implicit guarantees. In the right column with explicit guarantees included, the coefficient of CE is significantly 

positive, reflecting that explicit guarantees are associated with higher spreads among non-urban investment bonds. The 

interaction term of issuer node degree becomes significantly negative, while the interaction term of guarantor node degree 

becomes insignificant. This suggests that implicit guarantees mask the risk signals of both explicit guarantees and node 

degree, and their network value is dominated by the combined effect. 

Overall, in the presence of implicit guarantees, the effect of explicit guarantees is weakened, and the credit signal of node 

degree is also diminished. This is consistent with the theoretical expectation that the stronger the implicit guarantee, the more 

limited the independent role of explicit guarantees. 
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TABLE 6 

THE SUBSTITUTION RELATIONSHIP BETWEEN NETWORK STRUCTURE, EXPLICIT GUARANTEES AND 

IMPLICIT GUARANTEES 

  Spread   Spread 

Treated 
-0.219*** 

CE 
0.159*** 

(-15.78) -9.53 

I_Degree 
0.00169*** 

I_Degree 
0.00169*** 

-6.01 -6.01 

G_Degree 
-0.0158 

G_Degree 
-0.0158 

(-1.34) (-1.34) 

Treated _G_Degree 
-0.00141*** 

Treated _G_Degree 
0.0159 

(-3.76) -1.34 

Treated _I_Degree 
0.000717** 

Treated _I_Degree 
-0.00150*** 

-2.05 (-3.07) 

Constant 
-0.632 

Constant 
-0.632 

(-0.36) (-0.36) 

Control YES Control YES 

N 31312 N 31312 

R2 0.614 R2 0.614 

 

5.2 Parallel Trends Test: 

The results of the parallel trends test show that before the policy shocks of Document 43, Document 50, the pandemic, and 

Document 35, the coefficients of the interaction terms between the treatment variable and the monthly dummy variables are 

all insignificant. The treatment group and the control group exhibit no systematic difference in the credit spreads of urban 

investment bonds, which satisfies the parallel trends assumption. 

 

 

 

 
FIGURE 2 (1) Parallel Trends Test for Document 43 FIGURE 2 (2) Parallel Trends Test for Document 50 
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FIGURE 2 (3) Parallel Trends Test for the COVID-19 FIGURE 2 (4) Parallel Trends Test for Document 35 
 

5.3 PSM-DID Test: 

To mitigate the endogeneity problem caused by sample self-selection, this paper further employs the PSM-DID method for 

re-estimation. We take the total issuance amount, maturity, puttable provision, and callable provision of bonds as covariates. 

The propensity score is estimated using a Logit model, and 1:1 and 1:3 nearest-neighbor matching with replacement is 

implemented. Benchmark regression analysis is then conducted using the matched sample. The results show that the sign and 

significance level of the coefficients of the core explanatory variables are generally consistent with those of the benchmark 

regression, indicating that the estimated policy effects are not significantly affected by sample selection bias. The findings 

support the original conclusions. 

VI. CONCLUSIONS  

This paper constructs a dynamic network indicator system to systematically examine the interactive effects of policies 

(Document 43, Document 50, pandemic shock, and Document 35) and network structure on the issuance spreads of urban 

investment bonds. The conclusions are as follows: 

First, the policy effects exhibit significant heterogeneity, depending on the market’s interpretation of policy connotations. 

Debt replacement under Document 43 was regarded as credit endorsement, thus reducing spreads; Document 50 effectively 

transmitted the signal of breaking rigid repayment; and targeted support under Document 35 strengthened expectations of 

government bailouts. Second, the pricing weight of network characteristics is structurally reshaped with the policy 

environment: issuer node degree shifts from a policy transmission channel to a market-oriented signal, while guarantor node 

degree reverses from credit enhancement to a risk transmission hub, confirming the transition of the pricing benchmark from 

relationship dependence to risk-based pricing. Third, the pricing of urban investment bonds systematically deviates from 

traditional financial theories. Variables related to government credit, such as enterprise ownership and issuer rating, become 

central to pricing, highlighting the dominant role of “government credit discount”. 

Accordingly, we propose the following recommendations: improve the policy transmission mechanism and stabilize market 

expectations through regular communication; establish a network risk monitoring system, incorporate node degree into the 

regulatory framework, and promote the diversification of the guarantee system; deepen the reform of information disclosure 

and credit rating, strengthen the evaluation of individual solvency, and provide institutional support for market-oriented 

pricing. This study provides a new perspective for understanding the pricing mechanism of urban investment bonds and also 

offers empirical evidence for debt risk prevention and control. 
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Abstract— Ceramic Matrix Composites (CMCs) have emerged as essential advanced materials for high-temperature and 

high-performance applications, offering superior thermal stability, lightweight design, oxidation protection, and enhanced 

fracture resistance compared to traditional monolithic ceramics. Their growing use in demanding applications, such as 

aerospace propulsion systems, automotive components, and advanced energy technologies, is driven by their unique ability to 

meet these stringent requirements. However, significant technical and economic obstacles continue to limit their widespread 

industrial implementation. This paper presents a critical review of the key barriers to CMC development, including inherent 

pseudo-ductility limits, complexities in fabrication processes, high production costs, challenges in fibre–matrix interface 

engineering, susceptibility to environmental degradation, and the lack of standardized design methodologies and material 

databases. The study analyses recent advancements in processing technologies, interfacial design, and environmental 

protection strategies that aim to improve CMC performance, reliability, and manufacturability. By establishing the current 

limitations of CMCs, this work identifies future research opportunities necessary to accelerate their adoption in next-

generation engineering systems. 

Keywords— Ceramic Matrix Composites, Chemical Vapour Infiltration, Fibre-Matrix Interphase, Environmental Barrier 

Coatings, Processing Challenges. 

I. INTRODUCTION 

Ceramic Matrix Composites (CMCs) are advanced engineered materials that combine high-strength ceramic fibres with a 

ceramic matrix to achieve high-temperature performance while mitigating the inherent brittleness and low fracture toughness 

of monolithic ceramics. Traditional ceramics, despite possessing high hardness, oxidation resistance, and thermal stability, are 

highly susceptible to catastrophic failure due to their inability to resist crack propagation. The introduction of reinforcing fibres 

with engineered interfaces enables CMCs to achieve toughening through crack deflection, fibre bridging, and fibre pull-out, 

resulting in enhanced damage tolerance and reliability (Evans & Marshall, 1989). 

In recent decades, CMCs have gained considerable attention in high-performance engineering applications, particularly in 

aerospace, defence, and energy sectors. Their capability to function at temperatures above 1000°C in hostile oxidizing 

environments enables their use in gas turbine engine components, combustor liners, exhaust nozzles, and spacecraft thermal 

protection systems. CMCs provide three key benefits over traditional metallic alloys: they enhance propulsion system 

efficiency and decrease emissions through their lighter weight, ability to withstand higher temperatures, and reduced need for 

cooling (Naslain, 2004). These attributes align with current environmental demands for technologies that consume less energy 

and produce fewer harmful emissions. 

The performance of CMCs is governed by their microstructural design, which dictates material properties. A critical design 

element is the weak fibre–matrix interphase, which enables controlled de-bonding during crack propagation, thereby absorbing 

energy. This interphase design allows cracks to follow the fibre–matrix interface rather than propagating directly through the 
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fibres, preventing unexpected catastrophic failure. Consequently, CMCs display pseudo-ductile behaviour—a major 

enhancement over the brittle characteristics of monolithic ceramics. However, achieving the optimal balance between 

interfacial bonding strength and de-bonding ability remains an ongoing focus of materials engineering. 

Despite these advantages, several critical factors limit the widespread adoption of CMCs. The fabrication processes, such as 

Chemical Vapour Infiltration (CVI), Polymer Infiltration and Pyrolysis (PIP), and Melt Infiltration (MI), are time-consuming 

and expensive, requiring precise control to produce consistent microstructures. The inherent thermal expansion coefficient 

mismatch between fibre and matrix phases introduces residual stresses that can lead to micro-cracking during manufacturing 

and service (Evans, 1990). Furthermore, environmental degradation due to oxidation and moisture attack at high temperatures 

can compromise material integrity and reduce operational life. Beyond materials-specific challenges, industrial adoption is 

obstructed by the absence of standardized design methodologies, a lack of comprehensive long-term performance data, and 

difficulties in scaling manufacturing processes. Addressing these obstacles requires sustained research into advanced material 

designs, improved processing methods, and cost-effective manufacturing approaches. 

 

FIGURE 1: Types of Composite Materials 

II. CHALLENGES IN CMC DEVELOPMENT 

The development of CMCs is fundamentally challenged by their inherent mechanical behavior. While fibre reinforcement 

significantly improves toughness compared to monolithic ceramics, CMCs can still experience failure under tensile or impact 

loading due to microstructural defects that serve as crack initiation sites. Unlike metals, which exhibit plastic deformation, 

CMCs rely on complex mechanisms such as fibre pull-out and crack bridging to dissipate energy. Controlling these 

mechanisms to prevent unstable crack propagation requires precise engineering of the fibre–matrix interface (Marshall & Cox, 

1988). 
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2.1 Processing Complexity: 

A major obstacle lies in the manufacturing methods themselves. The primary fabrication routes—CVI, PIP, and MI—each 

present distinct challenges. CVI, while capable of producing high-quality matrices, is characterized by long processing times 

(often hundreds of hours) and difficulty in achieving uniform densification in thick sections due to diffusion-limited transport. 

PIP offers lower processing temperatures but suffers from high porosity and multiple infiltration cycles, leading to process 

variability. MI enables rapid densification but involves high-temperature processing that can degrade fibre properties and 

introduce residual thermal stresses due to molten metal infiltration (Krenkel, 2008). Achieving uniform matrix densification 

while controlling porosity and eliminating defects remains a persistent challenge, often resulting in material property variations 

that complicate certification for safety-critical applications. 

 

FIGURE 2: Types of Composites based on Reinforcement 

2.2 High Production Costs: 

The high production costs of CMCs represent a significant barrier to their widespread adoption across industries beyond 

aerospace and defence. The cost is driven primarily by the high price of continuous ceramic fibres (e.g., SiC-based fibres such 

as Hi-Nicalon or Tyranno), which require energy-intensive processing routes and yield low production volumes. Additionally, 

the slow, multi-step nature of densification processes contributes to elevated manufacturing costs. Consequently, the economic 

viability of CMCs is currently restricted to applications where performance justifies the premium, such as turbine blades and 

combustor liners (Bansal & Lamon, 2014). Ongoing research focuses on reducing costs through faster processing cycles, 

alternative fibre architectures, and the development of more affordable precursor systems. 

2.3 Fibre–Matrix Interface Engineering: 

The fibre–matrix interface is critical to mechanical performance, yet its optimization remains challenging. The interface must 

be sufficiently strong to transfer loads from the matrix to the fibres but weak enough to promote controlled de-bonding and 

fibre pull-out, which are essential for toughness. This balance is difficult to achieve because high-temperature processing steps 

can alter interface properties, promote chemical reactions between fibres and matrix, or degrade fibre strength. The 

development of stable interphase materials, such as boron nitride (BN) or multilayered coatings, is an active area of research 

aimed at maintaining this delicate balance under processing and service conditions. 
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2.4 Environmental Degradation: 

Environmental degradation further complicates CMC development. In high-temperature, oxidizing environments, particularly 

those containing water vapour, the silica-based phases commonly present in CMCs undergo volatilization. This can lead to 

accelerated oxidation of the fibre–matrix interphase, resulting in mechanical property loss and reduced service life (Opila et 

al., 2002). While Environmental Barrier Coatings (EBCs) have been developed to mitigate these effects, ensuring long-term 

coating stability and adhesion under thermal cycling and high-velocity gas flow remains an unresolved issue. 

2.5 Thermal Residual Stresses and Standardization Gaps: 

The mismatch in coefficient of thermal expansion (CTE) between fibres and matrix generates residual stresses during cooling 

from processing temperatures. These stresses can initiate micro-cracks, which serve as preferential pathways for oxidation and 

reduce composite strength. Addressing this issue requires careful selection of material systems and process optimization to 

minimize residual stress accumulation (Evans, 1990). Finally, the absence of standardized material databases and design 

methodologies prevents engineers from confidently implementing CMCs in load-bearing structures. The lack of widely 

accepted testing protocols, long-term creep data, and fatigue life models creates uncertainty in design and certification 

processes (Bansal & Lamon, 2014). 

 

FIGURE 3: Enhancing CMC Performance with Advanced Coatings 

III. CURRENT RESEARCH DIRECTIONS 

Current research on CMCs is focused on overcoming the processing, cost, and environmental durability challenges outlined 

above. One of the most active areas is the development of advanced fiber coatings and interphases. Researchers are 

investigating materials such as boron nitride (BN), silicon carbide (SiC), and nano-engineered multilayered coatings to create 

interfaces that provide oxidation resistance while retaining the necessary mechanical properties for crack deflection and energy 

dissipation (Naslain, 2004). 

3.1 Hybrid and Advanced Processing: 

To address processing limitations, hybrid fabrication techniques are being explored. For example, combining CVI with MI 

aims to leverage the uniform coating capability of CVI with the rapid densification of MI, resulting in composites with 

improved mechanical properties and reduced manufacturing defects. Additionally, the integration of process monitoring and 

automated control systems is being pursued to enhance repeatability and reduce variability in production (Krenkel, 2008). 

3.2 Additive Manufacturing: 

Additive manufacturing (AM) has emerged as a potential paradigm shift in CMC fabrication. Techniques such as direct ink 

writing, binder jetting, and stereolithography are being studied for their ability to produce complex, near-net-shape geometries 

that are difficult or impossible to achieve with conventional processing. AM offers the potential to reduce material waste, 

shorten production lead times, and enable novel architectures with optimized fibre placement. However, significant challenges 

remain, including achieving high fibre volume fractions, maintaining fibre alignment, and obtaining full densification with 

minimal porosity after post-processing. 
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3.3 Environmental Barrier Coatings (EBCs): 

The durability of CMCs in combustion environments is being addressed through the development of next-generation EBCs. 

Current research is focused on rare-earth silicate-based multilayer coatings designed to provide long-term protection against 

oxidation, corrosion, and water-vapour-induced recession (Opila et al., 2002). These advanced coating systems are critical for 

ensuring the operational lifespan of CMC components in aerospace engines, where they must withstand extreme thermal 

gradients and high-velocity gas environments. 

3.4 Computational Modeling and Data-Driven Design: 

Computational modelling now plays a central role in accelerating CMC development. Multi-scale modelling approaches are 

being developed to link processing conditions to microstructural evolution and ultimately to macroscopic mechanical 

properties. These models enable the prediction of damage initiation, thermal stress distribution, and long-term performance 

under complex loading scenarios. Furthermore, the integration of artificial intelligence and machine learning is enabling data-

driven materials design, allowing researchers to explore vast processing–structure–property spaces more efficiently than 

traditional trial-and-error approaches. 

3.5 Cost Reduction and Sustainability: 

A major focus of ongoing research is the reduction of total manufacturing costs. Strategies include the development of faster 

densification cycles, the use of less expensive fibre architectures such as woven fabrics instead of unidirectional tapes, and the 

exploration of recyclable or more sustainable precursor materials. These efforts aim to make CMCs economically viable for a 

broader range of applications, including automotive and industrial gas turbines. 

Finally, collaborative initiatives between academia, industry, and government agencies are essential for translating laboratory-

scale innovations to industrial practice. These partnerships support the development of standardized databases, shared testing 

methodologies, and qualification frameworks necessary for widespread adoption. Collectively, current research directions aim 

to deliver CMC materials with improved performance, higher reliability, and lower production costs, paving the way for their 

integration into future engineering systems. 

IV. CONCLUSION 

Ceramic Matrix Composites offer exceptional properties that make them highly suitable for demanding high-temperature and 

high-performance applications. However, their widespread adoption is constrained by a combination of technical and economic 

challenges, including inherent limitations in pseudo-ductile behavior, complex and costly processing routes, difficulties in 

interface engineering, susceptibility to environmental degradation, and the absence of standardized design methodologies. 

Addressing these challenges requires continued advances in processing technologies, such as hybrid fabrication and additive 

manufacturing, alongside innovations in interface design and environmental barrier coatings. The integration of computational 

modeling and data-driven approaches will be critical to accelerating the optimization of processing–structure–property 

relationships. Through sustained multidisciplinary research and closer collaboration between industry and academia, the 

barriers to adoption can be systematically overcome, enabling CMCs to fulfil their potential as enabling materials for next-

generation engineering systems 
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Abstract— Loan approval is a pivotal component of financial risk control. Current research often relies on black-box 

prediction models and lacks in-depth exploration of multidimensional features and interpretability, resulting in shortcomings 

in model interpretability and robustness. To address this, this paper proposes an Interpretable Loan Approval Identification 

Model based on Multidimensional Features (ILA-MDF). The ILA-MDF model is constructed using the CatBoost algorithm 

and is compared with benchmark models such as Random Forest in experimental evaluations. The results indicate that the 

proposed model performs optimally across six metrics—Accuracy, Precision, Recall, F1-score, AUC, and MCC—achieving 

values of 93.33%, 87.19%, 82.03%, 84.53%, 97.77%, and 80.34%, respectively. Furthermore, the SHAP framework is 

introduced to analyze the key factors influencing model decisions. Interpretability analysis reveals that the probability of loan 

approval increases significantly when the loan interest rate exceeds 14% or when the previous loan default indicator is 0. The 

ILA-MDF model proposed in this paper demonstrates significant advantages in both predictive performance and decision 

interpretability, providing a reference for formulating loan approval and risk prevention strategies. 

Keywords— CatBoost; Machine Learning; SHAP Framework; Interpretability. 

I. INTRODUCTION 

In recent years, as demand for social financing has continued to grow, loans have become an indispensable financial tool for 

both individuals and businesses. For financial institutions, the quality of loan approval decisions directly affects asset security 

and operational stability. Against this backdrop, credit scoring models serve as the foundation of automated approval systems 

by quantifying borrowers' credit risk and providing an objective basis for approval decisions [1]. A robust and accurate model 

not only improves approval efficiency and reduces default losses but also plays a key role in advancing the intelligent 

transformation of financial services. 

However, traditional loan approval processes have long relied on manual experience, which comes with limitations such as 

low efficiency and inconsistent standards. While machine learning techniques have been widely adopted to build automated 

approval models, existing research still has gaps: on one hand, most models focus narrowly on default prediction and fail to 

adequately support comprehensive approval decisions involving multi-dimensional rules; on the other, many high-performance 

models are "black boxes" with opaque decision-making logic [2], making it difficult to meet the strict regulatory requirements 

for fairness and interpretability, and leaving applicants unable to understand the rationale behind approval outcomes. Therefore, 

exploring loan approval models that combine high predictive performance with strong interpretability has become an important 

focus for both academia and industry. 

In response to these challenges, extensive research has been conducted in academia on loan approval modeling, forming three 

main directions. 

In terms of constructing ensemble learning and complex models, Kokate and Chetty employed a combination of machine 

learning methods such as gradient boosting, random forests, and decision trees to build a credit scoring model for automated 

approval, using feature selection techniques to improve model efficiency. Their model demonstrated superior risk 

discrimination ability and stability on real-world banking data, validating the effectiveness of combining ensemble learning 

with feature optimization [3]. Further, Uddin et al. proposed a hybrid approach integrating deep learning with ExtraTrees and 
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adopted an ensemble voting mechanism to combine the three best-performing base models, achieving an accuracy of 87.26% 

in bank loan default prediction, highlighting the significant improvement of ensemble strategies on classification performance 

[4]. In line with this, Perera and Premaratne developed a stacking ensemble model based on a voting mechanism, further 

confirming the practicality and stability of ensemble learning in credit risk assessment [5]. Lakshmi and Rao constructed a loan 

default prediction model by integrating algorithms such as naive Bayes, decision trees, and multi-layer perceptrons, training 

on Kaggle historical data and ultimately achieving 90% accuracy, further demonstrating that ensemble learning methods can 

effectively support banks in making loan approval decisions [6]. 

In terms of benchmarking and optimization of traditional machine learning models, a substantial body of research has focused 

on providing benchmarks for model selection through systematic comparisons. Singh employed logistic regression, random 

forests, and support vector machines to model loan approval, achieving an accuracy of 78.785% on historical data [7]. Nureni 

and Adekola systematically compared eight machine learning algorithms and found that logistic regression performed 

particularly well in terms of accuracy (up to 83.24%) and sensitivity (up to 97.76%) [8]. Tumuluru et al. pointed out that among 

models for default prediction based on historical customer data, the random forest algorithm achieved the best accuracy [9]. 

Viswanatha conducted a comprehensive comparison of algorithms including random forests, naive Bayes, decision trees, and 

KNN, with naive Bayes achieving the highest accuracy at 83.73% [10]. A systematic comparison by Sarkar et al. also indicated 

that random forest and logistic regression models slightly outperformed other compared algorithms in terms of overall 

performance. These extensive comparative studies provide empirical support for model selection across different scenarios 

[11]. 

In terms of model efficiency, system deployment, and interpretability, relevant research has shown a clear trajectory of 

development—starting from basic system construction, moving toward feature optimization and model comparison, and 

ultimately deepening into interpretability and ethical considerations. Gomathy et al. built an automated loan prediction system 

based on decision trees, aiming to reduce manual review errors and improve overall approval efficiency [12]. Karthikeyan and 

Ravikumar introduced the Boruta feature selection method combined with random forest models to screen key features, 

effectively enhancing the model's discriminative power [13]. Bhattad et al. integrated multiple machine learning algorithms 

into a loan prediction system to improve the responsiveness and accuracy of the approval process [14]. Nalawade et al. further 

incorporated multi-algorithm comparison in system development, finding that logistic regression achieved the highest accuracy 

(88.70%), and designed a user interface while also noting the limitations of such models in practice due to their reliance on 

multi-attribute comprehensive judgment [15]. Subsequently, studies by Sharma et al. and Krishnaraj et al. both emphasized the 

potential of logistic regression in balancing predictive accuracy with model interpretability [16, 17]. More recent research has 

placed greater emphasis on the synergy between system performance and ethical standards: Badhan et al. built an approval 

system with high accuracy and anti-fraud capabilities through algorithm comparison and ensemble techniques [18]; Raheem 

further pointed out that while improving model performance, attention must also be paid to decision transparency and ethical 

considerations, thereby offering an important perspective for the sustainable development of loan decision systems [19]. 

Looking at the body of research discussed above, existing studies have laid a solid foundation for loan approval identification, 

yet there remain two issues that warrant further exploration. First, most approaches rely on a single type of data and fail to 

effectively integrate multi-dimensional applicant information, which limits the discriminative power and robustness of the 

models. Second, current research generally overlooks model interpretability—an aspect that is critically important for 

regulatory compliance and risk control in the context of loan approval identification. 

To address these issues, this paper focuses on the task of loan approval identification and proposes an Interpretable Loan 

Approval Identification Model Using Multi-Dimensional Features (ILA-MDF). This study differs from existing research in the 

following two aspects. First, at the identification level, it builds a high-precision model for approval outcome prediction that 

outperforms existing benchmark models in classification performance while demonstrating strong generalization ability. 

Second, at the interpretability level, it introduces the SHAP framework to reveal the influence of key features on model 

decisions, significantly enhancing model interpretability and providing a reference for the formulation of loan approval risk 

management strategies. 

II. MODEL AND THEORY 

2.1 ILA-MDF Framework: 

This study focuses on the issue of loan approval identification and divides the overall modeling process into three core stages: 

data source and processing, model building, and interpretability analysis, as illustrated in Figure 1. 



International Journal of Engineering Research & Science (IJOER)                 ISSN: [2395-6992]                   [Vol-12, Issue-3, March- 2026] 

Website: www.ijoer.com                                                                                                                     Journal DOI: 10.25125/engineering-journal 

Page | 32  

 

FIGURE 1: ILA-MDF Modeling Flowchart 

Figure 1 shows the three-stage framework of the proposed ILA-MDF model. Stage 1 (Data Source and Processing) involves 

outlier detection, missing value handling, standardization, and One-Sided Selection undersampling. Stage 2 (Model Building) 

involves CatBoost model construction, grid search with cross-validation for hyperparameter tuning, and comprehensive 

performance evaluation. Stage 3 (Interpretability Analysis) involves SHAP-based global feature importance analysis, 

dependence plots for feature impact analysis, and waterfall plots for individual sample decision path analysis.* 

1) Data Source and Processing: The data is sourced from the Kaggle platform, consisting of 45,000 records with 14 

features. In terms of data preprocessing, outlier and missing value detection are first performed to ensure data integrity, 

followed by standardization. Subsequently, to address class imbalance, One-Sided Selection is introduced for 

undersampling to improve the identification performance of minority class instances. 

2) Model Building: This paper constructs the ILA-MDF model based on CatBoost and evaluates its performance 

comprehensively across six dimensions: accuracy, precision, recall, F1 score, AUC, and Matthews correlation 

coefficient. On this basis, grid search combined with five-fold cross-validation is further employed to fine-tune the 

model's hyperparameters, enhancing its generalization ability and robustness. 

3) Interpretability Analysis: This paper introduces the SHAP interpretability framework to analyze the model's 

decision mechanism from both global and local perspectives. Specifically, a summary plot is used to reveal the 

importance ranking of features in predicting outcomes; dependence plots focus on representative features, illustrating 

the relationship between their value variations and SHAP values; furthermore, waterfall plots are employed to analyze 

the prediction process of individual positive and negative samples, depicting the contribution and direction of 

influence of features on the final outcome. 
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FIGURE 2: Correlation among Features 

 

FIGURE 3: Proportion of Categorical Variables 
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2.2 CatBoost Algorithm: 

This paper constructs the ILA-MDF model based on CatBoost. CatBoost is an open-source machine learning algorithm based 

on gradient boosting decision trees, proposed by Prokhorenkova et al. [20] in 2018. Compared with traditional GBDT, CatBoost 

introduces two key improvements: first, through "ordered target statistics" and "ordered boosting" mechanisms, it effectively 

alleviates target leakage in categorical feature encoding and reduces gradient estimation bias; second, it uses "symmetric trees" 

as base learners, which not only improves inference efficiency and generalization performance but also enhances parallelization 

in storage and computation. Based on these mechanisms, this paper further divides the derivation and optimization of the 

objective function into the following three steps: 

2.2.1 Objective Function Definition: 

The objective function consists of a loss function and a regularization term, as shown in Equation (1): 

𝑂𝑏𝑗(𝑡) = ∑ 𝑙(
𝑛

𝑖=1
𝑦𝑖 , 𝑦̂𝑖

(𝑡−1)
+ 𝑓𝑡(𝑥𝑖)) + Ω(𝑓𝑡)        (1) 

where 𝑙 is the loss function, 𝑦̂
𝑖

(𝑡−1)
 is the predicted value from the previous 𝑡 − 1 iterations, 𝑓𝑡(𝑥𝑖) is the tree added at the 𝑡-th 

iteration, and Ω(𝑓𝑡) is the regularization term. Its specific form is: 

Ω(𝑓) = 𝛾𝑇 + 𝜆∑ 𝑤𝑗
2

𝑇

𝑗=1
           (2) 

where 𝑇 is the number of leaf nodes, 𝛾 controls the penalty on the number of leaves, 𝜆 is the L2 regularization coefficient, 

and 𝑤𝑗  is the weight of leaf node 𝑗. 

2.2.2 Ordered Boosting Strategy: 

To avoid target leakage, CatBoost introduces an ordered boosting strategy in gradient computation. Specifically, for a 

sample 𝑥𝑖, its gradient depends only on historical information from the first 𝑖 − 1 samples: 

𝑔𝑖 =
∂𝑙(𝑦𝑖,𝑦̂

(𝑡−1)
)

∂𝑦̂
(𝑡−1)             (3) 

ℎ𝑖 =
∂2𝑙(𝑦𝑖,𝑦̂

(𝑡−1)
)

∂(𝑦̂
(𝑡−1)

)2
            (4) 

2.2.3 Symmetric Tree Design and Leaf Weight Optimization: 

CatBoost adopts a symmetric tree structure, where nodes at the same level share splitting rules, thereby improving 

computational efficiency while ensuring model stability. For leaf node 𝑗, the optimal leaf weight 𝑤𝑗
∗ can be obtained by 

minimizing the objective function: 

𝑤𝑗
∗ = −

∑ 𝑔𝑖𝑖∈𝐼𝑗

∑ ℎ𝑖𝑖∈𝐼𝑗
+𝜆

            (5) 

where 𝐼𝑗 is the set of samples in leaf node 𝑗. Let 𝐺𝑗 = ∑ 𝑔𝑖𝑖∈𝐼𝑗
 and 𝐻𝑗 = ∑ ℎ𝑖𝑖∈𝐼𝑗

. Substituting these into the objective function 

yields: 

𝑂𝑏𝑗(𝑡) = −
1

2
∑

𝐺𝑗
2

𝐻𝑗+𝜆

𝑇

𝑗=1

+ 𝛾𝑇          (6) 

In summary, CatBoost automatically adjusts category weights to improve the identification of minority class samples in loan 

approval identification. Its gradient computation mechanism based on historical samples effectively suppresses target leakage 

and reduces prediction bias. The symmetric tree structure enhances generalization performance and inference efficiency while 

controlling overfitting. 
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2.3 SHAP Framework: 

SHAP (SHapley Additive exPlanations) is a unified framework proposed by Lundberg et al. [21] in 2017 for explaining 

predictions made by black-box machine learning models. The framework is based on the concept of Shapley values from 

cooperative game theory, and it converts the output of black-box models into interpretable numerical results by fairly 

distributing the marginal contribution of each feature to the prediction, thereby meeting interpretability requirements while 

preserving predictive performance. The formula for SHAP values is as follows: 

𝑓(𝑥𝑖) = 𝑓0 + 𝑓(𝑥𝑖,1) + 𝑓(𝑥𝑖,2) + ⋯+ 𝑓(𝑥𝑖,𝑘)        (7) 

where 𝑥𝑖,𝑘 represents the 𝑘-th feature of the 𝑖-th sample; 𝑓(𝑥𝑖,𝑘) represents the Shapley value of 𝑥𝑖,𝑘; 𝑓0 represents the baseline 

prediction of the overall model; and 𝑓(𝑥𝑖) represents the predicted value for the 𝑖-th sample. When 𝑓(𝑥𝑖,𝑘) > 0, the feature has 

a positive contribution to the prediction; when 𝑓(𝑥𝑖,𝑘) < 0, the feature has a negative contribution. Therefore, introducing the 

SHAP framework in this study not only enables the identification of key features influencing classification outcomes in loan 

approval based on the magnitude of feature SHAP values, helping to pinpoint potential risk factors, but also provides deeper 

insight into the model's decision-making mechanisms and working principles, offering a reliable basis for model optimization. 

III. RESULTS AND DISCUSSION 

3.1 Data Source: 

The dataset used in this study is sourced from the Kaggle platform, consisting of 45,000 records with 14 features. The specific 

details are presented in Table 1. In terms of data preprocessing, after data inspection, outliers were identified and removed, and 

categorical variables were one-hot encoded, resulting in a complete dataset that laid the foundation for subsequent model 

training and analysis.  

TABLE 1 

DESCRIPTION OF DATASET FEATURES 

Feature English explanation 

person_age Age 

person_gender Gender 

person_education Highest Education Level 

person_income Annual Income 

person_emp_exp Years of Work Experience 

person_home_ownership Home Ownership Status 

loan_amnt Loan Amount Applied 

loan_intent Loan Purpose 

loan_int_rate Loan Interest Rate 

loan_percent_income Loan Amount to Annual Income Percentage 

cb_person_cred_hist_length Credit History Length 

credit_score Credit Score 

previous_loan_defaults_on_file Previous Loan Default Indicator 

loan_status Loan Approval Status 

 

3.2 Feature Correlation Analysis: 

To gain deeper insight into the relationship between various features and loan approval status, this study conducted a systematic 

analysis of linear correlations among variables using a heatmap. The results reveal the differentiated roles that different features 

play in the approval decision. 

Specifically, the ratio of loan amount to annual income (loan_percent_income) shows a moderate positive correlation with 

approval status (r = 0.38), indicating that this metric serves as an important predictor of approval outcomes—that is, the higher 

the debt-to-income ratio, the lower the likelihood of loan approval. A stronger negative correlation was observed for previous 

loan defaults on file (r = -0.54), further confirming the significant impact of this feature on approval decisions: applicants with 
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a history of default face a considerably higher risk of rejection. In addition, home ownership status (person_home_ownership) 

exhibits a certain positive correlation with approval status (r = 0.23), suggesting that applicants who own a home are generally 

perceived as having a more stable credit background and are therefore more likely to be approved. 

It is worth noting that credit score shows no significant linear correlation with approval status (r = -0.01), indicating that, within 

the current modeling framework, this variable offers limited explanatory power for approval outcomes. Its potential influence 

may need to be further explored through nonlinear modeling approaches. 

3.3 Analysis of Categorical Variables: 

The dataset includes four main categorical variables: gender, home ownership, loan purpose, and default history. Gender is 

roughly balanced, reducing the risk of bias. Home ownership is concentrated among renters and mortgage holders, with owners 

and other categories making up only a small share—a pattern that reflects the link between housing status and financial stability. 

Loan purpose covers a range of categories such as education, personal consumption, and medical expenses, capturing diverse 

real-world borrowing scenarios. Default history, however, is highly imbalanced: only a small fraction of applicants have prior 

defaults, which calls for sampling techniques in modeling to improve identification of this minority but critical group.  

3.4 Experimental Environment and Evaluation Metrics: 

The experiments were conducted in the following software and hardware environment: Intel(R) Core(TM) i5-10200H 

processor (base frequency 2.40 GHz), 16GB RAM, and Windows 10 operating system. The development environment was 

PyCharm 2023.2 with Python 3.11. 

TABLE 2 

CONFUSION MATRIX 

 Actual Positive Actual Negative 

Predicted Positive TP (True Positive) FP (False Positive) 

Predicted Positive TP (True Positive) FP (False Positive) 

 

Six metrics were selected to evaluate model performance: accuracy, precision, recall, F1 score, AUC, and Matthews correlation 

coefficient (MCC). These metrics were calculated based on the confusion matrix by comparing predicted results with actual 

labels. 

Accuracy measures the proportion of samples correctly predicted by the model: 

Accuracy =
𝑇𝑃+𝑇𝑁

𝑇𝑃+𝑇𝑁+𝐹𝑃+𝐹𝑁
           (8) 

Precision focuses on how many of the samples predicted as positive are actually positive: 

Precision =
𝑇𝑃

𝑇𝑃+𝐹𝑃
           (9) 

Recall measures how many of the actual positive samples are correctly identified: 

Recall =
𝑇𝑃

𝑇𝑃+𝐹𝑁
)            (10) 

The F1 score is the harmonic mean of precision and recall: 

𝐹1 =
2⋅Precision⋅Recall

Precision+Recall
=

2𝑇𝑃

2𝑇𝑃+𝐹𝑃+𝐹𝑁
          (11) 

AUC evaluates the overall performance of the model by plotting the true positive rate (TPR) against the false positive rate 

(FPR); the larger the area, the stronger the model's ability to distinguish between positive and negative classes. 

𝑇𝑃𝑅 =
𝑇𝑃

𝑇𝑃+𝐹𝑁
, 𝐹𝑃𝑅 =

𝐹𝑃

𝐹𝑃+𝑇𝑁
          (12) 

MCC takes into account all elements of the confusion matrix (TP, TN, FP, FN) and provides a comprehensive measure of 

classification quality. 

𝑀𝐶𝐶 =
𝑇𝑃⋅𝑇𝑁−𝐹𝑃⋅𝐹𝑁

√(𝑇𝑃+𝐹𝑃)(𝑇𝑃+𝐹𝑁)(𝑇𝑁+𝐹𝑃)(𝑇𝑁+𝐹𝑁)
         (13) 
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3.5 Imbalance Handling: 

The dataset in this study suffers from class imbalance. To mitigate its impact on model training, the One-Sided Selection 

method was applied for sampling. Figure 4 shows a comparison of the data distribution before and after sampling. The left 

panel shows a clear class imbalance in the original data, with samples of class 0 significantly outnumbering those of class 1. 

The right panel shows that after sampling, the two classes become more balanced, which helps improve the model’s ability to 

identify the minority class. 

 

FIGURE 4: Comparison Before and After Sampling 

As shown in Figure 4, the One-Sided Selection sampling method effectively alleviates the class imbalance issue. To further 

validate its impact on model performance, this study compares different sampling methods experimentally. 

The results are shown in Table 3. The One-Sided Selection method performs best across three key metrics: recall, F1 score, 

and MCC. In subsequent experiments, One-Sided Selection is adopted as the default sampling strategy for further modeling 

and evaluation. 

TABLE 3 

COMPARISON OF IMBALANCE HANDLING RESULTS 

Sampling Accuracy Precision Recall F1 AUC MCC 

Borderline-SMOTE 93.22% 87.46% 81.15% 84.18% 97.75% 79.97% 

SMOTE 93.26% 87.67% 81.10% 84.25% 97.77% 80.08% 

SMOTETomek 93.28% 87.82% 81.02% 84.28% 97.78% 80.12% 

None 93.36% 89.80% 79.12% 84.12% 97.81% 80.20% 

One-Sided Selection 93.30% 87.23% 81.84% 84.45% 97.77% 80.25% 

 

3.6 Comparison with Mainstream Machine Learning Models: 

To comprehensively evaluate the performance of the ILA-MDF model, this study selects a variety of mainstream machine 

learning models as baseline methods for comparative analysis. All models are trained and tested under the same feature 

engineering and data preprocessing pipeline, with evaluation metrics including accuracy, precision, recall, F1 score, AUC, and 

MCC. 

As shown in Table 4, ILA-MDF ranks first in accuracy, precision, F1 score, and MCC, demonstrating strong classification 

performance and stability. Although XGBoost achieves higher recall and AUC, ILA-MDF maintains a clear advantage in 

overall performance. With an accuracy of 93.30%, ILA-MDF exhibits excellent classification capability. In contrast, traditional 

models like KNeighbors, while acceptable in accuracy, often underperform in recall and F1 when handling nonlinear, high-

dimensional, and imbalanced data, limiting their applicability in complex real-world scenarios. Overall, ILA-MDF performs 

well across multiple metrics, maintaining high predictive accuracy and generalization ability, particularly in high-dimensional 

imbalanced settings. 
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TABLE 4 

COMPARISON WITH MAINSTREAM MACHINE LEARNING MODELS 

Model Accuracy Precision Recall F1 AUC MCC 

KNeighbors 89.06% 75.49% 75.18% 75.33% 92.73% 68.31% 

LogisticRegression 88.89% 74.22% 76.67% 75.42% 94.95% 68.27% 

DecisionTree 89.70% 75.28% 79.88% 77.51% 86.19% 70.89% 

GradientBoosting 91.99% 84.44% 78.39% 81.30% 97.02% 76.29% 

ExtraTrees 91.94% 83.59% 79.33% 81.40% 96.92% 76.31% 

RandomForest 92.58% 86.27% 79.22% 82.59% 97.30% 78.00% 

HistGradientBoosting 93.06% 86.61% 81.36% 83.90% 97.68% 79.55% 

LGBM 93.09% 86.62% 81.49% 83.97% 97.70% 79.64% 

XGBoost 93.21% 86.08% 82.82% 84.42% 97.79% 80.10% 

ILA-MDF 93.30% 87.23% 81.84% 84.45% 97.77% 80.25% 

 

3.7 Comparison with Existing Studies: 

To highlight the performance advantages of the ILA-MDF model in loan approval classification tasks, this study compares it 

with representative models from existing literature. The comparison covers traditional machine learning methods, deep learning 

models, and mainstream ensemble algorithms to ensure the validity of the results. 

As shown in Table 5, the ILA-MDF model achieves the best performance across multiple key metrics, including accuracy, 

precision, F1 score, AUC, and MCC, significantly outperforming all benchmark models. It demonstrates not only stable 

classification capability but also strong generalization in handling imbalanced data and complex pattern recognition. Therefore, 

the model not only outperforms existing methods in a statistically significant manner but also shows strong potential and 

robustness for real-world applications. 

TABLE 5 

COMPARISON WITH EXISTING STUDIES 

Author Model Accuracy Precision Recall F1 AUC MCC 

Uddin et al.[4] Ensemble 82.76% / / / / / 

 Perera et al. [5] Stacking 78.00% 78.00% 92.00% 84.00% 75.00% / 

Nureni et al. [8] LR 78.16% 79.00% 75.96% 75.96% / / 

Natasha et al. [22] DNN / / / / 63.80% / 

Shinde et al. [23] LR 72.14% / / 82.79% / / 

Ndayisenga [24] GB 81.11% 82.14% 80.98% 81.47% / / 

Yang [25] LR 76.00% / / / / / 

Ours ILA-MDF 93.30% 87.23% 81.84% 84.45% 97.77% 80.25% 

 

3.8 Hyperparameter Perturbation Analysis: 

To enhance the robustness and generalization ability of the model, a grid search strategy was employed for hyperparameter 

optimization. The tuning focused on four key parameters, with the F1 score used as the performance evaluation metric. The 

search range and final optimal values for each parameter are shown in Table 6.  
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TABLE 6 

HYPERPARAMETER TUNING RESULTS 

Parameter Search Range Optimal Value 

Iterations   [300, 400, 500] 500 

Learning_rate [0.01, 0.05, 0.1] 0.1 

Depth [4, 6, 8] 6 

L2_leaf_reg [0.5, 1, 1.5] 0.5 

 

After training the model with the optimal hyperparameter combination, the performance on the test set was compared before 

and after tuning. The results are shown in Table 7. All metrics improved after tuning. Specifically, recall increased by 0.19%, 

F1 score by 0.08%, and MCC by 0.09%, indicating that hyperparameter optimization effectively enhanced model classification 

performance and stability. 

TABLE 7 

MODEL PERFORMANCE BEFORE AND AFTER TUNING 

  Accuracy Precision Recall F1 AUC MCC 

Before Tuning 93.30% 87.23% 81.84% 84.45% 97.77% 80.25% 

After Tuning 93.33% 87.19% 82.03% 84.53% 97.77% 80.34% 

 

To further analyze the impact of hyperparameters on model performance, this study examined the effect of varying the learning 

rate and L2 regularization coefficient on key metrics (see Figure 5). The left panel shows that when the learning rate is set to 

0.1, all metrics reach their highest values, and as the learning rate continues to increase, performance declines across the board, 

indicating that an excessively high learning rate suppresses the model's learning ability and leads to underfitting. Therefore, 

the learning rate was ultimately set to 0.1.  

 

FIGURE 5: Hyperparameter Variation Trend Chart 

The right panel illustrates the effect of the L2 regularization coefficient on model performance. The results show that as the 

coefficient increases, all metrics except recall show an upward trend at 0.5. However, beyond 0.5, precision, recall, F1, and 

MCC exhibit a fluctuating pattern of initial decline followed by a subsequent rise. Considering overall performance, the optimal 

effect is achieved at a coefficient of 0.5, which was ultimately chosen.  

3.9 SHAP Interpretability Analysis: 

To enhance the interpretability of the model, this study introduces the SHAP framework, employing summary plots, 

dependence plots, and waterfall plots to visually analyze the model’s decision-making process. The analysis explores the key 
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factors influencing loan approval identification from three perspectives: global feature contribution, feature impact 

mechanisms, and individual sample decision paths. 

 

FIGURE 6: Comparison of Model Learning Curves 

3.9.1 Global Feature Importance Analysis: 

To examine the importance and direction of influence of each feature in the model’s decisions, a global interpretability analysis 

was conducted using the SHAP method. Based on the SHAP summary plot shown in Figure 7, the following conclusions can 

be drawn: 

The indicator of previous loan defaults is the most influential feature on model predictions. When its value is high, it 

corresponds to a consistently negative SHAP value, indicating that a borrower’s history of default systematically reduces the 

likelihood of loan approval. This underscores the strong inhibitory effect of this feature on approval decisions. 

 

FIGURE 7: SHAP Summary Plot 
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When the ratio of loan amount to annual income is low, the SHAP value is clearly negative. This suggests that when the loan 

amount is relatively small compared to the borrower’s annual income, the repayment burden is lighter, and the model tends to 

classify the applicant as “low risk,” thereby significantly increasing the probability of approval. 

Similarly, when the interest rate is low, the SHAP value is also noticeably negative. Since lower interest rates are typically 

offered to high-quality borrowers, a low rate itself serves as a signal of lower risk, positively influencing the final approval 

outcome. 

In contrast, annual income generates a positive SHAP value when its value is low. This means that when a borrower’s income 

level is low, this feature clearly pushes the model’s prediction toward the “high-risk” direction, significantly increasing the 

likelihood of rejection. This reflects the model’s sensitivity to insufficient repayment capacity. 

3.9.2 Analysis of Feature Impact on Prediction Results: 

To gain deeper insight into how key features influence model predictions, this study uses SHAP values to generate dependence 

plots (shown in Figure 8), revealing the relationship between feature values and their corresponding contributions. 

 

FIGURE 8: SHAP Dependence Plot 

The results show that the loan interest rate (loan_int_rate) exhibits a significant positive correlation with model risk prediction. 

When the interest rate exceeds 14%, the SHAP value begins to rise rapidly, forming a stable positive driving effect in the range 

of 17% to 20%. This indicates that a higher interest rate significantly increases the probability of the model classifying an 

applicant as high-risk. This aligns with real-world practice: the higher the loan rate, the more inclined financial institutions are 

to approve the loan application. 

For the indicator of previous loan defaults (previous_loan_defaults_on_file), when the value is 0—indicating no history of 

default—the corresponding SHAP value is positive, reflecting that having no default record has a positive effect on loan 

approval. Conversely, when a default exists, the SHAP value is negative, indicating that a record of default negatively 

influences the likelihood of loan approval. 

3.9.3 Analysis of Sample Decision Path: 

To better understand the model’s decision-making mechanism at the sample level, this study further examines how individual 

features collectively contribute to the final prediction from a single-sample perspective. The SHAP waterfall plot shown in 

Figure 9 visually illustrates the cumulative contribution of each feature to the prediction for a given sample. 
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FIGURE 9: SHAP Waterfall Plot 

In the approved sample (left panel), the indicator of previous loan defaults is the most significant positive contributor, indicating 

that the applicant’s clean credit history plays a key role in the approval decision. The loan-to-income ratio and loan interest 

rate also show negative contributions, suggesting that a lower debt burden and a more favorable interest rate together point to 

the borrower’s strong repayment capacity and low credit risk, thereby significantly increasing the likelihood of approval. 

In contrast, for the rejected sample (right panel), the loan-to-income ratio shows a strong negative contribution, indicating that 

a high debt burden is one of the main reasons the model denies the application. Meanwhile, annual income also exhibits a clear 

negative influence, further showing that low income combined with high debt pressure reinforces the applicant’s credit risk, 

ultimately leading the model to make a rejection decision. 

IV. CONCLUSION 

This paper focuses on the problem of loan approval identification and proposes a model named ILA-MDF (Interpretable Loan 

Approval Identification Model based on Multidimensional Features). 

First, outlier detection is performed on the acquired dataset, followed by standardization and One-Sided Selection 

undersampling, effectively improving data quality and class balance. One-Sided Selection was chosen for its ability to remove 

noisy majority class samples while preserving informative decision boundary samples. 

Second, through a comprehensive comparison of multiple mainstream machine learning algorithms, CatBoost is selected as 

the base architecture, and grid search combined with five-fold cross-validation is used for hyperparameter tuning, significantly 

enhancing the model's generalization ability and robustness. 

Third, multi-level analysis based on SHAP shows that features such as previous loan defaults, the ratio of loan amount to 

annual income, and loan interest rate have a significant impact on identification results. In particular, when the loan interest 

rate exceeds 14% or the indicator for previous loan defaults is 0, the probability of loan approval increases significantly. These 

findings provide a theoretical basis for risk control strategies in loan approval. 

LIMITATIONS AND FUTURE WORK 

This study has several limitations that should be acknowledged. First, the dataset used is cross-sectional, meaning the model 

does not account for temporal dynamics in borrower behavior or changing economic conditions. Second, while the model 

demonstrates strong predictive performance, potential fairness concerns—such as disparate impact across demographic 

groups—were not evaluated. Third, the computational cost and inference time of the CatBoost model compared to simpler 

baselines were not analyzed, which may be relevant for real-time deployment scenarios. 

Future work will focus on addressing these limitations. Specifically, we aim to incorporate users' historical credit behavior data 

to construct time-aware models, enabling loan approval decisions to evolve from static assessments toward continuous 

monitoring and early warning based on dynamic risk profiling. Additionally, we plan to integrate fairness-aware machine 



International Journal of Engineering Research & Science (IJOER)                 ISSN: [2395-6992]                   [Vol-12, Issue-3, March- 2026] 

Website: www.ijoer.com                                                                                                                     Journal DOI: 10.25125/engineering-journal 

Page | 43  

learning techniques to ensure equitable outcomes across diverse applicant groups and conduct computational efficiency 

analyses to support real-world deployment. 
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