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Chapter 1: Introduction

1.1 Introduction

There are a number of reasons why business entities disappear from the marketplace. They
may be financially distressed, or liquidated, or they may be acquired by another company.
Stakeholders, for instance employees, bank creditors, stockholders, community, and
government (Fitzpatrick 1931) are likely to suffer from their investment no matter what the
event that triggered the entity’s disappearance. Given that business failure can cause
significant trauma (i.e. high costs and heavy losses) to these stakeholders, its prediction is
highly beneficial. This motivates researchers to find a tool to detect unfavourable symptoms
before the entity disappears. Fitzpatrick (1931) and Merwin (1942) were the first researchers
who attempted to identify the potential of financial ratios as indicators of financial distress.
Subsequently, Altman (1968) introduced the more complex and sophisticated approach of

multivariate analysis using financial ratios as a tool to signal financial distress.

The purpose of this study is to examine the ability of financial ratios to signal financial
distress utilising techniques which are well developed and have met with wide acceptance in
the discipline. To this end, the investigation employs comparative ratio analysis, ratio trend
analysis and the Altman’s Emerging Market Score (EMS). In addition, the logit-based model
is employed as a benchmarking measure. It should be noted that this study does not aim to
find the best indicators for Thai financial distress even though a number of specifications of
the logit model are estimated to find the best explanatory power in predicting the probability

of financial distress.

A number of theoretical concepts relevant to financial distress inform the analysis. The study
applies descriptive and inferential statistics and develops the Integrated Multi-Measure (IMM)
approach together with the logit model to evaluate the ability of financial ratios to signal
financial distress. Data for Thai listed firms covering the period 1998 - 2007 formed the basis
of the study. This chapter presents an introduction and lays the foundation for the subsequent

chapters.



The chapter is organised into nine sections as depicted in Figure 1.1. Section 1.1 outlines the
study’s objective together with the structure of the chapter. Section 1.2 discusses the
background to the research. Research issues are described in Section 1.3, followed by a
justification for the research in Section 1.4. An overview of the methodology is presented in
Section 1.5. After principal definitions used in this study are presented in Section 1.6, the
outline of this study is discussed in Section 1.7.
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1.2 Background to the research

It is believed that formalisation of attempts to detect financial symptoms of unsuccessful
businesses began in the 1930s (for instance, in the studies of Fitzpatrick 1931; and Merwin
1942). However, prediction of corporate distress events in the US gathered momentum from
1970 onwards (Altman & Hotchkiss 2006). The frequently quoted studies in this field are
Beaver’s (1966) study and Altman’s (1968) study. These two financial ratio—based studies

aim to introduce and/or develop an appropriate instrument for signalling business failure

before the unfavourable event happens.




In Thailand, the number of unsuccessful business entities can be identified by the number of

company dissolutions. According to the Ministry of Commerce’s business registration
statistics, the number of dissolutions for Thai companies lay between 20,000 and 30,000 in
each year during the period 2000 to 2008. With reference to these figures, it can be deduced
that the problem is persistent and critical in Thailand. The dissolution types include:
dissolved, defunct, bankrupt, and others (Ministry of Commerce 2009). More discussion on
this issue is provided in Chapter 2.

In the context of studying Thai business failure, most extant studies focus on the period of the
1997 financial crisis (for instance, the studies of Persons 1999; Reynolds et al. 2002; and
Tirapat & Nittayagasetwat 1999). Like western research (for instance, the studies of Altman
1968; Beaver, McNichols & Rhie 2005; Hossari 2006; and Shumway 2001), Thai studies use
both financial statement ratios and a combination of financial statement ratios and non—
financial factors to search for the best indicators for business failure. This type of research is
dominant in Thailand. In other words, there is little empirical research focussing on
examining the ability of financial statements to signal business failure, particularly in the

Thai context. In addition, to date only annual financial statements have been used in the field.

Given this, this study is designed to investigate the informative ability of financial statements
to signal early warnings of financial distress for Thai business entities during periods of
normal economic circumstances. Furthermore, this study applies quarterly financial statement
data, instead of annual financial statements, so as to take into the account seasonal and/or
cyclical changes, and to access a more up-to—date data set and potentially provide earlier

indications of company financial distress.

1.3 Research issues

This section identifies the research issues of this study. The issues help outline the research
boundary and provide an appropriate guideline for the development of analytical approach of
this research. In this study, research issues constitute the research problem, research question,

and research objective.



1.3.1 Research problem

The problem addressed in this research is:

‘Whether financial statement information can be adequately used to predict

financial distress for Thai firms in normal economic circumstances’

Within the context of Thailand, a combination of financial statement ratios and non—
financial factors has been used in order to find the best predictor for business failure.
Also, previous Thai studies have focused on periods of financial crisis. Given this,
this study is designed to examine whether financial statement information can be
adequately used to predict financial distress for Thai firms in normal economic
circumstances. The approaches utilised were comparative ratio analysis, ratio trend
analysis, the EMS, and estimated logit models. Adopting the conceptual framework
for a multi-measure design, this study introduces the IMM approach as an analytical
tool to test the power of financial statement ratios in signalling financial distress. The
IMM approach consists of integrating the results of a sophisticated prediction model
(the EMS) and two traditional analytical measures (comparative ratio analysis and
ratio trend analysis). In other words, the IMM approach is a means of obtaining
triangulation. Employing the triangulation approach is likely to provide a broader
perspective for the phenomena being studied. The development of the IMM approach

will be discussed later in the thesis.

1.3.2 Research question

The question addressed in this research is:

Can financial statement information be used to discriminate between potentially
failing and non-failing firms in the context of Thailand in normal economic

circumstances?

The research question is developed in response to the research problem. In addition,

the question helps determine more clearly the research boundary.



1.3.3 Research objective

With reference to the research problem and question above, the objective of this study

is:

To investigate whether financial statement information can adequately classify
potentially failing and non—failing firms in the context of Thailand in normal

gconomic circumstances

Addressing the issues in this study provides contributions that will be presented in
Section 6.4 of Chapter 6. In summary, this research made a number of contributions:

e The study expands the body of knowledge about financial statements—based
modelling of business failure in Thailand, one of a number of emerging
market countries. Little empirical research has been conducted on this problem
in emerging market countries.

e This study has refined a methodology which uses ratio—based signalling for
predicting failure by adopting quarterly financial statement data rather than
annual financial data.

e Another methodological refinement is that this study developed the Integrated
Multi-Measure (IMM) approach for data analysis. The IMM approach is a
combination of a sophisticated ratio—based model and traditional analytical
tools for financial statement analysis. This approach to combining the
indicators is not reported in previous studies reviewed in the literature. The
underlying reason for developing the IMM approach is that no one measure is
significantly more accurate than the others. Therefore, the IMM approach is
useful as a means of triangulation and helps confirm that the findings were
thoroughly examined.

e As far as the author has been able to establish, this study is the first attempt to
examine the predictive ability of financial statements in normal economic
circumstances in the Thai context.

e The descriptive statistical findings of this study provide a broader perspective

on the incidence of failure.



e Stakeholders such as regulatory bodies, managers, and analysts could use the
study’s findings as a foundation to further develop efficacious prediction

models for financial distress.

1.4 Justification for the research

According to statistics provided by the Ministry of Commerce (2009), the number of
companies which disappeared from the registry ranged between 20,000 and 30,000 in most
years of the recent decade. In consequence, company dissolution is a serious problem in
Thailand and adversely affects the economy and stakeholders of the failed firms. Since
business failure is a persistent problem and a critical issue in Thailand, this study investigates
a small but crucial sub-set of those firms, that is, firms listed on the Stock Exchange of
Thailand. The rationale for excluding non-listed companies is because of data accessibility

constraints.

Even though research on signalling symptoms of financial distress can be traced back to the
1930s, most studies have been conducted in western countries. Little research on financial
distress has been conducted in emerging markets like Thailand. To date, there has been a
relative neglect of empirical research in investigating the ability of financial statement
information to signal financial distress in Thailand during normal economic circumstances.
Most Thai studies, in the past, focused on finding the best predictors for failure by using both
financial statement ratios and non—financial factors. Also the studies concentrated on periods
of financial crisis. To take into the account seasonal and/or cyclical changes, quarterly

financial statements were employed in this study.

The results of this study are likely to be useful to stakeholders such as regulatory bodies,
managers, and analysts. These stakeholders could use the study’s findings to further develop
efficacious prediction models for failure. For example, Thai regulatory bodies are obliged to
prevent, rather than protect, the potentially adverse incidence not only in the period of
financial crisis. This study’s findings could equip Thai authorities with alternative methods to

detect potential corporate failure of regulated business entities before the event happens.
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Another example is that the findings of this study could not only help Thai private sector

managers improve internal management but could also help them keep a track record of a

company’s performance. In addition, this study’s findings could provide financial analysts

with an alternative analytical tool for deciding whether to invest in companies.

1.5 Methodology

This section is designed to provide an introductory overview of the methodology employed in

this study. The in—depth details of the methodology are described in Chapter 4. This section

also introduces the data collection and data analysis methods. Finally, the findings from the

data analysis are briefly discussed.

Data collection method
To satisfy the purpose of the study, historical financial statement information of Thai
firms was collected. Out of the 44 financial ratios identified as potential predictors for
failure by previous studies, 16 ratios were used in this study. The 16 ratios are divided
into two groups; that is, the original four ratios for the Emerging Market Score model,
and 15 selected ratios for the two traditional analytical measures. The selection of the
15 ratios is based on their frequency of use in previous studies. The ratios are
classified into four meaningful areas of financial performance. They include liquidity,
turnover/performance, leverage/solvency, and profitability (Blum 1974; Brigham &
Ehrhardt 2008; Persons 1999; and Ross et al. 2007). More details of the 16 ratios are

discussed in Chapter 4.

Like most extant studies, the target samples in this study are publicly listed companies.
The rationale for choosing listed companies is data accessibility. The required data are
derived from the Stock Exchange of Thailand’s database. The cut—off period between
2003 and 2008 was chosen because it warrants investigating most recent business
failure of Thai companies in a normal economic period. As mentioned earlier, the
samples consist of a failed group and a non-failed group. The paired sample

technique comparing a failed firm to a non-failed firm (1:1 ratio) is adopted. The
8



justification for choosing the pair sample technique is to ensure that ‘the sample of
firms is as similar as possible in all aspects except for their financial ratios’ (Norton &
Smith 1979, p. 73). In addition, the technique is frequently used by previous

researchers in estimating prediction models.

However, unlike previous studies, this study uses quarterly financial statement data in
place of annual financial statement data to better observe shifts in the values of ratios
over the investigation period. According to the SET database, the quarterly financial
statement data used in this study are audited. It is apparent that quarterly financial
statement data have been relatively neglected by previous research. The underlying
reason for adopting quarterly financial statement data is to detect any unfavourable
shifts of financial characteristics as soon as they happen. Finally, 14 failed firms and
14 non-failed firms were included in the final sample for analysis. The data set
employed the entire population of listed firms which met the analytical criteria for the
period 2003 to 2008 and a look-back period of five years financial statement data to
1998 was incorporated. More discussion on the data collection method is presented in
Chapter 4.

Data analysis method

This study is designed to explore the ability of financial statement information to
predict business failure in the Thai context during normal economic circumstances.
The analytical techniques used were comparative ratio analysis, ratio trend analysis
and the EMS. Moreover, logit models were developed for comparative purposes. Like
previous studies, descriptive and inferential statistics are used to describe financial
characteristics of the sample set. The sample is divided into two groups, that is, failed
firms and non—failed firms. Descriptive statistics used in this study include the mean
as the measure of central tendency and the standard deviation as the measure of
variation while inferential statistics include the t—test for differences between groups.
The underlying reasons for choosing these measures are that extreme values and data
dispersion are taken into consideration, and that these are the most frequently used
measures in the literature. More discussion of the measures is provided in Chapter 5.

9



This study developed an analytical tool to examine the ability of financial ratios in
signalling financial distress. The analytical tool in this study called the Integrated
Multi-Measure technique and this technique combined established approaches used in
the previous studies. They are comparative ratio analysis, ratio trend analysis and the
EMS. The first two represent traditional analytical measures while the last one
represents a sophisticated emerging market prediction model. To date, different ratio—
based measures have never been used in combination to examine the predictive ability
of financial statements in Thailand. The integrated use of these measures provides
data triangulation aiming to observe broader dimensions of the phenomena being
studied (Easterby-Smith, Thorpe & Lowe 1991). To validate the results of the IMM
approach, logit models were also estimated in this study. In—depth discussion (i.e. the
justification for selecting these measures, and the criteria used in each measure) is

provided in Chapter 4.

Brief summary of the findings
When each of the analytical approaches was applied individually, the rates of
successful classification were similar—around 57 per cent. This finding is consistent
with the literature’s finding that no specific technique is dominant over its

counterparts in the context of signalling business failure

The IMM approach using ratio—based measures was adopted in this study so as to
triangulate and confirm the findings. The results provided by the IMM approach are
promising. The successful classification rate increased from 50 per cent (the lowest
rate based on the individual measure approach) to 64 per cent for the financially
distressed firms. Moreover, the results derived from the estimated logit models
revealed correct classification of the financially distressed firms of up to 86 per cent.

More discussion of the findings is provided in Chapter 5.

10



1.6 Principal definitions used

In the context of signalling business failure, definitions adopted by researchers are not

uniform and depend on ‘the specific interest or condition of the firms’ being studied

(Dimitras, Zanakis & Zopounidis 1996, p. 487). Therefore, it is imperative to elaborate key

terms used so as to establish the positions taken in this study. The key terms used in this

study are as follows:

Business failure
A number of ‘failure’ definitions are used in the literature. For instance, Altman and
Hotchkiss (2006, p. 4) define ‘failure’ as existing when ‘the realized rate of return on
invested capital is significantly and continually lower than prevailing rates on similar
investments’. Beaver (1966, p. 71) defines ‘failure’ as ‘the inability of a firm to pay

its financial obligations as they mature’.

The determination of business failure in this study is more subtle than in most
previous studies because most previous studies use definitions which are too narrow
and exclusive. In this study, the definition of ‘failure’ by Altman and Hotchkiss (2006)

is favoured and adopted.

Financial distress

Like ‘failure’, a multitude of definitions of ‘financial distress’ have emerged in the
literature. Researchers identify distressed companies based on several financial
dimensions. ‘Financial distress’ conditions are represented by business restructuring
or reorganisation (Routledge & Gadenne 2000), failure to pay annual listing fees
(Jones & Hensher 2004), debt default criteria (Kahya & Theodossiou 1999), going
private for a publicly listed company (Queen & Roll 1987), liquidation and
acquisition (Coats & Fant 1993) and the like.

As can be seen, there are a number of conditions representing ‘financial distress’ in

the literature. This is consistent with Coats and Fant’s (1993, p. 147) notion that

11



‘bankruptcy is one outcome of financial distress’. In other words, distressed
companies are financially weak but do not always become bankrupt (Gilbert, Menon
& Schwartz 1990; and Hill, Perry & Andes 1996). Thus, the broader definitions of
‘financial distress’ used by the aforementioned researchers are employed in this study.
The adoption of this broader concept should be more meaningful to decision—makers
in Thailand. In this study, both business failure and financial distress are used
interchangeably.

1.7 Outline of this study

This study is presented in six chapters as depicted in Figure 1.2. Each chapter is briefly

discussed below.

Figure 1.2 Outline of this study
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Chapter 1 provides an introductory overview of the study. Background to the research is
firstly discussed, followed by research issues constituting the research problem, research

question, and research objective. After that, the justification for the research and
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methodology are described. The study’s outline is provided. In the last section, key
definitions used and limitations of the study are provided.

Chapter 2 is designed to shed the light on Thailand’s environment to set the context of the
research. The chapter starts by presenting general information on Thailand including
geography, population, government/politics, and economy. Then, the discussion turns to Thai
financial markets and key market players, for instance, the Stock Exchange of Thailand, the
Bank of Thailand, and the Securities and Exchange Commissions. In the end, the chapter
sheds the light on recent Thai business failures.

Chapter 3 reviews the literature in the field of business failure. The chapter commences with
the key aspects of business failure prediction (e.g. generic terms used in previous studies, the
cost of business failure, and the usefulness of business failure models). To find gaps in
business failure studies in Thailand, the evolution of business failure prediction models both
in Thailand and elsewhere, together with an overview of the theoretical frameworks, is
provided. After the gaps are identified, the chapter addresses the research problem, research
question, and research objective. Finally, the discussion turns to the development of the

analytical approach used in this study.

Chapter 4 discusses the methodology used in this study. The justification for choosing the
research design (for example, exploratory research, and secondary data technique) based
upon the purpose of the study is provided. The sampling design is described before a
discussion of data collection. Next, the chosen three ratio—based measures (the Emerging
Market Score model, comparative ratio analysis, and ratio trend analysis), together with the
criteria used in each measure, are presented. After that, a discussion of the development of
the IMM approach along with the criteria used is presented. Finally, a discussion of utilising

the logit model and its justification concludes the chapter.

13



Chapter 5 is designed to present the findings of this study. The chapter commences with
descriptive data about the sample used. Both descriptive profiles of companies and financial
ratios used are discussed. Descriptive statistics measures (for instance, means, and standard
deviation) and inferential statistics (e.g. t-test) are adopted. The data are analysed in
accordance with the methodology described in Chapter 4. In this respect, individual
applications and their results are presented first, followed by the IMM approach along with
its results. After that, the tests for correlation and normality of the 16 ratios are conducted
before estimating a number of specifications of the logit model. A discussion of logit model
results concludes the chapter.

To finish, Chapter 6 discusses the conclusions and implications of this study. The chapter
begins with conclusions concerning the research question and problem based on the findings
reported in Chapter 5. Implications for theory and for policy and practice are provided prior
to a discussion of the limitations of this study. Finally, the chapter concludes with a

discussion of implications for further research.

14



Chapter 2: The Thai Environment

2.1 Introduction

An introductory overview of this study was presented in Chapter 1. Since this study focuses
on business failure in Thailand, it is imperative to provide an overview of Thailand for people
who are not familiar with that country. As a result, this chapter sheds light on the Thai
environment. It includes (1) basic information about Thailand such as geography, population,
government/politics, and economy, (2) Thai financial markets (i.e. money markets and capital
markets), and (3) specific aspects of business failure in Thailand.

The chapter is organised into five sections as depicted in Figure 2.1. Section 2.1 outlines an
objective and the structure of the chapter. Section 2.2 describes Thailand in general,
particularly its geography, population, government/politics, and economy. After that, Thai
financial markets and key market players are described in Section 2.3. Section 2.4 presents

aspects of business failure in Thailand and a conclusion is drawn in Section 2.5.

15



Figure 2.1 The structure of Chapter 2
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2.2 Thailand in general

This section provides general information about Thailand’s geography (Sub-section 2.2.1),
population (Sub—section 2.2.2), government/politics (Sub—section 2.2.3), and economy (Sub-—
section 2.2.4). The presentation of these aspects is intended to provide some insights into

characteristics of Thailand.
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The coefficients are the odds ratio but not the probability. The probability of financial
distress has been calculated by the following formula:

Where
= probability of an occurrence of financial distress
= unknown parameters

= a set of independent variables

Since the estimated probability of the logit model will lie between 0 and 1, whether a firm is
classified as financially distressed (or not) depends on comparing the estimated probability to
a critical value (the cut-off score). Since the probability is between 0 and 1, the cut-off score
is determined as half of the entire value of the probability. Again, in this study, ‘1’ represents
financially distressed firms and ‘0’ represents non-financially distressed firms. Consequently,
firms with estimated probability of 0.5 or above are be classified as financially distressed
whilst firms with estimated probability of below 0.5 are classified as non-financially

distressed.

Before presenting the classification table, the structure of the table needs to be discussed. The
table shows period, actual status, predicted status, and total number of firms of both groups as

follows:

Table 5.16a The structure of the classification table

Actual Predicted status Total
Period status 0 % 1 % firms
1 0 Hit Miss
1 Miss Hit

Source: Adopted from Altman (1968)

Column 1 represents the period of investigation.

143



Column 2 represents actual status of firms to be investigated, which can be divided into two
groups, that is, non-financially distressed group (0) in row 1 and financially distressed group
(1) inrow 2.

Column 3 represents predicted status of firms, which can be divided into four columns as

follows:
Column 3.1:

Row 1 represents the number of correct classification for non-financially distressed

group.

Row 2 represents the number of incorrect classification for financially distressed
group, or type | error.

Column 3.2:

Row 1 represents the percentage of correct classification for non-financially distressed
group.

Row 2 represents the percentage of incorrect classification for financially distressed

group.
Column 3.3:

Row 1 represents the number of incorrect classification for non-financially distressed

group, or type Il error.
Row 2 represents the number of correct classification for financially distressed group.
Column 3.4:

Row 1 represents the percentage of incorrect classification for non-financially

distressed group.

Row 2 represents the percentage of correct classification for financially distressed

group.

Column 4 represents the total number of firms in each group.
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Having discussed the criteria used in the estimated logit model and presented the structure of
the classification table, the next step is to present the classification power of Model I. Table
5.17 exhibits the classification accuracy of Model I in signalling financial distress.

Table 5.17 The classification table of Model |

Predicted status

Period Actual status 0 % 1 % Total firms
Q1 0 6 43% 8 57% 14
1 8 57% 6 43% 14
Q2 0 3 21% 11 79% 14
1 8 57% 6 43% 14
Q3 0 4 29% 10 71% 14
1 11 79% 3 21% 14
Q4 0 4 29% 10 71% 14
1 9 64% 5 36% 14
Q5 0 4 29% 10 71% 14
1 10 71% 4 29% 14
Q6 0 3 21% 11 79% 14
1 9 64% 5 36% 14
Q7 0 3 21% 11 79% 14
1 10 71% 4 29% 14
Q.8 0 6 43% 8 57% 14
1 12 86% 2 14% 14
Q09 0 4 29% 10 71% 14
1 11 79% 3 21% 14
Q_10 0 2 14% 12 86% 14
1 13 93% 1 7% 14
Q1 0 2 15% 11 85% 13
1 13 100% 0 0% 13
Q 12 0 3 23% 10 77% 13
1 12 92% 1 8% 13
Q. 13 0 3 23% 10 77% 13
1 11 85% 2 15% 13
Q.14 0 3 23% 10 77% 13
1 10 77% 3 23% 13
Q_15 0 4 31% 9 69% 13
1 9 69% 4 31% 13
Q_ 16 0 4 31% 9 69% 13
1 11 85% 2 15% 13
Q 17 0 2 15% 11 85% 13
1 11 85% 2 15% 13
Q18 0 3 25% 9 75% 12
1 11 92% 1 8% 12
Q 19 0 3 25% 9 75% 12
1 11 92% 1 8% 12
Q 20 0 4 33% 8 67% 12
1 9 75% 3 25% 12

Note: 0=Non-financially distressed firms
1=Financially distressed firms

Source: Data analysis for this thesis
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According to equation from Figure 5.2 (Model I) on pages 141, values of ratios of
firms for each period are multiplied with their coefficients. Then, a calculation is
made to find the estimated probability of the firms. After that, the estimated
probability is compared with the cut-off score (0.5). Firms with estimated probability
of 0.5 or above are classified as financially distressed whilst firms with estimated
probability of below 0.5 are classified as non-financially distressed. This
interpretation applies in the following classification tables. From Table 5.17, the
results are from quarter 1 (the most recent quarter prior to financial distress) to quarter
20. A firm status of ‘0’ denotes financial non-distressed firms while ‘1’ represents
financially distressed firms. Due to data availability, financial ratios of 14 financially
distressed firms and 14 non-financially distressed firms are calculated between quarter
1 and quarter 10. During quarter 11-17, financial ratios of 13 financially distressed
firms and 13 non-financially distressed firms are calculated. Finally, financial ratios
of 12 financially distressed firms and 12 non-financially distressed firms are
calculated between quarter 18 and quarter 20.

How to read the Table 5.17 is as follows (please refer to quarter 1):

1) Out of the 14 non-financially distressed firms, the model correctly classified 6,
which accounts for 43 per cent accuracy rate.

2) Out of the 14 non-financially distressed firms, the model erroneously classified 8.
Simply stated, the model classified 8 non-financially distressed firms as
financially distressed firms. This misclassification is called a type Il error (a
misclassification of non-financially distressed firms as financially distressed
firms). Thus, the type Il error is 57 per cent.

3) Out of the 14 financially distressed firms, the model correctly classified 6,
accounting for 43 per cent accuracy rate.

4) Out of the 14 financially distressed firms, the model incorrectly classified 8 as
non-financially distressed firms. This misclassification is referred to as a type |
error (a misclassification of financially distressed firms as non-financially

distressed firms) and, in this case, the type | error is 57 per cent.
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The descriptive statistics in Table 5.17 reveal the classification accuracy together with
type | error and type Il error between both groups. The highest accuracy rate for the
non-financially distressed group is 43 per cent (quarter 1 and quarter 8) whilst the
lowest accuracy rate for this group is 14 per cent (quarter 10). Thus, the highest and
the lowest type Il errors are 86 per cent (quarter 10) and 57 per cent (quarter 1 and
quarter 8), respectively.

The highest and the lowest of accuracy rates for the financially distressed group is 43
per cent (quarter 1 and quarter 2) and O (zero) per cent (quarter 11), respectively.
Consequently, the highest and the lowest type | errors are 100 per cent (quarter 11)
and 57 per cent (quarter 1 and quarter 2), respectively. One characteristic emerging in
Table 5.17 is that classification accuracy rates for both groups indicate a steady

decline when the time away from the financial distress increases.

In order to assess the overall classification accuracy of Model I, the average of the
probabilities of correctly classified firms in both groups is calculated. Also, the type |
error (a misclassification of financially distressed firms as non-financially distressed
firms) is focused. The main reason that the type | error is the area focused on is that
this study aims to examine the ability of financial ratios in signalling financial
distress, rather than to find to the optimal set of predictors for financial distress.
Therefore, both overall classification accuracy and type | error of Model | are

observed, which is demonstrated in Table 5.18.
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Table 5.18 The Overall classification accuracy and the type | error of Model |

Overall classification
Period accuracy* Type | error**

Q1 43% 57%
Q2 32% 57%
Q3 25% 79%

4 32% 64%
Q5 29% 71%
Q6 29% 64%
Q7 25% 71%
Q8 19% 86%
Q9 25% 79%
Q 10 11% 93%
Q11 8% 100%
Q 12 15% 92%
Q_13 19% 85%
Q 14 23% 77%
Q 15 31% 69%
Q_16 23% 85%
Q17 15% 85%
Q_18 17% 92%
Q 19 17% 92%
Q 20 29% 75%

Note:*Overall classification accuracy is the summation of correctly classified percentage

between both groups divided by 2.

**Type | error is a misclassification of financially distressed firms (1) as non-
financially distressed firms (0).

Source: Data analysis for this thesis

In Table 5.18, the overall classification accuracy is between 43 per cent (the highest
level in quarter 1) and 8 per cent (the lowest level in quarter 11). The type | error
varies between 100 per cent (the highest level in quarter 11) and 57 per cent (the
lowest level in quarters 1 and 2). Like the pattern emerging in Table 5.17 above, a
steady decline in the overall classification accuracy is observed. In summary, the
Model I’s overall classification accuracy rate is less than 45 per cent with the highest

type | error of 100 per cent.

As stated earlier, Model | estimation is used at the initial stage. This study expands
descriptive statistics found in Model | by estimating another two logit models. They
are Model Il (comprising the statistically significant 8 ratios (out of 16 ratios)) and

Model Il (comprising one ratio in each financial category (e.g. liquidity group,
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turnover group, leverage group, and profitability group) that provides the highest

absolute Z statistic value).

Model 11 is developed based on statistically significant 8 ratios out of the 16 ratios.

Model I is estimated by 558 observations, which is equally divided into 279

observations in the financially distressed group and 279 observations in the non-

financially distressed group. Figure 5.3 displays the logit results for Model II.

Figure 5.3 Logit results for Model 11

Variable Coefficient Std. Error z-Statistic Prob.

C 0.964019 0.248562 3.878384 0.0001

CACL -2.700131 0.358810 -7.525241 0.0000

QR 1.722071 0.327334 5.260902 0.0000

WCTA 7.850285 0.911308 8.614303 0.0000

STA 5.090225 1.245981 4.085315 0.0000

SINV -0.040482 0.010138 -3.993080 0.0001

EBITI -0.000591 0.000232 -2.546382 0.0109

TETL 0.226993 0.046705 4.860146 0.0000

NITA -8.396136 2.493495 -3.367216 0.0008

McFadden R-squared 0.227462 Mean dependent var 0.500000

S.D. dependent var 0.500449 S.E. of regression 0.422677

Akaike info criterion 1.103223 Sum squared resid 98.08184

Schwarz criterion 1.172970 Log likelihood -298.7991

Hannan-Quinn criter. 1.130462 Restr. log likelihood -386.7761

LR statistic 175.9541 Avg. log likelihood -0.535482
Prob(LR statistic) 0.000000

Obs with Dep=0 279  Total obs 558
Obs with Dep=1 279

Source: Data analysis for this thesis

According to Figure 5.3, the Model II’s equation can be presented as follows:

Pi :F(xi)

X, =0.964019 - 2.700131CACL +1.722071QR + 7.850285WCTA + 5.090225STA

—0.040482SINV —0.000591EBITI + 0.226993TETL —8.396136NITA

Where

P. = Conditional probability of financial distress

F (X;) = Cumulative logistic probability function
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After deriving Model Il, the probability of the sample is calculated in the same
procedures as those described in Model I. Also the cut-off score and the number of
total firms should be considered in the same manner as those in Model 1. The results
of classification accuracy between both groups for Model 11 are exhibited in Table
5.19.

Table 5.19 The classification table of Model Il

Predicted status

Period Actual status 0 % 1 % Total firms
Q1 0 6 43% 8 57% 14
1 9 64% 5 36% 14
Q2 0 4 29% 10 71% 14
1 10 71% 4 29% 14
Q.3 0 5 36% 9 64% 14
1 11 79% 3 21% 14
Q4 0 4 29% 10 71% 14
1 10 71% 4 29% 14
Q5 0 4 29% 10 71% 14
1 10 71% 4 29% 14
Q6 0 4 29% 10 71% 14
1 9 64% 5 36% 14
Q7 0 3 21% 11 79% 14
1 11 79% 3 21% 14
Qs 0 4 29% 10 71% 14
1 11 79% 3 21% 14
Q09 0 4 29% 10 71% 14
1 10 71% 4 29% 14
Q_10 0 3 21% 11 79% 14
1 13 93% 1 7% 14
Q1 0 2 15% 11 85% 13
1 13 100% 0 0% 13
Q. 12 0 3 23% 10 77% 13
1 11 85% 2 15% 13
Q. 13 0 3 23% 10 77% 13
1 11 85% 2 15% 13
Q.14 0 3 23% 10 77% 13
1 10 77% 3 23% 13
Q_15 0 4 31% 9 69% 13
1 9 69% 4 31% 13
Q_ 16 0 4 31% 9 69% 13
1 10 77% 3 23% 13
Q 17 0 2 15% 11 85% 13
1 10 77% 3 23% 13
Q18 0 3 25% 9 75% 12
1 10 83% 2 17% 12
Q. 19 0 3 25% 9 75% 12
1 11 92% 1 8% 12
Q 20 0 4 33% 8 67% 12
1 9 75% 3 25% 12

Note: 0=Non-financially distressed firms
1=Financially distressed firms
Source: Data analysis for this thesis
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From Table 5.19, the highest accuracy rate for the non-financially distressed group is
43 per cent (quarter 1) whilst the lowest accuracy rate for this group is 15 per cent
(quarter 11 and quarter 17). Thus, the highest and the lowest type Il errors are 85 per

cent (quarter 11 and quarter 17) and 57 per cent (quarter 1), respectively.

The highest and the lowest of accuracy rates for the financially distressed group are
36 per cent (quarter 1 and quarter 6) and O (zero) per cent (quarter 11), respectively.
Consequently, the highest and the lowest type | errors are 100 per cent (quarter 11)
and 64 per cent (quarter 1 and quarter 6), respectively. The between groups results
generated by Model Il is quite similar to those of Model I. Next, overall classification

accuracy and type | error are observed.

Table 5.20 The Overall classification accuracy and the type | error of Model |1

Period Overall classification accuracy* Type | error**
Q1 39% 64%
Q.2 29% 71%
Q3 29% 79%
Q4 29% 71%
Q5 29% 71%
Q.6 32% 64%
Q7 21% 79%
Q.8 17% 79%
Q9 29% 71%
Q_10 14% 93%
Q11 8% 100%
Q_12 19% 85%
Q_13 19% 85%
Q_14 23% 77%
Q_15 31% 69%
Q_16 27% 77%
Q_17 19% 77%
Q_18 21% 83%
Q_19 17% 92%
Q_20 29% 75%

Note:*Overall classification accuracy is the summation of correctly classified percentage
between both groups divided by 2.

**Type | error is a misclassification of financially distressed firms (1) as non-
financially distressed firms (0).

Source: Data analysis for this thesis
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In Table 5.20, the overall classification accuracy ranges between 39 per cent (the
highest level in quarter 1) and 8 per cent (the lowest level in quarter 11). The type |
error stays between 100 per cent (the highest level in quarter 11) and 64 per cent (the
lowest level in quarters 1 and 6). Like the pattern emerging in Model I, a steady
decline in the overall classification accuracy is observed with increasing time to
financial distress. In summary, the overall classification accuracy rate of Model Il is
less than 40 per cent with the highest type I error of 100 per cent.

As can be seen, the overall classification accuracy rate of Model 11 is lower than that
of Model I but both models generate the same highest type I error. As a result, it can
be inferred that removing non-statistically significant ratios makes no significant

difference in the classification accuracy in this sample set.

Model 111 is developed based on one ratio in each financial category that provides the
highest absolute Z statistic value in Model 1. Since there are four financial groups
described above, Model 111 is made up of four ratios. Model 11 is estimated by 560
observations, which is equally divided into 280 observations in the financially
distressed group and 280 observations in the non-financially distressed group. Figure

5.4 presents the logit results for Model I11.
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Figure 5.4 Logit results for Model 111

Variable Coefficient Std. Error z-Statistic Prab.

C 0.057158 0.111603 0.512153 0.6085

WCTA 2.228925 0.460974 4.835254 0.0000

SINV -0.001268 0.007716 -0.164372 0.8694

TETL -0.033317 0.025785 -1.292100 0.1963

NITA -4.285623 1.805144 -2.374117 0.0176

McFadden R-squared 0.038471 Mean dependent var 0.500000

S.D. dependent var 0.500447 S.E. of regression 0.489709

Akaike info criterion 1.350820 Sum squared resid 133.0971

Schwarz criterion 1.389462 Log likelihood -373.2295

Hannan-Quinn criter. 1.365909 Restr. log likelihood -388.1624

LR statistic 29.86581 Awvg. log likelihood -0.666481
Prob(LR statistic) 0.000005

Obs with Dep=0 280 Total obs 560
Obs with Dep=1 280

Source: Data analysis for this thesis

According to Figure 5.4, the equation of Model 111 can be written as follows:

P =F(X;)

X, =0.057158 + 2.228925WCTA — 0.001268SINV —0.033317TETL
—4.285623NITA Model I11 (5.4)
Where

P. = Conditional probability of financial distress

F (X;) = Cumulative logistic probability function

After deriving Model I11, the probability of the sample is calculated in the same
procedures as those described in Model I. Also the cut-off score and the number of
total firms should be considered in the same manner as those in Model I. The
following is the results of classification accuracy between both groups generated by
Model I1I.
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Table 5.21 The classification table of Model 111

Predicted status
Period Actual status 0 % 1 % Total firms
Q1 0 8 57% 6 43% 14
1 6 43% 8 57% 14
Q2 0 7 50% 7 50% 14
1 8 57% 6 43% 14
Q3 0 9 64% 5 36% 14
1 7 50% 7 50% 14
Q4 0 8 57% 6 43% 14
1 6 43% 8 57% 14
Q5 0 8 57% 6 43% 14
1 6 43% 8 57% 14
Q6 0 5 36% 9 64% 14
1 7 50% 7 50% 14
Q7 0 6 43% 8 57% 14
1 7 50% 7 50% 14
Q.8 0 6 43% 8 57% 14
1 8 57% 6 43% 14
Q9 0 5 36% 9 64% 14
1 9 64% 5 36% 14
Q_10 0 3 21% 11 79% 14
1 7 50% 7 50% 14
Q11 0 4 31% 9 69% 13
1 7 54% 6 46% 13
Q 12 0 6 46% 7 54% 13
1 7 54% 6 46% 13
Q13 0 7 54% 6 46% 13
1 9 69% 4 31% 13
Q 14 0 7 54% 6 46% 13
1 6 46% 7 54% 13
Q_15 0 6 46% 7 54% 13
1 6 46% 7 54% 13
Q_16 0 5 38% 8 62% 13
1 7 54% 6 46% 13
Q 17 0 5 38% 8 62% 13
1 9 69% 4 31% 13
Q_18 0 5 42% 7 58% 12
1 7 58% 5 42% 12
Q 19 0 5 42% 7 58% 12
1 7 58% 5 42% 12
Q 20 0 6 50% 6 50% 12
1 5 42% 7 58% 12

Note:0=Non-financially distressed firms
1=Financially distressed firms

Source: Data analysis for this thesis

Referring to Table 5.21, the highest accuracy rate for the non-financially distressed

group is 64 per cent (quarter 3) whilst the lowest accuracy rate for this group is 21 per
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cent (quarter 10). When it comes to type Il error for this group, the highest level is 79
per cent (quarter 10) and the lowest level is 36 per cent (quarter 3).

The highest and the lowest of accuracy rates for the financially distressed group are
58 per cent (quarter 20) and 31 per cent (quarter 13 and quarter 17), respectively. The
highest type | error is 69 per cent (quarter 13 and quarter 17) while the lowest type |
error is 42 per cent (quarter 20). Among the first three models, Model 111 yields the
best results in terms of the classification accuracy rate and the type | error between
both groups.

Table 5.22 The Overall classification accuracy and the type | error of Model 111

Overall classification
Period accuracy* Type | error**
Q1 57% 43%
Q2 46% 57%
Q3 57% 50%
Q4 57% 43%
Q5 57% 43%
Q6 43% 50%
Q7 46% 50%
Q38 29% 57%
Q9 36% 64%
Q_10 36% 50%
Q11 38% 54%
Q12 46% 54%
Q_13 42% 69%
Q 14 54% 46%
Q_15 50% 46%
Q_16 42% 54%
Q_17 35% 69%
Q_18 42% 58%
Q_19 42% 58%
Q 20 54% 42%

Note:*Overall classification accuracy is the summation of correctly classified percentage
between both groups divided by 2.

**Type | error is a misclassification of financially distressed firms (1) as non-
financially distressed firms (0).

Source: Data analysis for this thesis
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Pertaining to Table 5.22, the overall classification accuracy ranges between 57 per
cent (the highest level in quarters 1, 3, 4 and 5) and 29 per cent (the lowest level in
quarter 8). The type I error is between 69 per cent (the highest level in quarters 13 and
17) and 42 per cent (the lowest level in quarter 20). Like the pattern emerging in the
first two models, a steady decline in the overall classification accuracy is observed. In
summary, overall classification accuracy rate of Model 11 is 57 per cent with the
highest type I error of 69 per cent.

Comparing the three models (Model I, 11 and I11), Model 111 yields superior results of
overall classification accuracy and type | error. Even though the overall classification
accuracy rate increases to nearly 60 per cent (Model I11) from 39 per cent (Model 11),
the type | errors provided by the three models are considered high. This leads to the
development of another two models, that is, Model 1V (comprising nine ratios that
provide the statistically significant difference of mean value (p<0.05) between the two
groups (please refer to Table 5.3 and 5.4) and Model V (comprising Altman’s Z score

four ratios).

With reference to Table 5.3 and 5.4, the between group mean values of nine ratios are
statistically significant different (p<0.05). As result, Model IV is made up of nine
ratios. Model 1V is estimated by 558 observations, which is equally divided into 279
observations in the financially distressed group and 279 observations in the non-

financially distressed group. Figure 5.5 reveals the logit results for Model 1V.
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From Table 5.24, the overall classification accuracy ranges between 39 per cent (the
highest level in quarters 1 and 4) and 14 per cent (the lowest level in quarter 8). The
type | error is between 93 per cent (the highest level in quarters 8, 9 and 10) and 57
per cent (the lowest level in quarter 6). Like the pattern emerging in previous logit
models estimated in this study, a steady decline in the overall classification accuracy
is observed. In summary, overall classification accuracy rate of Model 1V is 39 per
cent with the highest type | error of 93 per cent.

Since this study previously employs the EMS model as an analytical tool in
examining the ability of financial ratios in signalling financial distress, four financial
ratios of the EMS model are used to estimate Model V (a logit-based model).
Therefore, Model V is made up of four ratios. Model V is estimated by 560
observations, which is equally divided into 280 observations in the financially
distressed group and 280 observations in the non-financially distressed group. Figure
5.6 illustrates the logit results for Model V.

Figure 5.6 Logit results for Model V

Variable Coefficient Std. Error z-Statistic Prab.

C 0.042217 0.117205 0.360198 0.7187

WCTA 2.070704 0.453799 4.563041 0.0000

TETL -0.037192 0.026821 -1.386708 0.1655

EBITTA -2.161907 2.283391 -0.946797 0.3437

RETA 0.008784 0.169899 0.051701 0.9588

McFadden R-squared 0.030132 Mean dependent var 0.500000

S.D. dependent var 0.500447 S.E. of regression 0.492491

Akaike info criterion 1.362379 Sum squared resid 134.6138

Schwarz criterion 1.401022 Log likelihood -376.4662

Hannan-Quinn criter. 1.377468 Restr. log likelihood -388.1624

LR statistic 23.39240 Awvg. log likelihood -0.672261
Prob(LR statistic) 0.000106

Obs with Dep=0 280 Total obs 560
Obs with Dep=1 280

Source: Data analysis for this thesis
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Table 5.25 The classification table of Model VV

Predicted status

Period Actual status 0 % 1 % Total firms
Q1 0 7 50% 7 50% 14
1 7 50% 7 50% 14
Q2 0 8 57% 6 43% 14
1 6 43% 8 57% 14
Q3 0 9 64% 5 36% 14
1 6 43% 8 57% 14
Q4 0 9 64% 5 36% 14
1 6 43% 8 57% 14
Q.5 0 8 57% 6 43% 14
1 6 43% 8 57% 14
Q_6 0 6 43% 8 57% 14
1 7 50% 7 50% 14
Q7 0 6 43% 8 57% 14
1 8 57% 6 43% 14
Q_8 0 7 50% 7 50% 14
1 8 57% 6 43% 14
Q.9 0 5 36% 9 64% 14
1 9 64% 5 36% 14
Q_10 0 5 36% 9 64% 14
1 7 50% 7 50% 14
Q11 0 4 31% 9 69% 13
1 7 54% 6 46% 13
Q_12 0 7 54% 6 46% 13
1 7 54% 6 46% 13
Q_13 0 8 62% 5 38% 13
1 8 62% 5 38% 13
Q 14 0 7 54% 6 46% 13
1 6 46% 7 54% 13
Q_15 0 8 62% 5 38% 13
1 6 46% 7 54% 13
Q_16 0 7 54% 6 46% 13
1 5 38% 8 62% 13
Q17 0 5 38% 8 62% 13
1 9 69% 4 31% 13
Q_18 0 5 42% 7 58% 12
1 6 50% 6 50% 12
Q_19 0 5 42% 7 58% 12
1 7 58% 5 42% 12
Q_20 0 6 50% 6 50% 12
1 5 42% 7 58% 12

Note: 0=Non-financially distressed firms

1=Financially distressed firms

Source: Data analysis for this thesis
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From Table 5.25, the highest accuracy rate for the non-financially distressed group is
64 per cent (quarters 3 and 4) whilst the lowest accuracy rate for this group is 31 per
cent (quarter 11). The highest type Il error is 69 per cent (quarter 11) and the lowest
type Il error is 36 per cent (quarter 3 and 4).

The highest and the lowest of accuracy rates for the financially distressed group are
62 per cent (quarter 16) and 31 per cent (quarter 17), respectively. For type | error in
this group, the highest level is 69 per cent (quarter 17) while the lowest level is 38 per
cent (quarter 16).

Table 5.26 The Overall classification accuracy and the type | error of Model V

Overall classification
Period accuracy* Type | error**
Q_1 50% 50%
Q_2 57% 43%
Q_3 61% 43%
Q_4 61% 43%
Q_5 57% 43%
Q_6 46% 50%
Q_7 43% 57%
Q_8 31% 57%
Q_9 36% 64%
Q_10 43% 50%
Q_11 38% 54%
Q_12 50% 54%
Q_13 50% 62%
Q_14 54% 46%
Q_15 58% 46%
Q_16 58% 38%
Q_17 35% 69%
Q_18 46% 50%
Q_19 42% 58%
Q_20 54% 42%

Note:*Overall classification accuracy is the summation of correctly classified percentage

between both groups divided by 2.

**Type | error is a misclassification of financially distressed firms (1) as non-
financially distressed firms (0).

Source: Data analysis for this thesis
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From Table 5.26, the overall classification accuracy ranges between 61 per cent (the
highest level in quarters 3 and 4) and 31 per cent (the lowest level in quarter 8). The
type | error is between 69 per cent (the highest level in quarter 17) and 38 per cent
(the lowest level in quarter 16). Over the entire observation period, the overall
classification accuracy rate remains in the interval of 40 per cent and 60 per cent. In
summary, overall classification accuracy rate of Model V is just above 60 per cent
with the highest type I error of 69 per cent.

To compare and contrast the ability of financial ratios in classifying financially
distressed firms and non-financially distressed firms of Model | to Model V, the

overall classification accuracy and type I error are presented in Table 5.27.

Table 5.27 Comparison of overall classification accuracy and type | error (Model | to Model

V)
Logit-based model Overall classification accuracy Type | error

High Low High Low
Model | (16 ratios) 43% 8% 100% 57%
Model Il (8 ratios) 39% 8% 100% 64%
Model 11l (4 ratios) 57% 29% 69% 42%
Model IV (9 ratios) 39% 14% 93% 57%
Model V (Altman’s EMS 4 ratios) 61% 31% 69% 38%

Source: Data analysis for this thesis

In terms of the accepted level prediction for the estimated models in this study, the
minimum level of accuracy is at 50 per cent. In other words, the estimated models are
considered useful when the models correctly classify more than half of the firms in
both groups (to ensure that they provide a better than random classification (50/50) of
the firms). From Table 5.27, the overall classification accuracy of the estimated
models is relatively poor. For example, Models I, Il, and IV correctly classified less
than half of firms in both groups (43 per cent and 39 per cent, respectively).
Nevertheless, Models 111 and V correctly classified just above half of the firms in both
groups (57 per cent and 61 per cent, respectively). Consequently, Models 111 and V
provide a better than minimum criteria of acceptability and are considered relatively

useful.
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Concerning type | error, Model V provides the lowest type I error of 38 per cent. This
means Model V correctly predicts up to 62 per cent of failed firms. Model 111 provides
the minimum level of type I error of 42 per cent but the rest provide an above 50 per

cent minimum level of type | error.

As mentioned above in Sub-section 3.2.2 (pages 32-33), there are financial and/or
economic costs of financial distress, which may be the consequential cost of not
correctly identifying a potential financial distress of firms. The costs of not
identifying non-financial distress - or classifying financially robust firms as being
likely to suffer financial distress (or type Il error) — may be associated with investors
(or investment agencies) deciding not to invest (or recommending investors not to
invest) in a company. However, in the context of studying financial distress, the
minimum level of type | error is widely referred to as an appropriate criterion, besides
the overall classification accuracy. It is because of the argument that costs of not
identifying financial distress leads to more significant trauma than that of not
identifying non-financial distress. Since this study aims to examine the ability of
financial statement data in signalling financial distress, type | error (not identifying
financial distress) is mainly focused on in Table 5.27. This explains why type Il error
(not identifying non-financial distress) is not included and discussed in Table 5.27.
That more than half of financially distressed firms are correctly classified is employed
in order to judge whether the models are useful or not in terms of financial distress

prediction.

According to the criteria aforementioned, both Model 111 and Model V yield the better
overall classification accuracy rate (the highest accuracy rate) of above 55 per cent
while the rest provide overall classification accuracy rates below 45 per cent. When it
comes to type | error (misclassification of financially distressed firms as non-
financially distressed firms), Model Il and Model V provide a lower type | error of
42 per cent and 38 per cent, respectively. Out of the five models, Model V provides a
better result in terms of both overall classification accuracy (61 per cent) and type |

error (38 per cent).
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It is noticeable that the results in Table 5.27 are derived from the estimation sample
test. It is because each model is developed based on the entire 20 quarters sample
period and the estimated coefficients are used to classify financial distress over the 20
quarters sample period. Beaver, McNichols and Rhie (2005) state that a more
challenging test of classification ability of financial distress models is an out-of-
sample test. To perform the out-of-sample test, coefficients are estimated from one
period and the estimated coefficients are used to signal financial distress in another
period (Beaver, McNichols & Rhie 2005). Thus, this study will investigate and
present the classification results of out-of-sample test.

5.7.4 Discussion of logit model results based on the split sample

This sub-section is designed to examine the classification results of out-of-sample test.
In other words, the ‘predictive’ ability of financial ratios for financial distress is
observed. By doing so, coefficients estimated from one sample period are used to
differentiate financially distressed firms and non-financially distressed firms in
another sample period. Since Model V (Altman’s EMS four ratios) generates a
superior result, the four ratios are used to estimate coefficients in Model VI and
Model VII below.

Model VI is developed by employing only quarter 1 sample period of the 28 firms’
financial data. This explains why Model V1 is estimated by 28 observations, which is
equally divided into 14 observations in the financially distressed group and 14
observations in the non-financially distressed group. Figure 5.7 presents the logit
results for Model V1.
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Figure 5.7 Logit results for Model VI

Variable Coefficient Std. Error z-Statistic Prab.

C -0.273525 0.575335 -0.475419 0.6345

WCTA -0.701573 2.287420 -0.306709 0.7591

EBITTA 5.097333 12.11501 0.420745 0.6739

RETA 0.359796 0.863821 0.416517 0.6770

TETL 0.044618 0.090900 0.490849 0.6235

McFadden R-squared 0.023914 Mean dependent var 0.500000

S.D. dependent var 0.509175 S.E. of regression 0.543283

Akaike info criterion 1.710285 Sum squared resid 6.788591

Schwarz criterion 1.948179 Log likelihood -18.94399

Hannan-Quinn criter. 1.783012 Restr. log likelihood -19.40812

LR statistic 0.928258 Awvg. log likelihood -0.676571
Prob(LR statistic) 0.920472

Obs with Dep=0 14  Total obs 28
Obs with Dep=1 14

Source: Data analysis for this thesis

According to Figure 5.7, the equation of Model VI can be presented as follows:

P =F(X;)

X, =-0.273525-0.701573WCTA +5.097333EBITTA + 0.359796 RETA
+0.044628TETL L ModeVI (5.7)
Where

P, = Conditional probability of financial distress

F (X;) = Cumulative logistic probability function

After a derivation of Model VI, the probability of the sample is calculated in the same
procedures as those described in Model I. Also the cut-off score and the number of
total firms should be considered in the same manner as those in Model I. Table 5.28
reveals the results of classification accuracy between the financially distressed group

and the non-financially distressed group.
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Table 5.28 The classification table of Model VI

Predicted status

Period | Actual status 0 % 1 % Total firms
Q1 0 6 43% 8 57% 14
1 8 57% 6 43% 14
Q2 0 8 57% 6 43% 14
1 7 50% 7 50% 14
Q3 0 7 50% 7 50% 14
1 6 43% 8 57% 14
Q4 0 7 50% 7 50% 14
1 7 50% 7 50% 14
Q5 0 7 50% 7 50% 14
1 5 36% 9 64% 14
Q6 0 8 57% 6 43% 14
1 5 36% 9 64% 14
Q7 0 7 50% 7 50% 14
1 5 36% 9 64% 14
Q.8 0 7 50% 7 50% 14
1 4 29% 10 71% 14
Q9 0 8 57% 6 43% 14
1 5 36% 9 64% 14
Q_10 0 8 57% 6 43% 14
1 4 29% 10 71% 14
Q11 0 7 54% 6 46% 13
1 4 31% 9 69% 13
Q. 12 0 6 46% 7 54% 13
1 5 38% 8 62% 13
Q_13 0 7 54% 6 46% 13
1 4 31% 9 69% 13
Q 14 0 7 54% 6 46% 13
1 4 31% 9 69% 13
Q_15 0 5 38% 8 62% 13
1 3 23% 10 77% 13
Q_16 0 5 38% 8 62% 13
1 3 23% 10 77% 13
Q_17 0 6 46% 7 54% 13
1 4 31% 9 69% 13
Q_18 0 8 67% 4 33% 12
1 4 33% 8 67% 12
Q19 0 4 33% 8 67% 12
1 4 33% 8 67% 12
Q. 20 0 5 42% 7 58% 12
1 4 33% 8 67% 12

Note: 0=Non-financially distressed firms
1=Financially distressed firms

Source: Data analysis for this thesis
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According to Table 5.28, quarter 1 provides the estimation sample test while the rest
(quarter 2 to quarter 20) provides the out-of-sample test. For the estimation sample
test, the classification accuracy rate for both groups is similar (43 per cent in quarter

1) with the same rate of type | and type Il errors (57 per cent).

For the out-of-sample test, the highest classification accuracy rate for the non-
financially distressed firms is 67 per cent (quarter 18) whilst the lowest accuracy rate
for this group is 33 per cent (quarter 19). The highest type Il error is 67 per cent
(quarter 19) and the lowest type Il error is 33 per cent (quarter 18).

The highest and the lowest accuracy rates for the financially distressed group are 77
per cent (quarters 15 and 16) and 50 per cent (quarters 2 and 4), respectively.
Concerning the type I error in this group, the highest level is 50 per cent (quarters 2
and 4) while the lowest level is 23 per cent (quarters 15 and 16).

As can be seen, the out-of-sample results of Model VI are quite promising compared
to those of Model | to Model V. The between group classification accuracy rate
reaches 77 per cent for financially distressed firms and 67 per cent for non-financially
distressed firms. Table 5.29 exhibits the overall classification accuracy results and

type | error of Model V1.
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Table 5.29 The Overall classification accuracy and the type | error of Model VI

Overall classification
Period accuracy* Type | error**

Q1 43% 57%
Q2 54% 50%
Q3 54% 43%

4 50% 50%
Q5 57% 36%
Q6 61% 36%
Q7 57% 36%
Q8 40% 29%
Q9 61% 36%
Q 10 64% 29%
Q11 62% 31%
Q 12 54% 38%
Q_13 62% 31%
Q 14 62% 31%
Q 15 58% 23%
Q_16 58% 23%
Q17 58% 31%
Q_18 67% 33%
Q 19 50% 33%
Q 20 54% 33%

Note:*Overall classification accuracy is the summation of correctly classified percentage
between both groups divided by 2.

**Type | error is a misclassification of financially distressed firms (1) as non-
financially distressed firms (0).

Source: Data analysis for this thesis

The estimation sample test and out-of-sample test should be read in the same manner
as those in Table 5.28 above. Concerning the estimation sample test, the overall
classification accuracy is 43 per cent while type | error stands at 57 per cent. For the
out-of-sample test, the overall classification accuracy ranges between 67 per cent (the
highest level in quarter 18) and 40 per cent (the lowest level in quarter 8). The type |
error is between 50 per cent (the highest level in quarters 2 and 4) and 23 per cent (the
lowest level in quarters 15 and 16). It is noticeable that Model VI’s out-of-sample
results (both overall classification accuracy rate and type | error) are considered better
than those of Model | to Model V.
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Model V11 is developed by employing quarter 1 to quarter 4 sample periods of the 28
firms’ financial data. This explains why Model VII is estimated by 112 observations,
which is equally divided into 56 observations in the financially distressed group and
56 observations in the non-financially distressed group. Figure 5.8 presents the logit
results for Model VII.

Figure 5.8 Logit results for Model VII

Variable Coefficient Std. Error z-Statistic Prob.

C 0.032501 0.284555 0.114218 0.9091

WCTA -0.755071 1.185753 -0.636786 0.5243

EBITTA -10.15856 6.291717 -1.614593 0.1064

RETA 0.147316 0.376413 0.391369 0.6955

TETL 0.072563 0.054529 1.330704 0.1833

McFadden R-squared 0.033589 Mean dependent var 0.500000

S.D. dependent var 0.502247 S.E. of regression 0.500182

Akaike info criterion 1.429016 Sum squared resid 26.76945

Schwarz criterion 1.550377 Log likelihood -75.02489

Hannan-Quinn criter. 1.478256 Restr. log likelihood -77.63248

LR statistic 5.215197 Awvg. log likelihood -0.669865
Prob(LR statistic) 0.265921

Obs with Dep=0 56 Total obs 112
Obs with Dep=1 56

Source: Data analysis for this thesis

According to Figure 5.8, the equation of Model VII can be written as follows:

Pi :F(xi)

X, =0.032501—-0.75507IWCTA—-10.15856EBITTA + 0.147316RETA
+0.0726563TETL ModeVII (5.8)
Where

P. = Conditional probability of financial distress

F (X;) = Cumulative logistic probability function

After a derivation of Model VII, the probability of the sample is calculated in the

same procedures as those described in Model I. Also the cut-off score and the number
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of total firms should be considered in the same manner as those in Model I. Table
5.30 reveals the results of classification accuracy between the financially distressed
group and the non-financially distressed group.

Table 5.30 The classification table of Model VI

Predicted status

Period Actual status 0 % 1 % Total firms
Q1 0 6 43% 8 57% 14
1 6 43% 8 57% 14
Q2 0 7 50% 7 50% 14
1 9 64% 5 36% 14
Q3 0 5 36% 9 64% 14
1 7 50% 7 50% 14
Q4 0 5 36% 9 64% 14
1 7 50% 7 50% 14
Q5 0 9 64% 5 36% 14
1 9 64% 5 36% 14
Q6 0 5 36% 9 64% 14
1 6 43% 8 57% 14
Q7 0 7 50% 7 50% 14
1 8 57% 6 43% 14
Q8 0 7 50% 7 50% 14
1 5 36% 9 64% 14
Q09 0 5 36% 9 64% 14
1 2 14% 12 86% 14
Q_10 0 6 43% 8 57% 14
1 4 29% 10 71% 14
Q11 0 8 62% 5 38% 13
1 4 31% 9 69% 13
Q 12 0 7 54% 6 46% 13
1 5 38% 8 62% 13
Q13 0 8 62% 5 38% 13
1 5 38% 8 62% 13
Q 14 0 5 38% 8 62% 13
1 7 54% 6 46% 13
Q_15 0 9 69% 4 31% 13
1 7 54% 6 46% 13
Q_16 0 8 62% 5 38% 13
1 7 54% 6 46% 13
Q 17 0 9 69% 4 31% 13
1 8 62% 5 38% 13
Q 18 0 6 50% 6 50% 12
1 4 33% 8 67% 12
Q 19 0 9 75% 3 25% 12
1 7 58% 5 42% 12
Q 20 0 7 58% 5 42% 12
1 5 42% 7 58% 12

Note: 0=Non-financially distressed firms
1=Financially distressed firms

Source: Data analysis for this thesis
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According to Table 5.30, quarter 1 to quarter 4 provide the estimation sample test
while the rest (quarter 5 to quarter 20) provides the out-of-sample test. For the
estimation sample test, the highest classification accuracy for the non-financially
distressed firms is 50 per cent (quarter 2) and the lowest accuracy rate for this group is
36 per cent (quarters 3 and 4). The type Il error for non-financially distressed firms
ranges between 64 per cent (the highest level in quarters 3 and 4) and 50 per cent (the
lowest level in quarter 2). The classification accuracy for financially distressed firms
is between 57 per cent (the highest level in quarter 1) and 36 per cent (the lowest level
in quarter 2). The type | error is between 64 per cent (the highest level in quarter 2)
and 43 per cent (the lowest level in quarter 1).

For the out-of-sample test, the highest classification accuracy rate for the non-
financially distressed firms is 75 per cent (quarter 19) whilst the lowest accuracy rate
for this group is 36 per cent (quarters 6 and 9). The highest type Il error is 64 per cent
(quarters 6 and 9) while the lowest type Il error is 25 per cent (quarter 19). The
highest and the lowest accuracy rates for the financially distressed group are 86 per
cent (quarter 9) and 36 per cent (quarter 5), respectively. The type I error in this group
stays between 64 per cent (the highest level in quarter 5) and 14 per cent (the lowest

level in quarter 9).

Between Model VI and Model VII, Model VII provides better out-of-sample results
with the highest classification accuracy of 75 per cent for the non-financially
distressed firms and 86 per cent for the financially distressed firms. Moreover, the
between group out-of-sample results of Model V11 are superior to those of Model | to
Model VI. Nevertheless, the overall classification accuracy of Model VI needs to be
examined. Table 5.31 exhibits the overall classification accuracy results and type |
error of Model VII.
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Table 5.31 The Overall classification accuracy and the type I error of Model V1I

Overall classification
Period accuracy* Type | error**

Q1 50% 43%
Q2 43% 64%
Q3 43% 50%

4 43% 50%
Q5 50% 64%
Q6 46% 43%
Q7 46% 57%
Q8 38% 36%
Q9 61% 14%
Q 10 57% 29%
Q11 65% 31%
Q 12 58% 38%
Q 13 62% 38%
Q 14 42% 54%
Q 15 58% 54%
Q_16 54% 54%
Q 17 54% 62%
Q_18 58% 33%
Q 19 58% 58%
Q 20 58% 42%

Note:*Overall classification accuracy is the summation of correctly classified percentage
between both groups divided by 2.

**Type | error is a misclassification of financially distressed firms (1) as non-
financially distressed firms (0).

Source: Data analysis for this thesis

The estimation sample test and out-of-sample test should be read in the same manner
as those in Table 5.30 above. For the estimation sample test, the overall classification
accuracy is between 50 per cent (the highest level in quarter 1) and 43 per cent (the
lowest level in quarters 2, 3 and 4) while type | error ranges between 64 per cent (the

highest level in quarter 2) and 43 per cent (the lowest level in quarter 1).

For the out-of-sample test, the overall classification accuracy ranges between 65 per
cent (the highest level in quarter 11) and 38 per cent (the lowest level in quarter 8).
The type | error is between 64 per cent (the highest level in quarter 5) and 14 per cent
(the lowest level in quarter 9). To compare and contrast the results of Model VI and
Model VII, Table 5.32 is presented below.

174



Table 5.32 Comparison of overall classification accuracy and type | error (Model VI and
Model VII)
Overall classification
Type of model and sample test accuracy Type | error
High Low High Low
Model | Estimation sample test 43% na 57% na
\ Out-of-sample test 67% 40% 50% 23%
Model | Estimation sample test 50% 43% 64% 43%
VI Out-of-sample test 65% 38% 64% 14%
Source: Data analysis for this thesis

From Table 5.32, the overall classification accuracy of the estimated models in the
estimation sample test is relatively poor. For example, Model VI correctly classified
43 per cent firms in both groups while Model VII correctly classified 50 per cent
firms in both groups. However, the overall classification accuracy of the models in the
out-of-sample test significantly improves. For example, Model VI correctly classified
firms in both groups at 67 per cent while Model VI correctly classified firms in both

groups at 65 per cent.

Concerning type | error, Model VI provides a minimum level of type | error of 23 per
cent while Model VII provides minimum level of type | error as low as 14 per cent.
This means Model VI correctly predicts up to 77 per cent of failed firms while Model
VII correctly predicts up to 86 per cent. To determine whether the models are useful
or not, the criteria stated earlier (page 164) is applied. As a result, the predictive
ability in terms of identifying financial distress is relatively impressive, that is, up to
86 per cent for Model VII and up to 77 per cent for Model V1. It should be noted that
a number of characteristics emerging in Model VI and Model VII are that both models
employ the same four financial ratios of Altman’s EMS model and that the estimated
coefficients of each model are different because of different sample periods used in

estimating the logit model.
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According to the results in Table 5.27 and Table 5.32, it can be inferred that the
model estimated by the most recent data sample period provides superior results to
models developed by a pool data sample set. Again, to support the research question
of this study, the correct classification of the financially distressed firms or the type |
error plays a crucial role. In Model VI, the correct classification of the financially
distressed firms is up to 77 per cent (the lowest type | error of 23 per cent) while, in
Model V11, the correct classification of the financially distressed firms is up to 86 per
cent (the lowest type | error of 14 per cent).

It should be noted that, besides the most recent 1 quarter model (Model V1), a number
of logit models (for instance, the recent 2 quarter model, and the recent 3 quarter
model) have been estimated but their results are not as strong as that of Model VI.
Likewise, the recent 8 quarter model, the recent 12 quarter model, and the recent 16
quarter model have been estimated but their results are not as strong as that of the
recent 4 quarter model (Model VII). Therefore, Model VI and Model VII have been

discussed in this study.

With reference to the results presented above, it can be inferred that financial ratios
could provide useful information for signalling an occurrence of financial distress

during the specified period in Thailand.

5.8 Conclusion

As mentioned at the beginning of this chapter, this chapter aimed to apply the methodology

together with the data collected to answer the research question.

The chapter began with the descriptive profile of companies, financial statements, and ratios

used for the analysis. In particular, significant differences in financial ratios were identified to

illustrate the characteristics of the target companies and the benchmark companies over the

investigation period. Both descriptive and inferential statistics were employed to support the
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identification of these groups. After presenting the key attributes/variables of both groups, the
discussion turned to the individual application of each predictive measure and its results. The
performance of each measure for the target group and the benchmark group was discussed.
The measures adopted in this study can be divided into two groups. They are (1) the EMS
model representing sophisticated prediction measures, and (2) comparative ratio analysis and
ratio trend analysis representing traditional measures. The underlying reasons for employing
the three measures were provided. The IMM approach and its results were discussed and
presented. Likewise, the rationale for adopting the IMM approach has been discussed in
Section 5.6.

To provide a triangulation perspective, a set of logit models were estimated based on pool
data of 28 firms’ 16 financial ratios with the entire 20 quarters sample period. Prior to a
derivation of logit-based models, the 16 financial ratios were tested for both correlation and
normality. The results for correlation and normality tests were presented and discussed. Then,
seven logit models were estimated with different criteria. They include Model I (comprising
the 16 financial ratios), Model Il (comprising the statistically significant 8 ratios (out of 16
ratios)), Model 111 (comprising one ratio in each financial category (e.g. liquidity group,
turnover group, leverage group, and profitability group) that provides the highest absolute Z
statistic value), Model 1V (comprising nine ratios that provide the statistically significant
difference of mean value (p<0.05) between the two groups), and Model V to Model VII

(comprising Altman’s Z score four ratios).

Model I to Model V were estimated based on the entire data sample set, which provides the
results of the estimation sample test. Alternatively, Model VI and Model VII were estimated
on the basis of a spilt data sample, which provides the results of the out-of-sample test. To
perform the out-of-sample test in this study, coefficients estimated from one sample period
were used to differentiate financially distressed firms and non-financially distressed firms in

another sample period.

Finally, results of each model were presented and discussed. They include the between group
classification accuracy rate, the rate of type | error and type Il error, and the overall
classification accuracy rate. Moreover, a comparison of overall classification accuracy
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together with type | error among Model | to Model V was presented and discussed, as was the
case of Model VI to Model VII.

Having conducted the data analysis, the discussion now turns to conclusions and implications
of the findings. The details of these issues will be discussed in Chapter 6.
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Chapter 6: Conclusions and Implications

6.1 Introduction

Data analysis and results were shown in Chapter 5. This chapter discusses the findings
derived from the data analysis. Also a discussion of the implications and limitations of this
study is presented. Before discussing the aforementioned aspects, it is imperative to restate
the purpose of this study. This study investigates the ability of financial statement
information to signal business failure in Thailand in recent years. Specifically, this study
examines whether financial statements can adequately be used to discriminate between
potentially failed and non-failed Thai firms in normal economic circumstances. As
mentioned earlier, this research did not focus on finding the best predictors for failure. The
underlying reason behind this study is that there has not been any empirical study
investigating the ability of financial statements to signal business failure in Thailand,
particularly in the period following the 1997 financial crisis. Also the Integrated Multi—
Measure (IMM) approach and logit modelling used together with quarterly financial
statements had not been previously considered in the analysis of financial distress in the

Thailand environment.

The chapter comprises seven sections as depicted in Figure 6.1. Section 6.1 outlines the
objective and the structure of the chapter. Section 6.2 provides summary about research
issues, which were developed in Chapter 1. Implications of this research are presented in
Section 6.3. Section 6.4 outlines contributions of the study, followed by limitations of this
study in Section 6.5. Section 6.6 suggests implications for further research. Finally, the

conclusions of this chapter are drawn in Section 6.7.
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Figure 6.1 The structure of Chapter 6

6.1 Introduction
(Objectives and structure of the chapter)

A 4

6.2 Summary
A 4 A 4
6.2.1 Summary about the 6.2.2 Summary about the
research question research problem
A 4

6.3 Implications

A 4

6.3.1 Implications for 6.3.2 Implications for policy
theory and practice

A 4
6.4 Contributions of the study

6.5 Limitations of this study

6.6 Implications for further research

\4

6.7 Conclusion

Source: Developed for this thesis
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6.2 Summary

In investigating the ability of financial statement information to signal business failure, this
study initially attempted to resolve a number of debated issues in the context of ratio—based
modelling for business failure. This section provides an overall conclusion aiming to link the

focal sections of this study.

First of all, it is imperative to understand generic terms used in failure definition and these
terms were presented in Chapter 3. There are a multitude of definitions of business failure in
the literature. This is because there is no agreement among researchers on this issue (Ohlson
1980). According to previous studies, it is reasonable to conclude that the two main
approaches to defining failure reflect the specific interests of the researchers and the
conditions of the companies being examined (Dimitras, Zanakis & Zopounidis 1996). To
satisfy the purpose of this study, consideration of the term ‘failure’, together with ‘financial
distress’ was deemed preferable because business failure and/or financial distress reflects the
fact that firms which are financially weak do not always become legally bankrupt (Gilbert,
Menon & Schwartz 1990; Hamer 1983; Hill, Perry & Andes 1996; and Scott 1981). The
discussion of adopting a definition of failure in this study was made in Chapter 4. Without a
formal definition of business failure, ‘the integrity of the sample becomes questionable’
(Hossari 2006, p. 298). Business failure in this study is defined as including firms that are
financially weak (but not always become bankrupt) and which have been delisted. This is
consistent with previous studies. Once the generic terms were presented, the theoretical

framework was discussed, followed by a review of the previous research.

In the literature review, the methodological developments were explicitly reviewed. One
example is that, before the advent of the multivariate approach, the univariate approach was
used. Another example is that some methodologies incorporate non-financial statement
information (i.e. inflation, interest rates and the like) in their modelling of business failure.
The findings of the literature review helped identify the research gap and led to the
development of the research problem and question of this study. Again, the research problem
is whether financial statement information can be adequately used to predict financial distress

for Thai firms in normal economic circumstances. The research question is can financial
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statement information be used to discriminate between potentially failing and non-failing

firms in the context of Thailand in normal economic circumstances?

Another core issue in studying business failure is the selection of the sample group.
Following many previous studies, this study uses both failed and non—failed firms. A sample
that contains only failed firms is inadequate for this study because the measures (for instance,
comparative ratio analysis, ratios trend analysis, and the IMM approach) used need to
compare and contrast financial ratios of both groups. Furthermore, the pair sample technique
and the matching criteria (i.e. similar industry, asset size, and statement date) were applied.
The rationale for adopting this technique and the criteria were provided in Chapter 4.

The investigation period is one of the controversial issues in this field because there is no
unanimous view among researchers concerning the optimal investigation period in the study
of business failure prediction. Notwithstanding this, a large number of studies investigate the
five—year period prior to failure. Given this, it can be inferred that a study period of more
than or less than five years might be ineffective. As a result, this study adopted five years as

an investigation period.

Another important issue is the selection of financial ratios. In earlier studies, 44 potential
ratios were identified as potentially useful indicators for business failure so they were
considered in this study as a starting point. Of these, a total of 16 ratios were selected in this
study. The 16 ratios can be divided into two groups: one is the four ratios required for the
EMS model and the other is the 15 ratios selected for the two traditional measures (including
some of the EMS model’s ratios). The 15 ratios used in the two measures were selected based
on their use and technical merit in previous studies. In addition, the 15 ratios were divided
into four meaningful areas of financial performance, that is, liquidity, turnover/performance,
leverage/solvency, and profitability. The definition of each selected ratio was provided in
Chapter 4. After that, the discussion turned to the three measures used for failure prediction
and the rationale for selecting the measures. The three measures include the EMS model,

comparative ratio analysis, and ratio trend analysis. The first measure is a representative of
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sophisticated failure prediction ratio—based models while the last two measures represent
traditional ratio—based measures. The discussion together with justification for the
development of the Integrated Multi-Measure approach (IMM) is presented. Moreover, the
discussion along with justification for utilising logit-based models for benchmarking is also
provided.

Chapter 5 reported the data analysis. The descriptive profiles of all data used were provided
prior to the results from applying individual measures and then the IMM approach. They
included the profile of companies, the profile of financial statements, and the profile of ratios.
Furthermore, both descriptive statistic (i.e. mean and standard deviation) and inferential
statistic (i.e. t—test) were used to help describe the financial characteristics of both groups.
Subsequently, the results of the analysis were presented based on the criteria employed in
each measure. Both early and recent correct classifications before failure illustrated warning
signs. Early correct classification before failure would be helpful for management to take a
corrective action to prevent an occurrence of failure. Importantly, recent correct classification
before failure illustrates the predictive ability of financial statements in this study, which is
similar to the idea used in previous studies. Concerning the logit-based model, test results for
correlation and for normality of the 16 financial ratios were presented followed by estimation
results for a number of the logit models. Finally, discussion of the logit model results was

presented.

Having reviewed the overall conclusions, the discussion now turns to the conclusions about
the research question (Sub-section 6.2.1), followed by the conclusions about research
problem (Sub-section 6.2.2).

6.2.1 Summary about the research question

In this sub-section, the findings from Chapter 5 are discussed in the context of the
research question developed in Chapter 3. There was one research question developed

in response to the research problem and the research question is restated as follows:
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Can financial statement information be used to discriminate between potentially
failing and non-failing firms in the context of Thailand in normal economic

circumstances?

The research question examines whether financial statement data can be used to
classify potentially failed and non—failed firms in Thailand in recent years. The
development of the question was motivated by the fact that a combination of financial
ratios and non—financial ratios has attracted attention in recent studies in modelling of
business failure. Also, most empirical work in Thailand has been focused on periods
of economic crisis, rather than normal economic circumstances. Using the figures
announced by the Ministry of Commerce, it can be inferred that financial distress is
persistent and critical in Thailand.

As presented in Chapter 4, the failed firms and their benchmark firms were paired by
similar industry, asset size, and statement date. The 16 ratios used can be divided into
two groups: one is the four EMS model’s required ratios and another is the 15 ratios
selected for the two traditional measures. The 15 ratios used in the two measures were
selected based on their usefulness in previous studies. In addition, the 16 ratios were
used in estimation of the unrestricted logit model and variously in estimation of a
number of restricted logit models. The ratios represent four meaningful financial
characteristics of business entities. They include liquidity, turnover/performance,
leverage/solvency, and profitability. Descriptive and inferential statistics, which were
discussed in Chapter 5, were employed to gain insight into the preliminary

characteristics of the phenomena being studied.

Before addressing the research question above, it is imperative to discuss the
approach used in this study. This study adopted the IMM approach to investigate the
ability of financial statements to signal business failure and employed the logit-based
model to validate the results of the IMM approach. The IMM approach is represented

by one sophisticated ratio—based model and two traditional ratio—based measures. The
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underlying rationale for adopting the IMM approach is to comprehensively broaden
the perspective about the phenomena being studied (Easterby-Smith, Thorpe & Lowe
1991). To answer the above research question, the graphical table of the IMM result
for the failed group needs to be referred to.

According to the Table 5.12 (on page 139), the findings reveal that, out of the 14
failed firms, there are 13 firms for which financial statements could reveal symptoms
of financial distress/fragility, which is represented by green colour. The financially
unhealthy symptoms for targeted firms manifested themselves either for every quarter
or for some quarters during the investigation period. Another finding which emerged
is that different measures provide different indications. For instance, in case of the
firm called ASTL, there are 12 quarters that are correctly determined by ratio trend
analysis measure; three quarters by comparative ratio analysis measure; and none by
EMS model. This finding is consistent with the results of previous studies which
found that no special measure is dominant over its counterparts in terms of
classificatory accuracy. With reference to the IMM criteria (page 99), there are 9 out
of the 14 financially distressed firms were correctly classified. Based on the results, it
is reasonable to conclude that financial statements can be used to identify financially

unhealthy firms in the Thai context in the specified period.

To examine whether financial statements can be used to identify financially healthy
firms in the Thai context in the specified period, the IMM approach together with its
result for the non—failed group is presented. Consequently, the graphical table of the

IMM approach application result for the non—failed group is referred to.

To interpret the results of non-failed firms, it should be noted that a financial distress
classification is adopted when any TWO of the three measures’ criteria are satisfied.
The criteria for financial distress classification have been mentioned in Section 4.7
(page 96). Table 5.13 (on page 134) reveals that financial statements could correctly

indicate overall financial health for all 14 benchmarking firms. This is represented by
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green colour. The correct indication pattern of an individual measure was different
during the investigation period. For example, in the case of RCI, there are 12 quarters
that are correctly indicated by ratio trend analysis; seven quarters by EMS model; and
three quarters by comparative ratio analysis. This is similar to the results found in
previous research that different measures provide different indications. With reference
to the IMM criteria, there are 8 out of the 14 non-financially distressed firms were
correctly classified. Finally, the findings from the non—failed group confirm that
financial statements can be used to indicate financially healthy firms in the Thai
context in the specified period.

To provide a triangulation perspective in examining the ability of financial ratios in
signalling financial distress, this study employed the logit-based model as a
benchmarking measure. A number of specifications of the logit model were estimated
based on several assumptions. In terms of the accepted level of the estimated models
in this study, the minimum level of accuracy is at 50 per cent. In other words, the
estimated models are considered useful when the models correctly classify more than
half of the firms in both groups. With reference to Table 5.30 (on page 172), the
correct classification of the financially distressed firms is up to 86 per cent (please

refer to quarter 9).

According to the results aforementioned, it can be inferred that financial statement
data can be used to classify potentially failed and non-failed firms in the context of
Thailand in recent years. This helps explain why financial ratios have been

predominantly used in modelling of business failure in previous studies.

Having answered the research question, the discussion now turns to the conclusions

about research problem.
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6.2.2 Summary about the research problem

Like the previous sub—section, this sub—section discussed the findings from Chapter 5
relevant to the research problem developed in Chapter 3. The research problem is
restated as follows:

‘Whether financial statement information can be adequately used to predict

financial distress for Thai firms in normal economic circumstances’

The study of business failure has attracted a great deal of attention from researchers
and analysts for many decades (Altman 1968; Blum 1974; Coats & Fant 1993; Deakin
1972; Edmister 1972; Ohlson 1980; Pongsatat, Ramage & Lawrence 2004,
Puagwatana & Gunawardana 2005; and Ugurlu & Aksoy 2006). In the early period of
this research, researchers such as Altman (1968) and Beaver (1966) used financial
statement data as their principal tool to predict business failure. However, a number of
recent researchers, as presented in Chapter 3, have used both financial statement data
and non-financial factors as predictors for failure. With reference to Table 3.2 in
Chapter 3, the overall classification accuracy for the recent models indicates that there
is no significant difference in the classification accuracy of ratio—based models and
non-ratio—based models. Stated simply, employing financial statement information is
likely to be adequate for predicting failure. This led to the development of the

research question above.

In the literature, the concept of recent correct classification before failure is used to
test the power of prediction models. Like previous studies, the recent correct
classification before failure is adopted in this study to examine the predictive ability
of financial statement information for financial distress. The findings reveal that for 9
out of the 14 failed firms, recent correct classification emerged. This accounts for 64
per cent of failed firms (9 out of the 14). Likewise, the results from the non—failed
group show recent correct classification for 8 out of the 14 surviving firms. The
successful rate for the IMM approach in classifying the non—failed group is 57 per

cent (8 out of the 14 non-failed firms). Nearly 66 per cent (or 2/3) successful
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classification rate for the failed group is promising. Furthermore, the results from the
logit model reveal that the correct classification of the financially distressed firms is
up to 86 per cent resulting in the lowest type | error of 14 per cent. This evidence
helps answer the research problem above. It is reasonable to conclude that financial
statement information can be adequately used to predict financial distress for Thai
firms in the specified period.

Having presented the conclusions about the research question and research problem,
the next task focuses on a number of the implications of this study.

6.3 Implications

The distinguishing characteristics of this study lie in five areas. They include (1) that the
study focuses on financial statement information as the potential predictor for business failure,
(2) that quarterly financial statement data, rather than annual financial statement data, were
used, (3) that triangulation of the three methods and the logit-based model was adopted to
examine the predictive ability of financial statement data, (4) that the Thai setting, an
emerging market environment instead of developed market environment, was the area studied,
and (5) that normal economic circumstances, instead of a period of economic crisis, were
studied. The implications from the findings in Chapter 5 are discussed in terms of theory, and
policy and practice. The implications for theory are discussed first, followed by the

implications for policy and practice.

6.3.1 Implications for theory

Generally, in the study of business failure, traditional theory indicates that most failed
firms in previous studies were forced into a declaration of bankruptcy in a court.
However, a number of previous studies (e.g. Gilbert, Menon & Schwartz 1990;
Hamer 1983; Hill, Perry & Andes 1996; and Scott 1981) argue that the event of
business failure and/or financial distress implies that firms are financially troubled but

do not always become bankrupt. Bankruptcy is only one possible outcome of business
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failure and others include business restructuring, liquidation, and even that publicly
listed firms go private (Coats & Fant 1993; and Queen & Roll 1987). These
phenomena indicate the deteriorated financial conditions of companies.

As reported in Chapter 5, most failed firms’ financial conditions deteriorated before
failure. Particularly, net profit margin (net income/sales), return on assets (net
incomef/total assets), and return on equity (net income/total equity) for the failed firms
were significantly different from those of the non—failed firms. This is likely to cause
shareholders of the failed firms to exercise their right to protect their interest in the
firm before the financial conditions get worse. The findings were that the failed firms
had deteriorated financial condition and decided to delist from the SET. This confirms
that the firms are financially weak but do not become bankrupt. This is consistent

with the evidence in previous studies.

In the literature, a number of researchers such as Theodossiou (1993) and Shumway
(2001) have attempted to develop time series models. The models principally aim to
detect changes to the financial characteristics of firms. In the context of business
failure, the time series patterns of a firm’s ratios should be observed to assess the
progress of the firm (Coats & Fant 1993). However, previous researchers used annual
financial statement data to estimate their time series models. If the objective of the
time series models is to identify unfavourable changes to the financial characteristics
of a firm as soon as they take place, the use of quarterly financial statement data
(three months period) should prove more appropriate than annual financial statement

data (12 months period).

Since the study aims to investigate the ability of financial statements to signal
business failure, the findings could be used as additional evidence to support the
recent findings of relevant ratio—based studies such as the study of Beaver, McNichols
and Rhie (2005). Also, the findings indicate a direct theory implication that financial

statement information can be assessed in terms of predictive ability for failure during
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normal economic circumstances, not only for periods of economic crisis. Moreover,
as the study was focused on Thailand, researchers in emerging market countries
whose capital market conditions are similar to Thailand’s can use the findings to
compare and contrast the patterns of predictive ability of financial ratios. Above all,
the findings can be used as a stepping stone to further develop predictive models for

signalling business failure.

In addition to implications for theory, the findings have implications for policy and
practice. These are discussed next.

6.3.2 Implications for policy and practice

Due to the fact that this study was focused on Thailand, the results could have
implications for Thai regulatory bodies, Thai private sector management and analysts.
The implications for Thai authorities are discussed first, followed by the implications

for Thai private sector management and analysts.

When business failure happens before being found by Thai regulatory bodies, one of
questions is the appropriateness of the predictive measures used by the authorities.
Studies like this one would provide helpful instruments to Thai regulatory bodies to
assist in the detection of impending corporate failures. Since the services provided by
some industries involve either the majority of people, or the macroeconomic
environment of the country, Thai regulatory bodies are obliged to prevent potentially
adverse incidents, rather than protect stakeholders from the consequences once failure
has occurred. For instance, the Bank of Thailand has an interest in the solvency
situation of commercial banks in Thailand. Not only is this due to regulation of
monopoly, and fair trade practice, but also the need for the public service provided.
This study, like previous ones, could equip Thai authorities with alternative means to

detect impending corporate failure.
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In the context of signalling business failure, the findings of this study could be used as
preliminary evidence on the usefulness of financial statements in signalling business
failure. The results could be expanded by developing an optimal set of financial ratios
that is considered the best predictor for failure. It is likely that the failure of Thai
listed companies could tarnish Thailand’s economic image to both domestic and
overseas investors. An early warning system like a ratio—based prediction model is
likely to be one of the alternative instruments available to Thai regulatory bodies to

mitigate the problem.

Besides the aforementioned implications, the findings also have implications for Thai
private sector management and analysts. As noted in Chapter 3, business failure has
adverse impacts on stakeholders. They include shareholders/investors, creditors,
suppliers, managers, workers, and customers (Chen & Merville 1999; Fitzpatrick
1931; and Hertzel et al. 2006). The loss of key workers/managers, main suppliers, big
customers, and the loss of confidence of creditors and shareholders/investors could be
prevented if the management have an appropriate early warning system for signalling

impending failure.

Studies like this one could help boost internal management monitoring systems and
provide a basis for management to keep a track record of a company’s performance.
For the IMM approach, management who are not comfortable with the use of
sophisticated statistics can replicate the methodology used in this study to create a
suitable tool for monitoring both company performance and the event of impending
business failure. For the logit model, management who are familiar with statistical
package programs like EVIEWS or SPSS can also replicate the methodology

employed in this study to develop a financial model for their own purpose.

The Integrated Multi-Measure technique and the logit model are likely to be
analytical instruments used in the field of credit analysis, financial analysis, and

investment analysis. In reality, both individuals and institutions encounter investing
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