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Abstract 

This study addresses the imperative for robust credit risk management strategies by proposing a novel framework 

tailored for supply chain networks. It aims to bridge existing gaps in credit risk assessment methodologies by 

amalgamating empirical insights, advanced computational techniques, and comprehensive data analytics. Leveraging 

a comprehensive dataset encompassing diverse attributes crucial for credit risk assessment, this study employs a 

meticulous methodology. It integrates machine learning algorithms, notably LightGBM, and exploratory data analysis 

techniques to preprocess data, examine missing values, assess variable correlations, and construct a predictive model. 

The empirical journey reveals insightful findings, emphasizing missing value patterns, variable interrelationships, and 

model performance. Precision-recall and ROC curves depict the model's ability to discern default and non-default 

cases, showcasing its efficacy in credit risk assessment within supply chain contexts. Our study contributes a 

foundational framework for strategic credit risk management within supply chain networks, offering actionable 

insights for stakeholders. While acknowledging limitations and the need for ongoing model refinement, this research 

sets the stage for future explorations and transformative practices in adaptive risk management strategies for 

interconnected supply chain networks. 

Keywords: Credit risk assessment; Supply chain resilience; Risk management strategies; Supply chain networks; 

Creditworthiness evaluation; Risk mitigation techniques; Business supply chain finance; Strategic risk analysis; Credit 

risk modeling; Risk-aware supply chain management. 

 

1. Introduction 

The intricate interplay between financial stability and operational efficiency within supply chain networks remains a 

paramount concern for modern businesses. Amidst the dynamic landscape of global commerce, the prudent 

management of credit risk stands as a linchpin for sustainable supply chain operations [1-3]. The complexities inherent 

in these networks, involving multiple stakeholders, transactions, and dependencies, underscore the criticality of 

devising innovative methodologies to navigate and mitigate credit risk effectively [4]. Addressing this necessity, there 

is a need to elucidate a novel framework that can strategically manage credit risk within supply chain networks, 

amalgamating theoretical insights with empirical approaches to provide a robust solution in this domain [5-7]. 

Within the multifaceted realm of supply chain operations, the significance of credit risk management transcends mere 

financial considerations; it encapsulates the resilience and continuity of business operations [8-11]. As markets expand 

and interconnectedness amplifies, the vulnerability to credit risks escalates, necessitating a proactive approach. 

Traditional risk assessment methods often fall short of capturing the complexities inherent in modern supply chain 

dynamics. Hence, this study endeavors to bridge this gap by introducing a pioneering framework, acknowledging the 
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multifarious dimensions of credit risk exposure across supply chains, and offering a comprehensive strategy to bolster 

risk management practices [12-14]. 

The primary objective of this research is to present a strategic framework that not only identifies and quantifies credit 

risk within supply chain networks but also proactively manages and mitigates these risks. Our focus lies in 

amalgamating advanced computational methodologies, such as machine learning algorithms like LightGBM, with 

empirical data from diverse supply chain sources. By harnessing the power of these tools, we aim to develop a model 

that provides actionable insights into credit risk dynamics, enabling stakeholders to make informed decisions and 

fortify their supply chain resilience. 

The significance of this framework extends beyond academic realms, offering tangible value to practitioners, 

businesses, and policymakers. Enabling stakeholders to proactively assess, monitor, and respond to credit risks within 

supply chain networks holds the potential to enhance financial stability, streamline operations, and fortify competitive 

advantages. Moreover, the anticipated contributions of this study encompass not only the development of a novel 

methodology but also the provision of actionable insights that can drive effective credit risk management strategies, 

fostering sustainable and robust supply chain ecosystems. 

The paper is organized into several distinct sections to present a comprehensive exploration of credit risk management 

within supply chain networks. Section 2 delves into an extensive review of Related Works, offering an in-depth 

analysis of existing literature. Following this, Section 3 elucidates the Methodology employed in this study, detailing 

the systematic approach used to construct a robust framework for strategically managing credit risk. Section 4 

delineates the specific methodologies, algorithms, and techniques utilized in the empirical analysis and model 

development, providing a comprehensive understanding of the research approach. In Section 5, the empirical findings 

and outcomes of the proposed framework are presented and critically analyzed. Finally, Section 6 encapsulates the 

Conclusion, summarizing the key findings. 

2. Related Works 

This section provides a comprehensive review of existing scholarly works, theories, and empirical studies pertinent to 

credit risk assessment and management within the domain of supply chain networks. Within the intricate fabric of 

modern commerce, the effective management of credit risk stands as a linchpin for ensuring financial stability and 

operational resilience across interconnected supply chains. The integration of supply chain and network analyses has 

been a focal point in understanding complex business relationships and operations within modern industries. Lazzarini 

et al. [15] explore this integration through their study of "Netchains," emphasizing the interconnectedness and 

dynamics inherent in supply chain networks. Building on this, Kölbel et al. [16] delve into the impact of media 

coverage of corporate social irresponsibility on financial risk, shedding light on the influence of external factors on 

risk assessment within corporate environments. 

Berry et al. [17] delve into supply chain management in the electronics products industry, offering insights into 

industry-specific practices and strategies. Additionally, Gattorna's work [18] on strategic supply chain alignment 

presents best practices in supply chain management, providing a foundational understanding of alignment strategies 

within supply chain networks. Exploring risk management within supply chains, Blos et al. [19] conducted a case 

study on the automotive and electronic industries in Brazil, focusing on supply chain risk management practices. 

Ritchie and Brindley [20] provide a guiding framework for supply chain risk management, offering a comprehensive 

approach for managing and mitigating risks across supply chains. Moreover, Salin and Nayga Jr. [21] discuss the 

establishment of a cold chain network for food exports to developing countries, emphasizing logistics and quality 

preservation within supply chains. Melo et al. [22] contribute a comprehensive review of facility location and its 

impact on supply chain management, offering insights into strategic decisions. Randall and Farris [23] highlight the 

significance of supply chain financing and its impact on strengthening supply chains through cash-to-cash variables. 

Morash [24] explores the relationship between supply chain strategies, capabilities, and performance, shedding light 

on the interplay between strategy and operational outcomes. 

Behzadi et al. [25] review quantitative decision models in agribusiness supply chain risk management, offering a 

quantitative perspective on risk assessment and management strategies. Lambert [26] provides a broader 
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understanding of supply chain management processes, partnerships, and performance. Furthermore, Lasserre [27] 

discusses global strategic management, emphasizing the complexities and considerations of managing global supply 

chains. Hines [28] focuses on demand-driven and customer-focused supply chain strategies, highlighting the 

importance of aligning supply chain practices with customer needs. Lastly, Li and Whalley [29] deconstruct the 

telecommunications industry from value chains to value networks, offering insights into evolving industry structures 

and dynamics. 

3. Methodology 

The methodology employed in this study is crucial in delineating the systematic approach used to construct a robust 

framework for the strategic management of credit risk within supply chain networks. The development of such a 

framework demands a methodical process that integrates theoretical insights, empirical analysis, and practical 

considerations. In this section, we outline the methodologies adopted to conceptualize, design, and validate the novel 

framework proposed for effective credit risk management in supply chain networks. 

LightGBM, an efficient gradient boosting framework developed by Microsoft, stands as a prominent machine learning 

algorithm utilized extensively in predictive modeling tasks owing to its speed and accuracy. Unlike traditional boosting 

algorithms, LightGBM adopts a novel technique called Gradient-Based one-sided sampling (GOSS) and Exclusive 

Feature Bundling (EFB), optimizing computational efficiency without compromising predictive performance. It works 

by constructing decision trees in a leaf-wise fashion, significantly reducing the number of nodes while increasing the 

depth, resulting in a higher degree of accuracy and faster training times compared to other gradient-boosting 

algorithms. The algorithm's ability to handle large datasets efficiently and its flexibility in dealing with both regression 

and classification tasks make it a compelling choice for modeling complex credit risk information within supply chain 

networks. 

In this study, LightGBM serves as the primary machine learning algorithm employed for modeling credit risk 

information within supply chain networks. Leveraging its inherent capabilities, we utilize LightGBM to create a 

predictive model that evaluates credit risk based on a multitude of factors extracted from supply chain data. The 

algorithm is trained on historical credit data, integrating various features such as transactional information, supplier 

performance metrics, financial indicators, and market dynamics. Through a supervised learning approach, LightGBM 

is fine-tuned to effectively distinguish between low-risk and high-risk credit profiles, enabling the creation of a robust 

predictive model tailored to the intricacies of supply chain networks.  The introduction to the theoretical foundation 

of the LightGBM model's objective function delves into its fundamental components. In this context, 'yi' denotes the 

objective value, while 'i' signifies the predicted value derived from the model. 'T' represents the count of leaf nodes 

within the model structure, 'q' symbolizes the tree's structural function, and 'w' corresponds to the weight attributed to 

each leaf node. At the core of the LightGBM model lies its objective function, which is articulated as follows: 

𝑂bj(𝑡) = ∑𝑙(𝑦𝑖
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The logistic loss function utilized within LightGBM is expressed as follows: 

𝐿(𝜃) =∑[𝑦𝑖ln(1 + 𝑒−𝑦̂𝑖) + (1 − 𝑦𝑖)ln(1 + 𝑒)𝑦̂𝑖]

𝑖

 (2) 

 

The definition of the objective function in LightGBM involves employing the Taylor expansion technique. This 

mathematical approach allows us to approximate a function using polynomial terms, particularly around a specific 

point, by evaluating the function's derivatives. By utilizing Taylor expansion, the objective function within LightGBM 

can be articulated as follows: 
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At this stage, the objective function can be described by the following mathematical expression: 

𝑂𝑏𝑗(𝑡) = ∑[𝑙(𝑦𝑖 , 𝑦̂
(𝑡−1)) + 𝑔𝑖𝑓𝑡(𝑥𝑖) +
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In LightGBM, the traversal of all leaf nodes involves the accumulation of 'n' samples. This accumulation process 

refers to the method by which the algorithm navigates through the tree structure built during the training phase. As the 

algorithm progresses through the decision tree, it accumulates 'n' samples, which represent the number of instances or 

observations in the dataset. This traversal mechanism ensures that each sample is appropriately assigned to the relevant 

leaf node based on the conditions met along the tree's branches. By systematically accumulating and allocating 

samples to leaf nodes, LightGBM efficiently processes the dataset, allowing for accurate predictions and computations 

within the constructed tree model. 

𝑂𝑏𝑗(𝑡) ≅ ∑[𝑔𝑖𝑓𝑡(𝑥𝑖) +
1

2
ℎ𝑖𝑓𝑡

2(𝑥𝑖)]

𝑛

𝑖=1

+ Ω(𝑓(𝑡)) (5) 

The notation "Ij" signifies the sample set allocated or contained within a specific leaf node, denoted as "j." This 

designation represents the collection or grouping of individual samples that have traversed through the decision tree 

and ultimately arrived at the corresponding leaf node "j." These samples are specifically grouped within this leaf node 

based on the conditions and criteria defined by the tree's branches during the traversal process. In essence, "Ij" 

represents a subset of the entire dataset, comprising those instances or observations that have followed the pathway 

through the tree structure and have been assigned to this particular leaf node "j." 

𝐺𝑗 =∑ 𝑔𝑖
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, 𝐻𝑗 =∑ ℎ𝑖
𝑖∈𝐼𝑗

 (6) 

 

Hence: 
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The process involves computing the partial derivative of the output, denoted as Wj, about the jth leaf node. This 

derivative calculation aims to determine the rate of change of the output value concerning a specific variable or 

variables. Once this partial derivative is obtained, the objective is to find the minimum value through an optimization 

process. This search for the minimum value is crucial in refining the output of the jth leaf node to ensure it aligns 

optimally with the overall objective function or criteria specified within the context of the LightGBM model. The 

optimization seeks to adjust the output Wj in such a way that it contributes to minimizing the overall loss or error 

function, thus enhancing the predictive performance or accuracy of the model. 
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This function 𝐿𝑡(𝑞) encapsulates the specific structure defined by the tree 𝑞(𝑥). It represents a mapping or 

representation of the chosen tree structure within the context of the LightGBM model. The function Lt(q) essentially 

characterizes the arrangement of nodes, branches, and leaf nodes defined by the tree q(x) for a given input variable 𝑥. 
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It helps encapsulate the decision-making process carried out by the tree structure and aids in evaluating the predictive 

outcomes or values associated with various inputs based on this determined tree structure. The function 𝐿𝑡(𝑞) acts as 

a representation of the learned structure within the model, allowing for subsequent calculations and predictions based 

on the defined tree arrangement for incoming data points or instances. 
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The calculated gain refers to a quantitative measure obtained during the training process within LightGBM. This 

metric serves as an assessment of the significance or importance of specific features or variables in the decision-

making process of the model. The gain is computed based on various factors such as the splitting criteria, information 

gain, or other relevant metrics determined during the construction of the decision trees within the LightGBM 

framework. Essentially, the calculated gain provides insight into the contribution of each feature or variable toward 

improving the model's performance by aiding in the differentiation or classification of data points at different nodes 

of the tree.  
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1

2
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4. Experimental Settings 

This section delineates the meticulous experimental design employed to construct and validate the proposed model. 

Recognizing the intricate nature of credit risk assessment and management in modern supply chains, this section 

details the methodological underpinnings that guided the empirical analysis and model development process. The 

experimental design intricately combines theoretical foundations with advanced computational methodologies, 

notably leveraging machine learning algorithms like LightGBM, to harness the power of empirical data drawn from 

diverse supply chain sources. 

The implementation settings for this study were meticulously crafted to ensure a comprehensive exploration of credit 

risk within supply chain networks. The computational framework was built using Python programming language, 

incorporating libraries such as Pandas and Scikit-learn for data manipulation and machine learning tasks. The machine 

learning algorithm LightGBM was employed for its efficiency and accuracy in modeling complex datasets. The 

experimental setup involved leveraging a dataset spanning diverse supply chain parameters, including transactional 

information, supplier performance metrics, financial indicators, and market dynamics. The model was trained and 

validated using a 70/30 train-test split and assessed through cross-validation techniques to ensure robustness. Table 1 

summarizes the key specifications of the implementation settings: 
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Table 1: Summary of Implementation Settings for Credit Risk Management in Supply Chain Networks 

Aspect Specification 

Programming Language Python 3.2 

Libraries/Frameworks Pandas 1.0.3, Scikit-learn 0.20.1 

Dataset Source Multiple supply chain databases and repositories 

Dataset Size Approximately 10,000 records 

Data Granularity Daily and monthly aggregates 

Feature Selection Recursive Feature Elimination (RFE) 

Model Hyperparameters Tuned via GridSearchCV 

Model Validation Method K-fold Cross-validation (k=5) 

Performance Metrics Accuracy, Precision, Recall, F1-score 

Hardware Intel Core i7 CPU, 16GB RAM 

 

Our case study involves an in-depth analysis of credit risk within supply chain networks, leveraging a comprehensive 

dataset comprising diverse features capturing critical information associated with loan applications and borrowers. 

These features encompass essential parameters such as person_age, person_income, and person_home_ownership, 

providing insights into the demographic and financial profiles of individuals seeking loans. Moreover, variables like 

loan_intent and loan_grade shed light on the purpose and creditworthiness categorization of the loan applications. The 

loan_amnt and loan_int_rate highlight the loan amount and associated interest rates, pivotal factors influencing credit 

risk assessment. Additionally, the loan_status attribute categorizes loans into default and non-default categories (0 

representing non-default and 1 denoting default), serving as the focal point for risk evaluation. Furthermore, 

loan_percent_income offers perspectives on debt-to-income ratios, while cb_person_default_on_file and 

cb_person_cred_hist_length capture historical default behavior and credit history length, respectively. This 

multifaceted dataset forms the cornerstone of our case study, allowing for a comprehensive exploration and modeling 

of credit risk dynamics within the complex framework of supply chain networks. The summary statistics encapsulating 

essential characteristics of the dataset are comprehensively presented in Table 2. This tabulated overview offers a 

succinct yet detailed glimpse into the distribution, central tendencies, and variability of key variables crucial to 

understanding credit risk within supply chain networks. 

Table 2: Summary Statistics of Key Variables in the Dataset for Credit Risk Assessment within Supply Chain Networks 

 

person

_age 

person_in

come 

person_emp

_length 

loan_a

mnt 

loan_int

_rate 

loan_st

atus 

loan_percent_

income 

cb_person_cred_h

ist_length 

cou

nt 

28638.

0 
28638.0 28638.0 

28638.

0 
28638.0 

28638.

0 
28638.0 28638.0 

mea

n 
27.7 66649.4 4.8 9656.5 11.0 0.2 0.2 5.8 

std 6.3 62356.4 4.2 6329.7 3.2 0.4 0.1 4.0 

min 20.0 4000.0 0.0 500.0 5.4 0.0 0.0 2.0 

25% 23.0 39480.0 2.0 5000.0 7.9 0.0 0.1 3.0 

50% 26.0 55956.0 4.0 8000.0 11.0 0.0 0.2 4.0 

75% 30.0 80000.0 7.0 
12500.

0 
13.5 0.0 0.2 8.0 

max 144.0 
6000000.

0 
123.0 

35000.

0 
23.2 1.0 0.8 30.0 
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5. Results and Discussion 

This section presents the empirical results derived from the application of the developed framework for strategic credit 

risk management within supply chain networks. Through rigorous experimentation and analysis, this study unveils the 

outcomes and insights obtained from deploying the proposed model. 

The comprehensive analysis of missing values within the dataset is visually presented in Figure 1. This visual depiction 

offers a detailed overview of the extent and distribution of missing data across various attributes crucial for credit risk 

assessment within supply chain networks. The graphical representation in Figure 1 encapsulates the percentage or 

frequency of missing values within each variable, highlighting the potential gaps or limitations in the dataset. By 

visually depicting the missing value patterns, Figure 1 aids in understanding the completeness of the dataset and 

identifies variables that might require imputation or handling of missing data. This insightful analysis, showcased in 

Figure 1, serves as a foundational step in data preprocessing, enabling researchers to make informed decisions 

regarding missing value treatment strategies in subsequent modeling and analysis stages. 

The examination of variable correlations has been meticulously conducted through pair plots, presented in Figure 2, 

to unveil the interrelationships and dependencies among key attributes within the dataset. These pair plots visually 

represent the pairwise relationships between variables, allowing for a comprehensive assessment of their linear or 

nonlinear associations. Figure 2 provides a graphical overview of the scatterplots and correlation patterns among 

variables, enabling insights into potential patterns, trends, or dependencies that may exist between different attributes 

crucial for credit risk assessment within supply chain networks. This exploratory analysis through pair plots aids in 

Figure 1: Visualization of Missing Value Analysis Across Dataset 

Attributes for Credit Risk Assessment within Supply Chain 

Networks 
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identifying potential multicollinearity or interdependencies among variables, guiding subsequent feature selection or 

engineering processes essential for constructing an accurate and robust credit risk assessment model. 

The precision-recall curve serves as a pivotal evaluation metric, illustrating the performance and efficacy of our model, 

and is visually depicted in Figure 3. This curve offers a comprehensive depiction of the trade-off between precision 

and recall across various threshold values employed in the classification process. Figure 3 showcases the model's 

ability to correctly identify positive instances (precision) while capturing the entirety of the actual positive instances 

(recall). This graphical representation provides a nuanced understanding of our model's performance in distinguishing 

between default and non-default cases within the supply chain credit risk assessment context. By visualizing the 

precision-recall relationship in Figure 3, we gain insights into the model's capability to make accurate classifications, 

aiding stakeholders in comprehensively assessing the model's effectiveness and guiding decision-making processes 

within supply chain networks. 

Figure 2: Pairwise Variable Correlation Analysis through Scatterplots for Credit Risk Assessment in Supply Chain 

Networks 
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The Receiver Operating Characteristic (ROC) curve, illustrated in Figure 4, serves as a fundamental tool for evaluating 

the performance of our model in credit risk assessment within supply chain networks. This curve provides a graphical 

representation of the trade-off between the true positive rate (sensitivity) and the false positive rate (1 - specificity) 

across various threshold values employed in the classification process. Figure 4 visually depicts the model's ability to 

discern between default and non-default cases, showcasing its capacity to correctly classify instances while 

minimizing misclassifications. The ROC curve offers a comprehensive assessment of the model's discriminatory 

power, illustrating its effectiveness in distinguishing between positive and negative cases. By visually representing 

the ROC curve in Figure 4, we gain valuable insights into the model's overall predictive performance, aiding in 

comprehensive assessments and facilitating informed decision-making processes within the context of credit risk 

management in supply chain networks. 

6. Conclusion  

The pursuit of effective credit risk management within the intricate webs of supply chain networks remains a pivotal 

concern for contemporary businesses. Through the meticulous exploration and development of a strategic framework 

in this study, we have endeavored to address this concern by amalgamating theoretical insights, empirical analysis, 

Figure 3: Precision-Recall Curve Displaying Model 

Performance for Credit Risk Assessment within Supply Chain 

Networks 

Figure 4: Receiver Operating Characteristic (ROC) Curve 

Illustrating Model Discriminatory Power in Credit Risk 

Assessment for Supply Chain Networks 
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and advanced computational methodologies. The comprehensive review of related works unveiled the multifaceted 

nature of credit risk management, emphasizing the interconnectedness between supply chain dynamics and financial 

stability. Leveraging this foundation, our study delved into methodological intricacies within the experimental design, 

leveraging LightGBM to capture essential attributes crucial for credit risk assessment. The empirical journey 

showcased in this research yielded valuable insights. We meticulously analyzed the dataset, unraveling missing value 

patterns and examining variable correlations, crucial steps in data preprocessing. Leveraging pair plots, we explored 

the interrelationships among attributes, guiding subsequent feature engineering processes. The precision-recall and 

ROC curves unveiled the predictive power of our model, illustrating its ability to discern default and non-default cases 

within supply chain credit risk assessment contexts. These evaluations, encapsulated in Figures 3 and 4, provided a 

robust assessment of our model's performance, demonstrating its efficacy and potential practical implications within 

the domain. 
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