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Abstract

The scientific literature sees a wide range of bankruptcy prediction models, with new and

reportedly improved models perpetually coming forth. At the same time, prior research

found that models tend to be sample-specific, suggesting that they perform less accurately

when applied to firms from other time periods, countries, industries and size classes. Yet,

empirical tests of the general usefulness of existing models are receiving not much attention

in academia. Taking up these points, this study investigated the applicability of the well-

known Altman Z-score model when applied to a sample of Italian firms in the period from

2011 to 2015, an environment that is markedly di↵erent from the one underlying the model

estimation sample. In addition, the models sensitivity to industry a�liation and firm size

class was analysed by testing it on di↵erent subsamples of firms. Lastly, the accuracy of the

model after re-estimating the variable coe�cients of the original model was assessed. The

empirical results revealed that the Altman Z-score model, despite being more than 30 years

old, still performed reasonably well in discriminating between bankrupt and non-bankrupt

firms. Yet, the study provided evidence that the models accuracy has dropped over the

last decades. Moreover, di↵erences were found in model accuracy when applied on di↵erent

subsamples, indicating that the model is sensitive to industry and firm size. Re-estimating

the variable coe�cients resulted in higher classification accuracy as compared to the original

version of the model. These findings constitute useful information to model users, who are

dependent on knowing the properties and boundaries of bankruptcy prediction models.
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Introduction

Bankruptcies are costly. They cause depletion of financial resources in the billions world-

wide every year (World Bank, 2018a). In the wake of the recent financial crisis, the world

has seen illustrious undertakings facing bankruptcy and leaving myriads of stakeholders

having to write o↵ debt claims. In general, bankruptcies can have pervasive consequences

for firm owners, employees, management, business partners, banks and creditors, and even

industries, national economies and societies as a whole. Consequently, the prediction of

bankruptcies is an appealing and relevant field to a broad array of parties, as bankruptcy

prediction models can function as early warning systems, potentially saving stakeholders

from incurring substantial losses. However, it is not only today that this domain receives

close attention. After the pioneering work by Beaver (1966) and Altman (1968), dozens

of bankruptcy prediction models have seen the light of day. While Altman’s (1968) model

was built using multivariate discriminant analysis, Ohlson (1980) introduced a model based

on logistic regression, followed by probit analysis only a few years later (Zmijewski, 1984).

Shumway (2001) presented a seminal paper applying a hazard model, taking into account

the time perspective of firm failure. On the other hand, Hillegeist et al. (2004) pre-

sented a model based on option-pricing theory. Even before that, articles by Odom and

Sharda (1990) and Wilson and Sharda (1994) discussed the application of neural networks

in bankruptcy prediction. In the meantime, other intelligent techniques such as support

vector machines (Huang et al., 2004; Shin, Lee and Kim, 2005) have found their way into the

field of bankruptcy prediction. At the same time, the explanatory factors included in the

models have also seen steady advances. Beginning from purely financial ratio-based models

(Altman, 1968; Ta✏er, 1982), macroeconomic (Hol, 2007), market-based (Shumway, 2001),

1
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industry (Chava and Jarrow, 2004) and corporate governance factors (Daily and Dalton,

1994) have been investigated, to only name a few. And yet, in spite of all this progress in

modelling techniques, the question remains as to whether the suggested models are in fact

generally useful in predicting bankruptcies of firms other than those the models were esti-

mated on. Among others, Mensah (1984), Wood and Piesse (1987), Platt and Platt (1990;

1991) or Balcaen and Ooghe (2006) note that factors such as the macroeconomic environ-

ment, industry influences or firm size may all a↵ect the predictive accuracy of bankruptcy

prediction models, if the same influences were not prevalent in the estimation sample. Nev-

ertheless, models like the Altman (1968) Z-score and its refined versions (Altman, 1983)

are still widely used in both practice and research, even though they were developed several

decades ago (Ooghe and Balcaen, 2007; Altman et al., 2017).

Given aforementioned points, one would expect that tests on the general usefulness of

bankruptcy prediction models are a well-researched field. However, the literature has not

seen many accuracy tests of existing models (Agarwal and Ta✏er, 2007; Bellovary, Gia-

comino and Akers, 2007). More specifically, Bellovary, Giacomino and Akers (2007) have

raised the concern that (...) despite the vast amount of literature and models that have been

developed, researchers continue to look for new and improved models to predict bankruptcy

(p. 12). Subsequently, they suggest that research should focus more on the use of existing

models, rather than developing yet new models. The present study takes up this suggestion

and contributes to the literature by investigating the usefulness of an existing bankruptcy

model. More precisely, this study is dedicated to the following research question:

Is a bankruptcy prediction model that is several decades old still applicable?

To answer this question, this research work presents an analysis of the predictive accuracy

of the Z”-score model by Altman (1983). The Z”-score model is a revised version of the

famous Altman (1968) Z-score model. Both the Z-score and Z”-score model were estimated

on the same sample of public US manufacturing firms with total assets exceeding USD 1

million which went bankrupt between 1946 and 1965. Yet, Altman (1983) and Altman et

al. (2017) for the case of Europe claim that the model is applicable to both manufacturing
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and non-manufacturing firms and widely used in practice. Taking up the cautions expressed

by researchers mentioned above, the accuracy of the model is tested by applying it to a

sample di↵erent from the original estimation sample, namely Italian firms during the period

from 2011 to 2015, which includes both manufacturing and non-manufacturing firms from

all size classes. Further, by splitting the sample into more aggregated parts, the sensitivity

of the model performance along the dimensions of industry and size is tested. While the

analysis on an industry level is a direct consequence of the claim of the industry-independent

applicability brought forward by Altman (1983), the tests on the size level are performed,

as the literature is widely lacking such analysis.1 Among others, Berger and Frame (2005)

mention that banks, while still relatively less compared to large firms, are more and more

granting credits to smaller firms. This creates the relevance for testing the applicability of

bankruptcy prediction models among small firms. In addition to testing the model with

the original variable coe�cients, the performance of the model is further evaluated after

re-estimating the ratio coe�cients. The empirical results suggest that the Z”-score model,

after more than 30 years, still is a reasonable model for predicting bankruptcy on a short-

term horizon. Yet, the accuracy as compared to the levels presented by Altman (1983)

has dropped. Further, industry and size e↵ects can be observed, rendering the model more

useful for some industries and size classes than others. Moreover, the results indicate that

model users can improve the accuracy of the model by re-estimating the variable coe�cients.

1.1 Delimitation of the study

The reader is advised of the following boundaries of the present study. First, this study

only analyses the applicability of the Altman (1983) Z”-score. This is certainly not the

only popular bankruptcy prediction model. Models by Ohlson (1980), Zmijewski (1984)

or Shumway (2001), to name a few, are all very important models in accounting research

and deserve further attention. Yet, focusing on one model allows to treat the model in a

thorough manner. Further, the Z”-score model is argued to be widely used in both practice

and research (Ooghe and Balcaen, 2007; Altman et al., 2017), statements that the authors

1While there are some researchers who built models for small firms (see e.g. Edminster, 1972; Keasey and
Watson, 1987), the authors have not come across any studies that test a widely used model for its usefulness
on small firms.
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have not come across for the other models. On the contrary, Agarwal and Ta✏er (2007)

argue that Altman’s claims of the applicability of the revised version of the Z-score model

to both listed and unlisted firms is flawed. They criticise that the model was only estimated

using public firms, and hence doubt its usefulness on private firms, as these are characterised

by notably di↵erent financial profiles. These opposing perspectives, it is argued, make the

investigation of the Z”-score highly relevant and interesting.

Second, this study limits the analysis of the Z”-score model to its application on Italian

firms during the period from 2011 to 2015. The choice of Italy as the country of interest

is motivated by several reasons. It’s a matter of common knowledge that Italy is one of

the biggest economies in Europe. Nonetheless, it has not received as wide attention in the

field of bankruptcy prediction as for example compared to the UK (Bellovary, Giacomino

and Akers, 2007). Some notable exceptions are Appetiti (1984), Falbo (1991) and Altman,

Marco and Varetto (1994), which all focus on either the manufacturing or industrial sector.

Meanwhile, Italy is stricken with severe economic problems and political instability. At the

time of writing this study, Italy finds itself without an o�cial government, which heavily

hampers the progress on badly needed reforms to spur the country’s economy, with a

focus on fighting the low productivity (The Economist Intelligence Unit, 2018; OECD,

2017). Consequently, Italy is a highly relevant geographical region for the application of

bankruptcy prediction research. As concerns the time period, 2011 to 2015 was chosen in

order to ensure a close topicality of the study. As is argued by several researchers, changes

in the business environment such as technological advances and tightening competition

a↵ect bankruptcy prediction models (Wood and Piesse, 1987). Hence, the investigation of

a recent period increases the usefulness of the results.

Third, the firm characteristics studied, together with the time and country dimension, are

industry and size. While doing so, the way of categorising the firms into di↵erent classes of

size and industry is rather simplistic. It is only distinguished between manufacturing and

non-manufacturing firms and between large and small firms. For the second distinction,

a threshold of EUR 1 million in total assets was chosen to distinguish between small and

large firms. Naturally, there exist more delicate methods of distinction, and hence some

elaborations are in place. Only grouping firms into manufacturing and non-manufacturing
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firms was deemed reasonable, given the nature of Altman’s (1983) claim of the industry-

independent applicability of the model. If industry e↵ects were present in the application

of the model, they should be visible even with this grouping. This point is reinforced by

the study of Grice and Ingram (2001), who test the 1968 version of the model (Altman,

1968) and use the same grouping method. Choosing EUR 1 million as the threshold to

distinguish between large and small firms was a decision at the authors’ discretion. As

mentioned above, studies on the applicability of existing bankruptcy prediction models on

small firms are widely lacking, meaning that a direct reference point was not available.

Further, there seems to be no generally accepted definition of what a small firm is in the

academic literature. While the European Commission (2018) defines a small firm as a firm

with less than EUR 10 million in total assets (as long as the turnover does not exceed the

same threshold and the firm does not have more than 50 employees), researchers so far have

used many di↵erent scales.2 The chosen threshold can be placed in the range of Keasey

and Watson (1987) and Edminster (1972), after adjusting for inflation. Despite lacking a

thorough foundation, the choice of the threshold is considered purposeful, as di↵erences in

the applicability of the model should become apparent from such a distinction, applying

the same reasoning as for the industry categorisation.

Fourth, the present study only analyses the Z”-score model’s predictive accuracy using the

last set of available accounts for the bankrupt firms, meaning that the prediction horizon is

short-term. Altman (1983) himself has shown that the model is most useful when applied

to a short-term horizon, making the analysis of long-term prediction, at least in connection

to the Z”-score, less meaningful.

Fifth, a further limitation of this study is that it only focuses on unlisted firms. It has to

be noted, however, that this is not a purely deliberate choice of the authors, but rather a

peculiarity of the data source used. The database ORBIS by Bureau van Dijk3 is mainly

containing financial information on unlisted firms and hence, almost no listed firm was

contained in the data sample employed in the present study. The authors decided to

exclude the few listed firms, as any results of this study related to listed firms would

2Robinson and Pearce (1984), for example, give an extensive overview of di↵erent small size definitions used
in the field of strategic management.

3www.bvdinfo.com/orbis
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not be representative. Yet, this circumstance does not diminish the value of the present

study. Pompe and Bilderbeek (2005) as well as Altman, Sabato and Wilson (2010) stress

that bankruptcy prediction literature so far has been predominantly concerned with listed

firms, leaving the study of unlisted firms a relevant topic, especially since they make up the

vast majority of firms.

Finally, the present study is limited to firms with limited liability. The rationale behind

this lies in the fact that unlimited firms are not required to have their accounts audited

(Nordea, 2018b). Hence, by only including firms with limited liability, a higher reliability

of the financial data is expected to be achieved.

1.2 Outline of the study

The present study consists of 8 sections and will be structured as follows: Section 2 is

the literature review and will provide an introduction to the evolution of the di↵erent

versions of Altman’s Z-score. In addition, a review of the most relevant studies focusing

on the general applicability of bankruptcy prediction models will be presented. Finally,

the specific application of di↵erent versions of Altman’s Z-score is recapitulated. Section

3 gives the reader an overview of the application context by presenting Italy’s economic,

political and business environment as well as describing national bankruptcy-related factors.

Section 4 formulates the hypothesis statements, which guide the analysis. Section 5 is the

methodology section, which will elaborate on the analysis approach employed, while also

explaining the characteristics of the empirical data. Section 6 makes up the analysis of the

thesis, where the empirical results for the areas studied are presented. In section 7, the

findings of the quantitative analysis are interpreted and discussed in the light of previous

research and the context of the analysis. Further, the hypothesis statements are verified.

Section 8 concludes this study by summarising the results and critically reflecting on them.

Finally, avenues for further research are suggested.



Literature Review

This section reviews the most relevant foregoing literature concerning the present study.

The idea of the section is to give the reader a comprehensive overview of the most relevant

previous research related to Altman’s bankruptcy prediction models in order to place this

study within the context of the earlier studies with respect to the evolution of Altman’s

Z-score model (section 2.1), criticisms detected in relation to the applicability of existing

bankruptcy prediction models in general (section 2.2), as well as the applicability related

to Altman’s Z-score models specifically (section 2.3).

2.1 Evolution of Altman’s Z-score model

The original Z-score model (Altman, 1968) has since its origin been used to build an

entire new model upon (Altman, Haldeman and Narayanan 1977), while it has also been

re-estimated as revised versions (Altman, 1983). This section summarises these studies

concentrating on the attributes and classification accuracy of the models.

2.1.1 Altman (1968)

Half a century ago, Altman (1968) pioneered the bankruptcy prediction literature, as his

study was the first one to apply a multivariate approach. Using multivariate discriminant

analysis (MDA), he introduced the Z-score model, which incorporated five financial ratios to

predict bankruptcy of U.S. manufacturing firms. Altman’s sample consisted of 33 selected

manufacturing firms with an average asset size of USD 6.4 million that went bankrupt in the

period from 1946 to 1965 and was matched with 33 non-bankrupt firms based on industry

7
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and asset size. The initial pool of variables consisted of 22 financial ratios classified into

five standard ratio categories: liquidity, profitability, leverage, solvency, and activity. The

five ratios used in the model were selected because of their popularity in previous literature

and their potential relevance to the study. The selected financial ratios were calculated for

up to five years prior to bankruptcy. Altman’s linear discriminant function is as follows

(Altman, 1968):

Z = 0.012X1 + 0.0141X2 + 0.033X3 + 0.006X4 + 0.999X5

where Z = Model score

X1 = Working Capital/Total Assets

X2 = Retained Earnings/Total Assets

X3 = Earnings Before Interest and Tax/Total Assets

X4 = Book value of Equity/Book Value of Total Debt

X5 = Sales/Total Assets

Based on the function above, Z-scores were calculated for each firm in the sample. Further, a

cut-o↵ score of 2.675 was estimated, as the one minimising the number of misclassifications

and was used to classify firms into the two categories of non-bankrupt firms (Z-score >

2.675) and bankrupt firms (Z-score < 2.675). Altman’s Z-score model had high accuracy

for the initial sample one year before failure with 94% correct classifications for bankrupt

firms (sensitivity) and 97% for non-bankrupt firms (specificity). However, the model’s

predictive power of classifying bankrupt firms decreased substantially when applied two

years before failure (72% overall accuracy), three years before failure (48%), four years

before failure (29%) and five years before failure (36%). The model’s overall accuracy when

tested on a holdout sample was 79%.

2.1.2 Altman, Haldeman and Narayanan (1977)

Although not being a direct extension or re-estimation of the original Z-score (Altman,

1968), Altman, Haldeman and Narayanan (1977) study is still included in this literature
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review, as it builds upon the original Z-score model (Altman, 1968). The authors argued

that there was a need for a new bankruptcy prediction model due to the change in nature

of the bankrupt firms (e.g. the increase in size of bankrupt firms) and the relatively ”old”

data samples applied in previous studies. The study was based on a sample of 53 public

manufacturing and retailing firms covering the period from 1969 to 1975 with an average

asset size of USD 100 million. The firms were matched by industry and year of data. The

final variables were selected from an initial pool of 27 variables using an iterative process

ending up with the following seven variables (Altman, Haldeman and Narayanan, 1977):4

X1 = Return on assets: EBIT/Total Assets

X2 = Stability of earnings: EBIT/Total Assets

X3 = Debt service: EBIT/Total Assets

X4 = Cumulative profitability: Retained earnings/Total assets

X5 = Liquidity: Current Assets/Current Liabilities (Current Ratio)

X6 = Capitalization: Common Equity/Total Capital

X7 = Size: Total Assets

Further, as an attempt to deal with the violated assumption of equal group dispersion

matrices in the linear MDA model, Altman, Haldeman and Narayanan (1977) did also,

besides from the linear model, construct a model based on quadratic MDA. The linear and

the quadratic approaches showed equal overall accuracy results for the original sample clas-

sifications, but tests for the holdout sample indicated clear superior classification accuracy

for the linear framework.

Altman, Haldeman and Narayanan (1977) concluded in the paper that the new ZETA®

bankruptcy prediction model seems to have a considerable classification accuracy for up to

five years prior to bankruptcy with successful overall classifications of well over 90 % for

the sample one year prior and 70 % accuracy up to five years. Additionally, they suggest

4The actual coe�cients of the ZETA®-model is not reported by Altman, Haldeman and Narayanan (1977)
due to the proprietary nature of the model to the firm WSW.
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that including retail firms in the same model as manufacturers does not seem to a↵ect the

results negatively.

2.1.3 Altman (1983)

The original Z-Score model (Altman, 1968) was only applicable to publicly traded firms and

Altman (1983) advised not to use it for private firms. Instead, Altman (1983) suggested a

complete re-estimation of the model including a replacement of the market value of equity

by the book value of equity in variable X4. Using the same data set of publicly listed

U.S. manufacturing firms as in the original Z-score model (Altman, 1968), Altman (1983)

estimated the following revised Z’-Score model:

Z

0 = 0.717X1 + 0.847X2 + 3.107X3 + 0.420X4 + 0.998X5

where Z

0 = Model score

X1 = Working Capital/Total Assets

X2 = Retained Earnings/Total Assets

X3 = Earnings Before Interest and Tax/Total Assets

X4 = Book value of Equity/Book Value of Total Debt

X5 = Sales/Total Assets

Hence, X4 = Book value of Equity/Book Value of Total Debt is the only variable that

has changed from the original Z-score model. However, the coe�cients for X1 and X2

did also change during the re-estimation, whereas X3 and X5 remained almost unchanged

compared to Altman (1968). Therefore, the relevant cut-o↵ scores did also change for the

revised model. A Z’-score below 1.23 indicated that a firm is highly likely to go bankrupt.

On the other hand, a Z’-score above 2.90 indicated that firms should be healthy. Firms with

a Z’-score between 1.10 and 2.60 fall into the grey zone area. The Z’-score model yielded

slightly lower classification accuracy of bankrupt firms (90.9% vs. 93.9%) than the original

Z-score model (Altman, 1968), but the classification accuracy of non-bankrupt firms was
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still the same (97%). As no database with private firms was available, Altman (1983) did

not test the Z’-Score model on a secondary sample.

Altman (1983) also developed a further revision of the original Z-score model, as he wanted

to estimate a model applicable to other industries than the manufacturing industry. Hence,

the following Z”-score model was developed:

Z

00 = 3.25 + 6.56X1 + 3.26X2 + 6.72X3 + 1.05X4

where Z

00 = Model score

X1 = Working Capital/Total Assets

X2 = Retained Earnings/Total Assets

X3 = Earnings Before Interest and Tax/Total Assets

X4 = Book value of Equity/Book Value of Total Debt

The X5 variable found in the original Z-score for manufacturing firms is eliminated in the

Z”-score model (Altman, 1983). Altman removed this variable that represented Sales/Total

Assets in order to minimise potential industry e↵ects that are likely to be evident, when

the industry sensitive asset turnover ratio is included. For instance, the ratio is most

likely to be significantly higher for some non-manufacturing like retail firms as compared to

manufacturing firms (Johnson, 1979). Hence, if the Z-score or Z’-Score model was applied

to predict bankruptcy in a sample of non-manufacturing firms, the calculated scores would

probably be less accurate, as the relative high score on this ratio would upward bias the

overall Z-score. Due to the new re-estimation, all the coe�cients of the Z”-Score models

and the cut-o↵ scores were naturally also adjusted. This implied that Z”-scores below 1.10

indicate firms to go bankrupt. At the same time, Z”-scores above 2.60 are indicators of

healthy firms. Finally, firms with Z”-scores between 1.10 and 2.60 are considered to be

in the grey zone (Altman, 1983). The classification results for the Z-Score model were

identical to the revised five-variable Z’-Score model.
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In addition to the Altman (1983) version of the book, more recent editions have been

published (Altman, 1993; Altman and Hotchkiss, 2006). However, these editions solely

include repetitions of the chapters from former editions and do not come up with any new

findings about the Z’-Score or Z”-Score.

2.2 Criticism of bankruptcy prediction models’ applicability

In the following section, the most relevant studies that examine bankruptcy prediction

models in general under di↵erent conditions are reviewed. These studies bring up di↵erent

points of criticism and highlight the important factors that potentially a↵ect the predictive

accuracy of bankruptcy prediction models.

Researchers have found that bankruptcy prediction models tend to be sample specific, as the

development of such models in general is application driven, which means that the models

are simply the outcome of a statistical search for the best predictors to discriminate between

bankrupt and non-bankrupt firms from a specific sample (Edminster, 1972; Zavgren, 1983;

Zavgren, 1985; Balcaen and Ooghe, 2006). Therefore, in a case where the data used for

developing the model is a sample restricted to certain characteristics, such as time and

country, industry or size, the predictor variables (e.g. financial ratios) tend to be sample

specific and generally display a higher ex post classification rate compared to the ex ante

accuracy. Hence, in the worst case, the high accuracy of bankruptcy models may be very

misleading, since it only reflects the specific sample of firms it was estimated for, and thereby

has no special predictive ability to discriminate between bankrupt and non-bankrupt firms

when applied to di↵erent samples of firms with respect to time period and country, industry

and/or size.

2.2.1 Time and country dimension

In general, when a bankruptcy prediction model is applied to a set of firms from periods

other than those used to develop the model, researchers and practitioners assume that the

model coe�cients are stable across economic conditions. However, in reality these economic
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conditions will without doubt change over time. Platt and Platt (1990) suggested that dif-

ferences in the economic environment over time may change the relationship between the

dependent variable (bankrupt vs. non-bankrupt) and the independent variables (financial

ratios) used to predict bankruptcy. Mensah (1984) showed di↵erences in model accuracy

over time and advocated that fluctuations in factors such as inflation, interest rates and

business cycles can a↵ect the financial ratios and thereby, in the end, the model’s ability

to predict bankruptcy. Inflation can a↵ect ratios such as profit margins, inventory inten-

siveness, asset productivity and capital intensiveness. Interest rates can potentially induce

bankruptcy due to higher borrowing costs that will lead to changes in ratios such as interest

coverage and liquidity. Finally, Mensah suggested that a change in business cycles for in-

stance can drop sales and result in disturbed cash flow, liquidity and inventory/receivables

intensiveness ratios. Wood and Piesse (1987) argued that the di↵erence in the relationship

between the financial ratios and the prediction of financial of firms can be due to business

environmental changes related to technology, competitive levels and general changes in cor-

porate strategies. Several other, more recent studies have also found the same as indicated

above, i.e. that predictive power of models applied to di↵erent time periods is significantly

lower than performance on the sample originally used for estimation (see for example Grice

and Ingram, 2001; Grice and Dugan, 2001).

In addition to changes in economic conditions over time, it has been argued that the

international applicability of a model to other countries is potentially a↵ected by di↵erences

between these countries. Ooghe and Balcaen (2007) proposed that the macroeconomic

environment, institutional and legal factors, culture, credit availability, and accounting

practices in a country can potentially a↵ect the financial well-being of firms and hence

influence the border between bankrupt and non-bankrupt firms. In addition, Karas and

Rezakova (2014) also investigated how the environment in specific countries a↵ects the

accuracy of bankruptcy prediction models. They demonstrated that classification accuracy

becomes lower, when applied to other countries than it was designed for, and argue that

it is primarily the di↵erence in the levels of GDP, interest rates and unemployment rates

between the countries that yielded the di↵erence in predictive power of the model.
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Therefore, evaluating the financial ratios of models using samples from other periods and

countries that are likely to exhibit economic di↵erences from those in which the models were

originally estimated have in previous research also showed to generate changes in accuracy

of bankruptcy prediction models.

Thus, the reviewed studies suggest that researchers and practitioners in the field of bank-

ruptcy prediction have to be careful when applying existing models to firms from another

time period and another country than the one used for estimation of the coe�cients, as

this potentially will a↵ect the predictive accuracy of the models.

2.2.2 Industry dimension

According to Chava and Jarrow (2004), economic intuition suggests that industry e↵ects

could have a potential influence on bankruptcy prediction models. There are various expla-

nations, why this could be the case. Industries often di↵er with respect to factors such as

production, governing legislation, accounting regulations, product life cycles and competi-

tive level. One explanation why industry e↵ects matter could for instance be that di↵erent

industries will face di↵erent levels of competition, which most like also imply di↵erent likeli-

hood of bankruptcy even among firms with otherwise similar level of financial ratios (Chava

and Jarrow, 2004). Additionally, the di↵erences in the nature of the industries naturally

also cause actual variations in the set of financial ratios of firms from di↵erent industries,

which in the end a↵ect the bankruptcy prediction models, as also acknowledged by sev-

eral prior studies over the years. Horrigan (1968) showed that firms in di↵erent industries

in general possess di↵erent characteristics, and thereby there are various characteristics

able to provide predictions about firms. Gupta and Huefner (1972) and Johnson (1979)

found same tendencies for manufacturing and non-manufacturing firms. More specifically,

Johnson (1979) found di↵erences in financial ratios between the manufacturing (primary

manufacturing) and non-manufacturing (retail) industries. The univariate analysis demon-

strated a statistical di↵erence in the mean values between the retail firms and primary

manufacturing firms for 33 and 38 of the 61 financial ratios in 1972 and 1974, respectively.

Among these, there were for example significant di↵erences between the two groups of firms

for the ratios of EBIT/Total assets and Net Worth/Total Assets. Johnson (1979) moreover
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found that the primary manufacturing firms are 1) more capital intensive, 2) have higher

inventory levels, receivables and return on investment and 3) have stronger short term

liquidity than the retail firms.

Platt and Platt (1991) found that a bankruptcy prediction model that incorporates ratios

adjusted by industry means achieved improved prediction power compared to a model that

did not. Their results suggest that a bankruptcy prediction model estimated using firms

from one set of industries will most likely not be highly accurate in predicting bankruptcies

for firms in other industries, which is in line with what is also found by Robertson and

Mills (1991).

More recently, Smith and Liou (2007) showed that industry e↵ects influence bankruptcy

prediction, as di↵erent industries tend to report di↵erent levels of the same financial ratios,

while Sayari and Mugan (2017) showed that the information content of financial ratios in

measuring the uncertainty level of firms di↵er across industry. Hence, the e↵ect of financial

ratios’ ability to determine financial distress varies across industries and the models become

more accurate when incorporating di↵erent financial ratios for di↵erent industries based on

their characteristics. In addition, where similar financial ratios are incorporated in models

for di↵erent industries, the magnitude and even the sign of the coe�cient vary indicating

that the level of the financial ratios is also di↵erent between industries.

Based on the findings in previous research outlined above, a bankruptcy prediction model’s

ability to assess the financial health of firms from di↵erent industries reflected by a given

set of financial ratios may thus depend on the industry a�liation of the firms that were

used to develop the model.

2.2.3 Size dimension

Balcaen and Ooghe (2006) argue that it is to be expected that a bankruptcy prediction

model, if estimated on a sample of firms that are within a given size range, will likely

give ine�cient predictions when then applied to firms of another size class. This can

be related to the facts that other researchers have more generally found, i.e. that the

financial characteristics of small firms and large firms di↵er. For instance, Holmes and Kent

(1991) demonstrate that there are di↵erences in capital structure between small and large
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manufacturing firms, as small firms in general have more di�culties raising capital than

larger firms and the relative costs of financing are higher for small firms. Such variation in

capital structure will eventually cause a di↵erence in the financial ratios that take account

of these characteristics. McLeay and Fieldsend (1987) and Upneja, Kim and Singh (2000)

find that variations in financial ratios can be related to the size of firms. Gupta (1969)

finds the same results in the specific case of small and large manufacturing firms. Following

the line of thought from the di↵erences in information content related to financial ratios

from di↵erent industries, there should be similar di↵erences for the size of di↵erent firms.

Moreover, Jezovita (2015) shows that there exist significant di↵erences in financial ratios

among especially small and large firms, while it is also suggested that these di↵erences

between size are taken into account, when financial ratios are used to evaluate the financial

position of a firm for decision making purposes such as in bankruptcy prediction models.

In addition to the sample specific issues relating to the di↵erences in financial ratios between

small and large firms, Balcaen and Ooghe (2006) has noticed that accounting-based models

have proven to su↵er from some serious weaknesses, which have been apparent especially

among small firms. The use of accounting-based variables is related to the reliability of the

financial statements. Although researchers assume that the financial statements used to

estimate bankruptcy prediction models provide a fair and true view of the firms’ financial

situation, the opposite might actually be the truth. The problem arises especially in smaller

firms, because there often is a lack of an internal control system (Keasey and Watson, 1986;

Keasey and Watson, 1987; Doyle, Ge and McVay 2007), and other issues such as extreme

ratio values, errors, and missing figures tend to be more widespread (Balcaen and Ooghe,

2006). Hence, due to the potential unreliability of financial statements for especially small

firms, the information content of financial ratios for such firms might thus be limited.

To summarise, previous literature has shown that small firms tend to possess di↵erent

financial characteristics and present more unreliable financial statements in contrast to

large firms. Thus, like for time, country and industry, the size of the firms in the sample

used to estimate bankruptcy prediction models might a↵ect the information content of the

variables and thereby its ex ante prediction accuracy, and researchers and practitioners

should be careful about this when applying existing models.
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2.3 Previous application of the Z-score models

The original Z-score model (Altman, 1968), but also some of its extensions and re-es-

timations, have during the past years, due to their popularity, received attention from

other researchers,5 who have assessed the models’ applicability under a range of di↵erent

conditions (including some of those presented in section 2.2), while several have also re-

estimated the model in order to achieve improved accuracy. Other researchers (e.g. Tinoco

and Wilson, 2013) have simply used Altman’s (1968) Z-score as a benchmark to evaluate

their own models. However, these studies are assessed to be less relevant to this study and

are therefore left out from the following review.

Moyer (1977) was the first to test the applicability of one of Altman’s models. He pointed

out that Altman’s (1968) Z-score model had poor predictive ability, when used in another

time period and used a stepwise MDA method to re-estimate the coe�cients and improve

the model.

Scott (1981) argued that the approach used by for example Altman (1968) experiences sta-

tistical overfitting, since the variable selection for these models result from empirical search.

The models do not build on any theory of bankruptcy and researchers basically have the

possibility to consider an almost endless number of variables and then reduce those to find

the most accurate subset given the specific dataset. Scott highlighted that the danger is

that the final set of variables often proves less predictive when applied to new samples of

firms or from periods other than those used in estimating the model.

Begley, Ming and Watts (1996) performed another study testing the applicability of bank-

ruptcy prediction models. They examined the applicability of Altman’s (1968) Z-score and

Ohlson’s (1980) O-score model. The applicability of the models was tested on a sample

similar to the original studies consisting of U.S. publicly listed firms, but during a more

5Not many have yet tested Altman’s (1983) Z”-score, but since the two models are so closely related, the
test of applicability of the original Altman (1968) Z-score model still serve the purpose of highlighting the
most important points from prior literature and can therefore in a reasonable way be used to create the
necessary context to research the applicability of the Z”-score model within.
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recent time period (1980–1989). The study’s full sample includes 165 bankrupt to 3,300 non-

bankrupt firms. The authors test both the original and re-estimated versions of each model.

The coe�cients of Altman’s original Z-score model (Altman, 1968) were re-estimated using

a matched pair sample of 100 bankrupt and 100 non-bankrupt firms. The application of

the original Z-score model (Altman, 1968) to the sample period from another time period

yielded a lower overall classification accuracy than the original model. Further, the findings

indicate that Altman’s re-estimated model provides better overall prediction accuracy than

the original version. These results emphasise the importance of testing bankruptcy predic-

tion models in other time periods than the ones used to develop the model, as the authors

found that a change in for instance the acceptable level of corporate debt or a change in

bankruptcy law can a↵ect the accuracy of models. Moreover, re-estimations are suggested

to be a way to achieve a higher classification accuracy rate.

Grice and Ingram (2001) also analysed the application of Altman’s (1968) bankruptcy pre-

diction model by applying it to a sample of listed U.S. firms in the period from 1985–1991

that besides from containing bankrupt firms also includes firms with other types of finan-

cial distress. Besides from the overall sample, they moreover considered subsamples with

bankrupt and manufacturing firms respectively. Thereby, Grice and Ingram (2001) tested

time and industry e↵ects, while also testing potential di↵erences between the models ability

to predict either financial distress or actual bankruptcy. In addition to testing the orig-

inal Z-score model (Altman, 1968) under di↵erent conditions, they also re-estimated the

coe�cients of the model using the di↵erent subsamples. The authors found that Altman’s

(1968) bankruptcy prediction model achieves significantly lower overall classification accu-

racy, dropping from 83.5% to 57.8%, when applied to an overall sample in a more recent

time period. Further, their results suggest that classification results for the manufacturing

sample were significantly higher than those for the overall sample. Finally, it is found that

Altman’s (1968) Z-score model predicts financial distress other than bankruptcy with ap-

proximately the same classification accuracy as it predicts bankruptcy. Grice and Ingram

(2001) found that the coe�cients of the re-estimations are di↵erent from the original Z-

score model (Altman, 1968), whereas the re-estimated models also improve classification

accuracy of all subsamples, when compared to the samples applied to the original model.
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The results of the study further suggested that the Type I (a firm that went bankrupt,

while being classified as healthy) and Type II (a surviving firm, while being classified as

unhealthy) error rates di↵er between the original and the re-estimated models. The rate

of misclassification of distressed firms in the re-estimated model is higher than in Altman’s

(1968) model, while it is opposite for non-distressed firms.

Hillegeist et al. (2004) compared the original Altman’s (1968) Z-score and Ohlson’s (1980)

O-score with a model based on the Black-Scholes-Merton (BSM) option pricing model using

a sample of 756 firms that went bankrupt during the years 1980 to 2000. The authors both

tested the original models as well as models with re-estimated coe�cients. Hillegeist et

al. (2004) used pseudo-R2 tests to compare the out-of-sample performance of these various

models and demonstrated that BSM outperformed the alternative Z-score (Altman, 1968)

and O-score (Ohlson, 1980) models. The findings were robust to various decompositions

of the accounting-based models, such as using re-estimated coe�cients and incorporating

industry e↵ects.

Chava and Jarrow (2004) employed a sample of U.S publicly listed firms over the time

period 1962 to 1999 to assess the relative performance of the application of Shumway’s

(2001) hazard bankruptcy prediction model as compared to Altman’s (1968) and Zmijew-

ski’s (1984) models. The authors re-estimated the models over the 1962 to 1990 period and

then tested these models on a hold-out-sample of bankrupt firms from the 1991 to 1999 pe-

riod. The results indicated that Shumway’s (2001) model is superior in accuracy with a rate

of 74.4% of correctly identified bankruptcies (first decile) compared to lower accuracy rates

of 63.2% for Altman’s (1968) model and 43.2% for Zmijewski’s (1984) model. Shumway’s

(2001) market-based model also significantly outperformed the accounting-based models

when tested with respect to the AUC accuracy measure (AUC of 0.91). Additionally,

Chava and Jarrow (2004) also demonstrated the importance of including industry e↵ects

in bankruptcy prediction models, as including industries in the re-estimation significantly

change both the intercept and coe�cients.
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Xu and Zhang (2009) applied Altman’s (1968) Z-score, Ohlson’s (1980) O-score, and Mer-

ton’s distance-to-default (D-score) models to data from Japanese firms in the years 1992 to

2005 to test whether these models are useful for predicting bankruptcy of Japanese firms.

Further, they developed another model, the X-score model, which incorporates variables to

capture the unique features of the Japanese economy such as bank dependency and Keiretsu

dependency. It was shown that there exists models developed on U.S. firms that are better

to predict bankruptcy of Japanese firms than Altman’s (1968) Z-score model indicating

that this could be a general problem with the Z-score model. Furthermore, it was found

that the X-score model which include country specific variables improved bankruptcy pre-

diction accuracy of Japanese listed firms, which highlight the potential e↵ects of di↵erences

between country on the accuracy of bankruptcy prediction models.

Wu, Gaunt and Gray (2010) evaluated the performance of five existing bankruptcy pre-

diction models (Altman 1968, Ohlson 1980 Zmijewski, 1984; Shumway, 2001; Hillegeist et

al., 2004) using an up-to-date dataset consisting of 887 bankrupt and 49,724 non-bankrupt

U.S publicly listed firms. Using the Youden index, it was in general found that the models

decreased in accuracy when applied to a more recent dataset. Moreover, it was also found

that Altman’s (1968) Z-score performed most inadequately compared to the four other but

more recent models, once more pointing towards the e↵ect of time periods on bankruptcy

prediction models in general and Altman’s (1968) Z-score in particular.

Jackson and Wood (2013) tested 13 di↵erent bankruptcy prediction models on a sample

of listed firms from the UK in a more recent time period and measured their performance

using the ROC curve and the related AUC score. The chosen models included both di↵er-

ent single-variable and accounting-based models in two versions (with updated coe�cients

and a neural network approach) and four contingent claim models. Altman’s (1968) Z-

Score was among the selected accounting-based models. The empirical results of the study

demonstrated that the models using accounting numbers in general performed worse than

the contingent claim models. Additionally, the study demonstrated that the Z-score model

was one of the least accurate of the accounting based models, when applied to another
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country and time period.

The most recent application of the Z-score model was performed by Altman et al. (2017),

who primarily focused on improving the Z”-Score model (Altman, 1983) by re-estimating

the original coe�cients. First, the researchers tested how the original version of the Z-

Score model performs in di↵erent countries. Thereafter, it was tested how a re-estimation

of the model coe�cients and di↵erent additional variables a↵ect the classification accuracy.

Both the original and the re-estimated versions of the model are tested on a sample of

both European and non-European countries. The empirical results reported were only

based on AUC, but do in general indicate that the original Z-Score model as well as its re-

estimated version, consisting of re-estimated coe�cients of the four Z”-Score (Altman, 1983)

variables, have relatively high classification accuracy even when applied to an international

sample, but still with di↵erences in accuracy among the di↵erent countries. Yet, the re-

estimation of coe�cients only slightly improved the classification accuracy of the model.

Thus, Altman et al. (2017) suggested that even the Z”-Score model (Altman, 1983) with

its original coe�cients can be broadly used by all kinds of interested parties. Furthermore,

it was concluded that the model cannot only be used for bankruptcy prediction or financial

distress warnings, but also for other managerial purposes such as risk management.





The Italian Business and Bankruptcy

Environment

The aim of this study is to analyse and test the application of the Altman (1983) Z”-

Score using data from Italy. Given the geographical choice of Italy, this section introduces

relevant features of the country’s economy, business environment and bankruptcy scene

during the period analysed (2011 to 2015) as well as today (2018) and in the short-term

future (forecast). The purpose of this section is to give the reader a comprehensive overview

of the context in which the analysis and discussion is performed, as this will serve as the

underlying conditions of the further sections of the study. Furthermore, the importance of

bankruptcy prediction in Italy should also be evident from the presentation of the conditions

in the subsequent section. The section will first cover the Italian business environment on

both a national and industry level (section 3.1) and thereafter describe di↵erent aspects

related to bankruptcy in Italy (section 3.2).

3.1 The Italian business environment

In order to establish an understanding of the Italian business environment as the founda-

tion of the analysis, a general overview of the population characteristics, the economy, the

political nature, the business environment and the accounting principles on a national level

is needed. Furthermore, as the analysis concentrates on the di↵erence between the manu-

facturing and non-manufacturing industries, an understanding of the general characteristics

of those is also required. Hence, these elements are covered in the following.

23
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3.1.1 The national level

Population characteristics

Located in Southern Europe, Italy is one of the founding members of the European Union.

With a population of approximately 59.4 million inhabitants in 2017, Italy ranks number

23 worldwide, and number 4 in Europe (United Nations, 2017).

The educational level of the Italian population is in general well below the OECD average.

In fact, Italy is among the countries with the lowest educational background among the

population in the Euro Area, while only Spain and Portugal have a lower educational level

of the European Union countries. These rankings are based on educational level as defined

by the highest level of education completed by the 25-64 year old in the population (OECD,

2018).

An important general note about the Italian population and country as a whole is the sub-

stantial gap between North and South on all parameters. The northern part of the country

is characterised as the industrialised, rich and well-educated part of the country with the

rural southern part being poor and facing problems with organised crime (Nordea, 2018a).

To exemplify this, the 2016 GDP per capita in the North West and North East was EUR

34,200 and EUR 33,300 respectively compared to EUR 18,200 in the South (Istat, 2017).

Economy

Having a GDP of EUR 1,623 billion, Italy was the ninth biggest economy in the world

in 2017, and the fourth biggest economy in Europe, leaving the top 3 to Germany, the

United Kingdom and France. In the period from 2011-2015, Italy, due to the financial and

European debt crisis, experienced a severe downturn in the real GDP growth with negative

growth rate of -2.85% and -1.75 in 2012 and 2013 respectively (see table 3.1). However,

the real GDP growth started to pick up in 2015 indicating the beginning of the economic

recovery that Italy is in the middle of today. After a real GDP growth of 1.56% in 2017,

analysts expect the growth rate to fall again in both 2018 and 2019 (table 3.1). Hence, with

respect to the GDP growth, the entire period of analysis was characterized by recession,

whereas Italy in general still struggles with both the after-e↵ects from the global financial

crisis and the European debt crisis.
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The level of inflation was fluctuating a lot in the period of the analysis, while ending up at

a level 0.04% in 2015. In 2018, an inflation rate of 1.20% is expected, whereas it is expected

to slightly decrease in 2019 (table 3.1).

While Italy’s economic activity has shifted towards industries with low productivity growth

rates, so has Europe’s (OECD, 2017, p. 39). Yet, Italy has during the period of analysis

been lagging behind compared to the other Euro Area countries. Between 2011 and 2015,

productivity growth in Italy on an aggregate level was on average -1.5%. At the same time,

the Euro Area grew productivity by more than 0.8% on average. However, in 2017 the

industrial growth rate improved, but was still slightly below the Euro Area level for the

same year (OECD, 2018).

The annual growth in household spending furthermore supports the fact that the Italian

economy has improved during the period of analysis. In line with the GDP, Italy experi-

enced negative annual household spending growth in the years 2012 and 2013, suggesting

that the demand created by households was severely hit by both the global financial crisis

and the European debt crisis and a↵ected the Italian economy negatively in the first period

of analysis. Yet, in 2014 and especially 2015, Italy experienced positive growth in household

expenditure. This growth continued in 2016 and 2017 and thereby seems to have stabilized

and is currently contributing positively to the improved Italian economy.

As Italy is part of the Euro Area, the European Central Bank determines leading short-

term money market interest rate for all the Euro countries. As a response to the global

financial crisis and the European debt crisis, the short-term interest rate in the Euro Area

was incrementally decreased from 1.39% in 2011 to -0.02% in 2015. The interest rate in

2017 was -0.33% and is expected to remain at the level at least until 2019 (table 3.1).

A clear sign of the the general European debt crisis during the period from 2011-2015 has

been the increasing Italian public debt. Italy’s gross public debt, as a percentage of GDP

increased during the entire period from 2011 to 2015 to reach a level of 131.63% compared

to an average of 92.34% in the Euro Area. In fact, only Greece have experienced higher

public debt rates in this period (table 3.1; OECD, 2018). Another of the concerns in Italy

during the period of analysis have been the high unemployment rate that reached a peak

in 2014 at 12.64% of the total population. Currently, the unemployment rate, though
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decreasing, is still at a high level compared to the OECD average, especially among young

people, aged 15 to 24 (OECD, 2018).

To summarise, the Italian economy has been in a recession su↵ering from both the after-

e↵ects of the global financial crisis and the European debt crisis during the entire period of

analysis (2011-2015). Yet, the health of the economy started to pick up at the end of the

period leading to the status of today, where almost all parts of the economy seem to have

improved, even though there is still substantial work to be done. The forecasts expect a

more stabilised Italian economy, but with all economic indicators stagnating at the current

level or only slightly improving, indicating that it will take time before Italy experiences

high economic growth rates. The most significant problems that the Italian economy faces

seem to be the high unemployment rates, low industrial production growth and the high

public debt.

Table 3.1: Macroeconomic indicators in Italy for the period 2011 to 2019F (forecast).
Own illustration based on data from OECD (2018).

Political environment

Italy is a republic and its political system is based on a parliamentary democracy. The

country has for many years been characterised by political instability exemplified by the

fact that Italy has had three di↵erent governments since 2011. The political instability

in Italy seems to continue, since the general election on March 4, 2018 yielded a severely

fragmented parliament. According to The Economist Intelligence Unit (2018), a government

consisting of M5S/Lega or M5S/centre left will eventually emerge, but talks have so far
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been inconclusive and the possibility of a fresh election has risen. It is highlighted that

continuing political instability risks disrupting Italy’s economic recovery.

For firms, another important element in the political environment of a country is the reg-

ulation in such areas as tax, VAT, tari↵s and other restrictions that potentially can hinder

trade. The regulation of value added tax (VAT) on goods and services in Italy follows the

system of the European Union Taxation and Customs Union (European Union, 2018).

Overall, Italy has been characterised by political instability in the period of analysis with

changing governments. This instability seems to continue after the election in March 2018.

With respect to tax, VAT, tari↵s and other trade restrictions, Italy is mainly governed by

the regulation of the European Union.

Doing business

The current general business environment in Italy has been facing di�cult conditions, as

evident from both the economic and political overview. The main influencing factors seem

to be the general problematic economic situation and the political instability that cause

di�culties in the implementation of reforms to improve the situation.

The troubles in the business environment are also apparent in the Ease of Doing Business

2018 (World Bank, 2018b), where Italy ranks number 46 out of 180 countries. The areas of

the test in which Italy is doing best is trading across borders (rank 1/180) and registering

property (rank 23/180), whereas Italy’s worst areas of the test are paying taxes (rank

112/180) and enforcing contracts (108/180). The tax policy in Italy includes a national

corporate tax rate of 24%, while an additional standard rate of 3.9% is paid in regional tax

(Deloitte, 2018). Italy has decided to apply a standard VAT rate of 22% (European Union,

2018).

The accounting practices and standards for Italian firms have since 2001 been set out by

the Italian Accounting Organisation (Organismo Italiano di Contabilit/OIC). Listed firms,

banks, insurance firms and alike are required to adopt the principles of International Ac-

counting Standards (IAS)/International Financial Reporting Standards (IFRS), whereas

private limited liability companies are permitted to adopt IFRS or Italian generally ac-

cepted accounting principles (Italian GAAP) (Nordea, 2018b). Italian firms are required

to submit an annual report including balance sheet, profit and loss statement and notes to
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the accounts. Small firms that meet certain financial parameters are not required to submit

annual reports, but only to prepare a short form of balance sheets (Nordea, 2018b). Lim-

ited liability companies, with more than 120,000 EUR in capital, are moreover required to

appoint an audit committee at the annual general meeting, which have to give a statement

about their audit of the financial statements (Nordea, 2018b). The annual report, financial

statements, audit report (if required), and other relevant documents must be filed with the

Company Register within 30 days after the annual general meeting (Nordea, 2018b).

In conclusion, the business environment was also su↵ering during the period of analysis as

a result of the economic crisis and political instability. Most likely, this situation, which is

still present today, will remain unchanged until the political stability has been recovered

and new structural reforms can be introduced.

3.1.2 The industry level

The analysis of this study di↵erentiates between manufacturing and non-manufacturing

firms in Italy as the two broad groups of industries. Thus, a short introduction to the

distribution of firms among di↵erent sectors within these groups is presented below.

Sector distribution

Italy is characterized by a large service sector, which constitutes 74.0% of the country’s

GDP and employs 69.4% of the total work force. Tourism is one of the fastest growing

and most profitable industries in Italy and is the largest part of the service sector. The

Italian industrial sector comprises mostly small and medium-sized firms and is concentrated

around the northern part of the country. Italy is known for its export of luxury goods, while

also motor vehicles, fashion and chemical products are important industries. The industrial

sector accounts for 23.9% of Italy’s GDP and 27.1% of the working population. Finally,

Italy is one of the dominating agricultural players in the European Union. However, the

agricultural sector only produces 2.1% of the Italian GDP and accounts for 3.5% of the

total employment (Nordea, 2018a).
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The manufacturing industry

According to Eurostat (2017), the manufacturing industry includes a range of di↵erent ac-

tivities and production techniques, from relatively small firms using traditional production

techniques to very large firms undertaking complex manufacturing processes and products.

The country still ranks as the second largest manufacturing power in Europe and the sev-

enth largest worldwide (Nordea, 2018a). The manufacturing industry in Italy did in 2011

consist of approximately 433,000 active firms, which corresponded to 10% of the total pop-

ulation of active firms, while decreasing to approximately 397,000 or 9% of the active firms

in 2015. The manufacturing industry employed more than 3,100,000 people in 2015, while

the total production value of the industry was EUR 864.1 billion (Eurostat, 2018).

The non-manufacturing industry

On the other hand, the non-manufacturing industries naturally include a more dispersed

range of activities, as also evident from Appendix A. The most important non-manufacturing

industries in Italy include the retail, construction and the hospitality industries. The ag-

gregated number of active non-manufacturing firms in the period from 2011 to 2015 is more

than 4,000,000 (Eurostat, 2018).

3.2 Bankruptcy in Italy

The present study tests a bankruptcy prediction model based on data from Italian firms.

Therefore, it will be helpful to understand the underlying factors of bankruptcy such as the

occurrence and distribution of bankruptcies and the bankruptcy legislation regulating the

firms in the country. The following section describes these factors regarding bankruptcy in

Italy.

3.2.1 Occurrence and distribution

In the period 2011 to 2015, Italy experienced a large number of bankruptcies. The average

number of bankruptcies per year was almost 14,000. Over the period of analysis, the number

of bankruptcies changed from nearly 11,000 in 2011 to around 16,000 in 2015 (Creditreform,
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2016). As of 2015, 20% of the bankruptcies were attributable to the manufacturing industry.

The remaining 80% occurred in the non-manufacturing industries (Creditreform, 2016).

3.2.2 Bankruptcy legislation and insolvency procedures

The Royal Decree No. 267 of 16 March 1942, also known as the Bankruptcy Law, is the key

legislative framework for the insolvency procedures in Italy. The insolvency proceedings are

in general strictly formalised and courts or other public authorities are involved in all cases,

irrespective of the size of the bankruptcy estate. As a consequence, the proceedings are

usually lengthy and costly. The average duration of the process is at the moment around

seven years (Fiorelli and Fruncillo, 2017).

In Italy, the procedure of bankruptcy is a court driven process with the fundamental aim

of liquidating the insolvent firm’s assets and distributing the proceeds, which in the end

will dissolve the firm. The bankruptcy procedure is initiated by a bankruptcy filing, which

can be filed by either the debtor/firm itself, the public prosecutor or a creditor. In order to

declare a firm bankrupt, the respective firm should be in an irreversible state of insolvency

(i.e. when the firm defaults its payment obligations or when the firm is unable to meet

its current liabilities regularly). The proceedings are finalised when either all the debtor’s

assets are liquidated and the proceeds are distributed to creditors, or when there is a buyout

of the bankruptcy estate (Fiorelli and Fruncillo, 2017).

The Italian Bankruptcy Law has in the last decade been subject to several far-reaching

amendments, which have shifted the focus from the protection of creditors through the

liquidation of assets to facilitating restructuring or preservation of as much of the firm as

possible. The idea behind this is to either save the firm from bankruptcy by restructuring

it or to sell the firm in order to secure the immaterial going concern value of goodwill

generated by an on-going business, which exceeds the market value of the assets alone,

which in the end will benefit the creditors (Fiorelli and Fruncillo, 2017; Simons & Simons,

2018).

One of the distinct features of the Italian insolvency system is that firms are in general

being declared insolvent at a late stage, since the current law provides no incentives for

either firms or creditors to file for insolvency when financial distress initially arise. There

is no early alert system or duty for the firm’s management to file for insolvency at some
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critical threshold as in other bankruptcy laws. In addition, creditors use the threat of filing

bankruptcy to make the debtor pay a larger share of the outstanding debt than the creditor

potentially could get through an insolvency procedure. Hence, the general tendency is to

avoid any action from any of the parties in order to buy time (Simons & Simons, 2018).

Even though the regulatory framework in Italy has undergone a reform process and the

attitude towards bankruptcy seems to have changed, the transaction costs of insolvency

procedures in Italy is the second highest among the OECD countries (figure 3.1). The

average recovery rate of Italian firms is also below the OECD average, demonstrating that

even though legislative initiatives have been undertaken, Italy continues to face problems

with its insolvency system (figure 3.2).

Hence, in summary, the presentation of the Italian bankruptcy legislation and the figures

indicating continuing problems with general cost of insolvency procedures and restructur-

ings indicate that it is still relevant for banks and other stakeholders in Italy to have well

functioning models to predict bankruptcies.

Figure 3.1: Average cost of insolvency procedure (% of the estate). Own illustration
based on data and inspiration from OECD (2017, p.47).
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Figure 3.2: Average insolvency recovery rate (%). Own illustration based on data and
inspiration from OECD (2017, p. 47).



Hypothesis Statements

The overall aim of this study is to test whether Altman’s (1983) Z”-score model is still

applicable. The study will contribute to the existing literature by testing the applicability

of one of the most prominent bankruptcy prediction models, a task necessary as highlighted

by Bellovary, Giacomino and Akers (2007). In the present study, Altman’s (1983) Z”-score

is applied to classify bankrupt and non-bankrupt Italian firms in the period from 2011 to

2015. The original sample that Altman (1983) applied included listed U.S. manufactur-

ing firms that went bankrupt between 1946 and 1965. Following the arguments brought

forward by, among others, Edminster (1972), Zavgren (1983), Zavgren (1985) and Balcaen

and Ooghe (2006), models tend to be sample specific and generally display a higher ex

post classification rate compared to the ex ante accuracy. As highlighted in the literature

review, the sample can be specific with respect to for example time period and country,

industry a�liation and size. Hence, to present the most reliable assessment of the Z”-

score model’s applicability, it is necessary to test to what extent the model is specific to the

original sample, in order to also indicate under what conditions the model is most accurate.

Several researchers suggest that di↵erences in the business environment, with respect to

both time (Mensah, 1984; Wood and Piesse, 1987; Platt and Platt, 1990) and country

(Ooghe and Balcaen, 2007; Karas and Rezakova, 2014), can a↵ect a model’s classifica-

tion accuracy. The European debt crisis that characterises the macroeconomic conditions

present in the time period from 2011 to 2015 in Italy, in addition to factors such as the

technological advances, the intensified competition due to globalization among businesses,

has most likely influenced the information content of the variables in the Z”-score model.

33



34

Moreover, empirical results have in prior studies shown that the accuracy of bankruptcy

prediction models tend to be lower in crisis periods (Manzaneque, Garca-Prez-De-Lema and

Domingo Anton Renart, 2015) and that the application of the model in another country

will negatively a↵ect its predictive power (Xu and Zhang, 2009; Jackson and Wood, 2013).

Hence, the first hypothesis encapsulates how these conditions might a↵ect the accuracy of

the model:

H1: The accuracy of Altman’s (1983) Z”-Score, when applied to Italian firms in the period

2011 to 2015, irrespective of industry and size, is lower than the accuracy of the model

achieved when applied to Altman’s (1983) original sample.

In addition, Horrigan (1968) did in general find that there are substantial di↵erences in

the financial characteristics of firms from di↵erent industries, whereas Gupta and Huefner

(1972) and Johnson (1979) have shown that such di↵erences also exist particularly in the

financial ratios of manufacturing and non-manufacturing firms. Others have used di↵erences

in financial ratios to argue that the information content of models, since the model variables

are financial ratios, will be influenced by the type of firms on which the model was estimated

(Platt and Platt, 1991; Chava and Jarrow, 2004; Smith and Liou, 2007; Sayari and Mugan,

2017). Altman (1983) estimated his Z”-model on the same sample as the Altman (1968)

study, thus consisting of only manufacturing firms. Yet, he claims that the Z”-score model

is also applicable to non-manufacturing firms. On the other hand, empirical results by for

instance Grice and Ingram (2001), who tested the original Altman (1968) Z-Score model

on a sample of publicly listed U.S. firms from 1988 to 1991, report that the accuracy of

the original Altman (1968) Z-Score model, while generally lower, was still higher when

applied to manufacturing firms than when applied to non-manufacturing firms. Given

the arguments from prior literature about the industry specificity of models and empirical

results of prior research, hypothesis 2 is formulated as follows:
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H2: The accuracy of Altman’s (1983) Z”-score model, when applied to Italian manufactur-

ing firms in the period 2011 to 2015, is higher than the accuracy of the model applied to

Italian non-manufacturing firms in the same period.

The third dimension covered in this study relates to the firm size. The sample underlying

Altman’s (1983) Z”-score consisted of firms with a balance of total assets exceeding USD

1 million. Hence, it is unclear how the model will perform on small firms. Authors of

previous studies have argued that small firms for instance have di↵erent capital structures

(Holmes and Kent, 1991), which in a similar fashion to the di↵erence between industries,

should make the information content of the variables more relevant to predict bankruptcies

for firms similar to the ones in the estimation sample. Consequently, since the sample

for estimating Altman’s (1983) Z”-score consisted of only large firms, it is to be expected

that the model in its original form is not as accurate when applied to smaller firms. In

addition, researchers have found that the financial statements of small firms tend to be

more unreliable than for larger firms, since there in general, among other issues, is a lack of

internal control systems and tendencies of extreme ratio values among small firms (Keasey

and Watson, 1986; Keasey and Watson, 1987; Doyle, Ge and McVay, 2007; Balcaen and

Ooghe, 2006). Such issues can become even more relevant in Italy, as the accounting prin-

ciples only require small firms that meet certain financial parameters to publish a short

form of balance sheets (Nordea, 2018b). Consequently, this can also question the actual

information content of the financial ratios, when applied to small Italian firms. Hypothesis

3 condenses this line of thought:

H3: The accuracy of Altman’s (1983) Z”-score, when applied to large Italian firms in the

period from 2011 to 2015, is higher than the accuracy of the model applied to small Italian

firms in the same period.

Hypotheses 1 to 3 are connected to the accuracy of the Altman (1983) Z”-score model when

applied to di↵erent samples without changing the original coe�cients. In contrast, the fol-

lowing hypothesis relates to the model when re-estimating the coe�cients of the model

variables. As evident from the discussion above, bankruptcy prediction models are argued
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to be sample specific and demonstrate lower accuracy when applied to samples di↵erent

from the one they were built on. Consequently, several researchers have suggested that one

ought to re-estimate the model coe�cients in order to adapt the model to the underlying

sample and eliminate some of the potential time, country, industry and size e↵ects (Joy

and Tollefson, 1975; Ta✏er, 1982; Mensah, 1984; Keasey and Watson, 1991; Ooghe and

Balcaen, 2007). Further, re-estimation has also empirically been shown to increase model

accuracy (see for example Begley, Ming, and Watts, 1996; Grice and Ingram, 2001). There-

fore, hypothesis 4 is as follows:

H4: The accuracy of the re-estimated Z”-score model, when applied to Italian firms in the

period from 2011 to 2015, irrespective of industry and size, is higher than the accuracy of

the original Altman (1983) Z”score applied to Italian firms in the same period.



Methodology

Section 4 presented the hypothesis statements covered by this study. This section presents

the analysis approach and methodology adopted to test those hypotheses and to discuss the

implications of the results on the usefulness of the model in di↵erent contexts of application.

Section 5.1 presents the general analysis design, whereas section 5.2 presents the more

technical aspects of the approach taken.

5.1 Analysis design

The aim of this study is to test how well Altman’s (1983) Z”-score6 performs when applied

to di↵erent samples of firms. To achieve this aim, an analysis of the model is performed

by, on the one hand, testing the Z”-score model’s accuracy on di↵erent samples, and, on

the other hand, assessing its accuracy after re-estimating the variable coe�cients. The

model’s accuracy is evaluated by means of classification tables and the area under the

Receiver Operating Characteristic (ROC) curve (AUC), and complemented by a graphical

assessment of the ROC curves.

The models applied, the methods to assess model accuracy, and the di↵erent firm samples

used are subsequently explained in more detail.

6For the sake of simplicity, we will from now on only refer to the tested model (with the original model
coe�cients) as Z”-score (model). Whenever this term is used, it refers to the model that Edward I. Altman
created in 1983 as the revised version of his Z-score model from 1968 (Altman, 1968; Altman, 1983).
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5.1.1 Models used in the study

Two models are used in this study. The first one is the original Z”-score model for both

manufacturing and non-manufacturing firms presented in Altman (1983). It was estimated

using multivariate discriminant analysis and takes the following form:

Z

00 = 3.25 + 6.56X1 + 3.26X2 + 6.72X3 + 1.05X4

where Z

00 = Model score

X1 = Working Capital/Total Assets

X2 = Retained Earnings/Total Assets

X3 = Earnings Before Interest and Tax/Total Assets

X4 = Book value of Equity/Book Value of Total Debt

Using the original model allows to test whether the coe�cients are still valid. The original

Altman (1983) model is used to test hypotheses 1 to 3.

The second model used in this study is a re-estimation of the variable coe�cients of the

Z”-score model using the sample of Italian firms from 2011 to 2015. As was stated in the

literature review section, bankruptcy prediction models tend to be sample specific (Edmin-

ster, 1972; Zavgren, 1983; Zavgren, 1985; Balcaen and Ooghe, 2006). Hence, a re-estimation

of the model coe�cients allows to test whether model users can gain from adapting a model

to prevalent conditions. Model 2 is deployed to test hypothesis 4.

To estimate the Z”-score model, Altman (1983) used multivariate discriminant analysis

(MDA). In this study, the original methodology is deviated from by re-estimating the

model using logistic regression analysis, a method developed by statistician David Cox

(1958). This type of regression is used in cases where the outcome variable is categorical,

as is applicable to many bankruptcy prediction studies (Ohlson, 1980; Gilbert, Menon and
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Schwarts, 1990; Chava and Jarrow, 2004; Campbell, Hilscher and Szilagyi, 2008). The

logistic function takes on the following form:

Ln

✓
P (Y = 1)

1� P (Y = 1)

◆
= �0 + �1X1 + �2X2 + ...+ �nXn

where
P (Y = 1)

1� P (Y = 1)
= Odds of event being 1 (bankrupt)

�0 = Intercept

�1...�n = Variable coe�cients

X1...Xn = Independent variables (financial ratios)

Reformulating above equation, one can receive an equation for the probability of having

the outcome equal to 1 (bankrupt):

P (Y = 1) =
1

1 + e

�(�0+�x)

where � = Vector of variable coe�cients

x = Vector of independent variables

There are several reasons for using the logistic method instead of MDA: First, logistic

regression is deemed the most important model in cases where the response variable is cat-

egorical (Agresti, 2002). Second, logistic regression does not rely on as many assumptions

as does MDA. It does neither assume normality of error terms, nor homoscedasticity or

linearity between dependent and independent variables. In fact, researchers have found

that the assumption of normality is often not given for financial ratios, including some

of the Z”-score model ratios (Deakin, 1976; So, 1987; Watson, 1990). More particularly,

the mentioned authors have observed that many ratios are characterised by considerable

skewness. Third, logistic regression does not measure the dependent variable on an interval

or ratio scale. Instead, the outcome variable is bound to values between 0 and 1. Hence,
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it can be well applied to the case of bankruptcy prediction, in which the outcome variable

is coded as either 1 (for bankrupt firms) or 0 (for non-bankrupt firms). At the same time,

prior research suggests that logistic regression is not inferior to MDA in terms of classifi-

cation accuracy (Press and Wilson, 1978; Harrell and Lee, 1985; Hamer, 1983; Pohar, Blas

and Turk, 2004) and interpretability (Manel, Dias and Ormerod, 1999; Phillips et al., 2015).

To train and test the models, the data sample (see section 5.2) is split in half. One half

is used as the training sample to fit the logistic regression model. The other half is used

as the testing sample to assess the models’ accuracy. This is done by drawing a random

sample from both the groups of bankrupt and non-bankrupt firms, accounting for 50% of

the total number of firms in each group. Splitting the data into a training and testing

sample for validation is common practice (Picard and Berk, 1990; Steyerberg et al., 2001).

Hosmer, Lemeshow and Sturdivant (2013) state that [t]he reason for considering this type of

assessment of model performance is that the fitted model always performs in an optimistic

manner on the developmental data set (p. 202). Hence, applying the fitted model to a

di↵erent data set will yield a better indication of the model’s actual performance. While

there are more stringent ways to split samples into training and testing sample,7 above

described approach is deemed suitable for the present study, as the purpose here is not

to build a new model from scratch, but rather to evaluate an existing one. It is further

noteworthy that, even though it does not involve any re-estimation, the Z”-score model

with the original coe�cients is also applied only to the testing samples. In this way it is

ensured that the comparison between the models is based on equal terms. In so doing, the

authors follow an approach similar to Grice and Ingram (2001) or Doumpos et al. (2017).

7Stein (2007) defines validation samples along two dimensions, time and universe, each type presenting
a di↵erent level of stringency. While a simple random out of sample validation is considered the least
stringent, out of time (i.e., the validation of a model on companies from another time period) and out of
universe (i.e., the validation of a model using a distinct set of companies from the same time period; as is
applied in this study) are considered more stringent. Combining the latter two, i.e., a validation sample
consistent of distinct companies from another time period, is considered the most stringent, and thus most
beneficial, approach.
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5.1.2 Assessment of model accuracy

In order to assess the accuracy of the models used in this study, a selection of common

numerical accuracy measures is deployed, as well as one visual method for model compari-

son. The first numerical measure is classification tables, or more specifically the key figures

of a classification table. The second one is the area under the Receiver Operating Char-

acteristic (ROC) curve (AUC). Finally, aforementioned ROC curve is the graphical element.

Classification tables

Classification tables are an intuitive tool showing the classification accuracy of a model for

a given cut-o↵ point. In cases where the outcome variable is dichotomous, the classification

table is a 2x2 matrix. Hosmer, Lemeshow and Sturdivant (2013) suggest that such tables

are useful when classification is a stated goal of the analysis (p. 173). Table 5.1 presents

an example of a classification table.

Table 5.1: Example of a classification table. Own illustration. A: True positive classifi-
cation. B: False negative classification. C: False positive classification. D: True negative

classification.

Such tables display the observations based on their actual value (bankrupt or non-bankrupt)

and the predicted outcome from the applied model. In the case of two possible outcomes,

the table contains the following di↵erent cells: First, it shows the number of true positive

classifications (A), i.e. the bankrupt companies classified as bankrupt by the model. Sec-

ond, the number of false negative classifications (B), i.e. the actually bankrupt companies

classified as non-bankrupt. Third, the number of false positive classifications (C), i.e. the

non-bankrupt companies classified as bankrupt by the model.. And fourth, the number

of true negative classifications (D), i.e. the non-bankrupt companies correctly classified as
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non-bankrupt by the model. With help of these four numbers, a range of di↵erent measures

can be derived (see e.g. Agresti, 2002).

Two common measures derived from the classification table, and used in this study, are

the sensitivity and specificity of the model (Yerushalmy, 1947). Sensitivity measures the

percentage of correctly classified bankrupt firms. For the exemplary table shown, the

sensitivity is calculated by A/(A + B). Specificity measures the percentage of correctly

classified non-bankrupt firms and is calculated as D/(C + D) in the example above.

Since classification tables are only valid for a certain cut-o↵ value, such has to be deter-

mined. Altman (1983) chose the cut-o↵ that minimises the percentage of wrong classifi-

cations for the whole sample of firms. By doing this, he got the levels of sensitivity and

specificity that correspond to the Youden index (Youden, 1950). In order to allow a direct

comparison to the accuracy levels achieved by Altman (1983) – 90.9% of sensitivity and

97% of specificity –, this procedure is followed.

The Youden index is a commonly used measure to analyse the e↵ectiveness of a classifica-

tion model and is a summary measure of the ROC curve (Fluss, Faraggi and Reiser, 2005).

It is calculated as the maximum of the sum of sensitivity and specificity minus 1 for all

possible cut-o↵s. Figure 5.1 below gives a graphical illustration of the Youden index.

In a more formal manner, the Youden index takes the following form:

J = maxc{Se(c) + Sp(c)� 1}

where J = Value of the Youden index

Se(c) = Sensitivity at a given cut-o↵ c

Sp(c) = Specificity at a given cut-o↵ c

As follows from the possible ranges of sensitivity and specificity, the Youden index can take

a value between 0 and 1. An index of 0 represents a situation in which the distributions

of the model score values for the two populations – bankrupt and non-bankrupt firms –
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completely overlap. Conversely, a value of 1 indicates that the two distributions are fully

separated (Fluss, Faraggi and Reiser, 2005).8

To assess whether the di↵erences in the accuracy measure are statistically significant, a

Chi square test of proportions is applied (see e.g. Agresti, 2002). The Chi square test of

proportions takes the following form:

X

2 =
X

i

X

j

(nij � µ̂ij)2

µ̂ij

where X

2 = Chi square distributed test statistic

nij = Number of observation in row i and column j of classification table

µ̂ij = Expected number of observations in cell ij given same proportions

Relating this test to the present study and the case of sensitivity, one would ask how likely

it is to encounter the frequency of true positive and false negative in a sample if the sensi-

tivity were equal to the value reported in Altman (1983), which is 90.9%. Conversely, the

same logic applies to specificity.

While a comparison based on the sensitivity and specificity at the Youden index cut-o↵

draws a decent picture of a possible change in accuracy, it does so only partly. In order

to have a more general measure of accuracy, as for example noted by Stein (2007) and

Hosmer, Lemeshow and Sturdivant (2013), the AUC is used as a supplementary measure

to evaluate the accuracy of the di↵erent models in the situations where no comparison to

the original Z”-score is made.9

8In cases where the distributions of two distinct groups (e.g. bankrupt and non-bankrupt) completely over-
lap, the model is random. In the case of complete separation, the model will yield perfect discrimination.

9As the AUC of the original model for the estimation sample is not available, this measure could not be
used to make direct comparisons to the Altman (1983) model. However, as will be explained below, the
ROC curve itself is used as a visual tool for comparison.



44

Area under the receiver operating characteristic curve

The AUC is a further summary measure of the Receiver Operating Characteristic (ROC)

curve. Figure 5.1 presents an example of a ROC curve and the associated measures.

Figure 5.1: Example of a ROC curve and the associated measures as known from the
classification table and the AUC. FN = false negative; FP = false positive; TP = true
positive; TN = true negative; J = Youden point; AUC = area under the curve. Own

illustration inspired by Stein (2007, p. 81).

For every possible cut-o↵ point, i.e., each unique value of the dependent variable in the

underlying sample, the ROC curve plots the true positive rate (sensitivity) against the

false positive rate (1 - specificity) (see for example Krzanowski and Hand, 2009). Overall,

the curve is displayed in an box with a total area of 1. This implicates that the AUC

can reach a value of maximum 1, while the minimum value is 0.5. This lower boundary

is due to the fact that 0.5 represents a random model, graphically shown as the straight

diagonal line from the bottom-left corner to the top-right corner, and hence the area below

this diagonal is necessarily part of the AUC (Krzanowski and Hand, 2009). Extending
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this logic, an AUC closer to 1 represents a higher model accuracy, while an AUC equal to

0.5 indicates that a model is no better than randomly classifying observations into groups

(Stein, 2007). Hosmer, Lemeshow and Sturdivant (2013) note that there isn’t a generally

accepted threshold of what is good and what is bad discrimination as measured by AUC.

However, they propose the benchmarks presented in table 5.2 to assess a model’s accuracy

by means of AUC (p. 177).

Table 5.2: Classification benchmarks for area under the curve (AUC). Own illustration
based on the scale suggested by Hosmer, Lemeshow and Sturdivant (2013, p. 177).

In the present study, the AUC is calculated using version 9.4 of the statistics software

developed by SAS.10 As the AUC is not readily calculable in the MDA procedures of the

SAS software, the monotonous property of the logistic function was utilised to calculate

the AUC. Using the logistic regression procedures, an auxiliary regression was performed

by regressing the outcome variable (bankrupt/non-bankrupt) against the Z”-score value

as independent predictor to arrive at the value for the AUC. Logically, this intermediary

step only had to be taken for the original model applied to the present samples, since the

re-estimated version of the model was generated by using the logistic regression procedure

of the SAS software.

For evaluation of significance in di↵erences of AUC, two tests are applied, depending on

the type of comparison. In the case of comparing AUCs achieved for the same samples,

but di↵erent models (Z”-score and model with re-estimated coe�cients), a test proposed

by Hanley and McNeil (1983) is applied. This test is suitable in situations where the AUCs

of interest are based on the same sample and takes the following form:

10Copyright ©2013 SAS Institute Inc. SAS and all other SAS Institute Inc. product or service names are
registered trademarks or trademarks of SAS Institute Inc., Cary, NC, USA (www.sas.com).
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X

2 =
([AUC1 � [

AUC1)2

S

2
1 + S

2
2 � rS1S2

where

X

2 = Chi square distributed test statistic

[
AUC1 = Empirical estimate of the sample AUC when applying the Z”-score

[
AUC2 = Empirical estimate of the sample AUC when applying the re-estimated model

S1 = Standard error of [
AUC1

S2 = Standard error of [
AUC2

r = Correlation between the two AUC

The statistics software by SAS calculates this test applying the correlation estimate pro-

posed by DeLong, DeLong and Clarke-Pearson (1988).

In the case where two AUCs are compared which belong to di↵erent samples, the test de-

scribed above for AUC comparison narrows down to the following form (see e.g. Krzanowski

and Hand, 2009):

X

2 =
([AUC1 � [

AUC1)2

S

2
1 + S

2
2

The terms have the same meaning as in the test equation above.

Graphical analysis of the ROC curves

As noted by Stein (2007), two AUC can be identical in value, while the classification di↵er-

ence of the underlying model di↵ers. This could be the case if the two ROC curves, when

analysed in the same plot, cross each other at a certain point. Similarly, Krzanowski and

Hand (2009) argue that one cannot solely rely on summary measures such as the AUC or

the Youden index. The intuition behind this is quite straightforward. While an AUC of,

for example, 0.85 indicates an excellent discrimination – to put it in the words of Hosmer,
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Lemeshow and Sturdivant (2013, p. 177) –, it does not tell the whole story about the

actual combinations of sensitivity and specificity a model user is dealing with. Hence, to

complement the numerical analysis of accuracy, a graphical assessment is performed. As

noted by Grzybowski and Younger (1997), a graphical inspection of the ROC curve allows

to evaluate the trade-o↵ between sensitivity and specificity that a model user is faced with.

From such visual perspective, a ROC curve closer to the left and top border of the box rep-

resents a higher model accuracy, as is intuitive given the corresponding AUC measure (see

for example Greiner, Pfei↵er and Smith 2000). In terms of accuracy comparison, a sample

ROC curve lying above the one of another sample thus shows a higher average performance.

In combination, the numerical and graphical analysis allow an appropriate assessment of

the accuracy of the Z”-score model, together with the re-estimated version, when applied

to more recent samples of firms.

5.1.3 Model applicability testing approach

To test the hypothesis statements presented in section 4 regarding the applicability of the

Z”-score model, the models described in section 5.1.1 were applied to di↵erent subsamples

of the overall testing sample,11 and the achieved accuracy, gauged by the techniques and

measures described in section 5.1.2, is assessed. In addition, further tests are performed to

gain a more thorough understanding of the applicability of the Z”-score model. Since the

combination of models, subsamples and accuracy measures used create many di↵erent com-

binations, table 5.3 at the end of the subsection gives a helpful overview to guide the reader.

Hypothesis testing

In order to test the hypothesis regarding application time period and country (H1), the

whole testing sample of firms is considered, together with each subsample subsequently

described. By considering both the overall sample and each subsample, it can be observed

whether the model accuracy has actually decreased for all types of firms individually, as is

hypothesised. As accuracy measure, sensitivity and specificity at the Youden index, when

11The approach to arrive at the overall sample, from which the subsamples for the hypotheses testing are
derived, is described in section 5.2.
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the Z”-score model is applied to the present samples (and subsamples) of Italian firms, are

compared to the accuracies reported in the original study (Altman, 1983). Furthermore,

the graphical analysis of the ROC curves is used as a complementary measure.

To test the hypothesis connected to the industry dimension (H2), the overall sample is split

into two subsamples. One subsample contains only manufacturing firms (NACE rev. 2

sector C), while the other sample consists of the remaining, non-manufacturing, firms. Only

grouping firms into manufacturing and non-manufacturing firms was deemed reasonable,

given the nature of Altman’s (1983) claim of the industry-independent applicability of the

model. If industry e↵ects were present in the application of the model, they should be

visible even with this grouping. This point is reinforced by the study of Grice and Ingram

(2001), who test the 1968 version of the model (Altman, 1968) and use the same grouping

method.

As accuracy measure, the AUC is used together with the ROC curve analysis as primary

measures to test the hypothesis. More specifically, the AUC of the subsample consisting

of manufacturing firms is compared to the one consisting of non-manufacturing firms. The

Youden index is used as a complementary measure, serving the further discussions.

To test the hypothesis regarding firm size (H3), the total sample is divided into one part

consisting of firms with a balance of total assets smaller than EUR 1 million, and another

part comprising all firms with total assets amounting to EUR 1 million or above.12 As

mentioned in the introductory section, choosing EUR 1 million as the threshold to distin-

guish between large and small firms was a decision at the authors’ discretion, given the fact

that comparable studies are widely lacking to the best of the authors’ knowledge. Further,

there seems to be no generally accepted definition of what a small firm is in the academic

literature. Robinson and Pearce (1984), for example, give an extensive overview of di↵erent

small size definitions used in the field of strategic management. The chosen threshold can

be placed in the range of Keasey and Watson (1987) and Edminster (1972), two studies

focusing on the creation of small firm bankruptcy prediction models, after adjusting for

12For the sake of simplicity, firms with total assets equal to or above EUR 1 million are labelled large in the
remainder of this study, while firms with total assets smaller than EUR 1 million are labelled small.
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inflation. Despite lacking a thorough foundation, the choice of the threshold is considered

purposeful, as di↵erences in the applicability of the model should become apparent from

such a distinction, applying the same reasoning as for the industry categorisation.

As for the industry dimension, the AUC is used together with the ROC curve analysis

as primary accuracy measures to test the hypothesis. More specifically, the AUC of the

subsample consisting of large firms is compared to the one consisting of small firms. Again,

the Youden index is used as a complementary measure, serving the further discussions.

To test the hypothesis related to the accuracy of the re-estimated model (H4), a slightly

distinct approach was taken, given the nature of the hypothesis.13 To test potential changes

in accuracy after re-estimation of the model coe�cients, the AUC and ROC curve of each

subsample was compared to the same subsample when the original Z”-score model was

applied.14

Further tests of model applicability

To further enhance the knowledge about the applicability of the Z”-score model, additional

analyses are performed. In a first part, the two dimensions of industry and size are com-

bined, as there might be e↵ects of one characteristic which are distinct depending on the

other characteristic. For example, the size e↵ect on accuracy could be di↵erent for man-

ufacturing and non-manufacturing firms respectively. Hence, by splitting the data along

both dimensions, four more subsamples were created and analysed by means of AUC, ROC

curve comparison and Youden index.15

A supplementary test was also performed for the re-estimated model. The model was re-

estimated on a subsample of only large manufacturing firms to analyse whether the model

will become more accurate if the characteristics of the firms in the estimation sample are

more alike. Again, the AUC and ROC curves were used to compare the newly re-estimated

13Here, distinct relates to the direction of comparison, not the measures used.
14For example, the AUC of the overall sample achieved by the original model was compared to the AUC of
the overall sample achieved by the re-estimated model and so forth.

15The four samples are: large manufacturing firms, small manufacturing firms, large non-manufacturing
firms, small non-manufacturing firms.
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model’s accuracy to the original Z”-score, as well as to the re-estimated model based on

the overall sample.

To give the reader a lucid summary of the approach, table 5.3 contains an overview of all

subsamples, benchmarks and models used to test each hypothesis.

Table 5.3: Samples of firms, models and accuracy measures used to test the hypotheses
covered in this study. Additional accuracy measures in italic. + Re-estimation is based on
overall sample. ++ Re-estimation is based on sample of only large manufacturing firms.
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5.2 Data and sampling

This subsection explains the data used in the present study, both in terms of firms used

and financial data used. The financial data comes from the ORBIS database of Bureau van

Dijck.16 ORBIS contains data on more than 280 million, mainly private, firms worldwide,

among which there are approximately 5.6 million Italian firms.17 However, financial state-

ments and other administrative data are not available for all of the firms. ORBIS provides

a search function, which allows the user to narrow down the firms of interest and extract

data for those.

5.2.1 Firms eligible for inclusion in the sample

The following subsections present the various criteria used to filter the firms for the final

samples (training and testing sample).

Country and time period

The present study is restricted to Italian firms with available accounts between 2011 and

2015. Italy is the fourth biggest economy in Europe after Germany, France and the UK in

terms of GDP and home to more than four millions active firms in 2015 (Eurostat, 2018).

At the same time, the number of bankruptcies is very high in comparison to the other big

economies and the bankruptcy proceedings tend to be lengthy and costly (Creditreform,

2016; OECD, 2017), making bankruptcy prediction a highly relevant topic in Italy. The

time period from 2011 to 2015 was chosen to ensure the topicality of the data. Among other

things, it is tested here whether influences such as changes in technology and competition

have had an influence on the accuracy of the Z”-score model. Consequently, using data

from a recent time period makes sense as the results can be discussed in the context of the

current situation.

16www.bvdinfo.com/orbis
17As per 23 April 2018.
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Definition of bankruptcy

ORBIS categorises firms in di↵erent classes according to their legal status. From the list

of possible status, only firms with status Active were sampled as non-bankrupt firms. This

procedure was applied to ensure that there is no ambiguity about the non-bankrupt firms’ fi-

nancial health. On the other side, firms with the status Bankrupt or Dissolved (bankruptcy)

were filtered to collect the sample of bankrupt firms. Both status relate to firms that are

unable to cover their liabilities, the di↵erence between them being that firms with the sta-

tus Bankrupt might still be in the process of bankruptcy, hence have not yet been o�cially

dissolved. Appendix B presents the detailed definitions of the status used according to

ORBIS. Other status of inactive and dissolved companies were not considered, in order to

ensure a clear-cut distinction and comparability with Altman’s (1983) sample firms. His

model was built on data of only bankrupt firms and did not consider di↵erent types of

financial distress. Hence, the reader is advised that the results of the analysis might not

be generally applicable to the discrimination of firms su↵ering from other types of financial

distress.

Industry sectors considered

To di↵erentiate firms in regard to their industry, we applied the NACE rev. 2 industry

classification framework of the European Commission (Eurostat, 2008). The NACE frame-

work classifies economic activities in a hierarchical order, each level representing a di↵erent

degree of activity aggregation. Table 5.4 gives an overview of the di↵erent levels and the

focus of the grouping criteria.

Table 5.4: Main delineation characteristics for the di↵erent hierarchical levels of the
NACE rev.2 classification framework. Own illustration based on Eurostat (2008, p. 21).



53

The present study uses the section level for di↵erentiating between manufacturing and non-

manufacturing firms, following an approach similar to Grice and Ingram (2001) who also

apply an aggregated distinction between manufacturing and non-manufacturing firms. This

choice of categorisation constitutes a limitation of this study, as a more compartmentalised

categorisation of the industries would have allowed to study industry e↵ects in greater

detail. Hence, future research could take this limitation up and study industry e↵ects in a

more sophisticated way.

On the other hand, in order to have as vast a sample as possible to test our hypotheses,

the sample firms were not limited to certain industry sections, with the exception of the

financial and insurance section (K), which was excluded.18 Financial firms are characterised

by capital structures that significantly di↵er from non-financial firms (Gilbert, Menon and

Schwarts, 1990). Thus, including them could create distorted results. Excluding the fi-

nancial sector is a widely used practice in bankruptcy prediction studies (see e.g. Ohlson,

1980; Hol, 2007; Das, Hanouna and Sarin, 2009; Bauer and Agarwal, 2014). More im-

portantly, Altman’s (1983) model was not built for application to firms from the financial

sector, rendering the meaning and value of including such firms debatable (Altman et al.,

2017).19 Further, the reader is advised that firms from sections O (public administration

and defence), T (Activities of households as employers; undi↵erentiated goods - and ser-

vices - producing activities of households for own use) and U (Activities of extraterritorial

organisations and bodies) are only very sparsely represented in the data sample. This is due

to the fact that ORBIS only contains a very limited number of these firms with financial

data available.

Type of entity and legal form

As mentioned above, firms from the financial sector were excluded from this study due to

their specific capital structures. In a similar fashion, all firms from the other sectors whose

type in ORBIS was either labelled financial, mutual/pension fund, or foundation/research

institute were also excluded. The first two were dropped for the same reason as the whole

18See Appendix A for an overview of the main sectors of the NACE framework.
19For studies that include financial firms, or even are solely directed at the investigation of financial firms,
interested readers are referred to e.g. Meyer and Pifer (1970), Sinkey (1975) or Beaver et al., (2016).
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financial sector, namely the extremely di↵erent capital structure. The foundation/research

institute type was dropped due to the not-for-profit nature of such firms. In total, these

steps only led to the exclusion of a few dozens of firms, as their prevalence in ORBIS was

very low. Further, all listed firms were excluded, as there were almost no listed firms in the

ORBIS database. The decision to exclude the few listed firms was taken, as any results of

this study related to listed firms would not be representative. Consequently, caution is in

place when interpreting the results with regard to listed firms, given their non-existence in

the present sample. As far as the legal form is concerned, only firms with limited liability

were considered. The rationale behind this lies in the fact that unlimited firms are not

required to have their accounts audited (Nordea, 2018b). Hence, by only including firms

with limited liability, a higher reliability of the financial data is expected to be achieved.

Availability of accounts

ORBIS provides financial data for maximum nine years prior to the year of the last available

accounts, in total o↵ering a maximum of 10 years of data. For the bankrupt group, all firms

with available accounts in the period from 2011 to 2015 were eligible for selection. For non-

bankrupt (active) firms, the eligibility for selection was limited to the firms with the last

available accounts in 2016 or 2017. It has to be noted that the vast majority of firms had

the year of the last available accounts being 2016, with only a few firms already having

their last available year being 2017, as the deadline for submitting the financial statements

in Italy is end of May (Piazza and Dionigi, 2013). Active firms with their last available

accounts prior to 2016 were not considered, as there is doubt as to whether these firms are

in fact still active.20 At the same time, these firms were neither considered for the bankrupt

group, as it was not possible to investigate the fate of these firms further and thus no clear

categorisation in either group was possible. Given the already substantial data set, this

point is not considered to pose any harm to the analysis and reported results.

A further restriction was set in connection to the availability of financial data. Only firms

with available financial data to calculate the four ratios from the Z”-score model were

20In fact, a cross-check of a specimen of these firms revealed that some of the firms had the addition ”in

liquidazione” to their name, which means in liquidation. Hence, the going concern assumption for these
firms is highly questionable.
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considered. Hence, all firms with a missing value for any of the required financial figures

were not further considered, as the Z”-score could not be calculated for these firms. This

approach naturally brings some bias into the sampling, as is for example mentioned by

Zmijewski (1984). As Balcaen and Ooghe (2006) note, this kind of bias is common within

the field of bankruptcy prediction, mostly even inevitable given the common practice of

using financial ratios in the models.

5.2.2 Sampling approach

Section 5.2.1 presented the filtering applied in order to arrive at the pool of bankrupt and

non-bankrupt firms eligible for inclusion in the samples used in this study. Departing from

this pool, the following sampling procedure was adopted for bankrupt and non-bankrupt

firms respectively. First, all bankrupt firms that met all the requirements outlined above

were included in the final sample to ensure as comprehensive a sample as possible. This

approach of sampling on the less frequent outcome is conventionally used in the field of

bankruptcy prediction and in other rare event studies (see e.g. Zeng and King, 2001;

Balcaen and Ooghe, 2006). Given a selected sample of bankrupt firms, many bankruptcy

studies then sample a number of non-bankrupt firms in a way to match the number of

bankrupt and non-bankrupt firms and often, the non-bankrupt firms are chosen based on

certain criteria such as size or industry (see e.g. Altman, 1968; Ta✏er, 1983; Brdart, 2014).

However, such a matched-sample approach represents an over-sampling of bankrupt firms,

which can lead to an upward-biased ex-post model accuracy rate (Balcaen and Ooghe,

2006).

Hence, for the active firms, we applied an approach aimed at creating a sample that reflects

a better picture of the population of firms. This was achieved by taking a random sample

of all eligible active firms, so that the proportions of bankrupt and non-bankrupt firms had

a level of 1:14. While this does still not reflect the true bankruptcy rates over the sample

period, it is still argued to serve the present study, keeping in mind the practicability and

purpose of this analysis. Further, as far as the re-estimation of the model is concerned,

Zeng and King (2001) have shown that sample proportions which are close to the true

proportions do not result in significant estimation bias, provided the sample has a su�cient
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size. Given the large sample size, the authors thus conclude that using a general death rate

will not yield significantly biased results and can be used for the purpose of this study.

5.2.3 Financial data

With the final sample drawn, focus was put on the handling of the financial data for each

firm. As was mentioned above, firms without any values for the necessary financial figures

were not eligible for entry into the data sample. In addition to the general availability of the

financial data, the reliability of the data in the sample drawn is another important aspect.

Therefore, in a first step, all firms with a value for total assets less than or equal to zero were

excluded. This was done, as to ensure that the firms were at least minimally existent at the

time of the accounts, similar to the methodology applied by Hol (2007).21 In a next step,

a check of the completeness of the accounts was performed by testing whether the balance

of total assets is equal to the sum of equity and total liabilities. For firms where this was

not the case, the magnitude of the deviation relative to the firm’s total assets was assessed.

Ultimately, all firms with a deviation of more than 1% of total assets were dropped from

the sample. All in all, only a minor fraction of firms was dropped from the sample during

above steps. After performing the screening of the data, the ratios of the Z”-score were

calculated. As all four variables are monotonous and clearly interpretable (the smaller the

worse), no preprocessing of the ratios was necessary, as could for example be in a case where

both numerator and denominator are negative. As all firms with total assets less than or

equal to zero were dropped, and simultaneously no firms with negative total liabilities were

found in the sample, this case did not apply. In order to reduce the impact that outliers

might have on the re-estimation of the model, which is especially important when using

logistic regression, all four ratios were winsorized at the first and 99th percentile, following

common practice in bankruptcy prediction studies (see e.g. Wu, Gaunt and Gray, 2010;

Tian, Yu and Guo, 2015). This means that all ratio values below the first percentile were

replaced with the value at the first percentile. In the same fashion, all ratio values above

the 99th percentile were replaced with the value at the 99th percentile.

21The authors are aware that firms with total assets of a couple of thousand Euros might also hardly be
active. However, the list of firms eligible for entry into the final data set did not include many firms with
total assets below EUR 10.000. Further, given the relative nature of a ratio and the winsorizing of extreme
values, such approach was not deemed to create any numerical issues.
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This section presents the empirical results from the analysis performed. Section 6.1 covers

the descriptive results, section 6.2 reports the results from the application of Altman’s

(1983) Z”-score model with the original coe�cients to the di↵erent samples, and section

6.3 presents the results of applying the model with the re-estimated coe�cients to the

respective samples. The findings presented here serve as basis for section 7, where they will

be discussed in the context of the hypothesis statements and analysis context.

6.1 Descriptive results

Following the procedure described in the methodology section, the sample of bankrupt and

non-bankrupt firms was drawn from ORBIS and then split into training and validation

part. The latter was further split into the subsamples needed to conduct the analysis.

Table 6.1 presents the number of bankrupt and non-bankrupt firms for each of the nine

samples, along with the resulting proportions of bankrupt firms.

As can be seen from table 6.1, the proportions of bankrupt firms all lie within a range from

5.67% to 9.50%. As some of the firms were removed during the sample building procedure,

the proportion of the overall sample is slightly deviating from the 1:14 proportion applied.

As is apparent from the table, the proportion of bankrupt firms is slightly lower for the

manufacturing sample (3), as compared to the non-manufacturing sample (4). Compar-

ing the proportions for sample 5 and sample 6, one can see that the the proportion of

bankrupt firms for the large firm sample (5) lies above the one for small firms (sample

57
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Table 6.1: Total number of firms, number of bankrupt firms, number of non-bankrupt
firms, and proportions of bankrupt firms for each subsample. 2 All = overall sample;
3 All M = all manufacturing firms; 4 All NM = all non-manufacturing firms; 5 LARGE =
all large firms; 6 SMALL = all small firms; 7 LARGE M = large manufacturing firms;
8 SMALL M = small manufacturing firms; 9 LARGE NM = large non-manufacturing

firms; 10 SMALL NM = small non-manufacturing firms.

6). It can be further observed that the proportions within the manufacturing sample (3)

seem more homogeneous than within the non-manufacturing sample (4), as becomes ap-

parent by comparing the rates of sample 7 and 8 to the ones of sample 9 and 10. The

proportions of sample 7 and 8, di↵ering by 0.65 percentage points, lie much closer together

in contrast to the ones of sample 9 and 10, which vary by as much as 3.16 percentage points.

In a similar structure as table 6.1, table 6.2 presents the descriptive statistics for all sam-

ples, displaying the four variables of the Z”-score model, as well as the firm-years for each

sample. The ratio means of Altman’s (1983) sample were also added for comparison. How-

ever, the standard deviations were not added, as they are not reported in Altman’s studies.

The following points become apparent from table 6.2: First, for all samples, the group of

bankrupt companies is characterised by lower values for all ratios. While the di↵erence

between the two groups is largest for the Equity/TL ratio, the same ratio also experiences

the largest standard deviations in most samples, especially in the non-bankrupt groups.

At the same time, EBIT/TA displays the smallest di↵erences, while also having the lowest

ratio standard deviations across all samples. Of the remaining two ratios, RE/TA consis-

tently exhibits a larger discrepancy in the means between bankrupt and non-bankrupt than
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Table 6.2: Descriptive statistics for all samples grouped by bankrupt and non-bankrupt
firms and firms years. Standard deviations in italic. WC/TA = working capital to total
assets ratio; RE/TA = retained earnings to total assets ratio; EBIT/TA = earnings before
interest and taxes to total assets ratio; EQUITY/TL = total equity to total liabilities ratio.

WC/TA, while at the same time showing a higher standard deviation in the majority of

cases. The second point that becomes apparent is that the means as well as the di↵erences

between the means for the four ratios have changed compared to Altman’s (1983) sample.

However, these di↵erences are not consistent across all ratios and samples. For the WC/TA

ratio, the di↵erence in means is largely in the range of Altman’s (1983) sample. Yet, the

level of the mean seems to have experienced a downward shift, leaving both bankrupt and

non-bankrupt groups with a lower ratio mean. The RE/TA ratio, on the other hand, dis-

plays a di↵erent behaviour. For all samples, the non-bankrupt group exhibits a lower ratio

mean as compared to Altman’s (1983) sample. At the same time, the ratio mean for the
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bankrupt group has increased for all but the small firm samples. EBIT/TA shows consistent

results over all samples, namely that the mean for the bankrupt group rose, while the mean

for the non-bankrupt group dropped. Consistency is also present in the mean behaviour of

the EQUITY/TL ratio as opposed to Altman’s (1983) sample. For all samples, both the

bankrupt and non-bankrupt group are characterised by a lower mean.

A next point to mention is that the mean di↵erences of the ratios are larger for manufactur-

ing firms than for non-manufacturing firms, with the exception of the EQUITY/TL ratio,

which is larger for the non-manufacturing group. This holds true for all corresponding

samples of manufacturing and non-manufacturing firms, i.e., sample 3 and 4, sample 7 and

9, and sample 8 and 10. Also, the standard deviations of the ratios only show very nuanced

di↵erences between the aforementioned samples, again with the exception of the last ratio,

for which the di↵erences in standard deviations are quite notable, meaning that the non-

manufacturing samples show higher standard deviations. A further observation is that the

di↵erences in ratio means are almost uniformly larger for the samples of small firms than

the samples of large firms. The only exception to this pattern is the mean di↵erence of the

EQUITY/TL ratio for samples 9 and 10. However, in contrast to the industry dimension

in the previous point, there are now more clear-cut di↵erences between the standard devia-

tions of the ratios. Apart from one case, the standard deviations are consistently higher for

the small firms, suggesting that the ratios are more dispersed than for the large firm samples.

Conclusively, the following points can be condensed: First, the proportions of bankrupt

firms for the manufacturing and small firm samples lie below the rates for non-manufacturing

and large firms, respectively. Second, the groups of bankrupt firms consistently exhibit

lower ratio means than the groups of non-bankrupt firms for each sample. Third, the

EBIT/TA ratio experiences the lowest mean di↵erence, while the EQUITY/TL ratio has

the highest, leaving RE/TA and WC/TA in the middle. Fourth, the ratio means have

changed as compared to the Altman (1983) sample. While WC/TA and EQUITY/TL

show a downward shift of the means for both the non-bankrupt and bankrupt groups,

the RE/TA and EBIT/TA ratio means between the two groups have mostly moved closer
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together. Lastly, the di↵erence in ratio means seems to be more marked among the manu-

facturing and small firm samples, while at the same time the small firm samples arguably

demonstrate more dispersed ratio values across the observations.

6.2 Results for the original model

Following the sampling, Altman’s (1983) Z”-score model with the original coe�cients was

applied to the di↵erent samples in order to evaluate how well it discriminates between

bankrupt and non-bankrupt firms from another time period, another country and from

other groups of firms, i.e., along the industry and size dimension.22 Table 6.3 reports the

di↵erent accuracy measures of the model for each of the nine samples from the 2011 to 2015

period, along with the accuracies reported by Altman (1983) for the original sample. Both

the sensitivity and specificity shown in the table are calculated using the Youden index,

as was presented in the methodology (section 5). Additionally, the area under the curve

(AUC) is included for each of the current samples.23 An initial look at the table reveals

that the sensitivity and specificity of the model, when applied to classify firms from 2011

to 2015, has generally dropped compared to the values reported in Altman (1983). While

Altman (1983) achieved a sensitivity of 90.9%, the sensitivities when applied to the present

sample range from as low as 61.8% for sample 9 (large non-manufacturing firms) to 78.1%

for sample 7 (large manufacturing firms). In contrast to the sensitivity, the specificity

at the Youden index has generally not plummeted to the same extent as the specificity.

Yet, with a range between 72.5% for sample 10 (small non-manufacturing firms) and 86%

for sample 8 (small manufacturing), the values fall short of Altman’s (1983) level of 97%.

Looking at the values of the test statistics, the results suggest that there are di↵erences in

the significance of the changes.

22The reader is reminded that Altman (1983) only had manufacturing firms in his sample, which had a
balance of total assets exceeding USD 1 million.

23As can be recalled from the methodology section, it was not possible to calculate the AUC for Altman’s
(1983) sample, as the necessary information to do so was lacking.



62

Table 6.3: Area under the curve (AUC), sensitivity, specificity of Altman’s (1983) Z”-
score model applied to each di↵erent sample and originally reported measure values (ex-
cluding AUC). (a) Chi-square test of equal proportions to test hypothesis of equal sensitiv-
ity and specificity between samples and originally reported values. *** - Null-hypothesis
of same proportions is rejected at the 1% alpha level; ** - 5% alpha level; * - 10% alpha
level. + Chi square test of equal AUC between sample 3 and 4 (significant at the 1% alpha
level). ++ Chi square test of equal AUC between sample 5 and 6 (significant at the 1%

alpha level).

The overall sample, both the sample of large and small firms, as well as all non-manufacturing

samples experience a plunge in sensitivity and specificity that is significant at least at the

5% alpha level. On the other hand, all manufacturing subsamples demonstrate a decrease

of the measures in such a way that one of the measures is only significantly lower at the
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10% alpha level, while the other is at the 5% alpha level. In other words, the ability of

Altman’s Z”-score model to correctly classify firms has not as significantly decreased for

the manufacturing firms, as it has for the other samples.

Acknowledging that sensitivity and specificity have dropped as compared to Altman’s

(1983) results – yet with di↵erent levels of significance –, the study now takes a closer

look at the di↵erences between the current samples.

First, comparing the manufacturing to the non-manufacturing sample, it can be noted that

the sensitivity, as well as the specificity for sample 3 are both higher than for sample 4

at the cut-o↵ of the Youden index. On a more general level, this initial viewpoint is fur-

ther supported by the AUC, which is significantly higher for the manufacturing sample, as

evaluated by the Chi square test of equal AUC. While sample 4 of the non-manufacturing

firms achieves an AUC of 0.7803, sample 3 of the manufacturing firms outperforms this

benchmark by a di↵erence almost as big as 0.09, resulting in an AUC of 0.8697. To put

it in the words of Hosmer, Lemeshow, Sturdivant (2013), the original model classifies ex-

cellently the manufacturing firms into bankrupt and non-bankrupt, while only acceptably

the non-manufacturing firms (p. 177). Finally, this conclusion can also be drawn from

the graphical analysis of the ROC curves. Figure 6.1 shows the comparison of the ROC

curves between sample 3 and 4. As can be seen from the figure, the ROC curve of the

manufacturing sample clearly dominates the one of the non-manufacturing sample across

the whole relevant range.24

Comparing the sample of large firms (5) to the sample of small firms (6), a somewhat

di↵erent result than before can be observed. While the sensitivity at the Youden cut-o↵ is

higher for sample 5, the specificity is higher for sample 6. Focusing on the more general

AUC measure, a much smaller, yet statistically significant, di↵erence between sample 5 and

6 is found, as compared to samples 3 and 4. Figure 6.2 reveals that the ROC curves of

24While it is invisible to the naked eye whether the ROC curve of sample 3 dominates the curve of sample
4 even in the edge areas, it can be argued that such discussion is irrelevant to this study, as it is highly
questionable if anybody would be interested in a model with sensitivity and specificity so extremely apart,
like for example a sensitivity of hardly 20% and a specificity of nearly 100% (lower left-hand corner of the
graph), or a sensitivity of almost 100% and a specificity of only close to 10% (upper right-hand corner of
the graph).
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Figure 6.1: Comparison of AUC between sample 3 and 4. M = manufacturing (sample
3); NM = non-manufacturing (sample 4).

the two samples lie much closer together than the curves in figure 6.1. Yet, despite the

smaller variation in AUC, the ROC curve of sample 6 outperforms the curve of sample 5 in

the relevant range, suggesting constantly higher sensitivity for any given specificity value

irrespective of the chosen cut-o↵ point.
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Figure 6.2: Comparison of AUC between sample 5 and 6. L = large (sample 5); S =
small (sample 6).

Moving into the two-dimensional space (size and industry), the following results emerge.

First, comparing the large to the small manufacturing firms (sample 7 and 8), a similar

pattern as for sample 5 and 6 presents itself: The sensitivity of the small firm sample is

lower, while the specificity is higher at the Youden index cut-o↵. Meanwhile, the AUC

for the two samples is almost identical, only slightly favouring the large firm sample. This

finding is further supported by inspecting the ROC curves in Appendix C. The ROC curves

of the two samples are almost overlapping. Taking a closer look, one can see that the ROC

curve of the large manufacturing sample falls short of the small manufacturing ROC curve

until a sensitivity of roughly 75%. At this point, the two curves cross, and thereafter the

ROC curve of the large manufacturing sample lies atop.

Evaluating sample 9 and 10 of small and large non-manufacturing firms, a slightly di↵er-

ent picture than for the size comparisons before reveals itself, yet the overall conclusion

stays the same. The sample of small non-manufacturers clearly outperforms the large

non-manufacturers in terms of sensitivity at the Youden cut-o↵. On the other hand, the
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specificity is higher for the large firm sample. The two samples are further characterised

by a notable di↵erence in AUC. With a value of 0.755, the large non-manufacturing sample

demonstrates the lowest AUC across all samples. This mark is significantly exceeded by

the small non-manufacturing sample, reaching a value of 0.806. The ROC curve plot in

Appendix C graphically illustrates that the ROC curve of sample 10 clearly lies above the

curve of sample 9 in the critical section.

The comparison of the samples across the two industry sector categories grouped by equal

size category yields uniform results for each of the size levels. For both the small and large

firm group, the manufacturing subsamples (7 and 8) surpass the non-manufacturing sub-

samples (9 and 10). This holds true for all three numerical measures, i.e., sensitivity and

specificity at the Youden cut-o↵ value, as well as AUC. In addition, the plots in Appendix

C highlight that the ROC curves of the manufacturing samples are dominating the ones of

the non-manufacturing samples for each size class respectively.

To summarise the findings, the Z”-score is displaying a drop in correctly classifying bankrupt

and non-bankrupt firms at the Youden cut-o↵ point, as measured by both sensitivity and

specificity. Yet, the test statistics reveal that the drop is less significant for the manufactur-

ing samples. Looking only at the present samples, it can be noted that the model is better

at classifying manufacturing firms than non-manufacturing firms, as is supported by higher

Youden index sensitivity, Youden index specificity and AUC, as well as dominating ROC

curves for all comparisons (3 to 4; 7 to 9; 8 to 10). Focusing on the size dimension, a mixed

picture emerges regarding the Youden sensitivity and specificity, as well as the AUC. While

the di↵erence in AUC is significant when taking into account all firms (sample 5 and 6), it

only shows significant for the non-manufacturing group when keeping constant the sector

category (sample 9 and 10). The same results can be drawn from the ROC curve analysis,

showing that the small firm sample curves excel the large firm sample curves for the overall

and non-manufacturing samples (5 to 6; 9 to 10), but not for the manufacturing samples

(7 to 8). Finally, the best classification in terms of AUC is achieved for the sample of large

manufacturing firms, while the worst accuracy is found in the large non-manufacturing

sample.
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6.3 Classification accuracy of the re-estimated model

In a next step, the coe�cients of the four model variables were re-estimated using logistic

regression to juxtapose in opposition the classification accuracies after fitting the model to

the samples of Italian firms. The first re-estimation was performed using the overall sample

for training the model, the second was re-estimated on a sample of only large manufactur-

ing firms. Hence, the second re-estimation represents a di↵erent level of aggregation and

prevalent influences, as industry and size class are held constant. Table 6.4 presents the

re-estimated coe�cients for the two re-estimated models, alongside the coe�cients for the

original Z”-score model.

Table 6.4: Re-estimated model coe�cients and their standard errors. + re-estimated
model trained on the overall sample of firms; ++ re-estimated model trained on the sample

of large manufacturing firms. *** 1% significance level of the coe�cient estimates.

All coe�cients of the re-estimations carry the expected negative sign, meaning that a higher

ratio decreases the probability of the event of bankruptcy.25 Further, they all are significant

at the 1% alpha level. Across the two re-estimations, it can be observed that the EBIT/TA

ratio has the strongest spot e↵ect among the four variables, meaning that the log-odds

experiences the largest change per one unit change in the ratio value, while holding the

25As opposed to this, in his study, Altman (1983) coded the event of bankruptcy as 1, while non-bankruptcy
was coded as 2. Consequently, he received positive coe�cients for all ratios, as a higher score meant that a
firm is less likely to go bankrupt. In this study, the event of bankruptcy is coded 1, while non-bankruptcy
is coded 0. Hence, the signs of the coe�cients changed.
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other three ratios constant. This consistently highest coe�cient is followed in size by the

WC/TA coe�cient for the first re-estimation, and the RE/TA coe�cient for the second

re-estimation. For both re-estimated models, EQUITY/TL shows the lowest spot e↵ect.

After re-estimating the models, their performance accuracy was tested on the samples. The

re-estimated models were compared to the original Altman (1983) Z”-score and each other

while holding each sample in the comparison constant. Table 6.5 reports the numerical

results of this analysis. As the primary measures of accuracy, the AUC and ROC curves

were used here to compare the models.

Table 6.5: Accuracies of the re-estimated models for each individual sample as measured
by AUC. + re-estimation of the Z”-score model based on the overall sample; ++ re-
estimation of the Z”-score model based on large manufacturing firms. (a) Chi square test
of equal AUC (DeLong, DeLong and Clarke-Pearson (1988) method) with the benchmark
being the same sample AUC of the original Z”-score. (b) Chi square test of equal AUC
(DeLong, DeLong and Clarke-Pearson (1988) method) with the benchmark being the same

sample AUC of the first re-estimation. *** 1% significance level of the test statistic.
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Starting out by comparing model 1 with the original coe�cients estimated by Altman

(1983) to model 2 with the coe�cients re-estimated using the whole sample, the following

observations can be made: First, applying the re-estimated model to the data yields a

higher accuracy as measured by AUC for all nine samples as opposed to Altman’s (1983)

model. The Chi-square tests of equal AUC, following the method by DeLong, DeLong

and Clarke-Pearson (1988), further suggest that all di↵erences in AUC are statistically

significant at the 1% alpha level. Hence, from a solely numerical perspective, the analysis

indicates a higher classification performance after re-estimating the variable coe�cients.

Second, looking at the magnitude of change in AUC for each sample, one can spot that

the AUC across all meaningful comparisons,26 the value of AUC has changed more for

non-manufacturing and large firms, respectively, than for manufacturing and small firms.

These two initial findings are further supported by a graphical assessment of the ROC

curves resulting from the original Altman (1983) model and the re-estimated model 2.27

For all nine samples, the ROC curve of model 2 are lying above the ROC curve of model

1, at least within the interesting realm of the curve. Third, looking at the size of AUC,

for all samples but sample 9 (large non-manufacturing), model 2 demonstrates excellent

classification performance, again using the benchmark suggested by Hosmer, Lemeshow

and Sturdivant (2013, p. 177).

Looking at the re-estimated model which was trained on a sample of only large manufac-

turing firms, the subsequent points stand out: Comparing it to the two other models, it

consistently surpasses the latter in terms of AUC. Reaching a value of 0.8999, it nearly

reaches the 0.9 threshold, which Hosmer, Lemeshow and Sturdivant (2013) define as out-

standing discrimination (p. 177). A notable increase in AUC of 0.024 can be seen between

the original Z”-score and the re-estimated model based on large manufacturing firms. Com-

paring the first and second re-estimation, the increase isn’t that sizable anymore, displaying

an increase of 0.0078.

26The comparisons are sample 3 to 4; sample 5 to 6; sample 7 to 8; sample 9 to 10; sample 7 to 9; sample 8
to 10.

27Appendix C contains all plots comparing the ROC curves resulting from applying the di↵erent models to
each sample.
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To summarise, above results suggest that re-estimation in general yields higher model

accuracy as measured by AUC. At the same time, the observations indicate that the gain

from re-estimation tends to be bigger for large firms and firms from the non-manufacturing

sectors. Further, re-estimation on a sample of more alike firms (holding the size and sector

category constant), seems to yield even higher accuracy. Finally, and not less importantly,

the accuracy levels in general are remarkably high.



Discussion

In section 6, the empirical results of the analysis were presented. In this section, these

results will be interpreted in order to verify the stated hypotheses. Furthermore, it will be

discussed how the empirical results can be explained in the light of the existing previous

literature together with any new understandings or insights (section 7.1). Moreover, the

question as to whether the Altman (1983) Z”-score model is still applicable is elaborated

on (section 7.2). Finally, some implications of the findings for di↵erent model users and

other potentially interested parties will be discussed and recommendations will be presented

(section 7.3).

7.1 Accuracy of the Z”-score model for Italian firms

7.1.1 Model with original coe�cients

Hypothesis 1

Hypothesis 1 stated that the accuracy of the Altman (1983) Z”-Score, when applied to

Italian firms in the 2011 to 2015 period, irrespective of industry and size, will be lower

than the accuracy reported in the 1983 study. The empirical evidence in table 6.3 sup-

ports that. When using the Youden index, there is significantly lower accuracy for both

the sensitivity and specificity of all subsamples as compared to the levels achieved in Alt-

man (1983).28 Yet, the di↵erences in the accuracy of the model applied to some of the

28Given the concave shape of the ROC curve, one cannot increase the accuracy of the model in one direction
(either sensitivity or specificity), without lowering the other. Hence, a possible question as to whether the
results only show a lower accuracy due to the choice of the measure can be negated.

71
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manufacturing subsamples are only significant at the 10% alpha level. Nevertheless, the

results indicate that the model performs less accurately and hence hypothesis 1 can be ac-

cepted with respect to the model’s accuracy on Italian firms in the period from 2011 to 2015.

These findings provide further evidence for the sample specificity of bankruptcy prediction

models, and can be ranged in the same stream of results found by for example Begley,

Mings and Watts (1996), Grice and Ingram (2001) or Wu, Gaunt and Gray (2010). They

all found similar results in their tests of Altman’s (1968) Z-score model, pinpointing at the

fact that the model accuracy has dropped when applied to their samples, as juxtaposed to

Altman’s sample. The question that now poses itself is why these results are observed.

While obviously sector and size factors can impact the predictive accuracy of a model,

as is subsequently discussed, the fact that even the sample of large manufacturing firms

experienced a significant drop in accuracy suggests that the forces in play go beyond the

sample composition.29

From a statistical perspective, the lower accuracy can be explained by the fact that the

ratio distributions for bankrupt and non-bankrupt firms in the samples employed in the

present study have moved closer together as opposed to the 1946 to 1965 sample used

by Altman (1983). In fact, the descriptive statistics in table 6.2 revealed that the ratio

means of bankrupt and non-bankrupt groups are less distinct in the Italian samples when

compared to the ratios of the Altman (1983) sample. Ceteris paribus, closer ratio means

indicate that the distribution functions for the bankrupt and non-bankrupt firms overlap

more, creating a bigger area of misclassifications. This provides a first, yet incomplete,30

explanation why the lower accuracy is observed from a numerical perspective. A change in

classification accuracy between bankrupt and non-bankrupt firms can further origin from a

change in the relationship between the dependent and independent variables. This would

29The reader is reminded that Altman (1983) used a sample of large manufacturing firms to estimate his
Z”-score model on. Hence, an intuitive explanation for the drop in accuracy in the present study could
be that the sample employed also included firms other than large manufacturing. Consequently, these
particularities of the sample firms could be a simple explanation for the change in accuracy, tempting the
researcher to ignore any further e↵ects.

30As Altman (1983) did not report the standard deviations of his ratio distributions, it is not possible to
make a more certain assessment of the situation. If the sample he used, for example, was characterised by
very high ratio standard deviations in both the bankrupt and non-bankrupt groups, the verdict of saying
that closer ratio means explain a great part of the change in accuracy would be premature.
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mean that di↵erences in the ratios, even if they were substantial, might not tell a lot about

whether a firm goes bankrupt or not.

As was presented in the literature review section, there are several possible explanations

for these di↵erences in ratio distributions from a time and country perspective. Mensah

(1984), Wood and Piesse (1987) and Platt and Platt (1990), among others, all point out

that such changes possibly impact the accuracy of bankruptcy prediction models. Some

elaborations on these explanations are in place here.

Over the last decades, the world economy has seen essential changes due to for example

globalisation and technological advancements. In 1957, the European Community, fore-

runner of the European Union, was established in the Treaty of Rome. In the following

process of harmonisation and fostering trade, the common market of the member states

opened up to third countries by entering into trade agreements or other forms of economic

partnerships, such as custom unions. In the wake of these changes, competition has become

fiercer in many industries, as firms are now competing not only with other national play-

ers, but theoretically with the entire world. This also due to the fact that the continuous

technological progress facilitated cross-border trade and significantly lowered transaction

costs.

In relation to this, Porter (1996) noted that it has become more and more di�cult for firms

to gain competitive advantage over their competitors, which is at the origin of a firm’s

profitability.31 Similarly, Porter (2001) brought up that the rise of new technologies such

as the internet has forced profit margins down, as firms have moved their focus away from

characteristics such as quality or service and more towards price. Connecting this line of

thought to the case of the current study, one might hence observe that ratios such as the

EBIT/TA margin of firms have become less widely dispersed among firms, leading to a less

clear-cut distinction between bankrupt and non-bankrupt firms, as was also advocated by

Wood and Piesse (1987).

Moving away from the general change in the economic environment towards the actual

conditions prevalent during the time period studied (2011 to 2015) in Italy, further possible

31On a related note, researchers from the field of neo-institutionalism found that firms are becoming more
and more alike in the way they operate. Lai, Wong and Chen (2006), for example, present evidence from
supply chain management, while Granlund and Lukka (1998) find that management accounting practices
get more and more alike.
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explanations for the drop in predictive accuracy need elaboration. As noted in section

3, the five years analysed were marked by di�cult macroeconomic conditions in Italy as

a consequence of the global financial crisis and the European debt crisis, a↵ecting the

performance of the vast majority of firms. Household spending experienced negative growth

during most of the studied years and GDP growth was also not in a promising range. This

might be an additional factor that especially caused the ratio means of the non-bankrupt

firms to decrease and make them look more similar to the bankrupt firms.32 This similarity

in ratio patterns consequently dampens the predictive ability of the Z”-score model, as firms

look more alike from a pure ratio perspective. However, the fate of the firms might depend

on factors which are not incorporated in the Z”-score ratios of a firm. Mensah (1984)

and Benito, Javier and Martinez (2004) note that a firm’s level of capital is an important

factor in determining how much loss a firm can absorb. Similarly, Richardson, Kane and

Lobninger (1998) found that the answer to the question of whether a firm will go bankrupt

or not during a recessionary phase of the economic cycle can lie in the firm’s characteristics

prior to the recession. Their results suggest, for example, that firms which have decent

levels of cash and net income relative to total assets prior to the recession, will be less likely

to fail during a recession, despite subsequently showing low ratios. While higher levels of

cash and net income prior to a recession can imply higher ratios of WC/TA, RE/TA and

Equity/TL, subsequent lower profitability can mean high cash outflows (which lowers the

WC/TA ratio) and a low EBIT/TA ratio. As WC/TA and EBIT/TA are the two ratios

with the highest coe�cients in the Z”-score model, they hence can make a firm look like a

bankrupt firm, as the model puts less importance on a firm’s ability to absorb heavy losses

(as reflected in the RE/TA and Equity/TL ratios). A further point mentioned by Mensah

(1984) relates to the height of a firm’s accounts receivable, which may induce failure. A

firm with high levels of accounts receivable may show a high WC/TA ratio. However,

if this firm is not able to convert these receivables into cash holdings (as for example

the customers might face financial problems due to the recession themselves), it might be

driven into bankruptcy, while yet displaying a healthy ratio, potentially triggering a wrong

32The intuition behind this being that worse performing firms (which eventually go bankrupt) might already
show bad ratios before the crisis, meaning that the crisis does a↵ect these firms relatively less than the
better performing firms (which eventually do not go bankrupt).
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classification by the model. A further factor that could be related to the lower accuracy

found in the current sample, as brought forward by e.g. Mensah (1984) and Pompe and

Bilderbeek (2005), could be the relationship of firms with their creditors. Especially in times

of economic downturns, they argue, firms with healthy relationships with their creditors

might avert bankruptcy despite showing very adverse ratio patterns, as creditors could be

willing to grant less strict terms, thereby saving a firm from failure.33 As a consequence

of such favourable rules, aforementioned researchers argue that bankruptcy will be less

predictable, since such relationships are not reflected in financial ratios employed in the

model. Hence, this scenario is supportive of the results found, given the macroeconomic

background during the time period studied.

Other aspects of the country of application, in addition to the points mentioned above, can

be factors potentially influencing the predictive ability of a bankruptcy prediction model.

As emphasised by Ooghe and Balcaen (2007), Xu and Zhang (2009) and Karas and Reza-

kova (2014), country specificities such as legislation, accounting standards and regional

di↵erences are potential sources of influences on a model’s predictive ability. Especially the

last point is deemed important in the case of Italy. As was explained, Italy is characterised

by an extreme gap between North and South. Hence, following the arguments by Platt

and Platt (1990) or Wood and Piesse (1987), such changes in business conditions even

within the same country could be the reason for the decrease in accuracy that is experi-

enced. Moreover, the new bankruptcy legislation that came into force some years ago puts

an emphasis on the restructuring and preservation of firms (Fiorelli and Fruncillo, 2017).

This is another factor that could potentially influence the information content of financial

ratios and thus the accuracy of the Z”-score, as firms with unhealthy ratios might have an

increased chance of survival.

In summary, it is likely that the changes in accuracy observed are attributable to the gen-

eral change in the business environment, the conditions in the time period studies and

potentially further country-specific e↵ects that go beyond the aforementioned points.

33In this regard, Italy as a country has been found to be characterised by many and long-standing relation-
ships between businesses and their banks (Bottazzi et al., 2011; Altman, Falini and Danovi, 2013).
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Hypothesis 2

Hypothesis 2 proposes that the Z”-score model will yield a higher classification accuracy,

when applied to Italian manufacturing firms from 2011 to 2015, than when applied to non-

manufacturing firms from the same period and country. In order to test this hypothesis,

the di↵erence in AUC between the model applied to sample 3 and sample 4 is compared.

As apparent from table 6.3, the empirical results show that the AUC for the model applied

to the sample of manufacturing firms (0.8697) is significantly higher than the AUC for

the sample of non-manufacturing firms (0.7803), while the ROC curve for manufacturing

firms is also clearly dominating the ROC curve for non-manufacturing firms. This is also

reflected in a higher Youden index, with both sensitivity and specificity outperforming the

non-manufacturing sample. Consequently, hypothesis 2 can be accepted. As expected,

these findings suggest that the ratios selected in Altman’s (1983) Z”-Score seem to be

industry specific. In fact, the AUC of 0.8697 for the model applied to only manufacturing

firms is relatively high and would, according to Hosmer, Lemeshow and Sturdivant. (2013),

be classified as excellent discrimination. In addition, as mentioned before, the sensitivity

at the Youden index is in fact only significantly lower at the 10% alpha level from the

result reported in Altman (1983). Furthermore, the results of comparing the sample of

large (small) manufacturing firms to the sample of large (small) non-manufacturing firms

suggest that the industry sensitivity of the model is present irrespective of the firm size

class.

The descriptive statistics in table 6.2 are supportive of these results. While the ratio

means between bankrupt and non-bankrupt firms in the manufacturing subsamples are

further apart (with exception of the Equity/Total liability ratio),34 they are also – with a

few exceptions – less dispersed on average, suggesting more separated distributions among

bankrupt and non-bankrupt firms for the manufacturing subsamples in contrast to the non-

manufacturing subsamples. The discrepancy in accuracy found is in line with the empirical

evidence discovered by e.g. Grice and Ingram (2001).

As regards the information content of the financial ratio in the Z”-score model, the reason

for the lower accuracy on non-manufacturing firms would be that the ratios of the Z”-score

34While the mean di↵erence for the Equity/TL ratio is higher for the non-manufacturing subsamples, this
ratio is also the one with the lowest coe�cient.
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model do not explain bankruptcy among these firms as well as they do among manufac-

turing firms. This can be related to the fact that the model was developed on a sample

of manufacturing firms, which can explain, why the variables seem to reflect this type of

firm better than non-manufacturing firms. For example, as Lukason (2012) found for a

sample of Estonian firms, the assets of construction firms tend to decrease by only 2% on

average over the three years prior to bankruptcy, as opposed to other industries where the

decline is much more substantial (including manufacturing). A potential reason for this, he

argues, could be the fact that receivables write-o↵s are only done just before or even after

declared bankruptcy. Hence, if such patterns are also present in the samples of this study,

the usefulness of ratios that include measures such as working capital as well as total assets

could be compromised. Given the fact that the non-manufacturing subsamples contain a

high percentage of construction firms, a lower accuracy on these samples, as was found,

would be the logical consequence of such e↵ects.

In summary, less dispersed ratios among the manufacturing firms led to a higher accuracy

on these samples. It can further not be excluded that the information content of the ratios

is higher for the manufacturing firms, which would support the results as well, and indicate

sample specificity of the Z”-score model.

Hypothesis 3

According to hypothesis 3, it is expected that the accuracy of the Altman (1983) Z”-Score

is higher when applied to large Italian firms from 2011 to 2015 than to small Italian firms

from 2011 to 2015. The argument brought forward for this assumption was that small

firms are characterised by di↵erent financial characteristics, as shown by previous research

(see for example McLeay and Fieldsend, 1987; Holmes and Kent, 1991). Hence, the doubt

about whether the ratios of the Z”-score model, which was built on a sample of large firms,

are actually carrying information about a small firm’s risk of bankruptcy was raised. The

results obtained by the empirical analysis suggest that this doubt is misplaced. Comparing

the AUC of sample 5 and 6 revealed that there is not a significantly higher accuracy of the

Z”-Score when applied to large firms. In fact, the opposite can be experienced as the AUC

for large firms (0.7892) is found to be significantly lower than for small firms (0.8173) in
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the period from 2011 to 2015. In the whole relevant range of the ROC curve, the small

firm sample curve lies atop the large firm sample curve. Thus, the model actually seems to

be better at classifying small firms than large firms in the period studied. For that reason,

hypothesis 3 is rejected. Employing the descriptive statistics, one observes that the mean

di↵erence between the large and small firm subsamples are notably di↵erent. For all ratios,

apart from the Equity/TL ratio, the di↵erence in mean is much higher for the small firms,

indicating a clearer separation between bankrupt and non-bankrupt firms.

From a general point of view, these findings suggest that the ratios of the Z”-score model

and the corresponding coe�cients contain a lot of information on the demise of small firms.

Finding solid causes for this observation proved di�cult, due to lack of comparable studies.

A potential explanation for this phenomenon could lie in e↵ects elaborated above, namely

factors such as relationships with creditors or capital endowments. As discussed, these

e↵ects might not be reflected in the financial ratios and hence make failure less predictable.

Larger firms are expected to have larger capital endowments and usually have a larger cus-

tomer base than small firms (Amorim Varum and Rocha, 2012). As a consequence of such

factors, large firms might be better able to take responsive actions such as price decreases

to retain customers, as compared to their smaller counterparts. Hence, if smaller Italian

firms were not able to take such remediary actions during the time period studied, which

was characterised by di�cult economic conditions, their financial ratios might have given

a more complete and true picture of their financial health, as opposed to large firms, the

consequence thereof being that the model showed a higher accuracy on small firms. A sim-

ilar logic would apply in connection to the relationships with creditors, as was suggested

by Mensah (1984) or Pompe and Bilderbeek (2005). If small firms, due to their general

higher risk of failure (Geroski, 1995; Hannan and Freeman, 1984), are less likely to nego-

tiate favourable deals with creditors, this would further suggest that their financial ratios

are less a↵ected by such uncaptured factors.

The additional tests performed on the subsamples 7 to 10 showed a further interesting

pattern, namely that the accuracy on small firms only outperforms the one on large firms

for the non-manufacturing sectors. For the manufacturing subsamples (7 and 8), the large

firm sample displays a slightly higher AUC. Hence, the di↵erence of information content
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of the ratios on firm demise between the two size classes seems to be more distinct for

non-manufacturing firms than for manufacturing firms. Taking up the thoughts discussed

above, the explanation of this phenomenon could lie in the factors that are not reflected in

the financial ratios of a firm. As was mentioned, the general di↵erence in accuracy between

large and small firms could lie in their behaviour given the economic conditions and the

e↵ects thereof on the predictability of failure. Large firms might cut prices in response to

the economic downturn, which small firms might be less able to do, making their ratios

more reflective of the true situation. Carrying forward this argument to the two industry

sectors and the results observed, the competition patterns of firms could be a possible ex-

planation for the di↵erences in relative accuracy. As follows intuition, manufacturing firms

tend to export more goods than firms from the non-manufacturing sectors. The latter con-

tains large proportions of retail, construction and service firms, sectors that are expected

to be characterised by a more local competition. This local competition might give firms

a higher discretion in setting prices, as opposed to more internationally acting firms. Such

higher discretion would mean that these firms are rather able to take remedial actions in

form of e.g. price decreases during weak economic conditions. And since larger firms were

argued to have higher capabilities to do so, what follows would be the di↵erence in accuracy

between small and large firms observed for the non-manufacturing subsamples (9 and 10),

while not for the manufacturing subsamples (7 and 8). Given that Italy is such a strong

trade nation, as was mentioned in section 3, such an e↵ect could in fact be an explanation

for the results observed here.

In summary, the empirical results suggest that the Z”-score model is more accurate in pre-

dicting failure among small firms, but only within the non-manufacturing sector. While

the ratio patterns suggest such results for the non-manufacturing sector, factors not cap-

tured by the ratios might be an explanation for only seeing these results among the non-

manufacturing firms.
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7.1.2 Application of the re-estimated model

Hypothesis 4

Hypothesis 4 postulates that re-estimating the coe�cient of the Z”-score will lead to a higher

accuracy when applied to Italian firms from 2011 to 2015, as opposed to the Z”-score with

it’s original coe�cients applied to the same samples of firms, irrespective of industry and

size. From table 6.5, it can be seen that the AUCs for all samples, when applying the re-

estimated model, are significantly higher than for the same samples applying the original

Z”-score model. Consequently, hypothesis 4 can be accepted.

Re-estimation of coe�cients has in results from prior literature been shown to increase

model accuracy, both in general (see for example Begley, Ming and Watts, 1996) and more

specifically for the Altman (1968) Z-score (Grice and Ingram, 2001) and Altman (1983) Z”-

Score models (Altman et al., 2017). The intuition behind the increase in accuracy is that the

re-estimated coe�cients better reflect the ratio distributions as compared to the original

coe�cients (Joy and Tollefson, 1975; Ta✏er, 1982; Mensah, 1984; Keasey and Watson,

1991; Ooghe and Balcaen, 2007). For example, time e↵ects that might otherwise dampen

model accuracy, are now incorporated in the new coe�cients. This might be an important

aspect, given the fact that the studied time period was characterised by di�cult economic

conditions, triggered by the preceding financial crisis and the European debt crisis, with the

latter having had an extensive impact on Italy. Further, the higher achieved accuracies may

also indicate that certain industry and size e↵ects are integrated in the new coe�cients. As

one remembers, the coe�cients of Altman’s (1983) Z”-score model were estimated based

on a sample of only large manufacturing firms. In the present study, the re-estimation

was done on the whole data sample, hence including also non-manufacturing and small

firms. To test the claims of general applicability brought forward by Altman (1983) and

Altman et al. (2017), such an approach was deemed reasonable. Comparing the increase in

accuracy, the results indicate that the subsamples of large and non-manufacturing gain more

in accuracy relative to their small and manufacturing counterparts. Such a result suggests

that some of the di↵erences between these two characteristics could be eliminated by the

re-estimation. However, even after re-estimating the coe�cients, the order of magnitude of

the AUC among the subsamples remains more or less unchanged. This indicates that the
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re-estimation does not lead to a removal of certain di↵erences between di↵erent industries

and di↵erent size classes. While the mix of ratio distributions definitely played a role in

this, it could also be supporting the argument of di↵erences in information content of the

model ratios. If such di↵erences are apparent, re-estimating the coe�cients can only partly

o↵set such specific factors. These findings are di↵erent from other studies, such as Grice

and Ingram (2001), who found that after re-estimation, the industry e↵ects seemed to be

far less marked, in fact almost not existent, than when applying the original model.

Further support to the existence of industry and size e↵ects is coming from the results

of re-estimating the model only on large manufacturing firms. The accuracy achieved is

remarkable at an AUC of 0.8999. The achieved accuracy is outcompeting all other models

and samples, insinuating that re-estimation on a sample of firms that are more alike – in

terms of time period, industry sector and size – is beneficial.

To summarise, re-estimation increases model accuracy. The rationale behind this is that

re-estimating the coe�cients using an alike sample to the one that the model is then tested

on will eliminate certain influences, such as industry and size e↵ects, that are present within

the sample. As was expected, using a more aggregated sample for estimation resulted in

an even higher accuracy, suggesting that further disparities could be eliminated.

7.2 Is Altman’s Z”-score model still applicable?

The section above suggested explanations for how the di↵erences between the samples

used for estimating Altman’s Z”-score and the samples used to test the model can help

in understanding the empirical results achieved. While keeping these helpful findings in

mind, the most essential question that remains is: How does the accuracy levels achieved

in the model tests help answering the overall research question of whether Altman’s Z”-

score model is still applicable decades after its origin? Further, how is it possible to range

the results within the findings of other applications of bankruptcy prediction models within

the existing literature? And what does it mean to receive such results in the context of the

time period and country of the sample to which the model is applied?
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In general, the empirical evidence demonstrated that the accuracy of the Z”-score model has

dropped when applied to the samples of this study. While Altman presented a sensitivity

of 90.9% and a specificity of 97% for his estimation sample, corresponding to a Youden

index of 0.879, the overall highest Youden index found in the samples studied here was

0.591 when applying the model with its original coe�cients. This index resulted from the

subsample of small manufacturing firms. The second highest Youden index was found for

the subsample of large manufacturing firms (0.578). The corresponding levels of sensitivity

and specificity for these subsamples were 73.1% (78.1%) and 86.0% (79.7%) for the small

(large) manufacturing firms.

Even though the bankruptcy prediction literature is extensive, there is no generally ac-

cepted benchmark to assess, whether a model is actually yielding a satisfying level of

predictive power. While it is obvious that an accuracy level of 50% in sensitivity and 50%

in specificity would indicate a completely useless model, and a level of 100% and 100%,

respectively, would be the optimal outcome, the authors haven’t come across any study

presenting a general assessment of di↵erent accuracy levels. Still, the prediction accuracy

levels achieved by other studies can lend support in evaluating whether the accuracy levels

of the Z”-score achieved in the present study can suggest that the model is still useful. In

the author’s opinion, the results of such studies indicate that the Z”-score model still is a

reasonable bankruptcy prediction model for private firms on a short-term horizon, provided

that the necessary caution is applied. There are several reasons that support this view.

First, the accuracy of the Z”-score model achieved in this study shows to be relatively

high compared to other studies. For instance, a relevant example might be to compare the

empirical results of this study with what is found by Wu et al. (2010), who applied the

Altman (1968) Z-score to a sample more similar to the one used to estimate the model

than what is the case in the current study.35 They report that, by applying the Youden

index, they achieve a sensitivity of 45.4% and a specificity of 76.4%, which again indicates

that the accuracy levels received in this study, even when applying the model to the overall

sample is reasonable (69.6% for sensitivity and 75.0% for specificity), keeping in mind that

35Wu, Gaunt and Gray (2010) apply a sample of publicly listed U.S. firms from the period 1980 to 2006.
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the firms in the present samples are Italian and not listed. Another relevant example is

comparing the present empirical results to the accuracy rates of 70.9% sensitivity and 55.1%

specificity achieved by Grice and Ingram (2001), who also applied the Altman (1968) Z-

score to a sample of U.S. publicly listed firms. Again, while one should expect that the

accuracy of the application of a model to a sample closer to the estimation sample, than

used in this study, would yield higher accuracy, it did not. Keeping in mind that Grice

and Ingram (2001) used the original cut-o↵ for classification of firms would also mean that

in order for them to reach the same level of specificity as found in the present study, the

sensitivity accuracy would be substantially lower (moving to the left on the ROC curve).

The accuracy of the Z”-score here is also relatively higher, when comparing the subsamples

of only manufacturing firms of the two studies. These findings further give an indication

that the predictive power achieved by applying the Z”-score in this study is rather high.

In addition, comparing the Z”-score to both Moyer’s (1977)36 and Jackson and Woods’

(2013)37 application of the Z-score (Altman, 1968) also yields higher accuracy of the Z”-

score.

Only when comparing to the accuracy of 81.5% sensitivity and 74.6% achieved by Begley,

Ming and Watts (1996) in the applicability of the Altman (1968) Z-score, the accuracy in

this study seems to be relatively lower. However, Begley, Ming and Watts (1996) used large

publicly listed firms from the U.S. and therefore, as also mentioned above, their findings

are not exceptional, given the potentially influential country and time e↵ects.

More generally, when also comparing with the application of other models than Altman’s

(1968) Z-score, the accuracy levels obtained here seem relatively high. In this respect,

among others, Jackson and Wood (2013) find that the accuracy of Ohlson’s (1980)38 and

Ta✏er’s (1983)39 model is lower even with updated coe�cients, whereas Wu, Gaunt and

Gray (2010) discover relatively lower accuracy for the applicability of Zmijewski’s (1984)

36Moyer (1977) reports accuracies of 65% sensitivity and 82% specificity, when applying the Altman (1968)
Z-score.

37Jackson and Wood (2013) report AUC of 0.689 compared to the AUC of 0.801 when the Z”-score is applied
to the overall sample in this study.

38Jackson and Wood (2013) report AUC of 0.781 compared to the AUC of 0.801 when the Z”-score is applied
to the overall sample in this study.

39Jackson and Wood (2013) report AUC of 0.653 compared to the AUC of 0.801 when the Z”-score is applied
to the overall sample in this study.
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model.40 Even though other researchers find models with equal or slightly higher accuracy

levels than here, when applied to other samples (e.g. Begley, Ming and Watts 1996; Chava

and Jarrow, 2004), the Z”-score model’s accuracy levels achieved in this study are consid-

ered considerable, especially taking into consideration the conditions of the time period and

potential country e↵ects.

Second, another reason for the assessment of the high applicability of Altman’s (1983) Z”-

score is its relative simplicity. Scott (1983) argued that the approach for instance used

by Altman (1968) for the development of bankruptcy prediction models is vague, since it

does not build on theory and simply is a statistical search among a large number of vari-

ables to find the highest discrimination between bankrupt and non-bankrupt firms for a

specific sample. In this statistical search, a lot of di↵erent more or less complex modelling

techniques can be used. Whereas there can be argued for and against, how the attributes

of these di↵erent statistical approaches will influence the predictive ability of the model,

one cannot deny that some models are more simple in their practical use than others.

Therefore, taking into account that the Z”-score model only takes simple computations

for the user to calculate scores and that the model still performs relatively well compared

to other models as highlighted above, this must also speak in favor of the model’s usefulness.

Third, the discussion of causes to the empirical results achieved pointed towards the pos-

sibility that the generally lower accuracy of the model was found due to the time period

and country to which the model was applied. More specifically, the lower accuracy of the

overall model could most likely be explained by the conditions related to technological

changes, globalization and the economic crisis that were present in Italy during the period

from 2011 to 2015. Additionally, some of the specific characteristics of Italy as a country

also helped to explain, why lower model accuracies was achieved. In relation to this, Man-

zaneque, Garca-Prez-De-Lema and Domingo Anton Renart (2015) found that bankruptcy

prediction models tend to perform worse in recession and crisis periods with the overall

classification accuracy being almost 10 percent points lower in a recession or crisis period.

40Wu, Gaunt and Gray. (2010) report AUC of 0.739 compared to the AUC of 0.801 when the Z”-score is
applied to the overall sample in this study.
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Therefore, in the light of these underlying rather special conditions of the current study,

the accuracy levels of 69.6% for sensitivity and 75.0% for specificity achieved for the overall

sample seem reasonable, as there is reason to expect that these levels might improve when

the model is applied under less exceptional conditions, for example during less recessionary

periods. Even in the case of Italy, which came out of the economic recession in 2015 and

now faces more stable conditions and forecasts (section 3), the Z”-score model will probably

already today perform better than was found in this study.

Fourth, as widely acknowledged in existing literature (Joy and Tollefson, 1975; Ta✏er,

1982; Mensah, 1984; Keasey and Watson, 1991; Ooghe and Balcaen, 2007) and also found

in the present study, bankruptcy prediction models tend to be sample specific with regards

to firm characteristics such as industry a�liation or size. Despite of the presence of such

e↵ects in the study here, the model performs relatively well across all samples ranging from

a minimum Youden index of 0.374, which corresponds to an accuracy of 61.8% sensitiv-

ity and 75.6% specificity, to a maximum Youden index of 0.591, which corresponds to an

accuracy of 73.1% sensitivity and 86.0% specificity. Moreover, when the model is applied

to only large manufacturing firms, which is the most similar of the samples in the study

compared to Altman’s (1983) original sample, the di↵erence in the model accuracy between

this sample and Altman’s original sample is only significant at the 10% alpha level, indi-

cating that the model’s performance has not drastically decreased since its estimation, at

least for the application on large manufacturing firms. Additionally, when assessing the

sensitivity (78.1% vs. 69.9%) and specificity (79.9% vs. 75.0%) of the model, when applied

to the large manufacturing sample and the overall sample respectively, a larger di↵erence

would not have come as surprise. Given that these two samples are characterised by marked

di↵erences, due to the industry e↵ects caused by the variety of firms in the overall sample,

the di↵erences observed are argued to be in a moderate range.

Fifth, and not less importantly: Although it has been assessed that the Z”-score model,

even with its original coe�cients, possesses useful predictive ability, it also has to be kept

in mind that the empirical results of this study, in line with prior literature (see e.g. Be-

gley, Ming, and Watts, 1996; Grice and Ingram, 2001), show that a re-estimation of the
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coe�cients will yield an even higher accuracy than using the original coe�cients. While

bringing this into the light of today’s technical opportunities, where it for the majority of

the users would be relatively easy to re-estimate the model, this further adds to the model’s

already high usefulness in today’s business world.

In summary, the empirical results of the present study indicate that the Z”-score model,

even in the light of the evidence of being sample specific, is still reasonably applicable.

This is assessed, as the accuracy levels of the model, compared to other models, reveal that

it still performs at the same level or even better than those and that the accuracy levels

for application are relatively higher than those found in other studies. Furthermore, the

simplicity of the computations in the Z”-score model, while still keeping a relatively high

accuracy, also speaks in favor of its continuous usefulness. Also, when taking into account

the conditions under which the model is applied in the present study, the performance of

the model will probably even increase, when applied under di↵erent conditions (more stable

economic period and/or other countries). In addition to these points, a re-estimation of

the original coe�cients would increase the applicability even more, which only adds to the

model’s applicability.

7.3 Implications for model users

This subsection discusses the consequences of the found results on parties interested in

applying the Z”-score model. As mentioned in the section above, the authors believe that

Altman’s (1983) Z”-score still is a useful tool to predict bankruptcy, especially given its

simplicity. However, any stakeholder interested in using Altman’s model should be aware of

the influences a↵ecting the model accuracy, which were presented in the foregoing sections.

Model users should not be led to believe that the Z”-score will give as accurate results

as were presented in the original study (Altman, 1983). Rather than solely relying on

the Z”-score as the only tool to predict bankruptcy, the authors would recommend to use

the Altman Z”-score as a complementary tool to a more thorough assessment of a firm’s

financial health. Likewise, the Z”-score model could also be used as a pre-screening tool in

order to increase the e�ciency of a general risk assessment process.
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The usefulness of the model could further be higher, depending on the costs that model

users allocate to false positive (type I error) and false negative (type II error) classifications.

Given the concave shape of the ROC curves, it becomes apparent that model users ought to

make a trade-o↵. If they want to gain a higher model sensitivity, which implies a better pre-

diction of failing firms, they will have to sacrifice specificity, i.e. they will end up classifying

more non-bankrupt firms as bankrupt. With this trade-o↵, the classification costs of a type

I and type II error become a crucial question. In particular, if the misclassification costs of

a type I error (misclassifying a bankrupt firm) are much higher than the costs of a type II

error (misclassifying a non-bankrupt firm), it might be worth giving up specificity to gain

higher sensitivity.41 It has been suggested by prior literature that there might be marked

di↵erences in error costs depending on the nature of model users (Bellovary, Giacomino

and Akers, 2007). While a bank may incur substantial losses in the form of defaulting

loans if they wrongly classify a bankrupt firm and consequently grant credits, other users

might su↵er from far less severe consequences of type I errors, or even have to put a higher

importance on type II errors. For example, stresses that auditors might have to be more

careful about classifying a non-bankrupt firm as bankrupt, which could eventually influence

the audit opinion in form of the going concern assumption. As prior research has shown,

going concern qualifications could turn out to be self-fulfilling prophecies (Shinde, Stone

and Willems, 2013). To elaborate this, their research suggests that once a firm receives a

going concern qualification, customers, investors, and other stakeholders will lose trust in

the firm and attempt to terminate the business relationship, thereby precipitate the firm’s

demise. In conclusion, auditors thus might more focus on type II errors than type I errors.

The results presented in this study further indicate that model users ought to be aware

of potential time, country, industry and size e↵ects, which are possible to be present and

hence the limits of the Z”-score of accounting for such e↵ects. While the accuracy generally

dropped, it was found that the highest accuracies were achieved for the manufacturing

samples, insinuating that the model ratios potentially are rather suitable for predicting

manufacturing firms’ bankruptcy. One option to reduce such e↵ects could be to use di↵erent

41Krzanowksi and Hand (2009) show that given the misclassification costs of each error and the proportions
of bankrupt and non-bankrupt firms in the total population, one can easily calculate the optimal slope of
the ROC curve and hence the optimal cut-o↵ to minimise the total costs.
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cut-o↵s for di↵erent time periods, countries, industries and size classes, adapting to di↵erent

characteristics of firms in various contexts. In addition, prior literature has suggested

several other remedial actions. First, Chava and Jarrow (2004) recommend that users

of bankruptcy prediction models could include variables that incorporate such e↵ects in

the models, as they found that including industries in the re-estimation changed both the

intercept and coe�cients. Alternatively, Sayari and Mugan (2017) argue that the use of

industry specific models can increase the achieved results.

From the tests of hypothesis 4, the findings suggest that re-estimating model coe�cients

can be another way for users to increase the accuracy of the model. For all samples, the

accuracies observed outperform the ones of the model with the original coe�cients. This

recommendation is in line with findings by for example Begley, Ming, and Watt (1996) and

Grice and Ingram (2001). Further, as is suggested by the additional analysis in relation

to the re-estimation, model users could potentially further gain in model accuracy by re-

estimating the model coe�cients on more aggregated groups of firms. A re-estimation on

a sample of only large manufacturing led to an AUC of 0.8999, which is considered close to

outstanding performance by e.g. Hosmer, Lemeshow and Sturdivant (2013). In summary,

model users need to be aware of the likely diminished accuracy when applying the model to

new data sets. However, the Z”-score, after more than 30 years, still performs reasonably

well for predicting bankruptcy and hence can, in the authors’ opinion, still be used, at

least as a complementary measure, in assessing a firm’s financial health. Finally, it is at the

user’s discretion to choose whether to re-estimate the coe�cients or use another cut-o↵ from

time to time, as such measures can take into account potential changes in the relationship

between the financial ratios of a firm and its tendency to go bankrupt.



Conclusion and Final Remarks

Following the analysis and the discussion of results as well as implications thereof, this final

section summarises the findings and presents some last critical thoughts on this study’s

results. Connected to that, some avenues for future research are proposed.

8.1 Summary of the study

Induced by the sharply increasing number of bankruptcy prediction models, researchers

have stressed the importance of testing existing models, rather than trying to create yet

newer models in recent years (Bellovary, Giacomino and Akers, 2007; Agarwal and Ta✏er,

2007). This study took up this call by analysing one of the most popular models in the

literature, the Altman (1983) Z”-score, thereby contributing to this rather slim stream of

research investigating the applicability of existing bankruptcy prediction models. The Z”-

score model was estimated on a small sample of large public U.S. manufacturing firms. Yet,

Altman (1983) and Altman et al. (2017) argue that it can be used on both manufacturing

and non-manufacturing firms, and also private firms.

Applying the model to a considerable sample of Italian firms in the period from 2011 to

2015, an investigation into the model’s applicability to samples other than the one it was

originally tested on was conducted. The importance of such tests ground in the criticism

brought forward by researchers, indicating that many models are sample specific and per-

form less accurate when applied to a new set of firms (Edminster, 1972; Zavgren, 1983;

Zavgren, 1985; Balcaen and Ooghe, 2006). Explanations presented for this are manifold.

The change in time period and country of application is argued to change the relationship

89
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between predictor and outcome variables of models, as factors such as the business cycle,

globalisation or advances in technology slim down the line between a bankrupt and non-

bankrupt firm (Mensah, 1984; Wood and Piesse, 1987; Platt and Platt, 1990). Likewise,

di↵erences in industry characteristics were found to be at the origin of the decline in accu-

racy of models (Platt and Platt, 1991; Sayari and Mugan, 2017). Di↵erent industries are

defined by di↵erent financial characteristics, thereby compromising the general applicability

of bankruptcy prediction models. A similar e↵ect can be caused when applying models to

firms of di↵erent size. Holmes and Kent (1991) suggest that small firms essentially di↵er

from large firms in financial structure, whereas Balcaen and Ooghe (2006) highlight issues

regarding unreliability of the financial statements of small firms, making the applicability

of a model to firms of di↵erent size classes uncertain.

Italy as the country of interest in this study is characterised by di�cult economic conditions,

demonstrating high numbers of bankruptcy, political instability and adverse productivity

growth. Hence, accurate bankruptcy prediction models are a valuable tool in Italy, making

the choice of country a further contributing factor.

Applying the model to di↵erent samples of firms and assessing its accuracy by means of

sensitivity, specificity, AUC and a graphical analysis of the ROC curves, the following key

results emerged from the analysis: First, the accuracy of the Z”-score, as compared to the

original sample, dropped, irrespective of the type of firms it was applied to. As compared

to a Youden index of almost 0.9 for the estimation sample, a maximum index of around 0.6

was found for the samples analysed. These results lent support to the time and country

instability of ratio coe�cients in bankruptcy prediction models. Second, applying the

model to two subsamples of manufacturing and non-manufacturing firms, respectively, the

empirical evidence observed indicates the presence of industry e↵ects, as the original model

performed significantly better on the manufacturing subsample, as measured by AUC.

These results give rise to doubts about the equal suitability of the Z”-score model ratios for

application to non-manufacturing industries. Third, and less in line with arguments from

prior research, the outcomes from applying the model to samples of di↵erent firm size tend to

favour the applicability of the model for predicting bankruptcies among small firms. Fourth,

re-estimation is found to increase model accuracy, lending support to similar findings by,

among others, Begley, Ming and Watts (1996) and Grice and Ingram (2001). As was
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suggested, re-estimation can be favourable, as time, country, industry and size e↵ects are

incorporated in the re-estimated coe�cients. Additional analyses into the performance of

the re-estimated model revealed that the accuracy can be further increased by re-estimating

the model on more aggregated samples, mitigating more subtle industry and size e↵ects.

Despite the indications that the model might be sample-specific, the accuracy levels achieved,

considering the particular circumstances in the country of interest and contrasting them

to results found by other researchers, suggest that the model is still useful in predicting

bankruptcy, especially given its simplicity. Yet, stakeholders interested in applying the Z”-

score model ought to be aware of the limitations and e↵ects influencing model performance.

It is recommended that, rather than solely relying on the Z”-score, users could employ the

model as a complementary tool in the context of a more thorough risk assessment.

8.2 Critical remarks and avenues for further research

The authors acknowledge that certain limitations of the scope in this study could potentially

a↵ect the generalisability of the findings and hence might require further investigation.

First, this study tested Altman’s (1983) Z”-score only on Italian firms. Hence, it is uncertain

to what extent the findings can be generalised to other countries. Taking up the point of

sample specificity, it is not unlikely that the same results might not be achieved in other

countries, since previous research suggests that there are in fact country e↵ects which impact

the performance of bankruptcy prediction models. This limitation creates an avenue for

future research, as prospective studies could investigate the model in a similar way in other

countries. In so doing, a clearer picture as to how much country specificities a↵ect the

model’s performance could be drawn.

Second, this study only looked at a time period that was characterised by di�cult macroe-

conomic conditions, as a consequence of the financial crisis and the European debt crisis.

Given the existence of business cycle e↵ects on the accuracy of bankruptcy prediction mod-

els, a deeper understanding of the model’s performance under distinct exogenous pressures

is deemed important and thus researchers in this field could contribute by studying di↵erent

business cycle stages.
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Related to this line of thought, while this study finds support that the model’s accuracy has

decreased since its estimation more than 30 years ago, it remains unclear as to when this

decrease started to pick up. Between the estimation time and the investigated period of

this study, the world has experienced key events such as the Dot-com bubble at the start of

the new millenium. Examinations of the events that triggered the decrease in accuracy of

the model from a time perspective could therefore substantially contribute to the existing

literature in bankruptcy prediction, creating valuable knowledge for both researchers and

practitioners.

In addition, the authors acknowledge that some parts of the analysis could have been treated

in a more detailed fashion than was done in the present study. However, these choices were

made in order to keep the study within the scope of its objective. For one thing, the cate-

gorisation of sector and size followed a rather simplistic scheme. It was only distinguished

between manufacturing and non-manufacturing firms and small and large firms. A more

sophisticated scale could have allowed to create deeper insights into the nature of indus-

try and size e↵ects. One possibility could have been to group all firms according to their

respective NACE rev. 2 sector, instead of compiling all non-manufacturing firms in one

group. Similarly, another cut-o↵ or a more compartmentalised grouping method for the

size dimension could have been deployed. It is thus suggested that further research takes

these points into consideration when conducting similar studies.

Finally, a note on the unexpected findings for the small firm sample accuracy is in place.

In contradiction to the hypothesis of lower model accuracy for small firms as compared to

large firms, caused by potential sample specificity, it was found that the model in fact was

more accurate in classifying bankrupt and non-bankrupt small firms. This, the authors

believe, deserves closer attention and thus is a promising avenue for future research.
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Appendix A - NACE Main Sectors

Table A.1: NACE main sectors. Own illustration based on data from Eurostat (2008).
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Appendix B - Entity Status ORBIS

Table B.1: Entity status according to ORBIS. Own illustration based on ORBIS (2018).
Copyright ©2018, Bureau van Dijk
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Appendix C - ROC Curve Plots

Figure C.1: Comparison of AUC between sample 7 and 8. L = large manufacturing
(sample 7); S = small manufacturing (sample 8).
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Figure C.2: Comparison of AUC between sample 9 and 10. L = large non-manufacturing
(sample 9); S = small non-manufacturing (sample 10).

Figure C.3: Comparison of AUC between sample 7 and 9. M = large manufacturing
(sample 7); NM = large non-manufacturing (sample 9).
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Figure C.4: Comparison of AUC between sample 8 and 10. M = small manufacturing
(sample 8); NM = small non-manufacturing (sample 10).

Figure C.5: Comparison of AUC between original Z”-score and re-estimated model for
sample 2. Blue line represents the original Z”-score model. Red line represents the re-

estimated model.
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Figure C.6: Comparison of AUC between original Z”-score and re-estimated model for
sample 3. Blue line represents the original Z”-score model. Red line represents the re-

estimated model.

Figure C.7: Comparison of AUC between original Z”-score and re-estimated model for
sample 4. Blue line represents the original Z”-score model. Red line represents the re-

estimated model.

x



Figure C.8: Comparison of AUC between original Z”-score and re-estimated model for
sample 5. Blue line represents the original Z”-score model. Red line represents the re-

estimated model.

Figure C.9: Comparison of AUC between original Z”-score and re-estimated model for
sample 6. Blue line represents the original Z”-score model. Red line represents the re-

estimated model.
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Figure C.10: Comparison of AUC between original Z”-score and re-estimated model
for sample 7. Blue line represents the original Z”-score model. Red line represents the

re-estimated model.

Figure C.11: Comparison of AUC between original Z”-score and re-estimated model
for sample 8. Blue line represents the original Z”-score model. Red line represents the

re-estimated model.
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Figure C.12: Comparison of AUC between original Z”-score and re-estimated model
for sample 9. Blue line represents the original Z”-score model. Red line represents the

re-estimated model.

Figure C.13: Comparison of AUC between original Z”-score and re-estimated model
for sample 10. Blue line represents the original Z”-score model. Red line represents the

re-estimated model.
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