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Abstract

The prediction of �rm �nancial distress during the COVID-19 crisis episode

attracted massive academic attention since economic uncertainty was exac-

erbated. In this paper, we propose a �rm �nancial distress prediction model

based on the Extreme Gradient Boosting-Genetic Programming (XGB-GP)

framework by investigating subsamples of pre-COVID and post-COVID pe-

riods. The key contribution of our paper is that we explore time-varying

prediction features for pre-COVID and post-COVID periods. We illumi-

nate that the earning �nancial indicator is the dominant feature for �nancial

distress prediction during the pre-COVID period, whereas total �nancial

leverage is the most important factor during the post-COVID period. On

this basis, our XGB-GP �nancial distress prediction model exhibits higher

prediction accuracy than the traditional models. As a result, managers can

modify the �nancial leverage level to improve the �nancial situation of the

�rm by reducing the debt burden and increasing pro�tability during the

post-COVID period.
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1. Introduction

The outbreak of COVID-19 has created adverse e�ects on economic sit-

uations worldwide, such as supply chain disruptions (Hosseini and Ivanov,

2021; Orlando et al., 2022) and economic crises (Vo et al., 2021; Brennan et

al., 2022; Khan, 2022), resulting in an increase in the probability of �nancial

distress and bankruptcy risk (Crespi-Cladera et al., 2021; Bozkurt and Kaya,

2022; Dorr et al., 2022; Zhao et al., 2023).

Therefore, the prediction of �nancial distress with the COVID-19 e�ect

becomes pivotal under such an economic crisis circumstance. More impor-

tantly, factors that in�uence the probability of �nancial distress would be

extremely helpful for the management board to raise the survival rate of the

company. Accordingly, the time-varying circumstance motivates us to deter-

mine the superiority of the factors that can a�ect the probability of �nancial

distress and then to formulate a prediction model for �rm �nancial distress

based on highly in�uential factors.

Our research can be strongly underpinned by the pecking order theory.

The pecking order theory states that �rms have a preferring order for �-

nancing sources from their internal �nancing resources to external �nancing

resources. For external �nancing, �rms usually prefer debt �nancing than eq-

uity �nancing (Chen et al., 2013). Firms that have high leverage ratio with

debt �nancing are prone to enter the �nancial distress condition. Conse-

quently, our XGB-GP model with feature selection can help �rms to identify

the most relevant debt-related factors to predict �nancial distress and thus

enable managers to better manage the capital structure, which can exempt

�rms from �nancial distress. Both practical and theoretical sides provide us

strong motivation to undertake this study to formulate the �nancial distress
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prediction model with feature selection.

Our study attempts to select features by using the Extreme Gradient

Boosting-Genetic Programming (XGB-GP) method to construct �nancial

distress prediction model. The preciousness of our contribution is that we

explore time-varying prediction features for pre-COVID and post-COVID

periods. By providing the comparative empirical evidence, we elucidate that

the earning �nancial indicator is the dominating feature for �nancial distress

prediction during the pre-COVID period. We further illuminate that total

�nancial leverage is the most important factor in predicting �rm �nancial

distress during the post-COVID period. It is arguable that when the econ-

omy is in an expanding episode, �rms are expected to expand earnings to

cover the debt payment (White, 1983), and companies with substantial earn-

ing reduction could be likely to be �nancially distressed before the COVID

period (Wu et al., 2010).

On the other hand, �rms cut their debt payments to survive during

economic downturn periods since the in�uence of �nancial leverage on the

�rm �nancial situation is threefold. First, �nancial leverage can increase the

debt burden of a company with high interest payments and thus increase

bankruptcy risk (Modigliani and Miller, 1963; Myers, 2001). Secondly, the

increase in �nancial leverage can generate high cash �ow volatility, which

can create disruptions in the capital chain, especially during crisis periods

(Mackay and Phillips, 2005; Elkhal, 2019). Finally, �nancial leverage creates

a negative e�ect on �rm pro�tability since �nancial leverage is positively

associated with cost �xity and agency cost (Baker, 1973; Dalci, 2018). Thus,

managers can modify the �nancial leverage level to improve the �nancial

situation of the �rm by reducing the debt burden and increasing pro�tability.

Besides, corporate �nancial distress is a highly concerning issue because
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it can be detrimental to various stakeholders of the company. The experi-

ence of �nancial distress can render a company unable to meet its �nancial

obligations, resulting in a plummeting stock price. This can lead to a down-

ward spiral, where the company's �nancial situation continues to deteriorate,

making it increasingly di�cult to recover. Given these potential negative im-

pacts, understanding the crucial factors that can in�uence corporate �nan-

cial distress is a pivotal aspect for the fundamental understanding of �nance.

Therefore, our study identi�es the key features a�ecting corporate �nancial

distress to strengthen the fundamental understanding of �nance.

Therefore, the �rst contribution of our paper is to determine the superi-

ority of the factors that can a�ect the probability of �nancial distress. This

contribution would remarkably distinguish our study from extant research

since existing studies mainly focus on the prediction accuracy of the model

(Geng et al., 2015; Huang and Yen, 2019; Tsai et al., 2021; Jiang et al., 2022;

Yang et al., 2023). Those studies have paid little attention to the factors be-

hind the prediction accuracy. This would also shed new insights on corporate

governance, as managers can revamp key �nancial indicators suggested by

our model to alleviate the �nancial distress situation. Dirman (2020) reveals

that di�erent �nancial indicators respond to the �nancial crisis di�erently.

Therefore, it is sensible to use di�erent features for predicting �nancial dis-

tress conditions in di�erent economic development episodes, especially be-

fore and after the COVID crisis. However, Qian et al. (2022) unveil that the

consideration of feature selection importance is scarce in current �nancial

distress prediction methods and thus the truly important features may not

be assigned su�cient attention for di�erent economic development phases.

Second, we use the listed companies sample from China, which is an

emerging market. During the COVID-19 crisis, country characteristics play
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more crucial roles in predicting �nancial distress and bankruptcy risk than

individual �rm characteristics (Huang and Yen, 2019). Nevertheless, fore-

casting �rm �nancial distress in developed countries such as the US and

European countries is the focal point of existing studies (Chiaramonte and

Casu, 2017; Mselmi et al., 2017; Jabeur and Fahmi, 2018; Charalambakis

and Garrett, 2019; Gandhi et al., 2019). These results may not be as helpful

in emerging markets such as China. Therefore, we complement the litera-

ture by using the emerging market sample with the COVID-19 crisis. Our

study has unveiled that the �nancial leverage factor has the largest predict-

ing power, which is quite di�erent from the existing models since we have

included the sample data of post-COVID-19 crisis periods. We unfold the

fact that during crisis periods, high �nancial leverage is more likely to turn

companies into �nancial distress.

Finally, we propose a novel hybridized framework that combines a super-

vised machine learning method (XGBoost) (Chen and Guestrin, 2016) and

a metaheuristic algorithm Genetic Programming (GP) (Poli et al., 2008)

to predict �nancial distress. Based on the tree-structured hierarchy, XG-

Boost is superior in mining the pattern in the data and is able to exploit a

broad range of features that are relevant to the target variable. With the

help of ensembles of decision trees, the feature importance can be estimated

from the trained predictive model. GP has been very successful at evolving

novel and unexpected ways of solving problems. One elegant characteristic

of GP is that it can provide not only the predicted result but also the predic-

tion method (symbolic expressions). These expressions can take the form of

mathematical equations or logical rules, making it easier for humans to inter-

pret and understand the relationships between input variables. This is highly

desirable in �nancial institutions since it can provide a reliable human inter-
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pretable reference and valuable insights into the underlying mechanisms for

managers compared with traditional machine learning methods, which are

typically considered �black-box" methods. Since GP models often have the

�exibility to generate complex solutions, post-processing techniques can be

applied to simplify the models and improve interpretability. In this work, we

use the top features selected by XGBoost to generate the non-linear �nancial

distress prediction function, which can be easier to interpret and explain to

stakeholders.

The remainder of the paper is structured as follows. Section 2 provides a

relevant literature review, and section 3 introduces the data and methodology

used in this paper. This section also presents three traditional �nancial

distress prediction models with Extreme Gradient Boosting (XGBoost) and

Genetic Programming (GP) techniques. Section 4 presents the empirical

results for the model performance evaluation, and section 5 concludes the

paper.

2. Literature review

2.1. Traditional �nancial distress prediction models

The prediction of �nancial distress is one of the corporate �nance research

topics that attracts a large number of scholars (Lian, 2017; Andrikopoulos

and Khorasgani, 2018; Gao et al., 2018; Andreou et al., 2021; Aslan, 2022).

Prior to the landmark study of Altman (1968), the early prediction models

of �nancial distress were mainly the single factor prediction model, where

multivariate and comprehensive index analyses were scarce. Altman (1968)

introduces multiple discriminant analysis (MDA) into �nancial distress pre-

dictions to create the well-known Z-score model. He developed the �rst mul-
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tivariate �nancial distress prediction model in the �nancial distress research

area. Subsequently, the multivariable method was widely used in the �elds

of credit risk and �nancial distress predictions. Zmijewski (1984) conducts

a follow-up study, taking 40 bankrupt enterprises and 800 non-bankrupt en-

terprises listed on the New York Stock Exchange as the �rm sample and

applying the unweighted probability and the weighted exogenous sample

maximum likelihood test to develop the �nancial distress model.

Likewise, West (1985) creates compound variables through factor analy-

sis to describe the �nancial and operational characteristics of banks and uses

the data of the United States to illustrate the advantages of the combination

of factor analysis and logit estimation in assessing the status of banks. Jones

and Hensher (2004) proposed a mixed logit model for predicting the plight

of enterprises and demonstrated examples that the mixed logit model ob-

tained better prediction accuracy than the polynomial logit model. Altman

et al. (2017) examine the performance of the Z-score Model of enterprises

from 31 European countries and three non-European countries. They prove

that the original Z-score model exhibits outstanding performance within the

international context. The aforementioned models only focus on the predic-

tion accuracy of �nancial distress, and a deep investigation of the underlying

factors inside the models is scarce. Recently, scholars have paid attention to

the e�ectiveness of tone features in predicting corporate �nancial distress.

2.2. Newly-developed �nancial distress prediction models

Unlike the traditional models, with the rapid development of big data

and intelligent technology, advanced technology has become the main in-

gredient in terms of �nancial distress prediction (Kumar and Ravi, 2007).

Cao (2012) proposed a combined classi�er for �nancial crisis early warning
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based on the Choquet integral, which uses an adaptive fuzzy measure to

identify the dynamic information in the results. It is found that the com-

bined classi�er based on the Choquet integral has higher average accuracy

and stability than a single classi�er. Huang and Yen (2019) apply four su-

pervised machine learning models, including the traditional support vector

machine (SVM), recently developed hybrid associative memory with trans-

lation (HACT), hybrid GA-fuzzy clustering and extreme gradient boosting

(XGBoost), to predict �nancial distress. Through the sample analysis, it is

concluded that XGBoost provides the most accurate �nancial bankruptcy

prediction.

Similarly, Li et al. (2021) employ a word vector model and classi�er

based on deep learning; they constructed a framework based on deep learn-

ing to construct a domain emotion dictionary and predicted the �nancial

distress of enterprises by generating the China Financial Domain Emotion

Dictionary (CFDSL). The empirical results show that CFDSL can e�ectively

capture information on �nancial distress. More recently, Zhu et al. (2022)

also maintain that the application of arti�cial intelligence algorithms in mon-

itoring enterprise �nancial risks would be favored in building a �nancial early

warning model. In addition, Geng, Bose & Chen (2015) have adopted �nan-

cial indicators, including net pro�t margin of total assets, return on total

assets, earnings per share, and cash �ow per share, have strong predictive

power in forecasting company pro�tability deterioration. Mselmi, Lahiani

& Hamza (2017) demonstrated that Support Vector Machine is veri�ed to

be the best classi�er of �nancial distressed �rms. Financial distressed �rms

are featured with high leverage, lower repayment capacity and low liquidity

and pro�tability. Li et al. (2020) employed the survival model to reveal that

corporate governance measure with �nancial ratios and macroeconomic fac-
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tors can formulate high-accuracy �nancial distress prediction models. Qian

et al. (2022) also used the gradient boosted decision tree with corrected

feature selection measure, suggesting that the algorithm based on permuta-

tion importance has a higher accuracy in forecasting �nancial distress than

traditional models.

2.3. Financial distress prediction with feature selection

The development of computer technology brings massive machine learn-

ing methods to the construction of �nancial early warning models, yet some

of the research gap has not been addressed, especially for feature selection.

The data sample constraint would be one of the most important factors that

frustrates future research on the �nancial distress model (Huang and Yen,

2019). It is arguable that feature selection plays an important role in �nan-

cial distress prediction, especially for modern AI analysis methods (Lin et al.,

2014; Liang et al., 2015). Zhao et al. (2022) promote a novel model based on

the CatBoost model that contains not only �nancial features but also senti-

ment tone features. They collect data on China's stock market from 2016 to

2020 as the research object and �nd that sentiment tone features can help

them e�ectively identify enterprises in �nancial distress. Therefore, factors

that in�uence �rm �nancial distress the most would deliver helpful impli-

cations for managers to alleviate insolvency risk (Khoja et al., 2019) and,

more importantly, to formulate a turnaround strategy that can aid �rms'

recovery (Sudarsanam and Lai, 2001). Nevertheless, as argued in Qian et al.

(2022), the consideration of feature selection importance is scarce in current

prediction �nancial distress methods, and thus, the truly important features

may not be assigned su�cient attention in di�erent economic development

episodes. Our study attempts to �ll this research gap by using the XGB-GP
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method.

3. Data and methodology

3.1. Data

The sample we obtain is from the WIND database. We have employed a

sample of 1150 listed companies from the Chinese A share in the Shanghai

Stock Exchange, as we remove all companies listed after 2016 since they

have no �nancial data for 2016. The sample period is from 1 January 2016

to 31 December 2021, after the market crash in 2015. We use the criteria in

Table 3 to classify the sample �rms as stable �rms and �nancially distressed

�rms. We presume that there are no reversion cases for �rm �nancial status,

which indicates that once the �rm becomes �nancially distressed, it cannot

return to a stable status during our sample period. It is arguable since the

reversion of �nancial distress condition is di�cult for �rms in a short period,

especially during the economic downturn period.

We have taken all �nancial ratio data from 2016 to 2021 as feature sam-

ple data, which constructs a �rm-year panel sample. Within the sample, all

industry sectors are included. The �rms that have taken special considera-

tion, such as ST and *ST, are all considered distressed �rms. The criteria in

Table 3 are commonly used in the literature (see Gilson, 1989; Keasey and

Watson, 1991; Ashraf et al., 2019; Qian et al., 2022). According to those

criteria, we classify �rms as stable �rms and �nancially distressed �rms.

Given the COVID crisis e�ect, we divide our sample into the pre-COVID

period, which is 2018-2019, and the post-COVID period, which is 2020-

2021. In order to enrich the dataset we can obtain, we not only include

the �nancial data from annual reports of the listed companies but also the
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�nancial data from quarterly reports. Sample in each period is further split

into 75% training data and 25% testing data respectively, where the training

dataset is from quarterly reports and the testing dataset is from annual

reports. In addition, we use three-year rolling �nancial data to predict �rm

�nancial distress conditions. In summary, there were 4142 observations in

total sample, with 3735 stable observations and 407 distressed observations

during the pre-COVID period. There were 3697 stable observations and 445

distressed observations during the post-COVID period.

3.2. Three traditional �nancial distress prediction models

We have used three main traditional �nancial distress prediction models

including Altman (1968)'s Z-Score Model, the Probit model proposed by

Zmijewski (1984) and the D-Score Model proposed by Blums (2003).

The Z-Score Model is de�ned in equation (1). The Probit Model is

de�ned in equation (2). The D-Score Model is de�ned in equation (3).

Z = α1WCTA+ α2RETA+ α3EBITTA+ α4MVBL+ α5STA, (1)

where WCTA is Working capital/Total assets, RETA is Retained earn-

ings/Total assets, EBITTA is Earnings before interest & taxes/Total assets,

MVBL is Market value of equity/Book value of total liabilities and STA is

Sales/Total assets. For the original Z-model, α1 = 1.2, α2 = 1.4, α3 = 3.3,

α4 = 0.6, α5 = 1.0.

P = Φ(β0 + β1NITA+ β2TLTA+ β3CACL), (2)

where NITA is the Net income/Total assets, TLTA is Total liabilities/Total

assets, and CACL is Current assets/Current liabilities and Φ is the cumula-
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tive density function for a standard normal random variable. For the original

Probit-model, β0 = −4.336, β1 = −4.513, β2 = 5.679, β3 = 0.004.

D = γ0+γ1NITA+γ2TDME+γ3META+γ4∆SP +γ5∆SG+γ6CLTA,

(3)

where NITA is the Net income/Total assets, TDME is Total Debt/Market

equity, and META is Market Equity/Total assets, ∆SP is 6-month Stock

Price change, ∆SG is the 3-year Sales Growth rate, and CLTA is Current

liabilities/Total assets.

3.3. Model performance evaluation

To evaluate the model performance, we have two types of errors to con-

sider, namely, Type I error and Type II error. Type I error indicates the

model's misclassi�cation by putting distressed companies into the stable

group. On the other hand, Type II error suggests that the model's misclas-

si�cation by putting stable companies into the distressed group (see Table

2).

To calculate both Type I error and Type II error for each model, we use

�ve criteria to distinguish distressed �rms from stable �rms (see Table 3). If

one �rm satis�es any of the �ve criteria, it is categorized as a �nancially dis-

tressed �rm. Otherwise, the �rm would be categorized into the stable group.

Then, we compare the model prediction result with the actual �rm �nancial

situation according to the categorization results. Model prediction accuracy

with Type I error and Type II error can be obtained correspondingly.

Based on the data from listed Chinese companies, we undertake the

model performance according to Type I and Type II error evaluation, where
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Table 1: Descriptive statistics of sampled �rms.

Notes: CACL is Current assets/Current liabilities, CLTA is Current liabilities/Total as-

sets, EBITTA is Earnings before interest & taxes/Total assets, META is Market Eq-

uity/Total assets, MVBL is Market value of equity/Book value of total liabilities, NITA is

the Net income/Total assets, RETA is Retained earnings/Total assets, STA is Sales/Total

assets, TDME is Total Debt/Market equity, TLTA is Total liabilities/Total assets, WCTA

is Working capital/Total assets, ∆SG is the 3-year Sales Growth rate, ∆SP is 6-month

Stock price change.

Mean Std Dev Max Min

CACL 2.0579 3.31 11.5266 0

CLTA 0.2492 0.2042 2.787 0

EBITTA 0.0329 0.1502 28.2866 -4.6021

META 4.8469 69.0132 40.8544 0

MVBL 1.4572 97.5339 66.1398 0

NITA 0.0279 0.1291 0.716 -18.5889

RETA 0.1631 0.1902 0.8591 -10.0471

STA 0.3174 0.3921 9.7214 -0.0634

TDME 3.9969 40.1153 25.4896 0

TLTA 4.8469 69.0132 40.8544 0

WCTA 0.1953 0.2467 0.9807 -1.279

∆SG 10.6502 64.8744 90.3791 -17.6885

∆SP 0.9084 15.8498 70.3990 -55.407
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the descriptive statistics of the listed company sample are presented in Table

1.

Table 2: Model prediction accuracy regarding Type I and Type II errors.

Actual Position
Model Prediction

Distressed Stable

Distressed Correctly predicted Type I Error

Stable Type II Error Correctly predicted

Table 3: Categorization criteria for distressed and stable �rms.

Description Status of Firm Financial Position

Stable Financial Status Stable

(1) Company share price is less than 50% book value for consecutive 3 years

Distressed

(2) Fail to announce dividend/bonus declaration for continuous 5 years

(3) Failed to conduct AGM for 3 consecutive years

(4) Failed to pay the yearly listing fee for 2 years

(5) Face Delisted/Suspended/Liquidation/Winding up/Bankruptcy

3.4. Extreme Gradient Boosting (XGBoost)

The gradient boost decision tree algorithm (GBDT) has many successful

applications in di�erent �nance areas, such as stock price prediction and

loan application scoring. XGBoost is an e�cient and scalable variant of the

Gradient Boosting Machine (GBM) proposed by Chen and Guestrin (2016).

Essentially, XGBoost is an ensemble ofK Classi�cation and Regression Trees

(CART), where each tree is assigned a weighted score and each leaf of the

tree represents a target outcome. The �nal predication of the CART is

calculated by summing up theK functions representing k trees of the CART.

Mathematically, the general model can be written as:

ŷi =
K∑
k=1

fk(Xi), fk ∈ F , (4)
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where K is the number of trees and F is the set of all possible CARTs. f

is a function in the functional space F , and Xi is the vector of the features

adopted in the model. The objective function to be optimized is given by:

obj(θ) =
n∑
i

L(yi, ŷi) +
K∑
k=1

Ω(fk), (5)

where L obtains the training loss between the predicted value ŷi and the

actual observation ŷi, and Ω is the regularization term.

XGBoost is widely used by data scientists to achieve state-of-the-art

results in many machine learning competitions due to its advantages, such as

ease of use, use of regularization to prevent over�tting, support of self-de�ned

loss functions, support of sparse representations, and so on (Volkovs et al.,

2017). Furthermore, since XGBoost has the capacity to perform parallel

computation on a single machine and is over 10 times faster than the classical

GBM, it possesses the intrinsic ability to handle a large amount of data

and can be e�ciently used for big data analytics. These advantages �t our

requirement for our empirical experiments.

3.5. Genetic Programming (GP)

Genetic Programming (GP) is a specialized form of Genetic Algorithm

(GA) where each evolved individual is a function. The �eld of GP took o�

in the early 1990s, developed by the pioneering application in various com-

plex optimization and search problems (Koza, 1994). A typical GP system

consists of the following components (Poli et al., 2008):

� Terminal Set : The inputs of the function (i.e., variables, constants,

functions with no arguments, etc.)

� Function Set : The primitive operations used by the function (i.e. arith-

metic, mathematical, Boolean, conditional, looping, etc.)
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� Fitness measure: The quality of an individual function (i.e. the error

between the output of the function and the desired output.)

� GP parameters: The control of the whole GP system (i.e. population

size, maximum program size, crossover rate, mutation rate, etc.)

� Termination criterion: The stopping condition (i.e. a desired solution

is found, the maximum number of generations is reached, etc.)

When the number of generations reaches a certain level, GP can trans-

form populations of functions into new and potentially better ones. A dis-

tinct feature of GP compared to other evolutionary methods is the tree

structure, which gives not only an optimized solution but also the solution

method. The drawback is that such a tree is sometimes di�cult to interpret

semantically. As stated in Poli et al. (2008), GP has been very successful

at evolving novel and unexpected ways of solving problems. To evaluate the

model developed from XGBoost and GP, we use the same evaluation process

as we adopted for the three traditional �nancial distress prediction models

mentioned in section 3.2.

4. Empirical result

4.1. Baseline results

In this section, we �rst introduce the results from three traditional bench-

mark models for predicting company �nancial distress. We have used the

three models shown in equations (1), (2) and (3) to estimate the model pre-

diction accuracy regarding �rm �nancial distress based on the original model

coe�cients for both pandemic and the post-pandemic periods.
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The prediction results for the three models are presented in Table 4 for

pre-COVID period. In Table 4, it can be observed that the Probit model

exhibits the highest prediction accuracy with an overall accuracy of 82.1%

for the pre-COVID period, followed by the D-score model with an overall

accuracy of 77.9%. The Z-score model has the lowest prediction accuracy,

namely, 61.2%.

The prediction results for the three models are presented in Table 5 for

post-COVID period. From Table 5, it can be observed that the Probit model

exhibits the highest prediction accuracy with an overall accuracy of 80.9%,

followed by the D-score model with an overall accuracy of 77.2%. The Z-score

model has the lowest prediction accuracy, namely, 57.9%.

For this period, the Probit model showcases the lowest prediction error

in both type I and type II errors among those three models, which are 13.3%

and 15.9%, respectively. On the other hand, the Z-score model displays the

largest prediction error in both type I and type II errors among those three

models, which are 43.8% and 41.3% respectively.

Table 4: Prediction accuracy of traditional �nancial distress prediction models for pre-

COVID period.

Applied Model
Distressed

Distressed Type I Error

Stable

Stable Type II Error

Overall

Accuracy

Z-Score 60.2% 39.8% 61.4% 38.6% 61.2%

Probit 81.2% 18.8% 82.8% 17.2% 82.1%

D-Score 77.3% 22.7% 78.6% 21.4% 77.9%

4.2. Classi�cation of distressed �rms based on XGBoost

Similar to the previous traditional prediction models, we evaluate our

XGBoost model by employing two types of errors, namely, Type I error and
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Table 5: Prediction accuracy of traditional �nancial distress prediction models for post-

COVID period.

Applied Model
Distressed

Distressed Type I Error

Stable

Stable Type II Error

Overall

Accuracy

Z-Score 56.2% 43.8% 58.7% 41.3% 57.9%

Probit 80.7% 19.3% 81.1% 18.9% 80.9%

D-Score 75.4% 24.6% 79.4% 20.6% 77.2%

Type II error. Type I error indicates the model's misclassi�cation by putting

distressed companies into the Stable group. On the other hand, Type II error

suggests that the model's misclassi�cation by putting stable companies into

the Distressed group (see Table 2). 100 estimators with the maximum depth

of 10 using binary logistic regression and γ = 0.1 are applied for our XGBoost

model. The adopted features in the XGBoost model are those used in the

traditional �nancial distress prediction models (Table 1). Table 7 shows the

prediction accuracy using XGBoost.

Table 6: XGBoost prediction accuracy regarding Type I and Type II errors for pre-COVID

period.

Model Prediction
Distressed Stable

Overall
Distressed Type I Error Stable Type II Error

XGBoost 366/407 (89.9%) 10.1% 3320/3735 (88.8%) 11.1% 3686/4142 (89.0%)

Table 7: XGBoost prediction accuracy regarding Type I and Type II errors for post-

COVID period.

Model Prediction
Distressed Stable

Overall
Distressed Type I Error Stable Type II Error

XGBoost 377/445 (84.7%) 15.3% 3475 /3697 (93.9%) 6.1% 3852/4142 (93.0%)

Furthermore, the XGBoost model assists us in illuminating the feature

importance according to their predictability of �rm �nancial distress for both
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pre-COVID and post-COVID periods. Generally, the total information gain

and the total split number are the common measures used to describe feature

importance. The total information gain is the greatest amount of information

gained about the targeted variable. The total split number is the split times

of a feature when generating the decision tree. In this work, we use total

information gain as our feature importance measure. The total information

gain across all splits of a feature used in the tree for pre-COVID period

prediction model and post-COVID period prediction model can be found in

Figures 1 and 2, respectively.
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Feature Importance of Firm Financial Distress Prediction for pre-COVID Period

Figure 1: Feature importance of Firm Financial Distress Prediction for pre-COVID Period

measured by total information gain.

Based on our empirical observations, the common top four features are

"EBITTA", "NITA", "TDME", and "RETA" for the pre-COVID period,

where EBITTA is the Earnings before interest & taxes/Total assets, NITA is
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the Net income/Total assets, TDME is Total Debt/Market equity, and RETA

is Retained earnings/Total assets. On the other hand, for post-COVID pe-

riod, the common top four features are "TDME", "META", "RETA" and

"EBITTA". Correspondingly, TDME is Total Debt/Market equity, META

is Market Equity/Total assets, RETA is Retained earnings/Total assets, and

EBITTA is the Earnings before interest & taxes/Total assets.
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Feature Importance of Firm Financial Distress Prediction for post-COVID Period

Figure 2: Feature importance of Firm Financial Distress Prediction for post-COVID Pe-

riod measured by total information gain.

4.3. Model evolution using Genetic Programming

To further develop the prediction model, we adopt the GP method for

our model construction. The reason why we further employ the GP method

is twofold. First, we can signi�cantly reduce the number of features that are

used in the model construction. We only selected the top four features for
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the model for the pre-COVID and post-COVID periods, contrasting with the

13 features utilized in the XGB process. More importantly, GP can generate

a speci�ed model format that we can apply in an explicit manner.

Accordingly, we use GP to evolve the following function: f(x1, x2, x3, x4) =

I, where x1, x2, x3, x4 are the top four features selected by XGBoost for both

the pre-COVID period and post-COVID period. I denotes the indicator of

whether a company belongs to the Distressed group or the Stable group ac-

cording to the predetermined critical value acquired from the sample data

distribution. Our goal is to develop a composite function that has e�ects

on classifying �nancially distressed �rms. The GP approach adopted in this

work consists of the following parts:

� Terminal Set : x1, x2, x3, x4.

� Function Set : +,−,×, /.

� Fitness measure: the error between the value of the individual function

and the corresponding desired output (i.e. I).

� GP parameters: population = 10000, the maximum length of the pro-

gram = 1000, probability of crossover operation = 0.9, and probability

of mutation operation = 0.1.

� Termination criterion: Up to 1000 generations.

Parameter tuning is a common practice in evolutionary computation.

Since the algorithmic parameters are not independent and often interact

in a complex way, it is impractical to test all the possible combinations

systematically. We do not claim the algorithmic parameters used for this

work is optimal. Our primary aim is rather to test the e�ectiveness of GP
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for �nancial distress prediction problem. All the tests were run on the same

Intel(R) Core(TM) i7-11800H 2.30GHz processor with 32.00 GB RAM PC

and Windows 10 operating system. It takes approximately 5 minutes for

1000 iterations.

4.4. Genetic Programming based �nancial distress prediction for pre-COVID

period

Table 8: GP-developed function prediction accuracy for pre-COVID period regarding

Type I and Type II errors.

Model Prediction
Distressed Stable

Overall
Distressed Type I Error Stable Type II Error

GP 336/407 (82.5%) 17.5% 3254/3735 (87.1%) 12.9% 3590/4142 (86.6%)

This section presents the XGB-GP based �nancial distress prediction

results for the pre-COVID period. We �rst construct the �nancial distress

prediction model by the GP method and the model is depicted in equation

(6):

I =
x4

x21 + x23
+

x22
x21 + 1

, (6)

where x1, x2, x3, x4 are the top 4 features, namely, "EBITTA", "NITA",

"TDME", and "RETA", respectively.

We then forecast �rm �nancial distress conditions using the model in

equation (6), for pre-COVID period, which are exhibited in Table 8. We

demonstrate that our model prediction errors are lower than those of the

traditional models. The overall accuracy predicted by our GP method is

approximately 86.6%, which is superior than the traditional models displayed

in Table 4. The Probit model has the highest prediction accuracy, with an

overall accuracy of 82.1%, which is still lower than the GP model's accuracy.
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Additionally, our evolved GP model performance is close to the performance

of XGB model (see Table 6 and Table 8).

4.5. Genetic Programming based �nancial distress prediction for post-COVID

period

In order to provide comparative evidence across both pre-COVID and

post-COVID periods. This section delivers the XGB-GP based �nancial

distress prediction results for the post-COVID period. With the settings

stated in the section 4.3, the best function obtained by GP is:

I =
1

x1 ∗ x2
+

x1 + x3
x24 + 1

, (7)

where x1, x2, x3, x4 are the top 4 features, namely, "TDME", "META",

"RETA" and "EBITTA", respectively.

The model that our XGB-GP method created is a non-linear model.

This nonlinearity feature of our model could be tremendously helpful since

a non-linear model can be more �exible than a linear model in capturing

data patterns (Bae, 2012). Furthermore, from previous empirical studies,

non-linear models generally outperform linear models such as discriminant

analysis, in predicting �rm �nancial distress (Desai et al., 1996; Van Gestel

et al., 2006).

According to our model in equation (7), the �rst term of the function

is the inverse of "TD/ME*ME/TA", which yields TD/TA (total debt/total

asset), suggesting the total �nancial leverage of the company. It has been

documented in the literature that the impact of �nancial leverage on �rm

�nancial distress is threefold. First, it is obvious that the increase in �nancial

leverage would raise the proportion of total debt against total assets. As

revealed in tradeo� theory, this would increase the debt burden of a company
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with high interest payments and thus increase bankruptcy risk (Modigliani

and Miller, 1963; Myers, 2001; Dudley and Yin, 2018). During the post-

COVID period, the economic recession could exacerbate this debt burden

and bankruptcy risk, which makes this factor more considerable.

Second, an increase in �nancial leverage can generate a high level of fu-

ture cash �ow uncertainty, resulting in high cash �ow volatility (Mackay and

Phillips, 2005; Elkhal, 2019; Chowdhury et al., 2023). Firms with a high level

of cash �ow volatility are more likely to experience �nancial distress (Minton

and Schrand, 1999). Finally, �nancial leverage creates a negative e�ect on

�rm pro�tability since �nancial leverage is positively associated with cost

�xity and agency cost (Baker, 1973; Dalci, 2018; Moreno-Bromberg and Vo,

2018). The low level pro�tability can enlarge the probability of debt default

because low level pro�t may not be able to cover the whole debt cost. This

argument is also supported by the second term of the function. The second

term of the function indicates that when the retrained earnings are high, the

probability of �rms involved in the �nancial distress situation is low. Fur-

thermore, during the post-COVID period, it became more di�cult to obtain

loans from banks (Bao and Huang, 2021) and thus cash �ow could be more

valuable to keep �rms surviving. Hence, the high cash �ow volatility could

jeopardize the company's stable operation and exacerbate the bankruptcy

risk.

Therefore, as exhibited in Table 9, the model prediction errors are tremen-

dously lower than those of the traditional models. The overall accuracy

predicted by our GP method is approximately 90.9%, which is profoundly

higher than the traditional models displayed in Table 5. The Probit model

has the highest prediction accuracy, with an overall accuracy of 80.9%, which

is still lower than the GP model's accuracy, which is 90.9%. It is thereby
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arguable that TDTA may have signi�cant predictive power for the �rm �nan-

cial distress situation, which has not been included in the three traditional

models. This sheds new insights for �nancial distress predictions with other

new variable considerations.

Although the performance of GP is slightly below that of XGP (see Table

7 and Table 9), GP is preferable since it can provide an explainable model and

the prediction results are still better than those of traditional linear models.

On the other hand, the XGB method is mainly dedicated to identifying the

key features to construct the model. Therefore, the GP method would be

favored since it can provide an explainable model and has a close performance

to XGB.

Table 9: GP-developed function prediction accuracy post-COVID period regarding Type

I and Type II errors.

Model Prediction
Distressed Stable

Overall
Distressed Type I Error Stable Type II Error

GP 368/445(82.6%) 17.4% 3401/3697 (91.9%) 8.1% 3769/4142 (90.9%)

4.6. Robustness check

Furthermore, the standard robustness check would not be applicable for

our study in terms of changing measures. The factors of our model in equa-

tion (7), which has been extracted by XGB method, as the top relevant

factors in predicting �rms' �nancial distress probability. If we change the

factors in our model (in equation 7), then the whole framework would be

highly inconsistent as the importance ranking and the measure of the key

factors will di�er. As a result, it would be inappropriate for the data-mining

based model to undertake the standard robustness check in terms of changing

measures.

25



On the other hand, however, in order to verify our results' robustness, we

further compare two machine learning based non-linear models used in the

literature (see Geng et al., 2015; Elhoseny et al., 2022; Qian et al., 2022),

namely, the Neural Network (NN) model (see Table 10) and the Support

Vector Machines (SVM) model (see Table 11), for �rms' �nancial distress

prediction for the post-COVID period, which is the main focus of our study.

For the NN model, a Multilayer perceptron (MLP) with 3 layers and the relu

activation function are adopted. For the SVM model, the default parameters

in sklearn are used (C = 1.0, γ is scale and kernel is rbf). From Tables 10

and 11, it is clear that our model has surpassed the two models in terms

of predicting accuracy regarding both NN model and SVM model for the

post-COVID period. Therefore, it is arguable that our results are robust.

Table 10: Neural network based �nancial distress prediction accuracy regarding Type I

and Type II errors for post-COVID period.

Model Prediction
Distressed Stable

Overall
Distressed Type I Error Stable Type II Error

NN 355/445 (79.7%) 20.3% 2834 /3697 (76.7%) 23.3% 3189/4142 (76.9%)

Table 11: Support vector machines based �nancial distress prediction accuracy regarding

Type I and Type II errors for post-COVID period.

Model Prediction
Distressed Stable

Overall
Distressed Type I Error Stable Type II Error

SVM 334/445 (75.1%) 24.9% 2592/3697(70.1%) 29.9% 2926/4142 (70.6%)

5. Research Implications

In fact, our model is remarkably aligned with the current Chinese eco-

nomic situation and economic policy, which yields signi�cant policy impli-

cations. It is notable that the high leverage ratio has become a major risk
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factor faced by the Chinese economy, not only for listed companies in China.

As a result, the Chinese government has successively launched a series of

mandatory deleveraging policies, encouraging the removal of �rms' redun-

dant liabilities. Against this backdrop, this policy would help companies to

concentrate their equity rights, releasing companies from the free rider behav-

ior of small and medium-sized shareholders in corporate governance. Conse-

quently, it can heavily empower major shareholders to e�ectively supervise

the management team and reduce the �rst type of agency costs (Jensen,

1986).

On this basis, our model can thereby improve the operational e�ciency

of enterprises and thus achieve the purpose of reducing �nancial distress risk

by deleveraging. Deleveraging could be extremely helpful during the post-

COVID period to reduce both debt burden and cash �ow volatility, which

can assist �rms in improving their �nancial distress conditions. Our model

can be applied in optimizing �rms' capital structure since our model can

generate the threshold value of leverage ratio such that company will enter

into the �nancial distress situation. Therefore, managers can actually use

our model to preset the maximum �rm's debt/equity level to prevent �rms

from entering into the �nancial distress situation.

The theoretical implications of our paper is twofold. The �rst theoreti-

cal implication of our XGB-GP model is the interpretability of our �nancial

distress prediction model. Our XGB-GP model has created the explicit �-

nancial distress prediction model with explicit predicting factors, which can

enhance the transparency of �nancial distress predicting. Our explicit �nan-

cial distress prediction model thereby can provide stakeholders with a deeper

understanding of the factors in�uencing �nancial distress, facilitating bet-

ter decision-making and risk management. Additionally, accurate �nancial
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distress forecasting models require continuous updates for accommodating

the evolving economic and �nancial circumstances. The theoretical implica-

tions of our XGB-GP model in terms of model adaptability and incremental

learning can be inferred. Our XGB-GP model exhibits the adaptability and

incremental learning characteristics. We have used our XGB-GP model for

both pre-COVID and post-COVID periods, demonstrating how our XGB-GP

model can incorporate time-varying information and embed such information

into the �nancial distress predictions.

6. Conclusions

The prediction of �nancial distress becomes pivotal within the COVID-

19 crisis circumstance. In this paper, we propose a �rm �nancial distress

prediction model based on the XGB-GP framework with both pre-COVID

and post-COVID Chinese company samples. We �rst determine the superi-

ority of the factors that can a�ect the probability of �nancial distress. Then,

we develop our model based on the most relevant factors determined by the

XGB technique adopting the GP method.

Our prevailling contribution is that we argue that di�erent key predic-

tion features shall be applied for pre-COVID and post-COVID periods by

demonstrating a time-varying feature selection. We demonstrate that the

earning �nancial indicator is the dominating feature for �nancial distress

prediction during the pre-COVID period. We further unveil that total �nan-

cial leverage is the most important factor in predicting �rm �nancial distress

during the post-COVID period. It is arguable that when the economy is in

an expanding episode, �rms are expected to expand earnings to cover the

debt payment whereas �rms shall cut the debt payment to survive during
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the economy downturn periods.

On the basis, our XGB-GP �nancial distress prediction model is more

accurate than the traditional models. Our model has an overall prediction

accuracy of 86.6% for the pre-COVID period and 90.9% for the post-COVID

period, which are both superior than the Probit model of 82.1% and 80.9%,

the D-score model of 77.9% and 77.2%, and the Z-score of 61.2% and 57.9%.

In addition to the traditional �nancial distress prediction models, we also

compared our XGB-GP model with arti�cial intelligence algorithms, includ-

ing SVM and NN. Our model also surpasses both arti�cial intelligence algo-

rithms in forecasting the �nancial distress.

Therefore, our study unravels the fact that the �nancial leverage fac-

tor retains the leading predictive power of �nancial distress, which is quite

di�erent from the existing prediction models we have used during the post-

COVID period. The results also suggest that during the COVID-19 period,

high �nancial leverage is more likely to turn companies into �nancial distress.

The in�uence of �nancial leverage on the �rm �nancial situation is threefold.

First, �nancial leverage can increase the debt burden of a company with high

interest payments and thus increase bankruptcy risk. Second, the increase

in �nancial leverage can generate high cash �ow volatility. Finally, �nancial

leverage creates a negative e�ect on �rm pro�tability since �nancial leverage

is positively associated with cost �xity and agency cost. Thus, managers

can modify the �nancial leverage level to improve the �nancial situation of

the �rm by reducing the debt burden and increasing pro�tability. Further-

more, our study has unveiled that the �nancial leverage factor has the largest

predicting power, which is quite di�erent from the existing models since we

have included the sample data of post-COVID-19 crisis periods. We unfold

the fact that during crisis periods, high �nancial leverage is more likely to

29



turn companies into �nancial distress. We thereby shed new insights for

both �nancial distress prediction and �rm corporate governance during the

COVID-19 period.

Since copious of companies and �nancial institutions are connected within

the same network, the market disaster can arise from the chain reaction when

several companies are involved into the �nancial distress situation simulta-

neously. This phenomena can be highly likely during the COVID period

as the economy went into a recession. Consequently, our accurate �nancial

distress prediction model with COVID data can prevent such market disas-

ter from the initiation with the precautions beforehand. Thus, our �nancial

distress prediction model is exceedingly valuable to policymakers because it

can constitute an important part for the establishment of an early warning

system regarding the company distress risk.
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