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Abstract

This study aimed to evaluate the performance of the gradient boosting decision tree model, the parameters of which were optimized with the
improved Gray Wolf Algorithm (GWO) by adding financial network-related variables via the selected models of predicting financial distress.
The proposed model of this study was implemented on the data of 123 manufacturing companies admitted to the Tehran Stock Exchange and
Iran Fara Bourse Co. (IFB) from 2014 to 2021. Initially, the financial network was formed and then, the financial distress of companies was
predicted by integrating the network-based variables with financial ratios and using a gradient boosting decision tree model. The model of the
gradient boosting decision tree had better performance in terms of precision and Type | error by adding Financial Network Indicators (FNI)
compared to the two models of K-Nearest Neighbor (KNN) and Logistic Regression (LR). Companies with betweenness centrality and high
degree centrality were found to be less prone to financial distress and vice versa. This is the first study to predict financial distress by using
financial network-related variables integrated with financial ratio variables through the novel gradient boosting decision tree method, the
parameters of which were optimized with the improved GWO.

Keywords: Financial Distress, Financial Network, Gradient Boosting Decision Tree, Improved Gray Wolf Algorithm (GWO), Centrality
Criteria.

Introduction

Previous studies on predicting financial distress have mainly adopted financial variables in financial statements as explanatory
variables, while ignoring some other potentially useful information, such as financial network-related information. Disregarding such
information for predicting financial distress is one of the significant gaps in the literature. Therefore, the present study aimed to evaluate
the performance of the gradient boosting decision tree model, the parameters of which were optimized with the improved Gray Wolf
Algorithm (GWO), along with the financial network-related variables, which showed another gap in the literature, and then compare
its findings with the two recently widely used models of K-Nearest Neighbor (KNN) and Logistic Regression (LR). The following
questions were posed in the present study.

1. Can the integrated IGWO-GBDT model provide a better prediction of financial distress compared to the widely selected models of
LR and KNN?

2. Does the inclusion of financial network variables improve the performance of the integrated IGWO-GBDT model for predicting
financial distress?
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3. Does the inclusion of financial network variables improve the performance of the widely used models of LR and KNN for predicting
financial distress?

Materials & Methods

The sample of this study included all the manufacturing companies listed in the Tehran Stock Exchange and Iran Fara Bourse Co. (IFB)
from 2014 to 2021, of which 123 companies were selected. The information of the last 30 trading days in each fiscal year was used to
form the financial network variables. Finally, 8 financial variables were selected based on those adopted by Ebrahimi Sarvolia et al.
(2018), including current ratio, net ratio of working capital to total asset, ratio of current asset to total asset, profit margin, return on
assets, return on equity, book to market ratio, and size of company. Furthermore, the total debt ratio, a widely used variable in previous
studies, was added to the financial variables. Regarding the financial network variables, the 4 variables of degree centrality,
betweenness centrality, eigenvector centrality, and closeness centrality were selected similar to those selected by Montasheri and Sadeqi
(2020) and Liu et al. (2019). More than one criterion was applied to measure financial distress in this study. Any companies that met
at least one of the four mentioned criteria were considered distressed in that year. These criteria were subject to Article 141 of the
Commercial Law, suffering losses for 3 consecutive years (Damoori & Hozhabrie, 2019), subject to Article 412 of the Commercial
Law, referring to a debt ratio higher than 1 (Poorheidari & Koopaei, 2011), and had negative equity.

Findings

The findings indi.a ted that the mean degree of centrality for companies with financial health was 0.203, while it was 0.193 for the
distressed companies. Betweenness centrality was 0.007 for the distressed and non-distressed companies. Regarding eigenvector
centrality, the means of healthy companies and those with financial distress were 0.083 and 0.104, respectively. Also, the values of
closeness centrality were 0.525 and 0.496 for the mentioned companies, respectively. Table 5 shows that all the 3 models have
performed quite well in terms of prediction of the class of healthy companies, while the error was below 10%. Still, the distinguished
performances of these models were revealed when they could accurately and appropriately predict the class of financially distressed
companies, which included only 12% of observations. The type I errors in the LR and KNN models were respectively 20 and 40%,
bearing huge costs. In other words, these two models mistakenly predicted distressed companies as healthy ones in 20 and 40% of
cases. However, the type I error of the proposed research model was only 5%, indicating high accuracy of the model.

Table 5. Comparison of the performances of the 3 studied models with and without financial network variables

LR FN-LR KNN FN-KNN GBDT FN-GBDT
Accuracy 0.901 0.907 0.906 0.895 0.96 0.982
Error 1 0.24 0.20 0.31 0.40 0.11 0.05
Error 2 0.086 0.078 0.011 0.065 0.033 0.013
AUC 0.932 0.959 0.916 0.907 0.989 0.933
G-mean 0.833 0.858 0.826 0.748 0.927 0.968

Discussion and Conclusion

(1) Financial network variables can be employed to explore useful information in the financial network and improve the prediction
performances of classifiers.

(2) According to the definition of centrality, companies with high centrality, especially betweenness centrality and degree centrality,
are less prone to financial distress and vice versa.

(3) The improved GWO is a practical method for selecting the parameters of the gradient boosting model.

(4) The gradient boosting decision tree model is highly efficient when the frequency ratio of the samples of each class is significantly
different from those of other classes. The experimental findings revealed that the proposed model outperformed the other two models
in predicting financial distress. This was confirmed by the adopted evaluation criteria.
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Figure (1) The positions of the hunters near the prey (Heidari & Aliabbaspour, 2016)
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Figure (2) 3D motion vector of wolves (Heidari & Aliabbaspour, 2016)
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Figure (3) The effect of changing the convergence coefficient in exploration and extraction
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! Extreme learning
2, Harmony search
3, Imperialist Competition
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! Python
2 Jupyter
3, Spyder
4, Pandas
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Table (2) Packages and functions used in the scikit Learn library
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. Numpy

. Matplotlib

. Swarmlib

. Networkx

. Scikit learn

. Confusion Matrix
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Table (3) Values related to financial network variables
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. penalty

. tolerance

. Max-iteration

. N-neighbors

. Leaf size

. Weight = uniform

. Algorithm = auto

. Metric = minkovski
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Table (4) Comparison of financial ratios between healthy and distressed companies
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Table (5) Comparing the performance of three models with and without financial network variables
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Figure (5) Performance comparison of three models
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Table (6) Comparison of the confusion matrix in gradient boosting decision tree method with logistic
regression and nearest neighbor models
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Table (7) Mean comparison test for the evaluation criteria of all three models
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Table (9) Results of sensitivity analysis on gradient boosting decision tree model
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Table (9) Relative importance of predictor variables
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