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Abstract. This study introduces a boosting framework for financial distress pre-

diction, specifically designed for imbalanced data, and incorporates robust busi-

ness logic to enhance interpretability. The framework employs a clustering algo-

rithm to group data samples based on corporate governance features and then 

determines the optimal number of clusters using a unique validation measure. An 

oversampling method is applied post-clustering, followed by a base prediction 

algorithm to predict financial distress for each cluster. The empirical analysis is 

conducted using imbalanced sample data from Chinese listed companies, with 

feature data at time 𝑡 − 𝑚 (where 𝑚 = 1,2,3) and the Special Treatment (ST) 

status at time 𝑡 used to train the model. The aim is to predict the occurrence of 

financial distress 𝑚 years into the future. The results demonstrate that the pro-

posed boosting framework outperforms the base model in terms of prediction 

accuracy on imbalanced data. 

Keywords: Boosting framework, Financial distress prediction, Imbalanced 

data, Clustering validation measure. 

1 Introduction 

Financial distress is a state where a firm struggles to meet its debt obligations due to 

inadequate operating cash flow. An early warning system for financial distress can 

equip firms with the necessary tools to navigate financial challenges and shocks that 

arise from a deteriorating external economic environment. Conversely, the lack of such 

a system can lead to investment failures and financial losses for financial institutions 

like banks. As a result, financial distress prediction (FDP) has garnered significant at-

tention, leading to the development of various models aimed at fostering a more scien-

tific approach to financial risk management. 

Initial research in the field of financial distress prediction (FDP) primarily employed 

traditional statistical analysis models such as the univariate model[1], Z-score 

model[2], logistic regression model[3], and factor analysis[4]. However, these statisti-

cal methods often hinge on the assumptions of multivariate normal distribution and 

independence among explanatory variables, which are not always met in real-world 

scenarios. 
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With the rapid advancement of computer and software technologies, artificial intel-

ligence (AI) methods have been increasingly incorporated in the development and re-

search of FDP models. AI methods are gaining popularity over traditional statistical 

methods due to their superior performance in handling complex data structures and 

patterns. In recent times, a variety of AI methods including artificial neural networks 

(ANN)[5, 6], support vector machines (SVM)[7, 8], Bayesian network models[9], hy-

brid models[10], and ensemble methods[11] have been successfully employed in finan-

cial distress prediction. 

Recent years have seen a preponderance of studies on FDP that rely on balanced 

datasets for model construction. This approach overlooks the issue of class imbalance 

between financially distressed samples and normal samples, potentially leading to an 

overestimation of the FDP models’ ability to identify distressed companies. Ve-

ganzones and Severin[12] discovered that the predictive performance of FDP models 

based on Machine Learning (ML) is sensitive to the imbalance rate, experiencing rapid 

decay when the minority class constitutes less than 20%. McKee and Greenstein[13] 

further highlighted that imbalanced datasets result in poor classification performance, 

as evidenced by their investigation into the capabilities of three bankruptcy prediction 

models across five highly imbalanced datasets. Moreover, much of the existing FDP 

research neglects the decision logic of the FDP model, failing to provide risk managers 

with convincing supporting explanations. Therefore, the construction of an interpreta-

ble FDP model based on an imbalanced dataset is a crucial issue warranting in-depth 

discussion. 

To overcome the limitations of existing methodologies, we propose an interpretable 

boosting framework for FDP to handle imbalanced data and provide early warnings of 

financial distress. Echoing the findings of Hsieh and Hung [14], we posit that the quality 

of training samples influences classifier accuracy and that clustering can unveil hidden 

patterns and eliminate unrepresentative samples. Consequently, we plan to employ a 

clustering algorithm to segment the training data. As the number of clusters cannot be 

predetermined by the clustering algorithm, we introduce a validation measure to ad-

dress this issue. To conserve the original data’s information and minimize subsequent 

computational costs, the segmented clusters are categorized into isolated and incon-

sistent clusters, with detailed definitions provided in Section 3.1. In this study, isolated 

clusters are interpreted as companies that, due to their sound corporate governance, will 

not experience financial distress in the future. Conversely, inconsistent clusters repre-

sent companies that, due to their poor governance structure, may face financial distress 

and thus require further prediction. Generally, the poorer the corporate governance, the 

higher the likelihood of financial distress, implying that a higher proportion of finan-

cially distressed samples within a cluster indicates a poorer corporate governance struc-

ture within that cluster. Previous research[15] has demonstrated that the governance 

structure of listed companies influences financial distress. Therefore, we construct a 

separate prediction model for each inconsistent cluster based on its governance struc-

ture. Given the imbalanced data within inconsistent clusters, we employ the over-

sampling method, a prominent technique for handling imbalanced data, to achieve sam-

ple class balance. The basic algorithm is then used to predict financial distress for each 

inconsistent cluster using financial features. 
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In summary, the contributions of this paper are the following: 

1. A novel boosting framework is proposed aimed at enhancing both the perfor-

mance and interpretability of FDP on imbalanced data. 

2. A validation measure to ascertain the optimal number of clusters. 

3. By combining the clustering algorithm and oversampling operations, we ef-

fectively tackle the issues of imbalance in real financial datasets. 

4. Empirical analysis results, using imbalanced samples gathered from Chinese 

listed companies, demonstrate that our proposed framework surpasses the 

basic model in performance. 

2 Related works 

2.1 Clustering algorithms and validation measures 

In the realm of clustering algorithms, the k-means++ algorithm stands out as the 

most widely used. Introduced by David Arthur and Sergei Vassilvitskii[16], k-means++ 

is an enhancement of the k-means algorithm, which was proposed by MacQueen[17]. 

The k-means algorithm has been lauded for its linear time complexity and adaptability 

to sparse matrix data, but it has been criticized for its dependence on the initial selection 

of cluster centers and the determination of the number of clusters. The k-means++ al-

gorithm addresses these issues by improving the initial seeding process, leading to bet-

ter performance[18]. This has resulted in its extensive use in scientific and industrial 

applications, solidifying its position as the most popular clustering algorithm. 

Nowadays, clustering evaluation methods are categorized into supervised and unsu-

pervised methods. Supervised methods, like the Rand Index, use known labels for eval-

uation. They are intuitive but can be overly optimistic. Unsupervised methods, like Sum 

of Square Distance (SSD), Average Silhouette Coefficient (ASC), and purity, assess 

clustering quality without ground truth labels. While they are simple to understand and 

calculate, they have limitations such as assuming convex clusters, being computation-

ally expensive, and not accounting for class distribution within clusters. 

2.2 Oversampling Technique 

The Synthetic Minority Oversampling Technique (SMOTE) is a widely recognized 

method for addressing imbalanced datasets, particularly in binary classification prob-

lems. SMOTE works by synthesizing new examples from the minority class, thereby 

overcoming the overfitting problem posed by random oversampling. This technique has 

been applied in various supervised learning paradigms, including multi-label classifi-

cation, incremental learning, semi-supervised learning, and multi-instance learn-

ing[19]. Within the realm of financial distress prediction models, the transformation of 

data from an imbalanced state to a balanced one using SMOTE has been shown to en-

hance prediction accuracy[20]. 
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In conclusion, SMOTE’s ability to balance class distribution and provide additional 

information to the model has made it an essential tool in the field of imbalanced data 

analysis and its application in financial distress prediction models. 

2.3 Prediction distress models 

The prediction of bankruptcy has been a focal point of research and decision-making 

over the years, leading to a rich body of literature that explores a variety of predictive 

methods. Among these, logistic regression has been a prominent tool in the field of 

financial distress and bankruptcy prediction. Early studies, such as the logistic regres-

sion model introduced by Ohlson, have demonstrated its effectiveness in distress pre-

diction and found widespread application in related fields[7, 21]. More recent studies 

have further validated the robustness and accuracy of logistic regression by comparing 

it with other methods such as neural networks [22], thereby underscoring its significant 

role in financial distress and bankruptcy prediction. 

In parallel, Decision Trees (DT) and Random Forests (RF) have also been effectively 

applied in the prediction of financial distress. DT techniques have been utilized to con-

struct financial distress prediction models, thereby enhancing the accuracy of these 

models[23]. RF, on the other hand, has been employed to predict bank financial failures 

with a high degree of accuracy[24]. Recent research has shown that RF models outper-

form other models in predicting financial distress, particularly when combined with 

feature selection measures[8]. These applications of DT and RF underscore their po-

tential to enhance the accuracy and interpretability of financial distress prediction mod-

els. 

Furthermore, Artificial Neural Networks (ANNs) have been effectively utilized in 

the prediction of financial distress and bankruptcy. A study by Dube et al. explored the 

role of ANNs in predicting financial distress for companies listed on the Johannesburg 

Stock Exchange, achieving classification accuracy rates of 81.03% and 96.6% for the 

financial services and manufacturing industries, respectively [5]. Other studies have 

also demonstrated the superiority of ANN models over traditional statistical approaches 

in predicting a company’s financial distress[13, 25], further highlighting the significant 

role of ANNs in financial distress and bankruptcy prediction. 

3 Methodology 

In the FDP model, we typically observe a class imbalance in the sample data distri-

bution, as the number of financially distressed companies is significantly smaller than 

that of normal companies. To address this issue, we propose the boosting framework 

denoted as BF, which is specifically designed for prediction models on imbalanced 

data. 
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3.1 Clusters classification and validation method 

Given the inherent challenge of ascertaining the optimal number of clusters for a 

given dataset, this study introduces an external clustering approach designed to identify 

this optimal count. The primary objective of this approach is twofold: to minimize the 

computational overhead associated with the predictive model, and to enhance the 

model’s interpretability. 

Consider an imbalanced dataset 𝑫 = {(𝒙1, 𝑦1), (𝒙2, 𝑦2), … , (𝒙𝑁 , 𝑦𝑁)}, where 𝑁 de-

notes the total number of samples,𝒙𝑖 = [𝑥𝑖1, 𝑥𝑖2, … , 𝑥𝑖𝑛] ∈ 𝑅𝑛  represents the feature 

vectors, and 𝑦𝑖 ∈ 𝑅 are the corresponding labels. A clustering algorithm is employed 

to partition the dataset 𝑫 into 𝑘 clusters, denoted as {𝐶1, 𝐶2, . . . , 𝐶𝑘. For each cluster 𝐶𝑖, 

we record the total number of samples 𝑁𝑖, the number of majority samples 𝑁𝑖
𝑚𝑎𝑗

, and 

the number of minority samples 𝑁𝑖
𝑚𝑖𝑛. The imbalance ratio for the cluster 𝐶𝑖 is then 

computed as follows: 

𝐼𝑖 =
𝑁𝑖

𝑚𝑎𝑗

𝑁𝑖
𝑚𝑖𝑛

.                                                               (1) 

To facilitate subsequent computations and identify the optimal number of clusters, 

we introduce a classification scheme for the clusters: isolated and inconsistent. This 

scheme is predicated on the distribution of data within the clusters. Consider a scenario 

where a cluster solely comprises samples of a single class. In this case, the imbalance 

ratio of the cluster can be deemed infinite. Consequently, any cluster with an imbalance 

ratio exceeding the threshold 𝐼𝑅 can be classified as an isolated cluster. For further anal-

ysis, the imbalance ratios of all clusters are arranged in ascending order, as illustrated 

below: 

𝐼1, . . . , 𝐼𝑘𝑖
, 𝐼𝑘𝑖+1

, . . . , 𝐼𝑘 .                                                       (2) 

Where 

𝐼𝑘𝑖
< 𝐼𝑅

𝐼𝑘𝑖+1
≥ 𝐼𝑅

                                                                 (3) 

which implies that the initial 𝑘𝑖 clusters, according to the ranking of imbalance ra-

tios, are classified as inconsistent clusters. The remaining 𝑘𝑗 clusters are identified as 

isolated clusters. The values of 𝑘𝑖 and 𝑘𝑗 are determined such that they satisfy the fol-

lowing equation: 

𝑘𝑖 + 𝑘𝑗 = 𝑘.                                                            (4) 

Based on the aforementioned discussion, we provide the definitions for isolated and 

inconsistent clusters as follows: 

Definition 1. Assuming that the dataset 𝑫 is partitioned into 𝑘 clusters, constant 

thresholds 𝐼𝑅 and 𝑁𝑘 are established for the imbalance ratio and the number of clusters, 

respectively. A cluster 𝐶𝑖 is defined as an isolated cluster if it exclusively contains sam-

ples of a single class or if its imbalance ratio satisfies 𝐼𝑖 ≥ 𝐼𝑅. Clusters that do not meet 
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these criteria are classified as inconsistent clusters. To prevent the formation of an ex-

cessive number of clusters, each containing only a few points, we impose the condition 

𝑘 ≤ 𝑁𝑘. 

Given that isolated clusters, which consist solely of a single class of data, render 

imbalance calculations moot, our attention is primarily directed toward the imbalance 

ratio of inconsistent clusters. Consequently, we formulate a modified validation meas-

ure predicated on this imbalance ratio, which can be articulated as follows: 

𝑀𝑘 = ∑
𝑁𝑖 ⋅ 𝑁𝑖

𝑚𝑎𝑗

𝑁 ⋅ 𝑁𝑖
𝑚𝑖𝑛

𝑖∈𝑘𝑖

+ ‖𝑘‖1.                                              (5) 

where ‖𝑘‖1 represents the L1 norm of 𝑘. We introduced the L1 norm as a penalty 

term to prevent the clustering process from creating an excessive number of clusters. 

This measure helps to mitigate the risk of overfitting in subsequent predictions and 

keeps computational costs manageable. 

The effectiveness of the clustering process is at its peak when the value of 𝑀𝑘 is 

minimized. This implies that the optimal number of clusters 𝑘̃ is: 

𝑘̃ = argmin
𝑘

𝑀𝑘                                                           (6) 

3.2 The boosting framework 

Consider a dataset 𝑫 = {(𝒙𝟏, 𝑦1), (𝒙𝟐, 𝑦2), … , (𝒙𝑁 , 𝑦𝑁)}. Each sample 𝒙𝒊 =

[𝑥𝑖1, 𝑥𝑖2, … , 𝑥𝑖𝑛𝑖
, 𝑥𝑖𝑛𝑖+1

, . . . , 𝑥𝑖𝑛] ∈ 𝑅𝑛 is a feature vector, where 𝑛 denotes the total 

number of features. The first 𝑛𝑖 features are utilized for clustering, while the rem  ain-

ing 𝑛𝑗 = 𝑛 − 𝑛𝑖 features are employed for prediction tasks. 

The dataset 𝑫 is partitioned into training data 𝐷𝑡𝑟𝑎𝑖𝑛 and testing data 𝐷𝑡𝑒𝑠𝑡 . A clus-

tering algorithm is applied to the training data 𝐷𝑡𝑟𝑎𝑖𝑛 , subdividing it into 𝑘̃ clusters 

𝐶1, 𝐶2, . . . , 𝐶𝑘̃. The optimal number of clusters  𝑘̃ is determined based on the validation 

measure proposed in Section 3.1, resulting in 𝑘 cluster centroids 𝑐1, 𝑐2, … , 𝑐𝑘̃. Subse-

quently, the oversampling method is utilized to process data in each inconsistent clus-

ter. Correspondingly, prediction models {𝑃𝐷𝑀1, 𝑃𝐷𝑀2, . . , 𝑃𝐷𝑀𝑘̃ are constructed for 

each inconsistent cluster after oversampling. 

The cluster to which the test sample 𝐱𝑗
𝑡𝑒𝑠𝑡 in 𝑫𝑡𝑒𝑠𝑡  belongs to is determined by the 

distance function, which is expressed as 

 𝑖𝑑 = arg min
𝑖

𝑑(𝒙𝑗
𝑡𝑒𝑠𝑡 , 𝒄𝒊)                                             (7) 

Here, 𝑖𝑑 represents the cluster number, indicating that the test sample 𝐱𝑗
𝑡𝑒𝑠𝑡 belongs 

to the cluster 𝐶𝑖𝑑. The prediction result 𝑦̃𝑗
𝑡𝑒𝑠𝑡 for 𝐱𝑗

𝑡𝑒𝑠𝑡 is then obtained using the corre-

sponding model 𝑃𝐷𝑀𝑖𝑑 . 

The framework of the boosting framework(denoted as BF) constructed in this paper 

is shown in Figure  1 . 
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Fig 1: The framework of proposed BF. 

The clustering algorithm is employed to segregate isolated clusters, which aids in 

the effective identification of companies that are less likely to encounter financial dis-

tress in the future. Such companies can be categorized as high-quality enterprises for 

practical applications. A company is deemed a high-quality enterprise, demonstrating 

resistance to future financial stress, if its corresponding test sample is located within an 

isolated cluster. For a given inconsistent cluster 𝐶𝑖, the proportion of samples experi-

encing financial stress is calculated: 

𝑅𝑓𝑑 =
𝑁𝐶𝑖

𝑚𝑖𝑛

𝑁𝐶𝑖

                                                              (8) 

where 𝑁𝐶𝑖
 and 𝑁𝐶𝑖

𝑚𝑖𝑛 represent the total number and minority samples in the cluster 

𝐶𝑖, respectively. The inconsistent clusters are arranged in ascending order based on 𝑅𝑓𝑑, 

which facilitates the classification of companies from excellent to poor in terms of cor-

porate governance. It’s important to note that a smaller 𝑅𝑓𝑑 value signifies superior 

corporate governance within the cluster. Variations in governance structures can influ-

ence financial metrics differently when predicting financial distress, leading to unique 

parameters for the predictive models across different clusters. By predicting each clus-

ter separately, the model’s accuracy and interpretability are enhanced. This approach 

also aids in providing clear explanations when presenting model results to stakeholders. 

Conversely, after filtering out the isolated clusters, the imbalance ratio of the remain-

ing samples will decrease. This allows for a reduction in the number of synthetic virtual 

samples generated using oversampling methods for each cluster, thereby mitigating the 

risk of inaccurate data generation by SMOTE. This claim is substantiated to a certain 

degree by the experimental results presented in Section 4.4. 

3.3 Evaluation measures 

Evaluation measures play a crucial role in assessing the performance of a model. 

The confusion matrix serves as the foundation for various evaluation criteria. It in-

volves four essential elements: True Positive (TP) is the number of correctly identified 
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default samples; False Positive (FP) is the number of non-default samples predicted as 

default samples; False Negative (FN)is the number of wrongly recognized default sam-

ples; True Negative (TN) is the number of correctly identified non-default samples. 

Due to the inherent class imbalance problem, relying solely on accuracy and preci-

sion rates for evaluating classifier performance may not be appropriate. In such scenar-

ios, our primary concern lies in correctly classifying the minority class. If a model 

simply assigns all examples to the majority class, it can achieve high accuracy, but this 

approach is ineffective in practice. To address this, the geometric mean (G-Mean), 

which combines sensitivity (recall) and specificity is used to evaluate the model’s per-

formance. The G-Mean provides a balanced assessment of a model’s performance 

across both classes.  

Area Under the ROC Curve (AUC) is a widely used evaluation measure in machine 

learning. It quantifies the overall performance of a binary classification model. 

The Kolmogorov-Smirnov (KS) value serves as a critical metric for assessing a 

model’s discriminatory power, particularly in credit risk modeling. It quantifies the 

maximum difference between the cumulative distributions of positive (event) and neg-

ative (non-event) samples. A larger KS value indicates stronger risk discrimination abil-

ity, with a threshold of 0.2 often considered usable. 

4 Empirical results 

4.1 Data description 

The sample data, sourced from the Wind financial database, encompasses nine non-

financial attributes, twenty financial attributes, and one early-warning status. This data 

pertains to Chinese companies listed between 2010 and 2021. The sample characteris-

tics are bifurcated into financial and non-financial aspects of the corporate governance 

structure. The selection of these feature systems has been extensively studied in both 

domestic and international literature. In this study, we have chosen nine non-financial 

and twenty financial characteristics based on the summaries provided by previous re-

searchers. The term “Special Treatment” (ST) is employed as a warning signal by the 

China Securities Regulatory Commission for listed companies facing difficulties. This 

is utilized as the early-warning output variable in our study. 

For a horizon of 𝑚 years, to enable 𝑚-year predictions, a suitable dataset is assem-

bled for 𝑡 − 𝑚(𝑚 = 1,2,3) by aligning the characteristics of the 𝑡 − 𝑚 year with the 

default state of the same company from years 𝑡 − 𝑚 to 𝑡. After eliminating samples 

with more than half of the values missing, the resulting datasets are obtained.  

4.2 Benchmarks 

In our study, we have employed several benchmark algorithms to ensure a compre-

hensive evaluation of our proposed method. By initially implementing an oversampling 

technique on the dataset, we subsequently employ predictive forecasting models which 

serve as our comparative benchmark. 
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These forecasting models include LR, DT, RF and ANN. LR is valued for its sim-

plicity, interpretability, and robustness to noise. DT is appreciated for its ability to han-

dle categorical data and provide a graphical representation of decision-making. RF, an 

ensemble method, is known for its high accuracy and ability to avoid overfitting, which 

is a common issue in DT. ANN, inspired by biological neural networks, excels in han-

dling complex, non-linear data and high-dimensional datasets. We have conducted rig-

orous tests using these benchmark algorithms on three datasets used in this paper, and 

the results provide a comparative performance analysis that underscores the effective-

ness of our proposed method. The detailed results and discussions will be presented in 

the subsequent sections of this paper. 

4.3 Parameters selection 

The parameters involved in this paper include the maximum number of clusters 𝑁𝑘 

in Definition 1, the imbalance ratio threshold 𝐼𝑅 in Eq.(7) and Eq.(8), the coefficient 𝛼 

in Eq.(6) and the optimal number of clusters 𝑘̃ in the clustering stage. 

 

Fig  2: The optimal number of clusters in three datasets. 

First, determine the value of 𝐼𝑅. The differentiation between inconsistent and iso-

lated clusters is largely dependent on the value of 𝐼𝑅, a crucial parameter that signifi-

cantly influences the model’s performance. The model’s capacity to identify incon-

sistent clusters diminishes when the 𝐼𝑅 value is too small, and it faces difficulties in 

recognizing isolated clusters when the 𝐼𝑅 value is excessively large. For the datasets 

utilized in this study, setting 𝐼𝑅 = 20 results in the majority of clusters satisfying the 

isolation condition (𝐼𝑐𝑙𝑢𝑠𝑡𝑒𝑟 > 20). This makes the proposed verification measure re-

dundant. Moreover, the financial significance discussed in Section 3.2 becomes irrele-

vant as almost all clusters are isolated. On the other hand, when 𝐼𝑅 is set to 200, clusters 

are identified as isolated clusters with 𝐼𝑐𝑙𝑢𝑠𝑡𝑒𝑟 ≥ 200. This leads to almost all clusters, 

except those with a single category, being classified as inconsistent. This setting nega-

tively impacts the clustering phase, resulting in increased computational costs in sub-

sequent processes. It also imposes stricter financial constraints on isolated clusters, 
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thereby hindering the development of an efficient risk management system. Based on 

our empirical knowledge and experience, we have chosen 𝐼𝑅 = 100 as the threshold 

value, and then set the maximum number of clusters 𝑁𝑘 = 15 because a higher number 

of clusters would result in empty clusters. 

The optimal number of clusters, denoted as 𝑘̃, is determined based on the validation 

measure outlined in Eq.(6), as proposed in Section 3.1. Fig  2 depicts the variation in 

this validation measure in relation to the number of clusters across three datasets. The 

validation measures exhibit a trend of initially decreasing and then increasing with the 

rise in the number of clusters for all three datasets. The optimal numbers of clusters are 

found to be 4, 6, and 5 for the 𝑡 − 1, 𝑡 − 2, 𝑡 − 3 datasets, respectively.  

4.4 Comparison and analysis of empirical results 

Based on the findings in Sec. 4.3, we partition the 𝑡 − 1, 𝑡 − 2, and 𝑡 − 3 datasets 

into 4, 6, and 5 clusters respectively, utilizing K-Means++. Subsequently, we apply 

SMOTE and LR, SVM, ANN to each cluster, yielding prediction outcomes. Ta-

blesTable 1-Table 3 present a comparative analysis of the three models, in the context 

of the optimal cluster count in the 𝑡 − 1, 𝑡 − 2, and 𝑡 − 3 datasets, respectively. 

Table 1. The precisions of different models in 𝑡 − 1 dataset 

Model 
Train data Test data  

G-Means AUC KS G-Means AUC KS 

SMOTE-LR 0.6822 0.6829 0.3657 0.6189 0.6268 0.2535 

SMOTE-DT 0.6830 0.6868 0.3737 0.6631 0.6685 0.3371 

SMOTE-RF 0.6829 0.6887 0.3773 0.6381 0.6491 0.2981 

SMOTE-ANN 0.6995 0.7004 0.4009 0.6338 0.6422 0.2845 

BF-LR 0.7312 0.7312 0.4625 0.6715 0.6812 0.3624 

BF-DT 0.7097 0.7167 0.4335 0.6992 0.7033 0.4065 

BF-RF 0.7484 0.7490 0.4981 0.7031  0.7085 0.4169 

BF-ANN 0.7765 0.7767 0.5535 0.6684 0.6792 0.3583 

The results presented in Tables Table 1-Table 3  demonstrate the efficacy of the pro-

posed boosting framework in enhancing the precision of financial distress prediction 

across all three datasets. This suggests that the augmented framework method exhibits 

superiority over the single-stage model in the realm of financial risk management, par-

ticularly in the early prediction of bankruptcy. 

As illustrated in Table 1, the BF-RF model exhibits superior performance, achieving 

a G-Means, AUC, and KS statistic of 0.7031, 0.7085, and 0.4169, respectively. This 

indicates that the BF-DT model exhibits the highest predictive accuracy within all mod-

els for financial distress within a one-year timeframe. As indicated in 错误!书签自引

用无效。, the BF-DT model demonstrates the highest predictive accuracy for financial 
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distress within two years. In a similar vein, Table 3 reveals that the BF-RF model out-

performs other models in predicting financial distress within three years. 

Table 2. The precisions of different models in 𝑡 − 2 dataset 

Model 
Train data Test data  

G-Means AUC KS G-Means AUC KS 

SMOTE-LR 0.7700 0.7704 0.5407 0.7641 0.7655 0.5310 

SMOTE-DT 0.8081 0.8081 0.6163 0.7617 0.7624 0.5247 

SMOTE-RF 0.7657 0.7799 0.5598 0.6724 0.6966 0.3932 

SMOTE-ANN 0.8085 0.8106 0.6212 0.7327 0.7399 0.4799 

BF-LR 0.8185 0.8196 0.6393 0.7706 0.7775 0.5551 

BF-DT 0.8341 0.8351 0.6702 0.7757  0.7821 0.5642 

BF-RF 0.7759 0.7916 0.5833 0.6812 0.7125 0.4250 

BF-ANN 0.8509 0.8520 0.7039 0.7498 0.7616 0.5233 

Table 3. The precisions of different models in 𝑡 − 3 dataset 

Model 
Train data Test data  

G-Means AUC KS G-Means AUC KS 

SMOTE-LR 0.6821 0.6828 0.3657 0.6189 0.6267 0.2535 

SMOTE-DT 0.6830 0.6868 0.3737 0.6631 0.6685 0.3371 

SMOTE-RF 0.6842 0.6895 0.3790 0.6448 0.6547 0.3095 

SMOTE-ANN 0.7010 0.7017 0.4034 0.6379 0.6450 0.2901 

BF-LR 0.7339 0.7341 0.4681 0.6635 0.6760 0.3521 

BF-DT 0.7089 0.7126 0.4251 0.6644 0.6766 0.3533 

BF-RF 0.7380 0.7403 0.4806 0.6839 0.6941 0.3882 

BF-ANN 0.7692 0.7700 0.5399 0.6621 0.6761 0.3522 

In the context of financial risk, augmenting the accuracy of FDP models carries mul-

tifaceted implications for various stakeholders. For investors, it facilitates the identifi-

cation of profitable businesses with increased precision. Concurrently, it equips lenders 

with the necessary apparatus to construct a more resilient risk management framework. 

For regulatory bodies, it aids in the accurate interpretation of market dynamics, thereby 

enabling them to adapt policies and regulations in accordance with the evolving finan-

cial landscape. This underlines the significance of improving the accuracy of FDP mod-

els in the financial risk domain. 
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5 Conclusion 

In this study, we introduce a unique boosting framework designed to predict corpo-

rate financial distress. This method is a fusion of clustering, oversampling, and predic-

tive models. A distinctive feature of this study is the determination of the optimal num-

ber of clusters for the clustering phase, achieved through a validation measure. Empir-

ical analysis reveals that our proposed boosting framework significantly outperforms 

single-stage prediction models, as demonstrated by its superior ability to reduce mis-

classification rates and enhance overall accuracy. Furthermore, compared to other mod-

els, our framework maintains business logic and interpretability. These results indicate 

that our boosting framework holds substantial promise for enhancing financial risk 

management, particularly in predicting imminent bankruptcy. 
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