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FINANCIAL ECONOMICS | RESEARCH ARTICLE

A LASSO-based model for financial distress of the 
Vietnamese listed firms: Does the covid-19 
pandemic matter?
Nam Thanh Vu1, Ngoc Hong Nguyen1, Thao Tran1, Binh Thien Le1 and Duc Hong Vo2*

Abstract:  Financial distress is a vexing managerial challenge for businesses 
worldwide, especially during a turbulent period like the COVID-19 pandemic. 
Motivated by an increasing number of closed businesses in Vietnam during the 
recent COVID-19 pandemic, this study is conducted to provide a comprehensive 
analysis of financial distress for Vietnamese listed firms. Machine learning 
approaches are employed using the annual data of 492 listed firms from 2012 to 
2021. Specifically, we aim to identify the appropriate distress predictors for the 
Vietnamese listed firms using LASSO, a technique known to be superior compared to 
other variable selection techniques. Empirical results reveal that there are four key 
financial distress predictors for the Vietnamese listed firms, namely the ratios of (i) 
working capital and total assets, (ii) retained earnings and total assets, (iii) earnings 
before interest and taxes and total assets and (iv) net income and total assets. We 
also conducted an industry-level analysis and found that the Energy sector experi-
enced the highest number of financially distressed firms during Covid-19. In con-
trast, Communication Services, Health Care, and Utilities had the lowest number of 
distressed firms. Policy implications have emerged based on these important find-
ings from our analysis.

Subjects: Corporate Finance; Investment & Securities; Economics 

Keywords: Corporate financial distress; accounting-based model; LASSO; Vietnamese 
listed firms

1. Introduction
The appearance of the COVID-19 pandemic has adversely influenced the global economy. The 
pandemic has accentuated the economic and financial vulnerabilities in many nations (Reinhart, 
2021). The October 2020 World Economic Report presents that 183 out of 197 countries covered in 
their analysis had a contraction in per capita real GDP during the pandemic. Nevertheless, the 
COVID-19 pandemic, as a severe health crisis, does not travel alone. Previous evidence shows that 
a crisis can affect the form and rapidity of economic recovery. It arrives with sovereign debt, the 
exchange rate crashes, and becomes a severe corporate crisis. Thus, a health crisis can turn into 
a financial crisis. Indeed, the pandemic has resulted in waves of business failures and financially 
distressed firms, leading to widespread economic distress and a deterioration in the global 
economy.
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Vietnam is also a part of the COVID-19 sphere of influence as the pandemic brings unprece-
dented consequences to the country. The country underwent four waves of the pandemic with an 
alarming fatal rate, forcing the government to adopt prolonged social distancing measures. As 
a result, the domestic and international demand in contact-intensive sectors and low-value-added 
manufacturing plummeted, resulting in significant liquidity shortages (Kroeger et al., 2020). Non- 
financial sectors also witnessed a sharp rise in total debt and a marked revenue fall (Tan & Tran, 
2020). Moreover, there was an escalating number of businesses closed in light of the pandemic 
(Nguyen et al., 2022). A report from Vietnam’s General Statistics Office (GSO) indicates that 
119,800 businesses were closed permanently in 2021 (18 per cent higher than 2020) in light of 
stringent lockdown and social distancing measures. Also, the total number of newly established 
businesses in the market declined by 11 per cent during the same year.

Against this background, providing immediate support for distressed firms after the shock would 
attenuate firms’ liquidity constraints and labour market stress. In this regard, understanding the 
nature of risks and the complete picture of corporate distress in Vietnam, especially during 
a turbulent period like the COVID-19 pandemic, is vital for policy reassessment, formulation and 
implementation.

The term “financial distress” is commonly referred to as a situation in which a firm cannot 
generate sufficient income to cover its financial obligations (Pindado et al., 2008; Tinoco & Wilson, 
2013; Vassalou et al., 2004). Financial distress can be a herald of bankruptcy. Specifically, bank-
ruptcy will be the only option if the financially distressed condition of a firm gets out of control. As 
such, much research has been devoted to modelling corporate financial distress and/or default 
and/or bankruptcy for the past few decades. There are two main strands of research. The first 
research strand concentrates on the accounting-based models (Altman, 1968; Ohlson, 1980; 
Zmijewski, 1984). In particular, accounting-based variables are adopted as predictors, and static 
models are often utilized for analysis purposes. Another strand of research focuses on market- 
based models, suggesting that the inclusion of market-based variables can enhance the model’s 
predictive performance (Bharath & Shumway, 2008; Merton, 1974; Vassalou et al., 2004). 
Meanwhile, recent studies also consider other factors affecting corporate distress, such as corpo-
rate social responsibility, industry-relative information, audit report information, capital structure, 
board directors’ characteristics, and others (Boubaker et al., 2018, 2020; García & Herrero, 2021; 
Lizares & Bautista, 2021; Muñoz-Izquierdo et al., 2020).

Nevertheless, more attention should be paid to modelling corporate distress for the Vietnamese 
market up to now. A few attempts exist, but these studies do not account for the COVID-19 
pandemic’s effect (D. Vo et al., 2019; Pham et al., 2018). Therefore, this study is designed to provide 
an updated and comprehensive analysis of corporate financial distress in the Vietnamese market. 
In particular, this study identifies the key distress predictors for 492 non-financial Vietnamese 
listed firms from 2012 to 2021. In addition, an analysis at the industry level during the COVID-19 
pandemic is conducted to provide more useful insights and implications.

Empirical findings reveal that there are four key distress predictors in the context of Vietnam, 
namely the ratios of (i) working capital total assets, (ii) retained earnings total assets, (iii) earnings 
before interest and taxes total assets, and (iv) net income to total assets. Our findings on the key 
accounting-based predictors align with previous studies in the field (Altman et al., 2017; Li et al., 
2021; Ohlson, 1980; Pham et al., 2018; Zmijewski, 1984). Specifically, these selected ratios are 
negatively correlated with the probability of distress, indicating that the higher these ratios are, the 
lower the probability of financial distress. Moreover, our results are robust across different estima-
tion techniques and model evaluation approaches. Besides, the analysis at the industry level shows 
that Energy was the most genitively impacted industry during the COVID-19 pandemic since it 
experienced the largest number of financially distressed firms. Meanwhile, the most resilient 
industries include Communication Services, Health Care, and Utilities.
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The contributions of our study can be summarized as follows. First, our study extends the 
existing literature on financial distress prediction models for Vietnamese listed firms by identifying 
the well-fitted distress predictors. As a result, our findings can be beneficial to practitioners, 
policymakers, and scholars. In particular, our improved financial distress prediction model is 
straightforward and can be used in the financial markets, bankruptcy prediction, or distress 
classification. Second, our industry-level analysis offers practitioners and policymakers 
a complete perspective on corporate financial distress in Vietnam, from which they can evaluate 
the financial distress risk and take immediate responses. Third, our study provides broader impli-
cations for other emerging markets as emerging markets may share common characteristics.

Following this introduction, the remainder of this paper is structured as follows. Section 2 
reviews the literature on corporate financial distress. Section 3 briefly discusses the methodology. 
Empirical findings are provided and discussed in section 4. Section 5 conducts further analysis at 
the industry level, followed by the concluding remarks and policy implications in section 6. 

2. Literature review
This section briefly reviews the early and recent prominent empirical studies on modelling corpo-
rate distress and/or bankruptcy and/or default. There is a growing strand of research shedding on 
this topic. The research varies in terms of sample coverage and variables, and methodology 
selection.

The initial strand of research focuses on accounting-based variables as predictors. Early studies 
on this strand examine corporate default through ratio analysis (Beaver, 1966; Jackendoff, 1962). 
However, a seminal concept in statistical reduced-form financial distress modelling was intro-
duced, forming the foundation of accounting-based models (Altman, 1968). In particular, using 
multivariate discriminant analysis (MDA), Altman (1968) introduced the Z-score model predicting 
corporate distress using five accounting ratios, namely the ratios of (i) working capital total assets, 
(ii) retained earnings total assets, (iii) earnings before interest and taxes total assets, (iv) sales to 
total assets, and (v) market value of equity to book value of total liabilities. However, later studies 
criticized the restrictive assumptions of MDA, so other reduced-form models were introduced, for 
instance, the conditional logit (Ohlson, 1980) or the probit (Zmijewski, 1984) models, which allow 
different variances in the observations. Early reduced-form models use static models with 
accounting-based variables as predictors (Deakin, 1972; Dichev, 1998; Griffin & Lemmon, 2002; 
Lennox, 1999; Taffler, 1983). However, static models can only consider one set of predictors for 
each firm. As a result, the hazard model, which has superior predictive performance, was intro-
duced. In particular, the model can consider the time-domain perspective (changing character-
istics over time) and predict bankruptcy at different time horizons (Bauer & Agarwal, 2014). 
Additionally, adopting the hazard model in distress prediction enables straightforward estimation 
and interpretation (Shumway, 2001). Several later studies, thus, adopted the hazard model 
(Campbell et al., 2008; Cathcart et al., 2020; Charalambakis & Garrett, 2019).

The second strand of research suggests the inclusion of market-based variables as predictors, as 
the static nature of accounting-based variables can reduce the distress/bankruptcy/default mea-
surement accuracy (Katz et al., 1985). In the early stage, an option-pricing theory, a seminal 
concept that laid a foundation in the literature on market-based models, was first utilized as 
a market-based default probability measure (Black & Scholes, 1973; Merton, 1974). Later, empirical 
evidence revealed that including market-based variables could improve the model prediction 
accuracy (Shumway, 2001; Tinoco & Wilson, 2013). Thus, numerous studies were also conducted 
using the market-based models (Bharath & Shumway, 2008; Dinh et al., 2021; Friewald et al., 2014; 
Vassalou et al., 2004; Wu et al., 2010). For instance, Merton’s (1974) market-based model was 
adopted to analyze the relationship between corporate default probability and equity returns 
(Friewald et al., 2014; Vassalou et al., 2004). However, the predictive power of the Merton’s
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(1974) model was later revisited. The results indicated that this model is insufficient for determin-
ing default probability (Bharath & Shumway, 2008).

Besides the abovementioned research, recent research considers predictors other than the 
traditional accounting-based or market-based variables. For instance, leverages, including both 
financial leverage and operating leverage, are shown to play crucial roles in determining the 
probability of distress and/or default (Cathcart et al., 2020; Tao et al., 2022). Likewise, real earnings 
management is also an early warning indicator for distressed firms (Li et al., 2021). Besides, capital 
structure, audit report information, industry-relative information, the composition of the board of 
directors, and the engagement level in corporate social responsibility activities can also influence 
the probability of distress and/or default (Boubaker et al., 2018, 2020; García & Herrero, 2021; 
Lizares & Bautista, 2021; Muñoz-Izquierdo et al., 2020).

The literature review reveals a vast amount of empirical research on the modelling of corporate 
financial distress with distinctive choices of variables and methodologies. Additionally, although 
accounting-based models have several limitations, they still have been widely adopted by practi-
tioners and researchers worldwide due to their straightforward estimation and interpretation. 
Nonetheless, little is known about corporate distress prediction in Vietnam, especially when the 
Vietnamese market has just suffered from the severe consequences of the COVID-19 pandemic. 
There are few attempts to model corporate distress in Vietnam. However, the empirical evidence 
on this topic has not been updated despite the changing market structures (D. Vo et al., 2019; 
Pham et al., 2018; V. X. Vo, 2015). As such, this study aims to examine corporate financial distress 
using accounting-based variables as predictors for Vietnamese listed firms throughout 2012–2021.

3. Methodology
In this section, we introduce our dataset and then the measurement of corporate financial 
distress. We then discuss all the potential predictors utilized in the study. Finally, we briefly discuss 
the study’s empirical strategy.

3.1. Sample and data
The financial data utilized in this study are sourced from Refinitiv Eikon—one of the world’s most 
comprehensive financial time series databases. Refinitiv Eikon provides vast global economic, 
company and financial data widely used in academia and industry. Definitions of utilized variables 
are summarized in Appendices—Appendix 1.

Our dataset covers non-financial Vietnamese firms listed on the Ho Chi Minh Stock Exchange 
(HOSE) and Hanoi Stock Exchange (HNX) from 2012 to 2021. The concentration on this period is 
driven by the appearance of the COVID-19 pandemic, which has led to the recent weakened 
financial performance of the Vietnamese listed firms. The initial dataset includes 860 
Vietnamese listed firms. However, firms in the financial sector are excluded from our dataset 
due to their distinctive characteristics. Additionally, firms with missing values on the key variables 
are also excluded. Then, the dataset is winsorized at the 1st and 99th percentile to deal with the 
issue of potential outliers. The final dataset, thus, consists of 4,920 firm-year observations corre-
sponding with 251 firms listed on HOSE and 241 firms listed on HNX.

3.2. Measuring corporate financial distress
Our dependent variable is DISTRESSi;t – a dummy variable denoting whether a firm is financially 
distressed in a specific year. 
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We follow prior studies to construct the dependent variable measuring corporate financial distress 
(Asquith et al., 1994; Dinh et al., 2021; Pham et al., 2018; Pindado et al., 2008; Tinoco & Wilson, 
2013). These studies define financial distress as when a firm cannot generate sufficient revenue to 
cover its financial obligations. The probability of distress, therefore, can be identified as the ratio 
between a firm’s earnings and its interest expenses. Specifically, a firm will be classified as having 
financial distress in a particular year if it has an interest coverage ratio of less than one (or its 
earnings are less than its interest expenses). Table 1 below presents the frequency of the depen-
dent variable used in this study.

3.3. Potential financial distress predictors
Our potential predictors include 12 financial ratios (accounting-based determinants) chosen from 
the literature on corporate financial distress (Altman, 1968, 1983; Shumway, 2001; Taffler, 1983; 
Zmijewski, 1984). These predictors are divided into three groups: (i) Liquidity, (ii) Profitability, and 
(iii) Leverage. Table 2 presents the descriptive statistics of all these potential variables used in the 
paper.

3.4. The empirical analysis strategy

3.4.1. A logit model
The static model is appropriate for predicting corporate financial distress (Adnan Aziz & Dar, 2006; 
Altman, 1968; Li et al., 2021; Ohlson, 1980; Zmijewski, 1984). Thus, we adopt the logit model—one 
of the most widely-used models for classification purposes. The specific form of the logit model 
can be presented as follows. 

P represents the probability of financial distress. Where Y denotes the binary dependent variable, 
taking a value of 1 if a firm is financially distressed and 0 otherwise. Xi represents the independent 
variables, and βi are the corresponding coefficients.

Our empirical model is constructed after selecting well-fitted distress predictors (which will be 
discussed later). Because the empirical model is constructed after the LASSO variable selection 
approach, we call it the LASSO-based model. The empirical model is as follows. 

Where i = 1, 2, 3, . . . and t = 1, 2, 3, . . . represent firm i and year t, respectively. DISTRESSi;t is the 
binary dependent variable classifying distressed firms. WCTAi:t is the ratio of working capital to 
total assets. RETAi;t is the ratio of retained earnings to total assets. EBITTAi;t is the ratio of earnings 
before interest and taxes to total assets. NITAi;t is the ratio of net income to total assets. We also 
consider the industry and year-fixed effects to improve the predictive performance of our model 
and control for the potential endogeneity.

Table 1. Frequency counts of the dependent variable
Dependent variables Classification Frequency Per cent

0 4,013 82

DISTRESSi,t 1 907 18

Total 4,920 100
Notes: This table counts the frequency of the classification dependent variable. DISTRESS is the dependent variable 
classifying the corporate financial distress, taking the value of 1 for distressed firms and 0 otherwise. A firm is 
classified as distressed if its interest coverage ratio is less than one. 
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3.4.2. The selection of variables
In this study, we utilize LASSO regression, a penalized shrinkage approach, to select the key 
predictors from a set of 12 potential predictors drawn from the existing literature for our logit 
model. In addition, we also utilize the backward and forward Stepwise regression models to ensure 
the robustness of our results.

The reason for adopting LASSO as a main variable selection technique is that LASSO is compu-
tationally feasible and still retains the stability of Ridge regression (Efron et al., 2004; Tian et al., 
2015; Tibshirani, 1996). LASSO has been frequently used for distress modelling in recent years due 
to its powerful predictive ability. The basic idea of LASSO regression is to estimate the β̂ by 
minimizing the following function: 

The first term, y � Xβ0ð Þ
0

y � Xβ0ð Þ, is the prediction error, which is the same value that least squares 

minimize. The second term, λ ∑
p

j¼1
βj

�
�
�

�
�
�, is a penalty that increases in value the more complex the 

model, causing LASSO to omitted variables. For using LASSO, the sparsity assumption—the 
unknown true model contains few variables relative to N observations—must be held.

Although less powerful than LASSO regression, stepwise regression is a widely used conventional 
variable selection approach. Stepwise regression is conducted automatically to fit the regression 
models from the potential predictors. Each step of the procedure examines the relevance of each 
predictor to determine its inclusion or removal based on a pre-specified criterion (Draper & Smith, 
1998). The backward stepwise regression begins with a full model and then removes unsuitable 
predictors from the model. Meanwhile, the forward stepwise regression begins with an empty 
model and then adds suitable predictors into the model.

3.4.3. A model evaluation approach
We evaluate the model validity by (i) computing the area under the receiver operating character-
istic curve (AUC), (ii) comparing our model with the Altman’s Z”-score model, and (iii) splitting the 
entire sample into the training set and the testing set.

The AUC denotes the area under the receiver operating characteristic (ROC) curve, measuring 
the model’s predictive ability (Hosmer et al., 2013). The ROC curve summarizes the trade-off 
between the true positive rate (correctly classifies non-distressed firms as non-distressed) and 
the false positive rate (incorrectly classifies non-distressed firms as distressed) for a classification 
model (Fawcett, 2006). Accordingly, a model with a greater AUC is considered superior in predict-
ing corporate financial distress.

Altman developed several well-known Z-score models for distinct types of firms (private, public, 
manufacturing, non-manufacturing) in separate groups of countries. However, the Altman Z“-score 
model is appropriate in the international context, especially the emerging market (Altman et al., 
2017). Thus, this model is selected to compare the predictive performance with our constructed 
model. The Altman’s Z”-score model is as follows: 

The Z”-score components include the working capital over total assets (WCTA), the ratio between 
retained earnings to total assets (RETA), the ratio between earnings before interest and taxes over 
the total asset (EBITTA), and the book value of equity to the total liability (TETL). Firms with a Z”-
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score greater than 5.85 are classified as non-distress, whereas firms with a Z”-score less than 4.15 
are classified as distressed.

Researchers frequently adopt sample splitting in distress and bankruptcy prediction (Altman 
et al., 2021; Li et al., 2021; Serrano-Cinca et al., 2019). The initial dataset will be split into two sets: 
(i) a training set (in-sample) and (ii) a testing set (out-of-sample) to evaluate the model perfor-
mance. In particular, 80 per cent of our sample will be the training set, while the other 20 per cent 
will be the testing set. We use the classification accuracy rate and the AUC to compare and 
evaluate the in-sample and the out-of-sample predictive performance.

4. Empirical results

4.1. The selection of variables
We utilize LASSO as a main technique to recognize a set of key predictors for explaining corporate 
financial distress in Vietnam. In addition, the backward and forward stepwise models are also used 
to ensure the robustness of our findings. Table 3 presents the results of variable selection. Detailed 
results of the variable selection are provided in Appendices—Appendix 2. As presented in Table 3 
below, the results are consistent across the three techniques.

The results suggest that four predictors are consistently selected from 12 potential predictors 
from the existing literature. These four selected predictors include the working capital over total 
assets (WCTA), the ratio between retained earnings to total assets (RETA), the ratio between earn-
ings before interest and taxes over the total asset (EBITTA), and the ratio of the net income to total 
assets (NITA). These selected predictors are identical to the Altman Z”-score model, except for the 
NITA ratio. The book value of equity to the total liability (TETL) ratio used in the Altman Z”-score 
model is no longer appropriate for our analysis of the Vietnamese market.

4.2. The empirical results using the logistic regression
After selecting the four key predictors, we examine whether the four selected predictors can 
predict the probability of distress for Vietnamese listed firms using logistic regression. We also 
consider the effects of industry and year dummies to improve the model performance and control 
for the potential endogeneity. Finally, the AUC value is computed to assess the model’s predictive 
performance. Table 4 presents the logistic regression results for our model. The estimated coeffi-
cients of the four predictors are negative and significant. The negative signs of the estimated 
coefficients indicate that the probability of distress declines with increased values of these four 
predictors. These findings are consistent with previous studies regarding corporate financial dis-
tress (Altman et al., 2017; Pham et al., 2018).

Furthermore, the model performance is improved when we control for industry and year dum-
mies. In particular, the AUC value for model (4), which controls for industry and year dummies, is 
higher than that of model (1). We also split our sample into training and testing sets to evaluate 
our model’s predictive performance and ensure our findings’ robustness. Detailed results of sample 
splitting are provided in Appendices—Appendix 3.

4.3. The comparison of the performance of our various models
In this section, we compare our model—the LASSO-based model with the Altman Z”-score model. 
Table 5 compares the logistic regression results. The four predictors’ coefficients in our model are 
all highly significant. Meanwhile, the term TETL in the Z”-score model is insignificant, implying that 
TETL may not be suitable for financial distress prediction in the Vietnamese market. These results 
indicate that our model performs slightly better than the Altman Z”-score model for Vietnamese 
listed firms.

We now examine other evaluation metrics to gain a deeper and more comprehensive insight 
into the model’s predictive performance. In this study, we use (i) the classification accuracy rate
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(AR) and (ii) the area under the receiver operating characteristic curve (AUC). For comparison 
purposes, we provide illustrative figures. Detailed comparisons between our model and the Z”- 
score model are provided in Appendix 4. The overall results indicate that our model performs 
slightly better than the Z”-score model for the Vietnamese context for listed firms.

In particular, Figure 1 compares the proportion of correct and incorrect distress classification of 
the two models. The two models correctly classify non-distress firms as non-distress with 
97.1 per cent, implying that the two models work well for non-distressed firms. However, when 
it comes to distressed firms, our model correctly classifies 71.1 per cent, slightly higher than the 
Z“-score model, which correctly classifies 70.3 per cent. Furthermore, Figure 2 compares the AUC 
between the two models. The AUC metrics also confirm that the AUC value of our model, the 
LASSO-based model, is higher than that of the Altman Z”-score model. Overall, our model (with AR  
= 92.28% and AUC = 0.9517) performs slightly better than the Z”-score model (with AR = 92.14% 
and AUC = 0.9510).

5. The empirical results of the financial distress at the industry level in Vietnam
An analysis of financial distress for a single country would be incomplete without analysis at the 
industry level, especially during a turbulent period such as the COVID-19 pandemic, resulting in an 
increasing number of distressed firms worldwide. Therefore, this section presents and discusses 
results from the analysis at the industry level for Vietnamese listed firms during the COVID-19 
pandemic.

The analysis is conducted for 2020 and 2021, in which businesses suffered the most from the 
COVID-19 pandemic. The Vietnamese listed firms are classified into each industry based on the 
Global Industry Classification Standard (GICS). The Altman Z”-score model is adopted for the 
industry-level analysis. The reason for this choice is that the Z”-score model performs better 
than our model during the pandemic period (Appendices—Appendix 5) and has a specific classi-
fication threshold (mentioned in section 3).

Table 3. The selection of variables

Explanatory Variables

Adaptive 
LASSO 

Selection

Backward 
Stepwise 
Selection

Forward 
Stepwise 
Selection

X1 Liquidity WCTA x x x

X2 CACL

X3 CATL

X4 CLTA

X5 Profitability RETA x x x

X6 EBITTA x x x

X7 SALESTA

X8 NITA x x x

X9 Leverage TLTA

X10 MVETL

X11 TETL

X12 TLTE

Notes: This table presents the results of the LASSO and STEPWISE selection. Symbol “x” denotes the variables 
selected by the variable selection techniques. 
WCTA (Working Capital/Total Assets); CACL (Current assets/Current Liabilities); CATL (Current assets/Total Liabilities); 
CLTA (Current Liabilities/Total Assets); RETA (Retained Earnings/Total Assets); EBITTA (Earnings Before Interest and 
Taxes/Total Assets); SALESTA (Sales/Total Assets); NITA (Net Income/Total Assets); TLTA (Total Liabilities/Total 
Assets); MVETL (Market Value of Equity/Total Liabilities); TETL (Book Value of Equity/Total Liabilities); TLTE (Total 
Liabilities/Book Value of Equity). 
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Table 6 presents the empirical results from the industry-level analysis. These results provide the 
proportion of financially distressed firms in each industry for 2020 and 2021. The results show that 
the number of distressed firms decreased after one year of the pandemic. Overall, Energy is the 
most negatively impacted industry during the pandemic, followed by Industrials and Information 
Technology. Meanwhile, the most resilient industries include Communication Services, Health Care, 
and Utilities.

6. The concluding remarks and policy implications
The COVID-19 pandemic has negatively affected the business system on a global scale. Vietnam is 
no exception, as the country has experienced increased closed businesses during the pandemic. 
Corporate financial distress, thus, has become one of the most vexing challenges for Vietnamese 
businesses, especially during and after the COVID-19 pandemic. Nonetheless, little is known about 
corporate financial distress in the Vietnamese market. Accordingly, our study is conducted to 
comprehensively analyze corporate financial distress in the Vietnamese market. The dataset 
underpinning this study spans 2012–2021 on 492 Vietnamese listed firms. Machine learning 
techniques are adopted for analysis purposes.

The key findings can be summarized as follows. First, we proposed a revised prediction model for 
financial distress in the context of Vietnam—the LASSO-based prediction model. Empirical findings 
indicate that four key financial ratios are found to predict financial distress in the context of the 
Vietnamese listed firms, including the working capital over total assets (WCTA), the ratio between 
retained earnings to total assets (RETA), the ratio between earnings before interest and taxes over 
the total asset (EBITTA), and the ratio of the net income to total assets (NITA). Second, we analyzed 
the industry-level during the COVID-19 pandemic and found that the effect of the pandemic on 
each industry varies. Empirical findings reveal that during the COVID-19 pandemic, Energy suffered 
the most, with the largest number of distressed firms, followed by Industrials and Information 
Technology. Meanwhile, the least impacted industries include Communication Services, Health Care, 
and Utilities.

Table 4. Logistic regression results for the LASSO-based model
(1) (2) (3) (4)

DISTRESS DISTRESS DISTRESS DISTRESS

WCTA −1.414*** −1.431*** −1.440*** −1.459***

(0.000) (0.000) (0.000) (0.000)

RETA −1.048* −1.090* −1.172** −1.257**

(0.058) (0.054) (0.041) (0.032)

EBITTA −75.226*** −76.336*** −76.426*** −77.556***

(0.000) (0.000) (0.000) (0.000)

NITA −7.293*** −7.037*** −6.259*** −5.940***

(0.001) (0.002) (0.004) (0.007)

Industry Dummies NO YES NO YES

Year Dummies NO NO YES YES

Observations 4860 4860 4860 4860

Pseudo R2 0.558 0.562 0.566 0.570

AUC 0.9484 0.9497 0.9505 0.9517

Notes: We estimate the model with predictors selected from the variable selection results through logistic regression. 
We also consider the industry and year-fixed effects to control for the potential endogeneity, but the coefficient 
estimates are omitted for brevity. AUC denotes the area under the receiving operating characteristic curve measuring 
the model’s predictive performance. 
Symbols ***, **, * represent significance at 1, 5, and 10 per cent levels. WCTA (Working Capital/Total Assets; RETA 
(Retained Earnings/Total Assets); EBITTA (Earnings Before Interest and Taxes/Total Assets); NITA (Net Income/Total 
Assets). 
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Our study contributes primarily to distress prediction models for Vietnamese listed firms. We find 
the well-fitted distress predictors for Vietnamese listed firms using LASSO regression. In the 
Vietnamese context, profitability ratios seem to have the most significant prediction power com-
pared to other financial ratios, such as liquidity or leverage ratios. Additionally, the relationship 
between the likelihood of distress and profitability is negative, suggesting that firms with high 
profitability tend to experience a low likelihood of being financially distressed. Although the Z”- 
score model has a good predictive ability, our model performs better than the Z”-score model in

Table 5. The comparison between our model and Altman Z”-score model – Logistic regression
LASSO-based Model Z”-score Model

DISTRESS DISTRESS

WCTA −1.459*** −1.647***

(0.000) (0.000)

RETA −1.257** −1.647***

(0.032) (0.004)

EBITTA −77.556*** −79.745***

(0.000) (0.000)

NITA −5.940***

(0.007)

TETL −0.001

(0.519)

Constant 2.858*** 2.882***

(0.000) (0.000)

Industry Dummies YES YES

Year Dummies YES YES

Observations 4860 4860

Pseudo R2 0.570 0.568

AUC 0.9517 0.9510

Notes: We estimate our model with the Altman Z”-score model through logistic regression. We also consider the 
industry and year-fixed effects to control for the potential endogeneity, but the coefficient estimates are omitted for 
brevity. AUC denotes the area under the receiving operating characteristic curve measuring the model’s predictive 
performance. 
Symbols ***, **, * represent significance at 1, 5, and 10 per cent levels. WCTA (Working Capital/Total Assets; RETA 
(Retained Earnings/Total Assets); EBITTA (Earnings Before Interest and Taxes/Total Assets); NITA (Net Income/Total 
Assets); TETL (Book Value of Equity/Total Liabilities). 

LASSO-based model 

(AR = 92.28%) 

Z”-score model 

(AR = 92.14%) 

Figure 1. Normalized confusion 
matrix (%).

Notes: We compare the classi-
fication accuracy between our 
model with the Altman Z”- 
score model. The vertical axis 
represents the actual classifi-
cation value, while the hori-
zontal axis represents the 
predicted value through logis-
tic regression. The upper left of 
the graph indicates the pro-
portion of distressed firms cor-
rectly classified as distressed. 
In contrast, the lower right of 
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identifying many distressed firms in the Vietnamese context. Therefore, our revised distress 
prediction model may benefit Vietnam’s practitioners, policymakers, scholars and potentially 
other emerging markets. In particular, the revised model is an accounting-based model, which is 
straightforward and economical for both managerial and analysis purposes. Also, the revised 
model can be adopted in numerous areas, including distress classification, bankruptcy prediction, 
and financial markets.

Another contribution of our study is that we provide an analysis at the industry level during the 
COVID-19 pandemic. This extended analysis offers a comprehensive perspective on corporate 
financial distress in Vietnam. The industry-level analysis helps practitioners and policymakers 
fully understand the Vietnamese corporate distress during a turbulent period so that they can 
evaluate the risk of each industry and provide immediate support to prevent the contagion effect 
on the whole system. Findings from our study can also provide implications for other emerging 
markets since emerging markets may share similar characteristics, such as poor credit ratings or 
weak regulatory systems (Li et al., 2021). Hence, adopting our model could help countries with 
similar characteristics to Vietnam enhance the accuracy and reliability of corporate performance 
evaluation.

However, our study exhibits limitations that can be addressed and improved. Specifically, the 
study focuses on a single-country analysis spanning ten years, which could not account for the 
effect of the Global Financial Crisis simultaneously with the COVID-19 pandemic. In addition, there 

Lasso-based model

(AUC = 0.9517)

Z” -score model

(AUC = 0.9510)

Figure 2. The area under the 
receiver operating characteris-
tic curve (AUC).

Notes: We compare the pre-
dictive performance between 
our model with the Altman Z”- 
score model. AUC denotes the 
area under the receiving oper-
ating characteristic curve 
measuring the model’s predic-
tive performance.

Table 6. Industry-level analysis during the Covid-19 pandemic
2020 2021

Communication Services 23% 15%

Consumer Discretionary 40% 35%

Consumer Staples 30% 26%

Energy 67% 59%

Health Care 24% 18%

Industrials 55% 48%

Information Technology 53% 47%

Materials 47% 33%

Real Estate 51% 32%

Utilities 32% 20%

Notes: The table presents the proportion of distressed firms in each industry for 2020 and 2021. The Altman Z”-score 
model is utilized to classify distressed firms into each industry, then the number of distressed is computed. Industry 
classification is adopted based on the Global Industry Classification Standard (GICS). 
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is still a need for a cross-country analysis covering a longer period to provide implications for other 
emerging markets. Furthermore, further research can examine the nature of risks using more 
advanced and novel machine learning methods and evaluation metrics to provide different 
insights into the literature on corporate financial distress. Additionally, further research can 
approach and examine the effect of the global crises on corporate financial distress, for instance, 
using the event study methodology. Besides, the way to measure corporate financial distress in the 
context of Vietnam is limited and needs to be more comprehensive due to data availability. Thus, 
further studies can be conducted to improve or create the measure of corporate financial distress, 
especially for emerging economies.
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Appendices  

Appendix 1. Definitions of utilized variables

Variable and abbreviation Definition

Dependent variables

Financial distress Y DISTRESS A dummy variable of “1” 
when a firm is financially 
distressed and “0” 
otherwise.

Explanatory variables

Liquidity X1 WC/TA Working capital to total 
assets

X2 CA/CL Current assets to current 
liabilities

X3 CA/TL Current assets to total 
liabilities

X4 CL/TA Current liabilities to total 
assets

Profitability X5 RE/TA Retained earnings to total 
assets

X6 EBIT/TA Earnings before interest 
and taxes to total assets

X7 SALES/TA Total sales to total assets

X8 NI/TA Net income to total 
assets

Leverage X9 TL/TA Total liabilities to total 
assets

X10 MVE/TL The market value of 
equity to total liabilities

X11 TE/TL Book value of equity to 
total liabilities

X12 TL/TE Total liabilities to total 
equity

Notes: The table presents abbreviations and definitions of the variables used in our study. There are 12 candidate 
predictors in total, and they are classified into three categories, namely liquidity, profitability, and leverage. 
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Appendix 2a Detailed results of LASSO variable selection

Appendix 2b. Detailed results of stepwise variable selection

Appendix 3. The sample splitting – Evaluating the performance of the LASSO-based model

Backwards stepwise Forward stepwise
Wald test, begin with full model: 
p = 0.5397 ≥ 0.1, removing CACL 
p = 0.5284 ≥ 0.1, removing SALESTA 
p = 0.2005 ≥ 0.1, removing TLTA 
p = 0.5283 ≥ 0.1, removing CLTA 
p = 0.2070 ≥ 0.1, removing CATL 
p = 0.1591 ≥ 0.1, removing MVETL 
p = 0.7544 ≥ 0.1, removing TETL 
p = 0.3938 ≥ 0.1, removing TLTE

Wald test, begin with empty model: 
p = 0.0000 < 0.1, adding EBITTA 
p = 0.0000 < 0.1, adding WCTA 
p = 0.0000 < 0.1, adding NITA 
p = 0.0675 < 0.1, adding RETA

Notes: The table presents detailed results of STEPWISE selection. Variables are removed or added based on p-value = 
0.1 

ID Lambda
No. of 

nonzero coef.
CV mean 
deviance Variables

63 18.027 1 0.919 A EBITTA
117 0.119 2 0.442 A WCTA

122 0.074 3 0.436 A NITA

139 0.015 4 0.429 A RETA

160* 0.002 4 0.429 U —

158 0.002 4 0.429 U —

Notes: The table presents detailed results of LASSO selection. Symbol * denotes lambda selected by cross-validation 
in the final adaptive step to choose the right-fitted model. (A) the denoted model with the added variable(s), and (U) 
denotes the model left unchanged. 

Model Training set Testing set

Classified
Distress 
(Actual)

Non-distress 
(Actual)

Distress 
(Actual)

Non-distress 
(Actual)

Distress 
(Predicted)

436 79 201 36

Non-distress 
(Predicted)

191 2699 71 1147

Total 627 2778 272 1183

Correctly classified 92.07% 92.65%

Pseudo R2 0.5523 0.6315

AUC 0.9473 0.9650

Notes: The table provides split-sample metrics measuring our model’s predictive performance. The results indicate 
that our model—the Lasso-based model performs well across the training and testing set with high classification 
accuracy rates and AUC values. 
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Appendix 4. Comparison between our model and Z”-score model – Model performance 
metrics

Appendix 5. Comparison between the pre-Covid- 5. and the Covid- 5.period – The AUC 
value

Pre Covid-19 During Covid-19
Lasso-based model 0.9468 0.9495

Z”-score model 0.9454 0.9505

Notes: The table provides AUC values for comparing the predictive performance of our model and the Altman Z-score 
model for two periods, namely pre-Covid-19 (2012–2019) and during COVID-19 (2020–2021). 

Model Lasso-based model Z”-score model

Classified
Distress 
(Actual)

Non-distress 
(Actual)

Distress 
(Actual)

Non-distress 
(Actual)

Distress 
(Predicted)

639 115 632 115

Non-distress 
(Predicted)

260 3846 267 3846

Total 899 3961 899 3961

Correctly classified 92.28% 92.14%

Pseudo R2 0.570 0.568

AUC 0.9517 0.9510

Notes: The table provides metrics measuring the predictive performance of our model and the Altman Z”-score 
model. 
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