
Vol.:(0123456789)

Review of Managerial Science
https://doi.org/10.1007/s11846-024-00742-4

1 3

ORIGINAL PAPER

Firm failure prediction for small and medium‑sized 
enterprises and new ventures

Weiyu Wang1   · Maria João Guedes2 

Received: 10 June 2023 / Accepted: 14 February 2024 
© The Author(s) 2024

Abstract
New ventures and small and medium-sized enterprises (SMEs) are the engines that 
drive the development of the economy, productivity, and business. However, they 
differ with respect to their natures, and that may affect their choices and success. 
This paper investigates the determinants of failure for SMEs and new ventures in 
Portugal by employing a logistic regression technique to develop the one-year pre-
diction models individually over the period from 2010 to 2018. The results show 
that age and size always play significant roles in discriminating the failure risk of 
both types of firm, but the financial predictors selected in the final default prediction 
models for SMEs and new ventures vary. Moreover, based on financial, age, and size 
predictors, the SME model performs much better than that of the new venture in 
the classification accuracy reported. This indicates that separate treatment should be 
carried out while predicting the failure likelihood of SMEs and new ventures.
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1  Introduction

Firm failure prediction, also called financial distress prediction or default predic-
tion, provides the early warning signals when examining a firm’s financial health. 
Research on this topic has been carried out since Beaver (1966) and Altman 
(1968) pioneered this work. Many researchers have attempted to further examine 
what determines the failure of firms because it plays a crucial role in decisions 
taken by company managers, investments made by investors, credit decisions 
reached by creditors, and customer credit ratings prepared by banks (Sun et  al. 
2014).

Over the last half century, extensive research has investigated failure predic-
tion on large and listed firms (e.g., Altman 1968; Fernando et  al. 2019; Tinoco 
and Wilson 2013; Zhang et  al. 2010). However, unlike mature and larger firms 
that are more experienced and capable of detecting environmental signals (Kli-
mas et al. 2021), SMEs are under growing pressure from global competition and 
complexity, and they encounter a greater challenge to improve and sustain their 
business performance over time (Kraus et al. 2012). In the aftermath of the global 
financial crisis of 2007 to 2009, banks have implemented stricter creditworthi-
ness standards. Consequently, small firms are confronted with greater difficulty 
in accessing credit and obtaining financial resources, and greater requirements 
in borrowing money from financial entities compared to larger firms. These con-
straints have imposed additional challenges on businesses and have been condu-
cive to more loan defaults and business failure (Ciampi et al. 2021; El Kalak and 
Hudson 2016; Garcia-Martinez et al. 2023).

In accordance with a widely accepted definition provided by the European 
Union, a firm employing fewer than 250 persons with an annual turnover of less 
than €50 million is defined as an SME (El Kalak and Hudson 2016; Gupta et al. 
2015; Gallucci et  al. 2023). New ventures, also called entrepreneurial ventures, 
are newly established firms in the early stages of their organizational lives and 
are unstable in performance due to their unfinalized business models (Zhou et al. 
2023). The criterion used to distinguish new ventures from more established firms 
is always years in business. However, there is no consensus on the year cutoffs—
the time constraint ranges from six to ten years (Li 2020). In this study, following 
Fonseca et  al. (2022), we examine new ventures starting activity between 2010 
and 2018 in Portugal. Due to their small size and lack of experience, new ventures 
are more vulnerable to changes than already established firms in the economy and 
the market (Gregg and Parthasarathy 2017), and they face more obstacles to mar-
ket entry, insufficient skilled staff, low network connections, and poor financing 
conditions (Kücher et al. 2020). Although a venture may become an established 
firm at a later stage of its organizational life cycle, the way it evolves may pre-
sent unique resources and strategic challenges that an SME may not encounter 
(Patel et al. 2021). During economic downturns, such as the financial crisis, com-
pared with more established SMEs, new ventures could be more vulnerable to the 
impact of credit crunches resulting from financial instability due to their limited 
collateral and relatively young age (Gaies et al. 2023; Guedes et al. 2021).
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SMEs are the backbone of economies and constitute a significant portion of the 
business sector (Argente-Linares et al. 2013), accounting for more than 95% of the 
Organization for Economic Cooperation and Development (OECD) members’ firms 
and 99% of all firms in the European Union. Indeed, they contribute to more than 
half of all value added (Filipe et al. 2016; Garcia-Martinez et al. 2023). According 
to Pordata (2023), SMEs account for 99.9% of total enterprises in Portugal. Due to 
their simpler structure compared to large firms, SMEs can respond faster to chang-
ing economic conditions and meet the needs of local consumers (Altman and Sabato 
2007). Moreover, the development of SMEs at a faster pace is beneficial for employ-
ment opportunities in the labor market and contributes to national growth and devel-
opment by providing innovation potential, increasing employment levels, and cre-
ating added value (Rotar et  al. 2019). In comparison to SMEs, new ventures face 
greater challenges in securing resources during the early stages of development as a 
consequence of their liability of newness and smallness (Freeman et al. 1983; Patel 
et al. 2021; Stinchcombe 1965). However, the growth of new ventures significantly 
contributes to job creation and economic development (Li 2020). In terms of tech-
nological and organizational innovation, new ventures can offer an important boost 
to productivity in their particular industry (Resende et al. 2016) and enhance their 
sustainability (Berman et al. 2022). Moreover, they are regarded as the engine of the 
economy. Consequently, it is important to understand the determinants of failure for 
both SMEs and new ventures and to determine the differences between them, given 
their different natures. In our study, we will distinguish the different determinants of 
failure for unlisted SMEs and new ventures. For this purpose, we will use the finan-
cial ratios, size, and age of these firms because a higher level of vulnerability exists 
for unlisted firms that stems from changes in financial ratios (Gupta and Gregoriou 
2018).

In this current study, we draw on a near census of unlisted SMEs and new ven-
tures in Portugal. The Portuguese economy is dominated by SMEs, accounting for 
68.3% of the value added and 77.4% of employment. Over the period 2014 to 2018, 
there was an increase in employment and value added in SMEs of 15.2% and 27.0%, 
respectively (European Commission 2019; Patel and Guedes 2021). We apply a step-
wise regression technique and the logistic model to develop one-year default predic-
tion models for SMEs and new ventures separately. Portuguese law requires firms 
to disclose their financial statements regardless of age or size, in contrast to most 
countries where unlisted companies are not mandated to do so (Guedes et al. 2022). 
Thus, our analysis uses a unique and large sample of 229,855 SMEs and 101,645 
new ventures covering 2010 to 2018. To validate the developed prediction models, 
the receiver operating characteristic (ROC) curves are reported for both in-sample 
and out-of-sample models. The findings show a significant variance in failure pre-
dictors between SMEs and new ventures. Consequently, it is highly recommended 
that they should be treated separately when assessing their risk of failure.

This study makes several contributions. First, it differs from the existing litera-
ture in that it focuses on default prediction in the context of SMEs and new ven-
tures in a geographically different sample. It is important to note that the outcomes 
of firms’ default risk predictions vary significantly from country to country (Alt-
man and Sabato 2005; Kovacova et  al. 2019). Moreover, the study contributes to 
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the firm failure literature in that it is among the first to look at failure prediction 
for both unlisted SMEs and new ventures playing major roles in boosting economic 
development (Resende et al. 2016; Rotar et al. 2019). Second, due to the different 
nature of SMEs and new ventures, we investigate whether the same set of predictors 
applies to both types of business. We found that the determinants affecting failure 
vary between SMEs and new ventures, which illustrates the need to rely on differ-
ent financial indicators for appropriate default assessment. We provide evidence for 
investors, creditors, and banks indicating that separate treatment should be imple-
mented when assessing the default risks of SMEs and new ventures. Last, when 
comparing the classification accuracy of the prediction models for both firm types, 
the new ventures model performs less well than that of SMEs, which echoes the 
need to employ more non-financial metrics in order to evaluate the survival and fail-
ure risk of new ventures.

2 � Literature review

2.1 � Firm failure prediction

Firm failure is costly not only to owners or promoters of firms but also to the whole 
economy as a result of jobs lost and bad loans by banks and credit unions (Popoola 
2022). Inspired by the research of Beaver (1966) and Altman (1968), studies on pre-
dicting corporate default have been undertaken. This kind of early warning predic-
tion of failure benefits the financial stability of the overall banking system, provides 
evidence for decision making by both managers and creditors, and allows regulators 
and other agents in the market to identify the potential problems of firms and evalu-
ate the impact on the economic environment (Antunes et al. 2016; Sun et al. 2014). 
Moreover, differences in country-specific circumstances, such as economic condi-
tions, legal regulations, cultural context, the dynamics of financial markets, and 
established accounting practices, impact the international applicability of the pre-
diction models (Altman et al. 2017). In the context of Portugal, non-financial firms’ 
total debt reached 115% of GDP in 2015, one of the highest values in the Euro-
zone, which put great pressure on banks and creditors (Antunes et al. 2016). SMEs 
account for more than three quarters of employment, and the Portuguese govern-
ment remains committed to improving entrepreneurship as part of the national strat-
egy to tackle youth unemployment (European Commission 2019). Consequently, it 
is pivotal to carry out a study in the context of this specific nation. Furthermore, 
compared with large firms, SMEs have unique financial characteristics and are per-
ceived as having higher credit and operational risks (Andrikopoulos and Khoras-
gani 2018). It is, therefore, necessary to design special default prediction models for 
SMEs (Ciampi 2015). Meanwhile, the determinants of new ventures’ performance 
and survival have received conspicuous attention in the literature due to their unique 
features (Fonseca et al. 2022; Holmes et al. 2010; Patel et al. 2020). However, SMEs 
and new ventures have different natures, which lead to different causes of failure. 
New ventures are more prone to failure due to internal weaknesses stemming from 
deficiencies in management and economic competencies, and limited knowledge 
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of financial accounting. However, more established SMEs are more likely to fail 
because of bureaucratic procedures and organizational inertia resulting in reduced 
profitability (Kücher et al. 2020). Although some studies have revealed that differ-
ent-sized SMEs have different determinants of failure prediction (see El Kalak and 
Hudson 2016; Gupta et al. 2018), few studies distinguish between SMEs and new 
ventures, especially in differentiating failure prediction. In consequence, our study is 
designed to fill this gap.

2.2 � Financial ratios as predictors

Financial ratios have proved to be important predictors of firms’ financial health 
and future default risk. In comparison to other types of variables—including market 
variables—they display superior predictive capacity and are the dominant signals of 
failure (Cultrera and Brédart 2016; Séverin and Veganzones 2021; Tian et al. 2015). 
The failure of SMEs can be attributed to poor financial planning (Popoola 2022). 
Thus, using financial analysis to determine the financial stability of a firm and to 
detect strengths and weaknesses can be a very useful diagnostic tool to predict the 
financial health of a business (Gregova et al. 2020). However, financial analysis may 
bring certain challenges—for example, obtaining financial information from SMEs 
and new ventures is difficult because they typically lack certified, audited financial 
statements. Since they do not generate credible financial information on a regular 
basis, they are much more opaque than large corporations (Berger and Frame 2007; 
Ciampi and Gordini 2013). Our study is noteworthy in that it covers SMEs and new 
ventures using reliable financial information, certified by chartered accountants as 
required by the Portuguese government.

Since the pioneering work of Altman in 1968, financial ratios measuring profit-
ability, liquidity, and solvency were found to be crucial predictors of firms’ bank-
ruptcy. To date, several studies have examined the determinants of failure and 
default prediction of SMEs and new ventures in several geographies. The majority 
of the default studies are based on the selection of quantitative predictive variables 
derived from financial ratios dealing mainly with profitability, liquidity, leverage, 
activity, and efficiency (for example, Altman and Sabato 2007; Fuertes-Callén et al. 
2022). Based on the theory of organizational ecology claiming that, as a result of 
natural selection, the market eliminates weak firms (Hannan and Freeman 1977), 
efficient firms maximizing profits will survive and predominate. In unfavorable 
environmental conditions, firms can increase their chances of survival if they have 
enough liquidity, whereas failure occurs when highly leveraged firms are unable to 
meet their debt service obligations (Fuertes-Callén et al. 2022; Miller 1988). Statis-
tical techniques are then applied to detect the significance and discriminatory power 
of the financial ratios in preparation for building the SMEs prediction model. In 
what was almost the first study of SMEs default risk prediction, Altman and Sabato 
(2007) developed a one-year default risk prediction model using the logistic regres-
sion technique on a sample of over 2,000 firms from 1994 to 2002 in the US. Five 
of the seventeen financial ratios—in the categories of profitability, liquidity, lever-
age, activity, and coverage—were chosen as the most important predictors of SMEs 
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failure: EBITDA (earnings before interest, taxes, depreciation, and amortization)/
total assets, short term debt/equity book value, retained earnings/total assets, cash/
total assets, and EBITDA/interest expense. The authors concluded that SMEs require 
separate treatment from large companies given that the banks impose credit risk 
strategies and credit risk management models and procedures specifically applied 
to the SME segment. New ventures also tend to place a high priority on financial 
planning because liquidity constraints might lead to failure (Kraus et al. 2010). Sev-
eral studies followed the work of Altman and Sabato (2007) and attempted to pre-
dict SME failure. Overall, the results demonstrate the validity of financial indica-
tors in firms’ default risk forecasting, but the results vary from country to country. 
Kovacova et al. (2019) found that each country prefers a different set of explanatory 
variables. Table 1 illustrates precisely how the financial indicators that predict firm 
failure vary by country (e.g. Abdullah et al. 2019; Castillo et al. 2018; Cultrera and 
Brédart 2016; Fuertes-Callén et  al. 2022; Lin et  al. 2012; Zhang and Xie 2023). 
And, in line with the study of Altman and Sabato (2007), it reveals that profitability, 
leverage, liquidity, and activity ratio are predictors of failure.

2.3 � Age and size as predictors

Based on the resource-based view (RBV), the internal characteristics and distinct 
resources of firms generate a sustainable competitive advantage to improve survival 
probability (Barney 1991; Kücher et al. 2020). Age and size are found to be impor-
tant determinants in SMEs and new ventures default prediction (Altman et al. 2010; 
Fuertes-Callén et al. 2022; Kücher et al. 2020). Studies have shown that the liability of 
newness—with the likelihood of firm failure declining with age—renders a high failure 
rate among new organizations (Carroll and Delacroix 1982; Stinchcombe 1965). Unlike 
established firms that have already reached viability, this liability of newness experi-
enced by new ventures can significantly reduce their chances of survival in the absence 
of growth (Bruderl et al. 1992). Additionally, access to financial resources for SMEs is 
affected by age because banks and financial institutions consider older SMEs less risky 
than younger ones when deciding to offer loans. As SMEs age, their improved capa-
bilities and experience create a more appealing profile and facilitate greater access to 
loans (Garcia-Martinez et al. 2023). The failure of younger firms is attributed to insuffi-
cient resources and capabilities (Thornhill and Amit 2003). However, as firms age, they 
learn to become more efficient, and the opportunities for survival and growth increase 
(Wennberg et al. 2016). This prediction has been supported by several studies for both 
SMEs and new ventures. For instance, Coad et al. (2016), who employed UK new ven-
tures data, showed that survival predictions are expected to improve in the years fol-
lowing entry. Those ventures that survive obtain the resources to weather the trade fluc-
tuations that characterize their early days. Similar results were obtained by Gregg and 
Parthasarathy (2017) whose analysis, based on data from eBay ventures, suggested that 
an auction firm’s chances of remaining in business increase as it extends the number of 
days it has been in business. Moreover, from the perspective of the industry life cycle, 
Esteve-Pérez et al. (2018) demonstrated that age is one of the factors decreasing the 
hazard rate of companies in their intermediate organizational lives. Although SMEs are 
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older and at a later stage of their organizational life cycle than new ventures, age is still 
found to be a significant factor in predicting default risk (Altman et al. 2010; Matenda 
et al. 2020).

According to the liability of smallness, the size of firms is inversely related to their 
failure rates (Freeman et al. 1983). Research on the impact of size on the failure of new 
ventures has experienced an upward trend. Size is the key source for innovation (e.g., 
R&D input and technology adoption), which crucially influences SMEs’ performance 
(Garcia-Martinez et  al. 2023). When competing with larger firms, new and smaller-
sized firms are more likely to use less debt to access external financing resources. Thus, 
they tend to lack sufficient financial capital to invest in advanced technologies and find 
it harder to survive (Garcia-Martinez et al. 2023; Honjo 2000). In short, these financing 
obstacles constrain their growth (Beck et al. 2006). This is consistent with the study by 
Bernanke and Gertler (1995), which concluded that bank financing and credit markets 
are less accessible to smaller firms than to large firms, with bankruptcy more likely to 
result. Moreover, large companies are more efficient in production due to their ability to 
use more specialized inputs, better coordination of resources, and scale economies. In 
addition to adequate financial capital, a greater number of qualified employees can help 
firms conquer the liability of smallness by increasing their efficiency and profitability 
(Moser et al. 2017). Starting out with greater numbers allows firms to benefit from their 
employees’ know-how, thereby boosting productivity and efficiency, and ultimately 
increasing their likelihood of survival (Fonseca et al. 2022). However, small firms have 
difficulty in achieving economies of scale, obtaining credit for investment, and secur-
ing qualified personnel because they lack adequate resources (Yang and Chen 2009). 
Therefore, in the marketplace, smaller-sized firms are at a competitive disadvantage 
and more likely to go out of business. To measure size based on financial and human 
resources, the extant literature has tended to utilize assets (Fuertes-Callén et al. 2022) 
and number of employees (Fonseca et al. 2022). The negative relationship between fail-
ure probability and new venture size has been tested by several studies, such as Mata 
and Portugal (1994) for Portugal, Audretsch and Mahmood (1995) for the US, and 
Resende et al. (2016) for Brazil. The probability of default for SMEs on the basis of 
size has been proven by Altman et al. (2010) and Acosta-González et al. (2019).

3 � Methodology

In this section, we discuss the source and selection of the database, the choice of 
explanatory variables, the statistical methods of this analysis, and the methods 
employed to evaluate the models’ performance.

3.1 � Data

Our sample consists of annual certified financial, performance, and survival infor-
mation for SMEs and new ventures in Portugal obtained from the IES [Informação 
Empresarial Simplificada (IES)] form, available in the INFORMA D&B database 
between 2010 and 2018. The data cover all industries and are divided into two 
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sub-samples of SMEs and new ventures separately. We include SMEs with less 
than 250 employees with annual revenue below €50 million based on the definition 
provided by the European Union, and new ventures established between 2010 and 
2018. We excluded firms that had reported no activities and had suspended activi-
ties. The observations with negative assets, cash, or liabilities and zero employees 
were eliminated due to errors and inappropriate perceptions of firms’ performance 
and size (Fonseca et al. 2022). The firms in the financial and insurance sectors were 
excluded from the sample because of their different accounting and typically high 
leverage, which tends to signify distress for non-financial firms (Fama and French 
1992; Gupta et  al. 2015; Mselmi et  al. 2017). Our final SME sample consists of 
772,037 SME–year observations with 229,855 unique SMEs (13,545 of the SMEs 
failed with a failure rate of 5.89%). The new venture sample comprises 191,237 new 
venture–year observations with 101,645 unique new ventures (5,457 of the new ven-
tures failed with a failure rate of 5.37%).

To validate the prediction performance of our models, the dataset was divided 
into two sub-periods: the estimation period (from 2010 to 2016) to develop the pre-
diction models, and the out-of-sample period (from 2017 to 2018), also named as a 
hold-out sample, to validate the developed models’ prediction performance. Follow-
ing Altman and Sabato (2007) and Gupta et al. (2014), the firm–year observations 
have been lagged by one period, utilizing data in the current period to predict the 
default probability of firms over the next time period. In other words, we predict the 
failure one year in advance.

3.2 � Variables selection

3.2.1 � Dependent variables

In our study, the dependent variable is failure coded as 1 if the firm fails. The failure 
of the firm is taken to mean that the firm is out of business in a firm–year reported 
by INFORMA D&B with the following outcomes: dissolution, extinction, insol-
vency, and legal closure. It equals 0 if none of those outcomes happen up to the end 
of the observation period (Patel et al. 2020).

3.2.2 � Selection of predictor variables

Building on past literature predicting SMEs and new ventures default risk, in addi-
tion to our database, this study focuses on financial ratios as well as size and age, 
and compares SMEs and new ventures. We initially incorporated ratios that have 
previously been shown to be effective in forecasting the probability of default in five 
categories: liquidity and solvency, profitability, leverage, activity and efficiency, and 
age and size. Table 2 presents the list of predictors, their definitions, and sources.

In the category of liquidity and solvency ratios, we use cash to assets ratio 
(CTA), working capital to assets ratio (WCTA), goodwill to assets ratio (IATA), 
and EBITDA-to-interest coverage ratio (EBITDAIE). A firm with better liquidity 
and solvency is less likely to default on financial obligations, and intangible assets 
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are capitalized more aggressively by firms facing distress. Consequently, we expect 
these ratios to be inversely related to default (Gupta et al. 2015; Jones 2011).

In the profitability ratios category, we include return on assets (using EBITDA), 
return on sales (using net income), return on assets (using net income) and retained 
earnings to assets ratio (RETA). They are used to assess a company’s capacity to 
generate profits. Healthier firms are expected to have higher values than distressed 
ones (Gupta et al. 2015). Consequently, negative relationships are expected between 
them and failure.

Regarding the category of leverage ratios, short-term D/E ratio (STDE), credi-
tors to assets ratio (TCTA), debt ratio (TLTA), and financial expenses to assets ratio 
(FETA) are used. Financial leverage represents the amount of liabilities that require 
constant payments (Zhang et al. 2010). Thus, these ratios are used to measure the 
ability of firms to pay their liabilities. They are expected to have positive relation-
ships with default because a firm associated with high liabilities has an increased 
risk of failure.

In respect of the activity and efficiency ratios, we select creditors to debtors ratio 
(TCTD), taxes to assets ratio (TTA), and profit per employee (PPE). They are sup-
posed to have negative relationships with default since financial distress is indicated 
by low values in these ratios. Excessive trade debtors (also named accounts receiv-
able) would result in insufficient cash flow and tight capital chains, which are harm-
ful to a firm’s financial health. According to Hudson (1986), small firms tend to file 
for bankruptcy because of trade creditors, which is where most of their liabilities 
come from. Thus, the smaller the TCTD, the higher the hazard of default. Regard-
ing TTA, the more profit a firm earns, the greater the amount of taxes paid. A firm 
is less likely to default on its tax obligation when it has a healthy liquidity position 
(Gupta et al. 2014). In addition, PPE stands for how much profit each employee gen-
erates over a given period of time (Lin et al. 2012). Firms benefit from a high profit 
per employee ratio because it indicates that their employees are well trained and 
productive.

Size is calculated as the natural logarithm of total assets. In line with Fonseca 
et al. (2022), we use the natural logarithm of the number of employees as the other 
size. Finally, age is defined as the natural logarithm of the current year minus the 
year of birth.

3.3 � Statistical model applied

Beaver (1966) and Altman (1968) were pioneers in this field, using univariate anal-
ysis and multivariate models, respectively. In the majority of papers on modeling 
SMEs default prediction, researchers prefer to use traditional methodologies, such 
as discriminant analysis and logistic models (Ciampi et  al. 2021). Altman (1968) 
was the first to apply multiple discriminant analysis (MDA) to develop the Z-score 
model based on five key financial ratios to detect bankruptcy potential in manufac-
turing corporates. MDA remained, for many years, the most widely used statistical 
method for default prediction models by numerous scholars. However, the limitation 
of MDA is that the two restrictive assumptions are often violated when applied to 



1 3

Firm failure prediction for small and medium‑sized enterprises…

Ta
bl

e 
2  

L
ist

 o
f V

ar
ia

bl
es

Va
ria

bl
e 

by
 c

at
eg

or
y

A
bb

re
vi

at
io

n
D

efi
ni

tio
n

Pr
io

r s
tu

di
es

 u
si

ng
 th

e 
m

ea
su

re

Li
qu

id
ity

 a
nd

 S
ol

ve
nc

y
C

as
h 

to
 a

ss
et

s r
at

io
C

TA
​

C
as

h/
to

ta
l a

ss
et

s
A

ltm
an

 a
nd

 S
ab

at
o 

(2
00

7)
; G

up
ta

 e
t a

l. 
(2

01
5)

; S
év

er
in

 a
nd

 
Ve

ga
nz

on
es

 (2
02

1)
W

or
ki

ng
 c

ap
ita

l t
o 

as
se

ts
 ra

tio
W

C
TA

​
W

or
ki

ng
 c

ap
ita

l/t
ot

al
 a

ss
et

s
A

ltm
an

 a
nd

 S
ab

at
o 

(2
00

7)
; E

l K
al

ak
 a

nd
 H

ud
so

n 
(2

01
6)

; 
Fu

er
te

s-
C

al
lé

n 
et

 a
l. 

(2
02

2)
G

oo
dw

ill
 to

 a
ss

et
s r

at
io

IA
TA

​
In

ta
ng

ib
le

 a
ss

et
s/

to
ta

l a
ss

et
s

A
ltm

an
 a

nd
 S

ab
at

o 
(2

00
7)

; G
up

ta
 e

t a
l. 

(2
01

5)
EB

IT
D

A
-to

-in
te

re
st 

co
ve

ra
ge

 ra
tio

EB
IT

D
A

IE
Ln

 (E
B

IT
D

A
/in

te
re

st 
ex

pe
ns

e)
A

ltm
an

 a
nd

 S
ab

at
o 

(2
00

7)
; E

l K
al

ak
 a

nd
 H

ud
so

n 
(2

01
6)

; 
Fu

er
te

s-
C

al
lé

n 
et

 a
l. 

(2
02

2)
Pr

ofi
ta

bi
lit

y
Re

tu
rn

 (E
B

IT
D

A
) o

n 
as

se
ts

RO
A

 (u
si

ng
 E

B
IT

D
A

)
EB

IT
D

A
/to

ta
l a

ss
et

s
A

ltm
an

 a
nd

 S
ab

at
o 

(2
00

7)
; E

l K
al

ak
 a

nd
 H

ud
so

n 
(2

01
6)

; 
Fu

er
te

s-
C

al
lé

n 
et

 a
l. 

(2
02

2)
Re

tu
rn

 o
n 

sa
le

s
RO

S 
(u

si
ng

 n
et

 in
co

m
e)

N
et

 in
co

m
e/

sa
le

s
A

ltm
an

 a
nd

 S
ab

at
o 

(2
00

7)
; E

l K
al

ak
 a

nd
 H

ud
so

n 
(2

01
6)

; 
Sé

ve
rin

 a
nd

 V
eg

an
zo

ne
s (

20
21

)
Re

tu
rn

 (n
et

 in
co

m
e)

 o
n 

as
se

ts
RO

A
 (u

si
ng

 n
et

 in
co

m
e)

N
et

 in
co

m
e/

to
ta

l a
ss

et
s

A
ltm

an
 a

nd
 S

ab
at

o 
(2

00
7)

; E
l K

al
ak

 a
nd

 H
ud

so
n 

(2
01

6)
Re

ta
in

ed
 e

ar
ni

ng
s t

o 
as

se
ts

 ra
tio

R
ET

A
Re

ta
in

ed
 e

ar
ni

ng
s/

to
ta

l a
ss

et
s

A
ltm

an
 a

nd
 S

ab
at

o 
(2

00
7)

; G
up

ta
 e

t a
l. 

(2
01

5)
; Z

ha
ng

 a
nd

 
X

ie
 (2

02
3)

Le
ve

ra
ge

Sh
or

t-t
er

m
 D

/E
 ra

tio
ST

D
E

Sh
or

t-t
er

m
 d

eb
t/e

qu
ity

 (b
oo

k 
va

lu
e)

A
ltm

an
 a

nd
 S

ab
at

o 
(2

00
7)

; G
up

ta
 e

t a
l. 

(2
01

5)
C

re
di

to
rs

 to
 a

ss
et

s r
at

io
TC

TA
​

Tr
ad

e 
cr

ed
ito

rs
/to

ta
l a

ss
et

s
El

 K
al

ak
 a

nd
 H

ud
so

n 
(2

01
6)

; G
up

ta
 e

t a
l. 

(2
01

5)
D

eb
t r

at
io

TL
TA

To
ta

l l
ia

bi
lit

ie
s/

to
ta

l a
ss

et
s

A
ltm

an
 a

nd
 S

ab
at

o 
(2

00
7)

; E
l K

al
ak

 a
nd

 H
ud

so
n 

(2
01

6)
; 

Fu
er

te
s-

C
al

lé
n 

et
 a

l. 
(2

02
2)

Fi
na

nc
ia

l e
xp

en
se

s t
o 

as
se

ts
 ra

tio
FE

TA
Fi

na
nc

ia
l e

xp
en

se
s/

to
ta

l a
ss

et
s

El
 K

al
ak

 a
nd

 H
ud

so
n 

(2
01

6)
; G

up
ta

 e
t a

l. 
(2

01
8)

Ac
tiv

ity
 a

nd
 e

ffi
ci

en
cy

C
re

di
to

rs
 to

 d
eb

to
rs

 ra
tio

TC
TD

Tr
ad

e 
cr

ed
ito

rs
/tr

ad
e 

de
bt

or
s

El
 K

al
ak

 a
nd

 H
ud

so
n 

(2
01

6)
; A

ltm
an

 e
t a

l. 
(2

01
0)

Ta
xe

s t
o 

as
se

ts
 ra

tio
TT

A
​

Ta
xe

s/
to

ta
l a

ss
et

s
El

 K
al

ak
 a

nd
 H

ud
so

n 
(2

01
6)

; G
up

ta
 e

t a
l. 

(2
01

5)
Pr

ofi
t p

er
 e

m
pl

oy
ee

PP
E

Ln
 (p

ro
fit

 b
ef

or
e 

ta
xe

s/
nu

m
be

r o
f e

m
pl

oy
ee

s)
Li

n 
et

 a
l. 

(2
01

2)
; F

ue
rte

s-
C

al
lé

n 
et

 a
l. 

(2
02

2)



	 W. Wang, M. J. Guedes 

1 3

Ta
bl

e 
2  

(c
on

tin
ue

d)

Va
ria

bl
e 

by
 c

at
eg

or
y

A
bb

re
vi

at
io

n
D

efi
ni

tio
n

Pr
io

r s
tu

di
es

 u
si

ng
 th

e 
m

ea
su

re

Si
ze

 a
nd

 a
ge

Si
ze

 b
y 

as
se

ts
Si

ze
 (a

ss
et

s)
Ln

 (t
ot

al
 a

ss
et

s)
A

ltm
an

 e
t a

l. 
(2

01
0)

; L
in

 e
t a

l. 
(2

01
2)

; F
ue

rte
s-

C
al

lé
n 

et
 a

l. 
(2

02
2)

Si
ze

 b
y 

em
pl

oy
ee

s
Si

ze
 (e

m
pl

oy
ee

s)
Ln

 (n
um

be
r o

f e
m

pl
oy

ee
s)

Fo
ns

ec
a 

et
 a

l. 
(2

02
2)

; G
al

lu
cc

i e
t a

l. 
(2

02
3)

A
ge

A
ge

Ln
 (c

ur
re

nt
 y

ea
r–

ye
ar

 o
f b

irt
h)

A
ltm

an
 e

t a
l. 

(2
01

0)
; G

al
lu

cc
i e

t a
l. 

(2
02

3)
; K

üc
he

r e
t a

l. 
(2

02
0)



1 3

Firm failure prediction for small and medium‑sized enterprises…

the default prediction: (a) the independent variables are multivariate and normally 
distributed; (b) the variance–covariance matrices of failed and non-failed groups are 
equal. Furthermore, the standardized coefficients in MDA models cannot be used 
to identify the relative importance of the various variables because they cannot be 
interpreted as the slopes of a regression equation (Altman and Sabato 2007). On the 
other hand, the logistic model is the most popular conditional probability method in 
forecasting corporate failure and does not require multivariate normal distribution 
variables or equal dispersion matrices when considering prior probabilities of failure 
or independent variables. Consequently, the logistic method is typically thought of 
as less demanding than MDA (Balcaen and Ooghe 2006; Ohlson 1980). Addition-
ally, the hazard model has been prevalent since it was proposed by Shumway (2001). 
However, a discrete time hazard with a logit link is basically a panel logistic model 
controlling for the age of firms or incorporating macro-dependent baseline hazard 
(Gupta et al. 2018; Nam et al. 2008). Other methodologies, such as support vector 
machine techniques, artificial neural networks, and the Grabit model, have also been 
widely employed in modelling the default risk of SMEs (Ciampi and Gordini 2013; 
Mselmi et al. 2017; Sigrist and Hirnschall 2019). In our study, one-year default pre-
diction models based on logistic techniques are employed.

Ohlson (1980) initially proposed a logistic regression in default prediction that 
does not require the two restrictive assumptions and that facilitates the use of dis-
proportional samples. The dependent variable in our study is binary (failed/non-
failed), which seems to be well matched with the logistic model. In past decades, 
logistic regression has been widely deployed in the default prediction literature (Alt-
man et al. 2010; Altman and Sabato 2007; Fernando et al. 2019; Geulen et al. 2023; 
Gupta et al. 2014; Tinoco and Wilson 2013; Lin et al. 2012; Matenda et al. 2020). 
Therefore, in this study, we adopt logistic regression as our statistical technique and 
develop one-year default prediction models. The method calculates a score (prob-
ability) for each firm based on the explanatory ratios in order to derive a classifica-
tion of either healthy or failed.

The function of the logistic regression in our study can be written as follows:

where.
P
(
Y
it
= 1|X

it−1

)
 is the failure probability of firm i at time t;

� is the vector of the coefficients;
X
it−1

 represents the vector of the explanatory ratios for firm i default probability at 
the end of the previous period.

In the current study, two multivariate logistic models are developed, one for 
SMEs and one for new ventures.

3.4 � Performance evaluation

Following Altman et  al. (2010), Altman and Sabato (2007), and Tinoco and Wil-
son (2013), we report the misclassification matrix and the receiver operating 

(1)P
(
Y
it
= 1|X

it−1

)
=

1

1 + e−�Xit−1
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characteristic (ROC) curve to assess and validate the prediction performance of our 
empirical models. Calculating the percentage of results that have been correctly 
classified is a method of assessing how well a predictive model has performed. 
The correctly classified cases are the true positives (the firms are “failed”, and our 
model classifies them as expected failure) and true negatives (the firms are “non-
failed”, and the model classifies them as expected non-failures). On the contrary, 
they are labeled false positives (Type I error, the proportion of failed firms classi-
fied as expected non-failures) and false negatives (Type II error, the percentage of 
non-failed firms classified as expected failures). The following procedures produce 
a misclassification matrix from which the percentage of correctly identified objects 
is obtained: (a) choosing a score cut-off, which, in most cases, equals the proportion 
of failed firms in our sample; (b) marking all results below the cut-off as expected 
failures—in our study, they are failed objects—and all those above as expected non-
failed objects. (c) cross-tabulating the expected failures and non-failures against the 
actuals; (d) calculating the proportion of correctly classified failures and non-fail-
ures according to the model, and overall classification accuracy is calculated as 1 
minus the average of the two type errors (Altman and Sabato 2007; Anderson 2007).

Originally from signal detection theory, the receiver operating characteristic 
(ROC) curve plots the true positive rate (sensitivity) against the false positive rate 
(1-specificity) as the threshold to discriminate between the changes of failed and 
non-failed firms. The area under the ROC curve (AUROC) provides a better, more 
comprehensive explanation of classification accuracy. An AUROC of 0.5 would 
mean that the model has no discrimination, while 1 would imply perfect model pre-
diction performance. In general, performance is considered acceptable when the 
score is between 0.7 and 0.8, whereas excellent discrimination exists if the score is 
no less than 0.8 (Altman et al. 2010; Hosmer Jr et al. 2013).

4 � Empirical results

In this section, the descriptive statistics analysis of the selected predictor variables 
is conducted first. Then, we present the univariate analysis of each potential vari-
able and correlation matrix to determine the candidates in the following multivariate 
model. Next, the multivariate logistic models using stepwise selection for SME and 
new venture categories are estimated, respectively. Finally, we compare the results 
from the two categories, and validation is presented for the hold-out samples. In 
order to eliminate the outliers, all variables introduced into the empirical regression 
are winsorized at the top and bottom 2.5 percentiles.

4.1 � Descriptive statistics

The mean values and standard deviations for all the potential variables of SME 
and new venture samples separating the failed and non-failed firms are reported in 
Table 3 with no extreme variability.
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In the category of liquidity and solvency, for both SME and new venture samples, 
CTA has higher mean values in failed firm groups than non-failed groups, while 
the mean values of WCTA are lower in failed groups. The mean values of profit-
ability ratios, namely ROA (using EBITDA), ROS (using net income), ROA (using 
net income) and RETA, are all lower in failed groups than non-failed counterparts 
except ROA (using EBITDA) in the SME sample. The mean value of TCTA in the 
leverage category is somewhat lower in the failed SME group but higher in the failed 
new venture group. TLTA has higher mean values in the failed firm group for both 
samples. Activity ratios, size, and age in both samples produce lower mean values in 
failed firm groups than in non-failed groups.

Moreover, we find from Table 3 that the majority of the variables present signifi-
cant mean differences between the failed and non-failed groups at the significance 
level of 1% except IATA, STDE, and TCTA in the SME sample, and EBITDAIE 
and TCTA in the new venture sample.

4.2 � Univariate analysis and correlation matrix

The univariate analysis is conducted in this section, prior to developing the multi-
variate models. To determine the discriminatory power of the explanatory variables, 
univariate analysis is generally recommended and utilized in the literature (Altman 
et al. 2010; El Kalak and Hudson 2016; Gupta et al. 2014). We also conduct a uni-
variate analysis for each sample. By introducing in turn each covariate as an inde-
pendent variable in the logistic model, the significant discriminatory power and sign 
of the coefficient of each covariate are determined in Table 4. The covariates exhib-
iting the expected signs and significant discriminatory power were selected for the 
correlation test to inspect whether there are any high correlations among them. We 
exclude covariates with lower values of Wald Chi2 from the univariate regression 
when the ratios in each group show high correlations because that expresses lower 
explanatory power (El Kalak and Hudson 2016).

Table 4 shows that, according to the coefficients of variables following the meth-
ods used by El Kalak and Hudson (2016) and Gupta et  al. (2014), CTA, IATA, 
STDE, FETA, and TCTD do not show the expected signs in the SME sample. Simi-
larly, in the new venture sample, CTA, IATA, EBITDAIE, STDE, TCTA, and FETA 
do not show the expected signs. Consequently, these variables are dropped, and the 
correlation test is applied to the remaining variables.

Table 5 presents the correlation matrices of the covariates. Some of the covariates 
need to be excluded from the following multivariate regression due to high collin-
earity. In the SME sample, among 13 covariates, WCTA is highly correlated with 
RETA and TLTA, and TLTA has strong correlations with four other covariates. In 
the profitability ratios, ROA (using EBITDA), ROS (using net income) and ROA 
(using net income) are highly correlated with each other, and a substantial degree of 
correlation is found between size (assets) and size (employees). Following El Kalak 
and Hudson (2016), when the two covariates are found to be highly correlated with 
each other, we retain the one with the higher Chi2 value from the univariate test. 
Thus, in the SME sample, EBITDAIE, ROA (using net income), RETA, TCTA, 
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Table 3   Descriptive Statistics and Mean Difference t-Test

Note: This table reports the key descriptive statistics and the paired sample t-test of the potential predic-
tor variables of our study, followed by the whole group, and then failed and non-failed groups. SD is the 
abbreviation of standard deviation
***, **, and *Denote the significance at 1%, 5%, and 10%, respectively

Variables Full sample Non-failed firms Failed firms t-Statistics

Mean SD Mean SD Mean SD

Panel A: SMEs
CTA​ 0.154 0.189 0.153 0.187 0.181 0.220 − 25.304***

WCTA​ 0.248 0.427 0.250 0.420 0.207 0.563 17.448***

IATA​ 0.005 0.020 0.005 0.02 0.005 0.021 0.075
EBITDAIE 3.017 2.119 3.024 2.112 2.858 2.267 13.560***

ROA (using EBITDA) 0.131 0.119 0.131 0.118 0.139 0.140 − 12.436***

ROS (using net income) 0.043 0.136 0.043 0.135 0.031 0.156 16.007***

ROA (using net income) 0.051 0.094 0.051 0.093 0.045 0.125 11.267***

RETA − 0.059 0.577 − 0.051 0.563 − 0.244 0.824 58.448***

STDE 1.796 4.186 1.796 4.136 1.793 5.197 0.128
TCTA​ 0.163 0.177 0.163 0.176 0.162 0.201 0.575
TLTA 0.687 0.467 0.681 0.456 0.823 0.671 − 52.845***

FETA 0.011 0.012 0.011 0.012 0.014 0.015 − 36.032***

TCTD − 0.603 1.644 − 0.600 1.635 − 0.695 1.880 7.856***

TTA​ 0.015 0.021 0.015 0.021 0.014 0.023 10.612***

PPE 7.746 1.589 7.763 1.585 7.336 1.625 42.477***

Size (assets) 12.670 1.471 12.72 1.462 11.680 1.335 123.514***

Size (employees) 1.606 1.067 1.631 1.066 1.033 0.915 98.134***

Age 2.338 0.910 2.353 0.904 1.976 0.964 72.469***

Panel B: New ventures
CTA​ 0.189 0.199 0.188 0.198 0.201 0.210 − 5.279***

WCTA​ 0.107 0.625 0.125 0.589 − 0.102 0.926 30.883***

IATA​ 0.007 0.029 0.007 0.029 0.008 0.032 − 3.111***

EBITDAIE 3.555 2.374 3.554 2.366 3.576 2.540 − 0.368
ROA (using EBITDA) 0.051 0.438 0.070 0.399 − 0.175 0.720 47.859***

ROS (using net income) − 0.074 0.499 − 0.058 0.470 − 0.264 0.733 35.113***

ROA (using net income) − 0.039 0.433 − 0.019 0.393 − 0.268 0.726 49.281***

RETA − 0.135 0.560 − 0.116 0.526 − 0.362 0.832 37.474***

STDE 2.431 7.341 2.531 7.332 1.250 7.341 14.781***

TCTA​ 0.248 0.253 0.248 0.250 0.251 0.281 − 0.792
TLTA 0.937 0.772 0.906 0.715 1.295 1.205 − 43.055***

FETA 0.006 0.011 0.006 0.011 0.005 0.011 4.587***

TCTD − 0.499 1.916 − 0.489 1.899 − 0.611 2.101 5.372***

TTA​ 0.023 0.032 0.023 0.032 0.020 0.033 8.859***

PPE 7.831 1.628 7.854 1.620 7.418 1.713 16.338***

Size (assets) 11.410 1.315 11.480 1.294 10.59 1.274 58.568***

Size (employees) 0.993 0.868 1.016 0.871 0.717 0.781 29.360***

Age 2.267 1.214 2.300 1.222 1.876 1.037 29.745***
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Table 4   Univariate Analysis Results of SMEs and New Ventures Samples

Variable by Category Expected sign SMEs New ventures

Coefficient Wald Chi2 Coefficient Wald Chi2

Liquidity and solvency
CTA​ – 0.312*** 642.740*** 0.396*** 309.810***

(0.012) (0.023)
WCTA​ – − 0.363*** 11,469.710*** − 0.303*** 2919.360***

(0.003) (0.006)
IATA​ – 1.390*** 111.880*** 1.650*** 83.670***

(0.131) (0.180)
EBITDAIE – − 0.029*** 98.070*** 0.020*** 9.690***

(0.003) (0.007)
Profitability
ROA (using EBITDA) – − 1.119*** 38,003.480*** − 0.519*** 7374.810***

(0.006) (0.006)
ROS (using net income) – − 0.861*** 35,140.250*** − 0.455*** 6242.420***

(0.005) (0.006)
ROA (using net income) – − 1.104*** 40,752.870*** − 0.513*** 7350.340***

(0.005) (0.006)
RETA – − 0.260*** 17,384.350*** − 0.291*** 2146.120***

(0.002) (0.006)
Leverage
STDE  +  − 0.035*** 1864.960*** − 0.027*** 748.750***

(0.001) (0.001)
TCTA​  +  0.224*** 245.860*** -0.192*** 60.260***

(0.014) (0.025)
TLTA  +  0.320*** 25,761.950*** 0.261*** 4713.900***

(0.002) (0.004)
FETA  +  − 0.982*** 12.320*** − 5.904*** 78.420***

(0.280) (0.667)
Activity and efficiency
TCTD – 0.014*** 28.240*** − 0.031*** 34.720***

(0.003) (0.005)
TTA​ – − 8.637*** 2352.640*** − 5.430*** 646.880***

(0.178) (0.213)
PPE – − 0.150*** 3745.280*** − 0.144*** 787.390***

(0.002) (0.005)
Size and Age
Size (assets) – − 0.489*** 60,459.200*** − 0.503*** 12,096.160***

(0.002) (0.005)
Size (employees) – − 0.618*** 32,752.320*** − 0.440*** 2888.800***

(0.003) (0.008)
Coefficient Wald Chi2 Coefficient Wald Chi2

Age – − 0.307*** 11,945.900*** − 0.625*** 2051.830***

(0.003) (0.014)
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TTA, PPE, size (assets), and age are included in the multivariate analysis. By under-
taking the same inspection in the new venture sample, ROA (using EBITDA), ROS 
(using net income), RETA, TCTD, TTA, size (assets), size (employees), and age are 
designated for the next analysis. The financial variables selected are in line with the 
previous work of El Kalak and Hudson (2016) and Gupta et al. (2015).

4.3 � The development of the multivariate model

Table  6 presents the two multivariate failure prediction models estimated by the 
logistic regression technique for SMEs and new ventures, respectively. The depend-
ent variable is binary (1 for failure and 0 for non-failure), and the stepwise selec-
tion technique with forward elimination is utilized to detect the optimal statistically 
significant set of covariates from the preceding univariate and correlation analysis 
under the 5% significance level. Possible multicollinearity is eliminated through 
stepwise selection, and the robust standard error option is used to cope with pos-
sible heteroscedasticity. Furthermore, to account for the effects of different years and 
industries (manufacturing and non-manufacturing) on the final results, we use year 
and industry dummies.

4.3.1 � Failure prediction model for SMEs

As shown in Table 6, seven covariates, namely EBITDAIE, ROA (using net income), 
RETA, TCTA, TTA, size (assets), and age, are selected by stepwise regression to 
conduct the final failure prediction model for SMEs. One of the profitability ratios, 
RETA, is selected as the most discriminatory ratio one year prior to failure. RETA 
evaluates a firm’s accumulated profit over its total assets. An increase in RETA by 
one unit decreases the probability of SMEs failure by 0.858 (exp (− 0.153)) times. 
These seven covariates all exhibit highly significant discriminatory power and dis-
play the expected signs of their coefficients in the final model for SMEs. From 
Table 7 and Fig. 1, we find that the overall classification accuracy of our developed 
model for SMEs is 75.13% with AUROC at 0.8284. 

4.3.2 � Failure prediction model for new ventures

The same approach is applied to form the prediction model for new ventures. The eight 
covariates that remained from the univariate analysis are all selected through the step-
wise procedure. Similarly, we find the most discriminatory ratio is one of the profitabil-
ity ratios, but it is ROA (using EBITDA), the EBITDA to total assets, which indicates 

Table 4   (continued)
Notes: The independent variables are listed in the first column. The second column presents the expected 
signs of the coefficients of the variables in the univariate analysis. The third and fourth columns report 
the coefficients and the Wald Chi2 statistics for the SMEs sample. The last two columns list the same for 
the new ventures sample. Robust standard errors are in parentheses
***, **, and *Denote the significance at 1%, 5%, and 10%, respectively
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Table 6   Multivariate Logistic Regression for SMEs and New Ventures Samples

Notes: This table reports the results of the multivariate logistic regressions developed for SMEs and new 
ventures after the selection of stepwise regression. The first column lists the variables, the second and 
fourth columns report the coefficients, and the third and fifth columns report the rank of each variable 
selected by stepwise regression. The last six rows report the goodness of fit measures. Robust standard 
errors are in parentheses
***, **, and * denote the significance at 1%, 5%, and 10%, respectively

Variable SMEs New ventures

Coefficients Rank by step-
wise

Coefficients Rank by 
stepwise

EBITDAIE − 0.048*** 5 –
(0.004) –

ROA (using EBITDA) – − 0.116*** 1
– (0.027)

ROS (using net income) – − 0.279*** 4
– (0.021)

ROA (using net income) − 0.524*** 6 –
(0.065) –

RETA − 0.153*** 1 − 0.123*** 6
(0.008) (0.019)

TCTA​ 0.104** 7 –
(0.035) –

TCTD – − 0.030*** 7
– (0.007)

TTA​ − 2.552*** 4 − 2.616*** 5
(0.359) (0.439)

Size (assets) − 0.522*** 3 − 0.446*** 2
(0.006) (0.014)

Size (employees) – − 0.074*** 8
– (0.020)

Age − 0.198*** 2 − 0.071** 3
(0.007) (0.028)

Constant 4.950*** 3.432***

(0.067) (0.150)
Year Yes Yes
Industry Yes Yes
Goodness of fit Value Value
Pseudo R2 0.178 0.107
Log likelihood − 107,840.270 − 24,318.787
Wald Chi2 34,501.430*** 5,386.770***

AIC 215,712.538 48,665.575
BIC 215,897.154 48,798.626
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a firm’s efficiency in generating profits (earnings before interest, taxes, depreciation, 
and amortization) from its assets. The probability of new ventures’ failure is reduced by 
0.890 (exp (− 0.116)) times when ROA (using EBITDA) is increased by one unit. The 
final prediction model for new ventures is estimated by these eight highly significant 
variables with the expected signs of their coefficients. As shown in Table 7 and Fig. 2, 
the new venture estimation model reports an overall classification accuracy of 68.29%, 
which is lower than that of the SME model. Moreover, the area under the ROC curve in 
our study is 0.7468, which still represents a strong classification performance.

4.4 � Validation

In order to measure the forecast ability of the developed multivariate models, we 
follow the most frequently and broadly used validation approach in the field of 

Table 7   Misclassification rates and accuracy performance of the different models

The cut-off rate used to classify the accuracy of each estimation and hold-out sample is the failure rate 
(the proportion of failed firms) of each sample. The third column presents the Type I error rate for each 
model, which is the percentage of failed firms classified as non-failed. The Type II error rate is reported 
in the fourth column, which represents the percentage of non-failed firms classified as failed. According 
to the methods employed by Altman and Sabato (2007) and Gupta et al. (2014), the fifth column reports 
the overall classification accuracy of each model, which is calculated as 1 minus the average of two error 
rates. The last column reports the area under the ROC curve (AUROC)

Type I error 
rate (%)

Type II error 
rate (%)

Overall classification accuracy 
(1 – average error rate) (%)

AUROC

SMEs Estimation 29.15 20.60 75.13 0.8284
Hold-out 26.79 21.64 75.79 0.8265

New ventures Estimation 31.67 31.75 68.29 0.7468
Hold-out 28.34 25.67 73.00 0.8071

Fig. 1   The area under the ROC curve for SMEs estimation
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bankruptcy and financial distress prediction by introducing hold-out sample valida-
tion (Altman and Sabato 2007; Fernando et al. 2019; Gupta et al. 2015; Tinoco and 
Wilson 2013). We retain the data for the last two years (2017 to 2018) as the hold-
out sample and apply our developed multivariate models to the validation period.

The error rates, overall classification accuracy, and area under the ROC curve 
for the SME sample are set out in Table 7 and Figs. 3 and 4. The failure rate (the 
proportion of failed firms) in each sample is used as the cut-off rate to calculate 
the error rates for each model (Altman and Sabato 2007). Then Type I and Type II 
error rates for each model are reported. The overall classification accuracy of each 
model is calculated as 1 minus the average of two error rates (Altman and Sabato 
2007; Fuertes-Callén et al. 2022; Gupta et al. 2014), where the accuracy for SMEs is 
higher than that of new ventures.

We find that, in the SME hold-out sample, the predictive accuracy is slightly 
raised to 75.79% with a high AUROC of 0.8265 compared with that of the estima-
tion sample. In the hold-out sample of new ventures, with the obvious decreases in 
error rates, both the classification accuracy and AUROC have improved to 73.00% 
and 0.8071. The better performance in validation was also reported by Tinoco and 
Wilson (2013). This may be accounted for by fewer observations of the hold-out 

Fig. 2   The area under the ROC 
curve for new ventures estima-
tion

Fig. 3   The area under the ROC 
curve for SMEs validation



	 W. Wang, M. J. Guedes 

1 3

samples and, hence, the lower number of events of failure that could be predicted. 
All the models show better predictive accuracy compared with some existing studies 
(Altman and Sabato 2007; Fuertes-Callén et al. 2022; Gupta et al. 2014), and pre-
sent values of AUROC of at least 0.80, especially the SME models that exhibit more 
than 0.82. They, therefore, demonstrate robust predictive ability.

5 � Discussion

In this study, we develop the failure prediction models for SMEs and new ventures 
by using financial ratios, age, and size. The final multivariate models perform well 
and provide several interesting findings.

In the SME model, seven covariates are selected to form the prediction model, 
which is in line with the findings of El Kalak and Hudson (2016), Gupta et al. (2015) 
and Zhang and Xie (2023). However, unlike the findings of Lin et al. (2012), profit 
per employee is eliminated in the process. The difference could be due to the differ-
ent measurements of failure. Lin et al. (2012) adopted four groups of financial health 
whereas we used the ultimate organizational status—failure or not. This is also con-
sistent with the fact that size (employees) is excluded in the correlation matrix test, 
implying that, in our case, SMEs as more established firms are less likely to rely on 
human resources. Instead, the financial resources measured by size (assets) play a 
more crucial role in the failure risk prediction. Compared with previous studies—for 
example, 74.41% overall classification accuracy in the SMEs default risk prediction 
of Altman and Sabato (2007), and 64.85% of Gupta et al. (2014)—our overall classi-
fication accuracy shows better prediction ability. In addition, the area under the ROC 
curve of our developed model is 0.8284, which represents good model performance 
on prediction and is better than that of Altman and Sabato (2007) and Gupta et al. 
(2014).

Fig. 4   The area under the ROC curve for new ventures validation
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In the new venture model, eight covariates are included in the final predic-
tion model. Three of them are profitability ratios, which is in line with the find-
ings of Delmar et al. (2013) and Fuertes-Callén et al. (2022) who highlighted the 
importance of profitability ratios in the early stages of new ventures. Moreover, 
our findings show that both size measured by assets and employees are determi-
nants in predicting new venture failure. This is consistent with the study of Fon-
seca et al. (2022). New ventures facing liabilities of smallness experience greater 
obstacles in the early stage of their organizational life cycle. With increased size, 
new ventures can benefit from economies of scale and scope, and develop produc-
tion capacity in an efficient way to increase their survival chances (Fonseca et al. 
2022). Compared with some extant studies in new venture survival prediction, 
such as Fuertes-Callén et  al. (2022) who reported 65.9% overall classification 
accuracy by using financial ratios, our finding yields greater accuracy.

To compare the final prediction models for SMEs and new ventures, as shown 
in Table  6, retained earnings to assets ratio, taxes to assets ratio, size (assets), 
and age are all explanatory variables that significantly discriminate the hazard of 
failure for both SMEs and new ventures, and the size and age ratios both enjoy 
high ranking as discriminatory ratios in stepwise regression. Size measured by 
assets is always ranked highly among the selected ratios in the stepwise process 
for both types of firm, indicating the importance of financial resources in both 
SMEs and new ventures performance (Fonseca et al. 2022; Garcia-Martinez et al. 
2023). In the SME sample, for one unit increase in size (assets), the probability of 
failure decreases by 0.593 (exp (− 0.522)) times, whereas a rise in size (assets) by 
one unit reduces the probability of new ventures failure by 0.640 (exp (− 0.446)) 
times (see Table 6), which indicates that new ventures are more sensitive to the 
effects caused by the liability of smallness (Freeman et  al. 1983). Making the 
same calculation for the age ratio, we can readily grasp that the bankruptcy odds 
of new ventures are affected more by the increase in age, which aligns with the 
liability of newness (Carroll and Delacroix 1982; Stinchcombe 1965). Another 
interesting finding is the highest-ranked predictor for both SMEs and new ven-
tures is the profitability ratio. This is in line with Gelashvili et  al. (2022), who 
proposed that profitability is one of the most pivotal ratios for long-term sur-
vival of any type of firm. However, for SMEs, it is the retained earnings to assets 
ratio whereas, for new ventures, it is the return on assets (EBIDTA). This can 
be explained by the fact that the retained earnings to assets ratio is a cumulative 
profitability ratio. Compared with mature SMEs, new ventures have not had time 
to construct their cumulative profits (Altman 2013). Net worth increases if profits 
are retained by the firm and are not distributed. Thus, retained earnings measure 
the performance of firms both financially and operationally since their establish-
ment and are used for failure prediction (Akerlof and Shiller 2010; Fuertes-Callén 
et  al. 2022). However, EBITDA is a relatively short-term profitability indicator 
measuring the true productivity and earning power of the firm’s assets (Altman 
2013). New ventures are younger firms experiencing liabilities of newness and 
smallness, who need to improve their current production capacity to sell greater 
quantities, generate revenues, and reduce their costs so that their chances of sur-
vival are enhanced (Fonseca et al. 2022).
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Additionally, when comparing the overall classification accuracy, error rates, and 
AUROC of SMEs and new ventures one year prior to failure, the results indicate that 
the SMEs failure prediction model outperforms the new ventures counterpart. This 
is consistent with the findings of Fuertes-Callén et al. (2022) who contend that, even 
though the predictive capacity of new ventures’ financial ratios is lower than that of 
mature firms, it is nevertheless considerable. Consequently, we advise that the fail-
ure prediction models for SMEs and new ventures should be developed separately.

5.1 � Theoretical implications

Although financial distress and default prediction have been investigated for a long 
time, this study has improved the existing literature from several perspectives. First, 
our contribution enriches the firm failure literature in corporate finance research. We 
have expanded firm failure prediction studies to a new geographic area (Portugal) 
and developed the geography-specific failure prediction models where SMEs and 
new ventures play crucial roles in boosting the national economy. Second, for the 
first time, we have examined financial factors, age, and size to predict the probability 
of failure for all non-financial unlisted SMEs and new ventures based on a near-
census, large, and reliable database. Furthermore, we have compared the different 
determinants and predictive accuracy of risk of failure concerning these two types 
of firm, and have provided evidence that new ventures are different due to the liabili-
ties of newness and smallness (Freeman et al. 1983; Stinchcombe 1965). Finally, we 
help disentangle some of the reasons why accounting information may not always 
receive adequate attention from investors until a firm becomes mature (Wright and 
Robbie 1996). Compared with SMEs that are more structured and enjoy longer sur-
vival times and greater economies of scale, new ventures may have only a limited 
amount of resources available for investment in innovation and marketing, which is 
not conducive to maintaining a competitive advantage and sustained performance 
(Jeng and Pak 2016). Thus, they may have financial problems at the beginning stage 
arising from poor sales and profits figures. Yet, some of them ultimately succeed 
because of their entrepreneurial orientation to innovativeness, risk taking, and pro-
activeness (Anwar et al. 2022; Fuertes-Callén et al. 2022).

5.2 � Practical implications

Our study offers several practical implications. First, our findings may help differ-
ent stakeholders, such as the lenders, financial institutions, entrepreneurs, and policy 
makers, to identify firms with high default risk and to improve the efficiency of their 
decision making. In Portugal, the majority of credit is granted by banks (Antunes 
et al. 2016). With more accurate firm failure prediction models provided, banks are 
better able to precisely evaluate the financial prospects of unlisted SMEs and new 
ventures. Consequently, the lenders’ risk of losses resulting from credit misalloca-
tion is lowered, and the funds in the lending portfolio are more fairly distributed 
to firms (Andrikopoulos and Khorasgani 2018). Moreover, our study provides evi-
dence that, when assessing firms’ risk of default, new ventures need to be treated 
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differently from SMEs. Indeed, the financial predictors can perform better when 
more non-financial factors are taken into account, but the predictive capacity of 
financial ratios is still considerable. Stakeholders are encouraged to use certified 
and transparent financial data to evaluate the financial well-being and operational 
stability of SMEs and new ventures. Furthermore, entrepreneurs and managers of 
new ventures need to pay greater attention to overcoming the liabilities of small-
ness and newness, and to improving the resources to achieve sustained development 
because new ventures are more sensitive to the effects of an increase in size and 
longer survival. Finally, we recognize that entrepreneurial capabilities are necessary 
to ensure firms’ long-term survival (Wiedeler and Kammerlander 2021). Thus, our 
findings provide policy makers with insights on implementing specific training pro-
grams for the entrepreneurs of SMEs and new ventures. The aim here is to improve 
entrepreneurs’ ability to recognize the importance of various financial ratios and the 
differences between them in order to adopt proactive measures and, consequently, 
reduce the risk of failure. By monitoring crucial ratios, policy makers are better 
placed to offer the targeted support that vulnerable firms need in different economic 
conditions.

5.3 � Limitations and future research perspectives

This study has several limitations that can provide opportunities for further research. 
First, there is a lack of non-financial ratios to predict firm failure risk, especially for 
new ventures where both internal and external causes are likely to exercise influ-
ential roles (Klimas et  al. 2021; Kücher et  al. 2020). Future studies could exam-
ine the roles of non-financial ratios, such as innovation, entrepreneurial orientation, 
industry factors, founding conditions, outsider assistance, organizational structure 
and internationalization strategy (Anwar et  al. 2022; Argente-Linares et  al. 2013; 
Azeem and Khanna 2024; Garcia-Martinez et al. 2023). For instance, although we 
have controlled for industry fixed effects, the economic upheavals can significantly 
affect the performance of firms in the information and communication technology 
sector (Ogunrinde 2022). A more detailed taxonomy of industries can help improve 
the accuracy of failure risk prediction. Moreover, with technological development 
and Covid-19, digital entrepreneurship has been experiencing a rapid transformation 
(Czakon et  al. 2022). Given the limitations of our database, we encourage future 
investigation of digitalization factors, and comparative analysis of pre- and post-
Covid periods concerning failure prediction in future studies. Additionally, age has 
been found to be a significant failure predictor for both SMEs and new ventures in 
our study. As different causes of failure have been proposed that predominate at par-
ticular stages in an organization’s lifespan as categorized by age quartiles (Kücher 
et al. 2020), future studies can further explore whether the likelihood of failure var-
ies in different age quartiles, especially for new ventures. Finally, logistic techniques 
have been used in this study to form the multivariate default prediction models, 
which are among the most commonly used models. However, we encourage the test-
ing of additional techniques, such as neural networks, decision trees, and data min-
ing, to see if classification accuracy can be improved.
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6 � Conclusion

We have employed panel logistic regression to develop one-year failure prediction 
models for Portuguese unlisted SMEs and new ventures using an extensive data-
base. From the empirical findings, all of our developed and validation models have 
manifested significant classification performance, with the SME prediction model 
performing even better. In our developed multivariate prediction models, profitabil-
ity, TTA, size, and age ratios appear to be important predictors for both SMEs and 
new ventures. These findings are in line with prior empirical investigations—see, 
among others, Altman and Sabato 2007, El Kalak and Hudson 2016, Fuertes-Callén 
et al. 2022, Gupta et al. 2015, and Zhang and Xie (2023). Although more covariates 
were selected for the final new venture model, the SME prediction model performed 
better on the basis of the overall classification accuracy and performance validation, 
yielding indicators in more categories, while new ventures were more susceptible to 
the effects of increased size and age.

Overall, our findings not only provide investors and creditors with early warning 
signals of firm performance and risk of failure but also support the position that pre-
dicting the risk of default requires SMEs and new ventures to be treated separately 
given their different natures.
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