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Abstract: The importance of macroeconomic indicators on the performance of bankruptcy prediction
models has been a contentious issue, due in part to a lack of empirical evidence. Most indicators are
primarily centered around a company’s internal environment, overlooking the impact of the economic
cycle on the status of the company. This research brings awareness about the combination of
microeconomic and macroeconomic factors. To do this, a new model based on logistic regression was
combined with principal component analysis to determine the indicators that best explained the
variations in the dataset studied. The sample used comprised data from 1,832 Portuguese construction
companies from 2009 to 2019. The empirical results demonstrated an average accuracy rate of 90%
up until three years before the bankruptcy. The microeconomic indicators with statistical significance
fell within the category of liquidity ratios, solvency and financial autonomy ratios. Regarding the
macroeconomic indicators, the gross domestic product and birth rate of enterprises proved to increase
the accuracy of bankruptcy prediction more than using only microeconomic factors. A practical
implication of the results obtained is that construction companies, as well as investors, government
agencies and banks, can use the suggested model as a decision-support system. Furthermore, consistent
use can lead to an effective method of preventing bankruptcy by spotting early warning indicators.
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Abbreviations: ACC: accuracy; AUC: area under the curve; CAE: statistical classification of
economic activities; CLT: central limit theorem; FPR: false positive rate; GA: genetic algorithm,;
GDP: gross domestic product; MDA: multivariate discriminant analysis; n.a.: non-available; n.s.:
non-significant; NN: neural networks; PCA: principal component analysis; ROC: receiver operating
characteristic; stepAIC: stepwise Akaike information criterion; SVM: support vector machine; TPR:
true positive rate; VIF: variance inflation factor.

1. Introduction

Since the global financial crisis of 2008, the research on bankruptcy prediction has received
considerable attention because of the negative economic impact on most sectors and the survival of
many companies (Shi & Li, 2019). Therefore, and considering the recent COVID-19 pandemic as well,
the ability to identify early warning signals is critical for companies, investors, government agencies
and banks (Kaplinski, 2008; Perboli & Arabnezhad, 2021).

The construction sector remains one of the most difficult to study, owing to its variations
depending on economic cycle fluctuations (European Commission, 2021, October; dos Santos & Silva,
2019; Tserng et al., 2012) and the uncertainty that each project entails due to its uniqueness and
duration (Choi et al., 2018; Horta & Camanho, 2013). In Portugal, the construction sector had one of
the highest bankruptcy rates among all sectors between 2008 and 2011 (PORDATA, 2022). Therefore,
the search for tools capable of predicting future circumstances has become undeniably important in
helping managers to prevent further decline or eventual bankruptcy by implementing the necessary
measures in advance (Koksal & Arditi, 2004; Tinoco & Wilson, 2013).

The precise concept of bankruptcy is still unknown (Shi & Li, 2019). Thus, comparing the various
studies that have been developed is exceedingly challenging (Bellovary et al., 2007). Altman (1968) and
Ohlson (1980), two of the most well-known authors on this particular topic, used an exclusively legal
definition, characterizing all companies that are legally in this situation as bankrupt. More recently,
Altman & Hotchkiss (2006) highlighted four commonly found terminologies in the literature: failure,
insolvency, default and bankruptcy. In the opinion of the authors, these terms are commonly used
interchangeably, but their formal meaning is unique. In addition to these terms, there are studies focused
on the analysis of companies in financial distress, which allow early warning signals to be detected.
However, this field is still underdeveloped, as objectively defining the point at which a company enters
financial distress is difficult (Tinoco et al., 2018; Mselmi et al., 2017; Platt & Platt, 2002).

According to Bellovary et al. (2007), several authors have attempted to study and have developed
various models to solve this problem, which is the prediction of bankruptcies. Early studies used
statistical models based on techniques such as univariate analysis (Beaver, 1966), multivariate
discriminant analysis (Altman, 1968; Taffler, 1984) and logistic regression (Ohlson, 1980; Zavgren,
1985). To overcome the limitations of the traditional models, recent studies have brought new artificial
intelligence alternatives, including neural networks (Boritz & Kennedy, 1995; Ben Jabeur et al., 2022;
Lee & Choi, 2013; Pompe & Bilderbeek, 2005), genetic algorithms (Etemadi et al., 2009;
Uthayakumar et al., 2020; Wu et al., 2007) and support vector machines (Barboza et al., 2017;
Lessmann et al., 2015; Min et al., 2006).

Financial ratios have been used as key indicators of business failure in bankruptcy prediction
models for a long time (Altman, 1968; Beaver et al., 2005). Overall, prior research indicates that financial
ratios reflect a high ability to predict bankruptcy (e.g., Altman, 1968; Beaver, 1966; Ohlson, 1980).
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However, as reported by Beaver et al. (2005) and Tinoco & Wilson (2013), combining financial ratios
with other types of variables can act as a complement to the models and increase their predictive power.
In this regard, several studies, such as those conducted by Acosta-Gonzalez et al. (2019), Altman (1983),
ben Jabeur et al. (2021), Liu (2004), Platt & Platt (1994) and Tinoco & Wilson (2013), have proved the
significance of macroeconomic variables in predicting the risk of company bankruptcy. Companies have
faced various crises in recent decades that historical models have been unable to predict. The
unanticipated COVID-19 pandemic, which has been impacting the whole world since 2019 and
prompting some businesses to shut down or activate contingency measures, is a recent example.
According to Boratynska (2016) and Habib et al. (2020), corporate bankruptcy occurs numerous times
during an economic crisis because of macroeconomic issues, mostly owing to a reduction in sales.

Considering these recent developments in the literature, the main purpose of this study was to
shed additional light on this debate by proposing a model that predicts the bankruptcy of Portuguese
companies in the construction sector. While previous researchers have primarily focused on
microeconomic indicators, the studies examining the relationship between microeconomic and
macroeconomic indicators are limited. An innovative approach with principal component analysis
(PCA) and logistic regression models were used to begin filling this information gap (Mbaluka et al.,
2022; Sulaiman et al., 2021). This technique is feasible to prevent the consequences of
multicollinearity and high variance inflation factor (VIF) values in a modeling process by reducing the
influence of highly correlated independent variables a priori in a regression problem (Daoud, 2017,
Liu et al., 2003). Furthermore, its practical application can improve the decision-making process for
credit risks. For this reason, the following research question was formulated: Can macroeconomic
indicators improve the performance of bankruptcy prediction models, besides the inclusion of
microeconomic indicators?

The remainder of the paper is organized as follows. Section 2 describes the methodology used in
the work, including the sample and data collection techniques, definition of the dependent variable,
independent variables chosen for the model, and statistical analyses required for the development of
the proposed model. Section 3 presents the empirical results, which include a description of the dataset,
the variables chosen for the models and their performance. Section 4 discusses the importance of
microeconomic and macroeconomic variables in bankruptcy prediction models, as well as the
development of the selected variables over time. Finally, the conclusions and suggestions for future
research are described in Section 5.

2. Materials and methods
2.1. Sample and data collection

The microeconomic data were collected from Orbis!, a powerful database specializing in financial
information from the Bureau van Dijk, and the macroeconomic data were collected from PORDATA?,
a database that gathers data on multiple aspects of society in Portugal.

During the microeconomic data preprocessing, the sample data were split into two types of
companies: active ones (those that are operating normally) and bankrupt ones. For the bankrupt

thttps://www.bvdinfo.com/en-gb/our-products/data/international/orbis
Zhttps://www.pordata.pt/
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companies, the period covered by the observations in the dataset ranged from 2009 to 2019, while the
year 2019 was chosen for the active companies. All Portuguese companies with a statistical
classification of economic activities (CAE) related to the construction sector, that is, CAE 41, 42 and
43, were considered. In addition to the previously mentioned characteristics, the following criteria
were applied: (i) the microeconomic information was available for at least three consecutive years, (ii)
the companies’ assets were greater than zero and (iii) the companies with blank indicators or classed
as non-available or non-significant are excluded. Therefore, the sample data contained 1,832
companies, 274 of which were bankrupt and 1,558 of which were active.

2.2. Variable selection
2.2.1. Dependent variable

A central issue in this study was how to classify a company as bankrupt since there is no clear-
cut definition of bankruptcy that allows the researcher to easily classify them (Tinoco & Wilson, 2013).
The dependent variable is binary, corresponding to two states: the company is bankrupt (coded as 1)
or is not (coded as 0). Therefore, as stated in Section 1, while the term bankruptcy is commonly used
to classify companies, it should be noted that this term is used in a broad sense in this paper. That is,
this word encompasses not only the companies that have blatantly gone bankrupt, but also all of those
that may have been facing severe financial difficulties and, as a result, a high risk of bankruptcy (or
entering insolvency proceedings). To identify whether a company should be included in the group of
bankrupted companies, we used information from the ORBIS database regarding a company’s status.
In this sense, we considered the companies to be bankrupt if they changed their status from active to
one of the following statuses: active (default of payment), active (insolvency proceedings), bankruptcy
or dissolved (bankruptcy).

As in the study performed by Tinoco & Wilson (2013), the classification of a company as being
bankrupt adopted in this study has the advantage of not being contingent upon the legal definition of
bankruptcy. That is, the group of companies classified as bankrupt includes all those companies in a
difficult financial situation (financially distressed companies), regardless of whether they were
considered bankrupt from a legal point of view.

2.2.2. Independent variables

A total of 26 independent variables that should be perceived as possible predictors of bankruptcy
were considered in this study based on the following criteria: (i) popularity in the literature, (ii)
statistical significance, (iii) the number of times it is cited in the literature, (iv) relevance to the issue
under research and (v) the availability in the previously mentioned datasets. All of the variables
analyzed were quantitative, referring to various microeconomic and macroeconomic indicators.
According to Neves (2012), the microeconomic indicators are often expressed in categories since their
employability is dependent on factors such as their aim or the information they give. As a result, the
ratios were categorized as follows: liquidity ratios, profitability ratios, activity ratios, financial risk and
leverage ratios, solvency and financial autonomy ratios and other internal ratios (Table 1). In addition
to the 20 microeconomic indicators, six macroeconomic variables were chosen (Table 2).
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Table 1. Potential microeconomic variables for prediction of bankruptcy.

Category Variable  Description Source Sign

Liquidity LIQG Current assets/current Acosta-Gonzalez et al. (2019); Beaver (1966); Chen et al. -
ratios liabilities (2016); Cheng & Hoang (2015); Choi et al. (2018); Correia
(2012); Costa (2014); Giritiniene et al. (2019); Heo & Yang
(2014); Horta & Camanho (2013); Karas & Reziakova
(2017a); Karas & Reznakova (2017b); Karas & Reznakova
(2017¢); Karas & Srbova (2019); Lagesh et al. (2018);
Obradovic¢ et al. (2018); da Pimenta (2015); da Rosa
(2017); Shumway (2001); Silva (2014); Ng et al. (2011);
Tserng et al. (2014); Tserng et al. (2012); Vieira et al.
(2013); Yan et al. (2020); Zoricak et al. (2020)

LIQR Current assets- Acosta-Gonzalez et al. (2019); Chen et al. (2016); Cheng -
inventory/ & Hoang (2015); Choi et al. (2018); Obradovi¢ et al.
current liabilities (2018); da Rosa (2017); Ng et al. (2011); Tserng et al.
(2014); Tserng et al. (2012); Yan et al. (2020); Zoricak et
al. (2020)
FMAT Working capital/total Acosta-Gonzélez et al. (2019); Altman (1968); Beaver -
assets (1966); Carvalho et al. (2020); Cheng & Hoang (2015);

Choi et al. (2018); Correia (2012); Costa (2014);
Giritiniene et al. (2019); Heo & Yang (2014); Horta &
Camanho (2013); Karas & Reziiakova (2017a); Karas &
Reznakova (2017b); Karas & Reznakova (2017c); Karas &
Srbova (2019); Nouri & Soltani (2016); Obradovi¢ et al.
(2018); Ohlson (1980); Oliveira (2014); Pacheco et al.
(2019); Pham Vo Ninh et al. (2018); da Pimenta (2015); da
Rosa (2017); Sanchez-Lasheras et al. (2012); Shumway
(2001); Ng et al. (2011); Tserng et al. (2014); Vieira et al.
(2013); Vo et al. (2019)

FMV Working capital/sales Beaver (1966); Heo & Yang (2014); Karas & Reznakova -
(2017a); Karas & Reznakova (2017b); Karas & Reznakova
(2017c); Karas & Srbova (2019)

FCAT Cash flow/total assets Acosta-Gonzélez et al. (2019); Beaver (1966); Correia -
(2012); Karas & Reznakova (2017a); Karas & Reznakova
(2017b); Karas & Srbova (2019); Vieira et al. (2013)

Continued on next page

Quantitative Finance and Economics Volume 6, Issue 3, 405—.



410

Category Variable

Description

Source

Sign

Profitability ROE

ratios

EBITAT

RLV

ROA

EBITDAV

Activity VAT

ratios

ACV

Net
income/shareholder
funds

Earnings before
interest and taxes/

total assets

Net income/sales

Net income/total
assets

Earnings before
interest, taxes,
depreciation and
amortization/sales

Sales/total assets

Current assets/sales

Choi et al. (2018); Correia (2012); Horta & Camanho
(2013); Karas & Reznakova (2017c); Karas & Srbova
(2019); Nouri & Soltani (2016); Pacheco et al. (2019); da
Pimenta (2015); da Rosa (2017); Silva (2014); Ng et al.
(2011); Tserng et al. (2014); Tserng et al. (2012); Vieira et
al. (2013); Zoricak et al. (2020)

Acosta-Gonzalez et al. (2019); Altman (1968); Carvalho et al.
(2020); Heo & Yang (2014); Karas & Reznakova (2017a);
Karas & Reznakova (2017b); Karas & Reziakova (2017c¢);
Karas & Srbova (2019); Lucanera et al. (2020); Oliveira
(2014); Pacheco et al. (2019); Pham Vo Ninh et al. (2018); da
Pimenta (2015); da Rosa (2017); Sanchez-Lasheras et al.
(2012); Shumway (2001); Vo et al. (2019); Yan et al. (2020)
Beaver (1966); Cheng & Hoang (2015); Choi et al. (2018);
Correia (2012); Costa (2014); Horta & Camanho (2013); da
Rosa (2017); Silva (2014); Tserng et al. (2014); Tserng et al.
(2012); Vieira et al. (2013); Yan et al. (2020); Zoricak et al.
(2020)

Acosta-Gonzalez et al. (2019); Beaver (1966); Carvalho et
al. (2020); Chen et al. (2016); Cheng & Hoang (2015);
Choi et al. (2018); Correia (2012); Costa (2014); Horta &
Camanho (2013); Jones & Wang (2019); Karas & Srbova
(2019); Ohlson (1980); Oliveira (2014); Pacheco et al.
(2019); da Pimenta (2015); da Rosa (2017); Shumway
(2001); Silva (2014); Ng et al. (2011); Tserng et al. (2014);
Tserng et al. (2012); Vieira et al. (2013); Yan et al. (2020);
Zoricak et al. (2020)

Karas & Reznakova (2017a); Karas & Reznakova (2017b);
da Rosa (2017)

Acosta-Gonzélez et al. (2019); Altman (1968); Carvalho et
al. (2020); Cheng & Hoang (2015); Choi et al. (2018);
Correia (2012); Costa (2014); Giritiniene et al. (2019); Heo
& Yang (2014); Karas & Reznakova (2017a); Karas &
Reznakova (2017b); Karas & Rezidkova (2017c); Karas &
Srbova (2019); Nouri & Soltani (2016); Oliveira (2014); da
Pimenta (2015); da Rosa (2017); Sanchez-Lasheras et al.
(2012); Shumway (2001); Silva (2014); Tserng et al.
(2014); Tserng et al. (2012); Vieira et al. (2013); Yan et al.
(2020); Zoricak et al. (2020)

Acosta-Gonzélez et al. (2019); Beaver (1966); Karas &
Srbova (2019); da Pimenta (2015); da Rosa (2017)

Quantitative Finance and Economics

Continued on next page
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Category Variable Description Source Sign
Financial =~ PTAT Total liabilities/total Acosta-Gonzalez et al. (2019); Carvalho et al. (2020); +
risk and assets Chen et al. (2016); Choi et al. (2018); Correia (2012);
leverage Costa (2014); Karas & Srbova (2019); Nouri & Soltani
ratios (2016); Ohlson (1980); Oliveira (2014); Pacheco et al.

(2019); da Pimenta (2015); da Rosa (2017); Shumway

(2001); Tinoco & Wilson (2013); Ng et al. (2011); Tserng

et al. (2014); Tserng et al. (2012); Vieira et al. (2013);

Yan et al. (2020); Zoricak et al. (2020)

PTCP Total Acosta-Gonzalez et al. (2019); Cheng & Hoang (2015); +
liabilities/shareholder ~ Choi et al. (2018); Karas & Reznakova (2017a); Karas &
funds Reznakova (2017b); Karas & Reziidkova (2017c¢);

Obradovi¢ et al. (2018); da Pimenta (2015); da Rosa
(2017); Silva (2014); Tserng et al. (2014); Tserng et al.
(2012); Yan et al. (2020); Zori¢ak et al. (2020)
EBITDAJS EBITDA/interest Costa (2014); Karas & Reziakova (2017a); Karas & -
expenses Reznakova (2017b); Karas & Reznakova (2017c); Karas

& Srbova (2019); da Pimenta (2015); da Rosa (2017);

Silva (2014); Tinoco & Wilson (2013)
Solvency SOLV Shareholder Jones & Wang (2019); Karminsky & Burekhin (2019); -
and funds/total assets Obradovi¢ et al. (2018); Oliveira (2014); Pacheco et al.
financial (2019); da Pimenta (2015); da Rosa (2017)
autonomy  PCAT Current liabilities/total ~ Acosta-Gonzalez et al. (2019); Beaver (1966); Karas & +
ratios assets Reznakova (2017a); Karas & Reznakova (2017b); Karas

& Reznékova (2017¢); da Rosa (2017); Yan et al. (2020)

AFAT Fixed assets/total Acosta-Gonzalez et al. (2019); Karas & Reziakova -

assets (2017a); Karas & Reznakova (2017b); Karas &
Reznakova (2017c¢); Lucanera et al. (2020); Ng et al.
(2011); Yan et al. (2020)
Other DIM log(rotatassets) Acosta-Gonzalez et al. (2019); Carvalho et al. (2020); -
internal Heo & Yang (2014); Horta & Camanho (2013); Karas &
ratios Reznakova (2017a); Karas & Reznakova (2017b);
Karminsky & Burekhin (2019); Lucanera et al. (2020);
Oliveira (2014); da Rosa (2017); Ng et al. (2011)
NUMC Number of employees ~ Oliveira (2014); Pacheco et al. (2019); da Rosa (2017) -

Note: The sign “-” indicates that the greater the value of this variable, the lower the likelihood of bankruptcy. The “+” sign
indicates that the greater the value of this variable, the greater the likelihood of bankruptcy. The acronyms of the variables

were kept in Portuguese.

Quantitative Finance and Economics Volume 6, Issue 3, 405—.



412

Table 2. Potential macroeconomic variables for prediction of bankruptcy.

Variable  Description Source Sign
TJ Interest rate (annual average) Acosta-Gonzalez et al. (2019); Carvalho et al. (2020); Hudson +
(1986); Liu (2004); Nouri & Soltani (2016); Oliveira (2014);
Young (1995); Zikovié (2016)
PIB GDP annual growth Carvalho et al. (2020); Giritiniene et al. (2019); Jones & Wang -
(2019); Oliveira (2014); Yan et al. (2020)
TI Inflation rate (annual average)  Acosta-Gonzalez et al. (2019); Carvalho et al. (2020); Giritiniene  +
et al. (2019); Jones & Wang (2019); Nouri & Soltani (2016);
Oliveira (2014); Pham Vo Ninh et al. (2018); Vo et al. (2019);
Yan et al. (2020)
TD Unemployment rate (annual Acosta-Gonzalez et al. (2019); Carvalho et al. (2020); Giritiniene -
average) et al. (2019); Jones & Wang (2019); Yan et al. (2020); Zikovié
(2016)
TNE Birth rate of enterprises Altman (1983); Cuthbertson & Hudson (1996); Hudson (1986); +
(annual average)® Liu (2004); Platt & Platt (1994); Young (1995)
TJCH Interest rate on mortgages Pacheco et al. (2019); da Rosa (2017) +

(annual average)

Note: The sign “-” indicates that the greater the value of this variable, the lower the likelihood of bankruptcy. The “+” sign

indicates that the greater the value of this variable, the greater the likelihood of bankruptcy. The acronyms of the variables

were kept in Portuguese.

2.3. Data analysis

All statistical analyses implemented to develop the models were carried out using R statistical
software (4.0.3) and RStudio version 4.0.3 (Figure 1). It is crucial to highlight that the methodology utilized
in this study involves estimating three models by utilizing the same set of independent variables across
three years before the bankruptcy.

3According to the definition of the OECD, the birth rate of enterprises corresponds to the number of enterprise births in the
reference period (t) divided by the number of enterprises active in t (OECD Statistics, 2022).

Quantitative Finance and Economics
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Step 3. Logistic regression

Univariate selection

D
&
= VIF
&
g 1« p2
Step 1. Data analyzing Step 2. PCA E McFadden's: &
=
Backward stepAIC
- Descriptive statistics —
% Bartlett's test of sphericity
= Normality
= Kaiser criterion
) Student's t-test Step 4. Viability of the models
Variable selection
Correlation
2
E ROC curves (AUC)
g{)
g Confusion Matrix (ACC)
Q
=

Figure 1. Flowchart of the proposed statistical methodology.

Step 1. The dataset was analyzed using basic descriptive statistics such as means, medians,
standard deviations, minimums and maximums (Murphy, 2021). Furthermore, the normality
assumption was checked by performing a Kolmogorov-Smirnov test (Kwak & Park, 2019), and the
homogeneity of variance was tested using the var.test function (Kim & Cribbie, 2018). Independent
sample t-tests were applied with a significance level of 0.05. The purpose of this test was to
determine if there was a difference between the active companies and bankrupt companies (Wellek
& Blettner, 2012). Even though the Kolmogorov-Smirnov test results showed that none of the
variables follow the normal distribution, we decided to use a parametric test for the following reasons:
(1) according to the central limit theorem, if the sample size is greater than 30, no nonparametric test
is required (Kwak & Kim, 2017) and (ii) non-parametric tests have less statistical power than
parametric tests (Kwak & Kim, 2017; Lydersen, 2015). To determine the correlation between the
independent variables, the cor function was employed. It was determined that the variables were
highly correlated if they had a value greater than +0.70 or less than —0.70 (Asuero et al., 2006).

Step 2. The PCA method was used to reduce the dimensions of the dataset while retaining as much
information as possible (Lafi & Kaneene, 1992). The sample data adequacy were determined using
Bartlett’s sphericity test (Wu, 2021). To perform the PCA on the R software platform, the prcomp function
was used. Furthermore, the principal components required for the model were investigated by using the
three most common approaches: the proportion of variance explained criterion, the eigenvalue criterion
and the scree plot criterion (Gotts et al., 2020; Wood et al., 2021). The fviz contrib function was employed
to choose the variables that contribute the most to each of the components. As a result, all variables above
the red line were selected.

Step 3. The data were randomly divided into training (70%) and testing (30%) data. The logistic
regression models were constructed by using the g/m function in the training dataset. Because several

Quantitative Finance and Economics Volume 6, Issue 3, 405—.
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independent variables in the models were correlated, a univariate selection technique was adopted, which
meant that the variables were chosen one by one. For each model, the VIF was used to determine the level
of multicollinearity. To avoid this problem, the VIF value should be less than 10 (Hair et al., 2019; Serrano-
Cinca et al., 2019). McFadden’s R? was then calculated to assess the quality of the models, with values
ranging from 0 to 1 (Abdallah, 2018; Ma & Li, 2021). Finally, the optimal model was constructed using
the backward stepwise Akaike information criterion, which allows for the reduction and selection of the
most essential variables (Liu et al., 2022; Zhang, 2016).

Step 4. The performance of the logistic regression models was evaluated by analyzing the receiver
operating characteristic (ROC) curves for the training and test datasets. The ROC curves are plotted with
sensitivity or true positive rate versus 1—specificity or false positive rate (Hajian-Tilaki, 2013; Phillips
et al., 2006). On the other hand, the area under the curve (AUC) reflects the area beneath the ROC curve
(Carneiro et al., 2017). Thus, the auc function computes one measure of—accuracy to discriminate
between the active and bankrupt companies (Hajian-Tilaki, 2013). Overall, a model with an AUC value
greater than 0.90 indicates high predictive power (Manel et al., 2001; Tserng et al., 2012, 2014). There
are other metrics for evaluating model performance, such as the accuracy (ACC) calculated from the
confusion matrix. According to some authors, this metric is less reliable than the AUC because it requires
the establishment of a single cut-off value (Bowers & Zhou, 2019; Ling et al., 2003). These two metrics
were computed to evaluate the model’s performance.

3. Results
3.1. Descriptive analysis

Table 3 presents the descriptive statistics for the active and bankrupt companies one-year prior to
bankruptcy, including the minimums, medians, averages, standard deviations and maximums. The
descriptive statistics revealed, as predicted, that bankrupt companies had significantly different
characteristics from active companies. These had higher levels of liquidity, profitability and solvency
ratios. In contrast, the bankrupt companies had a greater amount of indebtedness. Furthermore, when
the averages of the variables were examined in greater detail, it was discovered that the average values
of the ratios LIQG, LIQR, FMAT, FMV, ROE, ROA, RLV, EBITAT, FCAT, AFAT, EBITDAYV, VAT,
EBITDAJS and SOLV were higher for active companies; thus, it is expected that the higher the value
of these ratios, the lower the probability of bankruptcy. The average values for the ACV, PTAT, PTCP
and PCAT indicators, on the other hand, were higher for the bankrupt companies. As a result, the higher
the value of these indicators, the greater the probability of a company approaching bankruptcy,
necessitating specific attention from managers to its increase.

The correlations between the independent variables are presented in Table 4 and Table 5. The cor
function shows that the following microeconomic variables were relatively highly correlated: EBITAT with
ROA (0.981), FCAT with ROA (0.925), LIQG with LIQR (0.858), EBITDAV with RLV (0.976), FCAT
with EBITAT (0.919) and ACV with FMV (0.972). The SOLV variable and PTAT variable had a perfect
negative correlation of —14. In terms of the macroeconomic variables, almost all correlations were relevant,
except those between PIB and TI, TI and TD, TI and TNE and TNE and TJCH.

4This perfect negative correlation is because these two financial ratios are complementary (the sum of both is equal to 1).
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Table 3. Summary statistics for Model 1.

Variable State Minimum Median Mean Standard deviation Maximum
LIQG Active 0.095 2.132 3.894 6.486 98.067
Bankruptcy 0.510 1.474 2.429 2.474 17.609
LIQR Active 0.029 1.758 3.062 5.400 98.067
Bankruptcy 0.001 1.038 1.290 1.449 12.026
FMAT Active —2.084 0.290 0.310 0.262 0.979
Bankruptcy —0.264 0.426 0.439 0.271 0.982
FMV Active —6.480 0.227 1.189 16.720 640.196
Bankruptcy —0.615 0.603 4.869 31.611 504.515
FCAT Active —0.674 0.063 0.081 0.103 0.665
Bankruptcy —0.429 0.010 0.006 0.070 0.293
ROE Active —8.087 0.079 0.060 0.551 2.117
Bankruptcy —8.559 0.006 —0.197 0.867 0.597
EBITAT Active —-0.620 0.046 0.068 0.106 0.597
Bankruptcy —0.472 0.021 0.014 0.070 0.252
RLV Active —37.213 0.024 0.051 2.188 76.945
Bankruptcy —8.563 0.003 -0.124 0.625 0.432
ROA Active 0.093 —0.659 0.027 0.044 0.565
Bankruptcy —0.502 0.001 -0.014 0.066 0.204
EBITDAV  Active —34.862 0.072 0.114 2.121 75.091
Bankruptcy —2.706 0.064 0.090 0.654 9.169
VAT Active 0.001 1.161 1.291 0.811 6.365
Bankruptcy 0.002 0.621 0.730 0.615 4.290
ACV Active 0.083 0.634 2.327 27.393 1041.760
Bankruptcy 0.196 1.413 6.522 35.786 564.382
PTAT Active 0.008 0.598 0.573 0.221 0.995
Bankruptcy 0.297 0.805 0.785 0.125 0.994
PTCP Active 0.008 1.488 3.058 7.907 199.488
Bankruptcy 0.422 4.130 6.991 12.497 168.456
EBITDAIJS Active —1337933 17.652 5856 147875 5451071
Bankruptcy —273.705 1.462 3.324 46.218 552.836
SOLV Active 0.005 0.402 0.427 0.221 0.992
Bankruptcy 0.006 0.195 0.215 0.125 0.703
PCAT Active 0.006 0.359 0.379 0.221 0.962
Bankruptcy 0.056 0.529 0.528 0.245 0.978
AFAT Active 0 0.154 0.213 0.197 0.982
Bankruptcy 0 0.099 0.156 0.158 0.948
DIM Active 1.198 2.598 2.708 0.603 6.186
Bankruptcy 1.866 3.483 3.493 0.635 5.595
NUMC Active 1 8 19.349 99.787 3418
Bankruptcy 1 16 30.011 55.662 719
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Variable State Minimum Median Mean Standard deviation =~ Maximum
T) Active 0.023 0.023 0.023 - 0.023
Bankruptcy 0.024 0.055 0.054 0.010 0.067
PIB Active 0.022 0.022 0.022 - 0.022
Bankruptcy —-0.041 —-0.009 —-0.099 0.022 0.035
TI Active 0.003 0.003 0.003 - 0.003
Bankruptcy —-0.008 0.014 0.016 0.016 0.037
TD Active 0.065 0.065 0.065 - 0.065
Bankruptcy 0.070 0.108 0.113 0.027 0.162
TNE Active 0.120 0.120 0.120 - 0.120
Bankruptcy 0.077 0.088 0.094 0.017 0.133
TICH Active 0.012 0.012 0.012 - 0.012
Bankruptcy 0.014 0.032 0.034 0.011 0.054

Note: Rates are constant throughout the year and do not fluctuate.

In general, the high correlation observed between practically all of the microeconomic variables is
related to a common numerator or denominator. Nonetheless, the correlation between macroeconomic
variables is largely explained by their behavior as a function of the economic cycle. For example, when the
gross domestic product grows, interest rates and inflation rise, while unemployment falls. People will also
be more likely to start businesses because they are more confident that their investments will be rewarded.
After all, the economy is experiencing higher levels of income and demand.

Quantitative Finance and Economics
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Table 4. Correlation coefficients for the microeconomic variables.

LIQG LIQR FMAT FMV FCAT ROE EBITAT RLV ROA EBITDAV VAT ACV PTAT PTCP EBITDAJS  SOLV PCAT AFAT DIM  NUMC
LIQG 1.000
LIQR 0.858 1.000
FMAT 0.175 0.014 1.000
FMV 0.035 -0.016  0.115 1.000
FCAT —0.004  0.067 —0.191 —0.062 1.000
ROE 0.026 0.038 —-0.017 -0.013  0.483 1.000
EBITAT 0.012 0.064 —0.095 —-0.047 0919 0.513 1.000
RLV 0.060 0.094 —0.045 -0.393  0.127 0.048 0.125 1.000
ROA 0.027 0.076 —0.092 -0.042  0.925 0.537 0.981 0.140 1.000
EBITDAV 0.059 0.090 —0.030 —0.249  0.123 0.045 0.121 0.976 0.135 1.000
VAT —0.146  —0.063  —0.241 —0.111 0.289 0.120 0.230 0.003 0.188 —0.024 1.000
ACV 0.040 0.001 0.080 0.972 —0.058  -0.013  —0.044 -0.323  -0.036  —0.208 —0.119 1.000
PTAT —0.341 —0.381 0.018 0.009 -0.286  —0.193  —0.287 -0.057  —-0.303  —0.049 0.005 —0.004 1.000
PTCP —0.078  -0.102  0.050 0.027 —0.178  -0.482  —0.171 -0.017  -0.172  —0.011 —0.102  0.022 0.425 1.000
EBITDAJS  -0.010  —0.001 —0.024 -0.177  0.073 0.016 0.069 0.108 0.064 0.106 0.007 -0.196  —0.048  —0.013 1.000
SOLV 0.341 0.381 —0.018 —0.009  0.286 0.193 0.287 0.057 0.303 0.049 —0.005  0.004 —1.000  -0.425  0.048 1.000
PCAT -0.489  —0.432  —0.119 -0.014  —-0.186  —0.112  —0.164 -0.030 —-0.173  —0.031 0.122 -0.022  0.619 0.236 —0.015 —0.619 1.000
AFAT —0.122  -0.080  —0.443 —0.054  0.130 —0.007  —0.010 0.033 —0.010  0.040 —0.032  —-0.044 -0.028 —0.042  0.040 0.028 —0.149 1.000
DIM -0.093  —-0.184  0.114 0.109 -0.170 ~ —0.020  —0.082 0.018 —0.075 0.043 —0.387  0.121 0.167 0.075 0.003 —0.167  0.153 0.039 1.000
NUMC —0.050  —0.041 —0.037 —0.010  -0.014  0.000 —0.006 —0.001 —0.009  —0.001 0.004 —0.009  0.028 —0.006  —0.003 —0.028  0.058 0.032  0.302  1.000




418

Table 5. Correlation coefficients for the macroeconomic variables.

TJ PIB TI TD TNE TJCH
T] 1.000
PIB —0.832 1.000
TI 0.738 —0.459 1.000
TD 0.822 —0.790 0.602 1.000
TNE —-0.776 0.821 —0.535 —0.836 1.000
TICH 0.973 —0.745 0.745 0.710 —0.623 1.000

3.2. Principal component analysis

PCA was applied to choose the variables that explain as much as possible of the variance in the dataset
and allow them to be characterized and reduced after having previously confirmed whether these variables
were associated (see Section 3. 1). In this context, the number of components to be preserved must be fixed.
Thus, only the top five components were kept since the variables that contributed the most to these
components produced the greatest outcomes in the estimated models. It should be noted that their summed
contribution to the total variation was 61.87%, which is less than 70%, a common value found in the
literature (the subjective nature of this criterion is emphasized). Figure 2 depicts the fviz contrib function
results for the first five components.

B
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Figure 2. Variables that have the greatest impact on the first five principal components.
It is important to note that the variables that contribute the most to the first five components are above

the red line in Figure 2. As a result, the following independent variables were chosen for the model: TJ,
ROA, EBITAT, RLV, FCAT, EBITDAV, FMV, TICH, ACV, TD, SOLV, PTAT, PIB, TNE, LIQG and PCAT.
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3.3. Empirical prediction models

The bankruptcy model proposed in this study entails the estimation of three models for three different
temporal moments: Model 1 predicts bankruptcy from one year prior to the observation of bankruptcy,
Model 2 predicts bankruptcy from two years prior and Model 3 predicts bankruptcy from three years prior.
Table 6 provides an overview of the findings. For all three models, the microeconomic variables that appear
to be important predictors are cash flow to total assets and shareholder funds to total assets. Thus,
companies with a higher cash flow-to-total assets ratio are less likely to fail. The negative sign of the
shareholder funds-to-total assets ratio indicates that a high value of this variable reduces the probability of
failure. On the other hand, the effects of current liabilities on total assets differ between the models. As a
result, this variable is only statistically significant in Model 3, and its sign becomes positive over time. The
macroeconomic variables are remarkably important across models. As expected, companies are less likely
to fail when PIB increases. The TNE variable is significantly related to bankruptcy in Model 2 and Model
3. However, the coefficient for this variable has an unexpected sign, indicating that the higher the value of
this macroeconomic indicator, the less likely is a company to be in a difficult financial situation. The VIF
values for the five variables considered in this study were all less than 2, indicating that multicollinearity
is not a problem in the estimations, and that the coefficient levels obtained are reliable. In Model 1,
McFadden’s R? was 87%, indicating that this model explains 87% of the total variability of the dependent
variable. The McFadden’s R? values for Model 2 and Model 3 were 68% and 65%, respectively.

Table 6. Outcomes of logistic regression models.

Model 1 Model 2 Model 3
FCAT -5.601 ok —4.5346 ok —3.0898 *
SOLV -3.991 ok —4.7503 ok —4.3135 ok
PCAT -1.871 -0.2309 1.3061 *
PIB ~799.103 ok —285.9563 ok —263.4298 ok
TNE -357.092 -128.3724 ok —184.3570 ok
Constant 58.664 * 20.4592 ok 25.8439 ok
AIC 149.93 362.73 393.09
McFadden’s R? 0.873 0.676 0.648

Note: *significant at the 10% level; **significant at the 5% level; ***significant at the 1% level.
3.4. Performance evaluation for logistic regression models

The area under the ROC curve (AUC) measures the real performance of a statistical model, and
a value near 1.0 indicates excellent performance. All of the models demonstrated high performance on
the training and test datasets. The first model achieved the best performance with an AUC value of
0.963 for the test dataset. Thus, this statistical model can correctly predict the bankruptcy of a company
with a probability of 96.3%. Figure 3 presents the ROC curve of each model based on microeconomic
and macroeconomic indicators for the test dataset.

Quantitative Finance and Economics Volume 6, Issue 3, 405-432.
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Figure 3. ROC curves indicating model performance.

A confusion matrix, on the other hand, represents the number of elements correctly predicted and
those incorrectly classified. (Note that the optimal cut-off was computed using the InformationValue
package.) Tables 7, 8 and 9 depict the confusion matrices derived for Models 1, 2 and 3, respectively. The
results indicate that all active companies were correctly classified. However, as the time horizon increased,
so did the number of bankruptcy companies classify as false positives. The accuracy of the models was
calculated using the matrices mentioned below.

Table 7. Confusion matrix for Model 1 (optimal cut-off = 0.20).

Actual condition

Active Bankrupt
Predicted condition Active 467 4
Bankrupt 0 78

Overall accuracy: ACC = 99.5%; Sensitivity = 96.3%; Specificity = 100%.

Table 8. Confusion matrix for Model 2 (optimal cut-off = 0.35).

Actual condition

Active Bankrupt
Predicted condition Active 467 17
Bankrupt 0 65

Overall accuracy: ACC = 96.9%; Sensitivity = 79.3%; Specificity = 100%.

Quantitative Finance and Economics Volume 6, Issue 3, 405-432.
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Table 9. Confusion matrix for Model 3 (optimal cut-off = 0.31).

Actual condition

Active Bankrupt
Predicted condition Active 467 21
Bankrupt 0 61

Overall accuracy: ACC = 96.7%; Sensitivity = 78.0%; Specificity = 100%.

4. Discussion
4.1. Models with microeconomic and macroeconomic variables

Macroeconomic factors are now recognized as important predictors of bankruptcy, affecting all
companies (Acosta-Gonzalez et al., 2019). By linking the microeconomic and macroeconomic variables
in a new model, it was possible to explore the question of whether macroeconomic indicators improve
the performance of bankruptcy prediction models, besides the inclusion of microeconomic indicators.
As a result, this study offers a consistent and highly accurate model with the two types of variables,
suggesting that companies in the construction sector are sensitive to changes in the macroeconomic
conditions of the country. This finding corroborates the results obtained by Acosta-Gonzalez et al. (2019),
Carvalho et al. (2020), Giriiiniene et al. (2019), Oliveira (2014), Tinoco & Wilson (2013) and Yan et al.
(2020). The predictor variables included in the model exhibited different characteristics over time,
including statistical significance, as well as the expected® and obtained signs (Table 10 and Table 11).

Table 10. Variables included in the models.

Category Variable Model 1 Model 2 Model 3
Liquidity ratios FCAT X X X
Solvency and financial SOLV X X X
autonomy ratios PCAT X
Macroeconomic PIB X X X
indicators TNE X X

Note: The X means that the variable has statistical significance.

Table 11. Expected signs and output results according to the variables in each model.

Category Variable Expected sign Model 1 Model 2 Model 3
Liquidity ratios FCAT - - - -
Solvency and financial SOLV - - - -
autonomy ratios PCAT + _ _ +
Macroeconomic PIB - - - -
indicators TNE + - - -

(131}

Note: The sign “-” indicates that the greater the value of this variable, the lower the likelihood of bankruptcy. The “+” sign

indicates that the greater the value of this variable, the greater the likelihood of bankruptcy.

5Theoretical signs established by the authors studied.
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The models were formed based on three microeconomic indicators, one of which is related to the
liquidity ratio, and the others to solvency and the financial autonomy ratios. These categories are
critical to understanding the bankruptcy event. According to Altman (1968) “a firm with a poor
profitability and/or solvency record may be regarded as a potential bankrupt”. Furthermore, Dimitras
et al. (1996) examined 47 articles on bankruptcy prediction models and discovered that “the most
important financial ratios came from the solvency category”. According to Lee et al. (1996), “in case
of failure prediction liquidity seems to play an important role”. Recently, Altman & Hotchkiss (2006)
stated that “in gemeral, ratios measuring profitability, liquidity, leverage, and solvency, and
multidimensional measures, like earnings and cash flow coverage, prevailed as the most significant
indicators”. The authors also stated that “the order of their importance is not clear since almost every
study cited a different ratio as being the most effective indication of impending problems”. As a result,
it can be deduced that the categories of indicators chosen for the model developed in this study are,
according to several authors, the most significant.

The cash flow/total assets (FCAT) ratio was statistically significant in all models in terms of its
effect on liquidity. As a result, it was found that this ratio is crucial in explaining bankruptcy in the
short and medium term. The expected negative coefficient indicates that the higher the liquidity of a
company, the lower the likelihood of bankruptcy. In other words, businesses generate positive net
financial resources from their operations, which strengthens their financial position. Out of all of the
authors studied, only Correia (2012) and Vieira et al. (2013) demonstrated the predictive power of this
indicator in their models. Furthermore, Vieira et al. (2013) stated that “the ratio that has more capacity
to predict bankruptcy over the different periods in the Portuguese construction sector is the ratio of
cash-flow to total assets”, a finding similar to Correia (2012). This result, however, differs from those
presented by Acosta-Gonzalez et al. (2019), Beaver (1966), Karas & Rezinakova (2017a), Karas &
Reznakova (2017b) and Karas & Srbova (2019), because none of these authors considered it important
or statistically significant for their models.

The shareholder funds/total assets (SOLV) ratio was always statistically significant and
negatively related to bankruptcy in the category of solvency and financial autonomy ratios,
demonstrating a result consistent with the initial expectation. Therefore, the lower the value of this
ratio, the greater the likelihood of companies in the Portuguese construction sector will go bankrupt in
the short or medium term. Entities with greater financial strength and a larger capacity to meet non-
current obligations are thus less reliant on external funds. Jones & Wang (2019), Karminsky &
Burekhin (2019), Obradovi¢ et al. (2018), Pacheco et al. (2019) and da Rosa (2017) all mentioned that
this ratio is important for their models, though the signs obtained by Obradovi¢ et al. (2018) were
opposite of what was expected. Oliveira (2014) and da Pimenta (2015), on the other hand, did not find
evidence that solvency was important in explaining bankruptcy. The current liabilities/total assets
(PCAT) ratio was found to be statistically significant only in Model 3. As expected, this ratio had a
positive coefficient, suggesting that increasing the proportion of current liabilities to total assets
increases the likelihood of bankruptcy in the medium term. In general, these businesses finance a larger
portion of their total assets with short-term liabilities (either short-term bank loans or supplier credit,
for example). This will put the company under a lot of financial strain because it needs to be able to
generate money to meet those responsibilities in the short term. The sign of this indicator in Models 1
and 2 was the opposite of what was expected, but it was not statistically significant. These findings
appear to indicate that this ratio’s predictive ability improves over time, as it was only statistically
significant in Model 3. Another intriguing aspect of the PCAT ratio has been demonstrated by Karas
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& Reznakova (2017c¢), who investigated the impact of this ratio in the construction and manufacturing
sectors and discovered that it appears to be specific to the construction sector, as it was one of the least
significant variables in the manufacturing sector and one of the most significant in the construction
sector. The studies by Acosta-Gonzalez et al. (2019), Karas & Reziidkova (2017a), Karas & Reznakova
(2017b), Karas & Reznakova (2017c) and Yan et al. (2020) corroborate the results obtained in this
study, as these authors reported a positive sign for this indicator, as well as highlighted its merits in
predicting the bankruptcy of construction companies.

Two macroeconomic indicators were used in the models: the gross domestic product (PIB) and
birth rate of enterprises (TNE). The PIB indicator was statistically significant in all models tested,
corroborating the results obtained by Carvalho et al. (2020), Jones & Wang (2019), Oliveira (2014)
and Yan et al. (2020). The results obtained differ from those obtained by Giritiniene et al. (2019). This
variable’s coefficient estimate had a negative sign, implying that the lower the PIB growth rate, the
higher the risk of bankruptcy. This conclusion was predictable given that PIB represents all goods and
services produced by a given country; thus, a high PIB indicates a healthy and balanced economy. This
result is even more relevant when one considers that, by definition, the construction sector is highly
sensitive to the economic cycle. The TNE indicator demonstrated statistical relevance in Models 2 and
3, and, despite the PIB indicator’s strong capacity for prediction when combined with the
microeconomic indicators, the addition of this indicator improved the quality of the models. This result
is comparable to those presented by Altman (1983), Cuthbertson & Hudson (1996), Hudson (1986),
Liu (2004), Platt & Platt (1994) and Young (1995). However, the estimated coefficient had a negative
sign, implying that a decrease in TNE increases the likelihood of failure. At the outset of the study, it
was expected that a higher enterprise birth rate might predict bankruptcy since fiercer competition
would exist between companies in the construction sector. One possible explanation for the obtained
result is that the time horizon chosen for the failed companies is correlated with the number of
bankruptcies because, surprisingly, the years with the highest number of bankruptcies were also the
years with the lowest TNE indicator. It is also worth noting the TNE indicator’s lack of available data
for 2019. As a result, the average for the previous five years was calculated because it remained
constant during this period.

4.2. Comparing performance measures of the models

In general, these models appear to be highly accurate up to three years before the bankruptcy
(around 90%), as based on the measures AUC and ACC, as well as be of excellent quality (Table 12).
Model 1 performed better in terms of AUC and ACC, primarily for the training dataset (96% and 99%,
respectively). Nonetheless, Models 2 and 3 yielded curves that were reasonably close to the ideal
model (i.e., equal to 1). Acosta-Gonzalez et al. (2019), Choi et al. (2018) and Ohlson (1980) all
observed similar behavior in terms of the model’s predictive ability. However, it is also possible to
confirm that several of the works mentioned throughout this paper, namely Altman (1968), Costa
(2014), Horta & Camanho (2013), Karminsky & Burekhin (2019), Kubénka & Myskova (2019),
Pacheco et al. (2019), Tinoco & Wilson (2013), Tserng et al. (2014) and Zori¢ék et al. (2020), presented
models with much lower explanatory power.

On the other hand, as the time reference period before bankruptcy lengthened, the accuracy rate
(Beaver, 1966) and quality decreased (Succurro et al., 2019). According to Beaver (1966), one of the
possible explanations for these findings is the deterioration of bankrupt companies over time, because
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the difference in the averages of the indicators between active and bankrupt companies grows as
bankruptcy approaches. Another possible explanation is that the microeconomic indicators used in the
models are typically based on data from a year before companies are identified as bankrupt, and thus
may not be the most appropriate measures to explain bankruptcy in the two and three years preceding
it, i.e., an indicator that is important in the year preceding bankruptcy may not be important in the
earlier years preceding bankruptcy (Karas & Reznakova, 2017c¢).

Even though the PCA results showed that some macroeconomic indicators significantly
contributed to the variability of the data, the entire process of building the model with only
microeconomic indicators was repeated to understand the impact of macroeconomic indicators on the
prediction of bankruptcies in the Portuguese construction sector. The model developed with only
microeconomic indicators performed worse, with AUC, ACC and quality values of around 80% and
less than 22% (quality) (Table 12).

This confirmed that the model proposed with microeconomic and macroeconomic indicators is
more efficient and effective. Furthermore, the disparity in the values obtained by the two models
suggests that the Portuguese construction sector is sensitive to macroeconomic changes. Acosta-
Gonzélez et al. (2019) reached a similar conclusion: “companies in the Spanish construction sector
are more sensitive to changes in macroeconomic factors than to their accounting ratios”.

Table 12. Measures of performance for the models.

Micro and macroeconomic variables Microeconomic variables

Model 1 Model 2 Model 3 Model 1 Model 2 Model 3
test data (AUC) 96.3% 90.6% 90.9% 82.6% 80.9% 77.9%
accuracy (ACC) 99.5% 96.9% 96.7% 84.9%* 84.9%" 84.9%°
McFadden’s R? 87.3% 67.6% 64.8% 22.0% 16.8% 15.8%

Note: ACC values computed for optimal cut-off: * Optimal cut-off = 0.8346;® Optimal cut-off = 0.6516; ¢ Optimal cut-off = 0.6523.

To summarize, this research emphasizes the importance of ratios that measure a company’s liquidity,
solvency and financial autonomy, as well as the importance of macroeconomic indicators (that condition
the context in which all companies operate) in predicting bankruptcy. In addition, the proposed model’s
high accuracy demonstrates its applicability in the Portuguese construction sector. Given the findings, it
would be beneficial for businesses in this sector to use the model developed and, as a result, devise solutions
that reduce and prevent their financial situation from worsening. This model is equally important for banks,
public entities and investors, primarily in terms of risk analysis, because it allows for the assessment of a
company’s viability and stability.

5. Conclusions

The purpose of this study was to develop a model that is able to predict the probability of bankruptcy
in the Portuguese construction sector while also including company-specific variables and macroeconomic
indicators. Therefore, the study’s major contribution to the literature is the identification of a parsimonious
model that predicts the probability of a company’s bankruptcy based on a limited number of company-
specific variables and macroeconomic indicators. The combination appears to improve the model’s
performance significantly, corroborating and extending the findings of previous empirical studies. Indeed,
research on whether indicators from the external environment or indicators within the company influence
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the probability of bankruptcy has attracted the attention of several researchers. On the one hand, a
company’s specific indicators (here, proxied by financial ratios) drive its profitability and market success.
On the other hand, it is acknowledged that external indicators (here, proxied by macroeconomic indicators)
that are beyond the control of company managers affect a company’s performance. And, these external
indicators are important because company managers are unable to accurately predict and manage the
impact of changes in macroeconomic indicators on the company’s performance. However, due to the high
correlations between the variables, PCA was required to determine which ones best explained the variation
in the dataset.

Regarding the performance measures for the models, the results showed an overall predictive accuracy
of over 90% up to three years before the bankruptcy, with quality ranging from 65% to 87%. The decrease
in predictive ability and quality over time is primarily due to the time elapsed before bankruptcy occurred.
Solvency, as well as cash flow/total assets and current liabilities/total assets, are microeconomic indicators
that help explain the bankruptcy event. Furthermore, it has been demonstrated that solvency and the cash
flow/total assets ratios are critical for analyzing the situations of companies in the construction sector in
the short and medium term, and that the current liabilities/total assets ratio is relevant in the medium term.
In terms of macroeconomic indicators, it was found that the gross domestic product and birth rate of
enterprises in the construction sector are critical in predicting bankruptcy.

A major implication of the results obtained is that as the economic cycle has become increasingly
important owing to recent economic crises; it is critical for companies in the construction sector to employ
the created model and, consequently, build solutions that minimize and prevent their financial condition
from worsening. Therefore, these findings shed new light on bankruptcy prediction models aimed at the
construction sector, emphasizing its sensitivity to macroeconomic conditions (Acosta-Gonzalez et al., 2019;
Carvalho et al., 2020; Giritiniene et al., 2019). This model is also beneficial for banks by way of their credit
risk assessment activities and government agencies by way of public policy design; it also helps investors
to have a better understanding of a company’s reality when deciding about their investments.

This study faced several limitations, including a lack of key indicator information in Orbis, which
resulted in a significant drop in the amount of usable data, primarily in the group of bankrupt enterprises,
as well as in the number of independent variables. Because PORDATA did not have information on the
TNE indicator for 2019, it was necessary to compute the average for the previous five years (similar values
in this period). Another limitation of the study is that we were unable to identify a significant sample of
Orbis companies in bankruptcy. It should also be noted that not all companies use the same accounting
standards, which may be misleading in terms of their true economic and financial status and affect the
models’ predictive power. Nevertheless, this difficulty was mitigated to some extent by using the same
database (Orbis) for all companies and the existence of a procedure for standardizing the information
obtained from the enterprises, allowing for better comparison of this information. Finally, the high
correlation between several of the selected indicators is evident, which is to be expected given that the
majority were obtained in nearly identical ways. To address this issue, a more in-depth examination of the
ratios used in bankruptcy prediction models is recommended, as previous studies have primarily focused
on those with the greatest degree of popularity in the literature, with no rational theory guiding their
selection (Acosta-Gonzélez & Fernandez-Rodriguez, 2014; Karels & Prakash, 1987).

Some avenues for further research are as follows. First, it is envisaged to include another category of
indicators, such as market indicators (e.g., the market value of equity, share price and market
capitalization/total debt ratio). Some authors (e.g., Pham Vo Ninh et al., 2018; Tinoco & Wilson, 2013)
have already confirmed that the combination of these three types of indicators is beneficial for predicting
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bankruptcy. Second, replicating this research project for a larger sample as a more representative sample
of the population, specifically in the group of failed companies, would improve the model performance
and then determine whether the results obtained would remain. Third, a study on the effects of the COVID-
19 pandemic on the economic and financial situation of Portuguese and foreign companies should be
conducted to gain a more comprehensive understanding of the response of organizations, as well as the
sectors most harmed. Finally, it would be interesting to develop an interface that construction companies,
as well as investors, government agencies and banks, could use to obtain all possible information about the
state of their company and relevant predictions in a simple and intuitive manner. This interface can be
created by using the shiny package, which is available in RStudio.

Although we believe that our study could be replicated using a sample of companies in other sectors
and/or countries, and that similar insights are likely to be obtained, it is necessary to be cautious regarding
the generalization of the conclusions drawn in this study. The complexity of the process associated with
the bankruptcy of a company should be recognized. It is possible, for example, that institutional contexts,
regulatory frameworks or cultural beliefs might influence that process, which makes it difficult to fully
capture all of the factors driving the failure of a company.
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