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FINANCIAL ECONOMICS | RESEARCH ARTICLE

Predicting financial distress: Importance of
accounting and firm-specific market variables for
Pakistan’s listed firms
Hamid Waqas1* and Rohani Md-Rus1

Abstract: This study is intended to identify the predictors of financial distress for
the Pakistani firms. Variables used are the financial ratios representing profitability,
liquidity, leverage, and cash flows, as well as two important market factors which
are size and idiosyncratic standard deviation of each firm’s stock returns (SIG). The
sample consists of 290 firms stretching from 2007 to 2016 and logit regression is
applied to predict financial distress. The findings reveal that profitability, liquidity,
leverage, cash flow ratios, and firm size are significant, while SIG is insignificant in
predicting financial distress. Results of the estimated logit model I, model II, and
holdout model reveal that the models perform consistently. This study contributes
to the literature by testing the market variables in relation to financial distress as
these variables were ignored by the previous studies in Pakistan. Findings of this
study are precise as the study covers a longer time horizon and a larger sample size.
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1. Introduction
Predicting financial distress remains an important area of focus for researchers due to its vital
importance for the firms and stakeholders including investors, lenders, and participants of capital
markets in general. Moreover, the cost of financial distress is high, and it could result in business
closure. In such a situation, the financial distress model can serve as a whistle-blowing mechanism
to help the corporate managers to initiate remedial measures. Besides, the financial distress model
can help the firms to avoid potential bankruptcy.

However, rapid changes in the economy, such as the collapse of the capital market, political
instability, and law and order situation, are among the macroeconomic factors that lead firms
toward financial distress. For instance, in 2008, 2012, 2014, and 2017, the Pakistan Stock Exchange
experienced the worst stock market crisis due to the global financial and economic crises and
a political downturn at the country level. The Pakistani equity market is volatile in nature and it
results in an uncertain investment environment (Ghufran, Awan, Khakwani, & Qureshi, 2016).
Therefore, in such an uncertain economic situation of the Pakistan Stock Exchange, predicting
financial distress becomes a vital input for providing early signals to the firms.

Bankruptcy, financial distress, and default are the alternative terms used in the literature
(Dichev, 1998). Financial distress usually refers to a situation where the cash inflows of the firm
are not sufficient to meet the daily operational expenses. This situation results in the firm’s failure
to meet its financial commitments in the long term. Definitions of financial distress vary across
different countries owing to the different accounting treatments and rules. Notwithstanding the
various models that exist in the literature to predict financial distress, Z-score and O-score models
are more widely used in the financial literature (Adnan Aziz & Dar, 2006). Most of the studies on
financial distress have been carried out in developed countries such as Australia (Agarwal &
Taffler, 2008) and the US (Agarwal & Taffler, 2008; Altman, 1968; Beaver, 1966; Dichev, 1998;
Ohlson, 1980; Shumway, 2001). It is important to note that the developed countries have different
economic structure, clear bankruptcy procedures, and defined laws related to bankruptcy, while
the developing and under-developed countries lack such bankruptcy laws and procedures. Hence,
predicting financial distress by using the existing well-known Z-score of Altman (1968) or O-score
of Ohlson’s logit model (Ohlson, 1980) may not work for the developing countries as these models
were developed for developed countries. Under such circumstances, as Pakistan is a developing
country, it is very important to develop a financial distress prediction model using the data from
Pakistan. Following Altman, Iwanicz-Drozdowska, Laitinen, and Suvas (2017), who stated that one
global financial distress model cannot work globally, hence, there is an imperative need to develop
a country-specific financial distress model.

Prior literature on financial distress and related theoretical underpinnings are elusive. Therefore,
factors affecting financial distress are identified based on their significance in the previous litera-
ture. Adnan Aziz and Dar (2006) carried out a meta-analysis on 98 financial distress
predictions and argued the importance of financial ratios, namely profitability ratios, liquidity
ratios, leverage ratios, and cash flow ratios in predicting financial distress. Shumway (2001)
added a few market factors, such as firm size, volatility, and standard deviation of past returns,
to predict bankruptcy and found that these factors are significant. Despite the vital importance of
market factors in predicting financial distress, previous studies in Pakistan such as by Ijaz, Hunjra,
Hameed, and Maqbool (2013) and Rashid and Abbas (2011) had ignored these variables in
predicting financial distress among Pakistani firms.

Therefore, this study is intended to fill the gap by incorporating the market factors along with
financial ratios to predict financial distress for Pakistani firms. This study will help the corporate
managers and other stakeholders to understand the importance of market factors in predicting
financial distress. Moreover, this study considers a longer sample horizon of 10 years from 2007 to
2016, while the previous studies used a sample period between five and seven years. Furthermore,
this study uses a larger sample of 290 non-financial firms listed on Pakistan Stock Exchange.
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This study consists of five sections. In the literature review section, the pertinent literature on
financial distress is reviewed to identify the significant predictors of financial distress. Section 3
elaborates the data and methodology for predicting financial distress and the measurement of
different variables. This is followed by section reports, descriptive statistics, and empirical findings
of the study. The final section is devoted to the conclusion and future research directions.

2. Literature review
Initial studies of financial distress predictions have used financial ratios to predict the financial
health of the firms. These financial ratios are easy to access due to their availability in the financial
statements of the firms, which are commonly available to the public. The use of financial ratios in
discriminating distressed and healthy firms started in the mid-1930s with the work of Winakor and
Smith (1935), where they used financial ratios to evaluate the financial soundness of the firms.
Even though financial ratios can reflect the financial health of the firm, the quality of these ratios is
prone to some serious threats of their usefulness as this information can be manipulated (Beaver,
1966; Vladu, Amat, & Cuzdriorean, 2017). Beaver (1966) used financial ratios to predict financial
distress by using univariate analysis. Subsequently, the popular multivariate discriminant analysis
(MDA) model evolved, and Altman (1968) argued that financial ratios measuring profitability,
liquidity, and solvency prove significant in predicting financial distress. MDA classifies firms into
one of several groups depending on the characteristic of the individual firm. Afterwards, Altman
(1968, 1973, 1984), Altman, Haldeman, and Narayanan (1977), and Altman and Loris (1976) had
used the MDA model and stressed the importance of financial ratios in predicting financial distress.
Altman (1968), Altman et al. (2017), Beaver (1966), Hill, Perry, and Andes (1996), Ohlson (1980),
Shumway (2001), and Xu, Xiao, Dang, Yang, and Yang (2014) had also documented the importance
of profitability ratios in predicting financial distress and argued that firms with high profitability
face fewer chances of financial distress. Hence, literature designate a negative relationship
between financial distress and profitability.

Liquid assets are often helpful for settling the liabilities of a firm. Liquidity refers to a firm’s ability to
convert its assets into cash quickly and economically to pay off its financial obligations (Brealey, Myers,
& Allen, 2011). Many different financial ratios have been used to measure the liquidity of the firm.
Popular liquidity ratios are quick assets to current assets (Zavgren, 1985), current assets to total
liabilities (Agarwal & Taffler, 2008), current assets to current liabilities (Yap, Yong, & Poon, 2010),
and working capital to total assets (Bhunia, Khan, & MuKhuti, 2011). Past studies of Campbell, Hilscher,
and Szilagyi (2008), Chiaramonte and Casu (2017), Ijaz et al. (2013), Manab, Theng, and Md-Rus (2015),
and Zmijewski (1984) articulated the significant importance of liquidity ratios in predicting financial
distress and argued that a firm with a high level of liquidity faces less chance of financial distress.

Prior literature also highlighted the importance of the capital structure of the firm in forecasting
the probability of financial distress. Beaver (1966) articulated that the probability of financial
distress increases as the debt of the firm increases. Firms have the choice to trade-off between
the benefits of using debt financing and the cost associated with debt financing (Miller, 1977). On
one side, the firm can increase the debt portion of their capital structure to minimize the cost of
capital, and on the other hand, borrowing beyond an optimal point can increase the risk of
bankruptcy as a firm with high debt ratios is more disposed to financial distress. Although various
leverage ratios have been used by different researchers, total liabilities to total assets (Bauer &
Agarwal, 2014), earnings before interest and tax (EBIT) to interest expenses (Her & Choe, 1999),
and total equity to total liabilities (Altman et al., 2017) are among the popular ratios used for
predicting financial distress. Altman (1968), Bandyopadhyay (2006), Shumway (2001), and Xu et al.
(2014) showed a positive relationship between financial distress and leverage ratios.

Similarly, cash flows are important for the survival of the firm (Beaver, 1966). The cash flow
theory suggests that a firm will be financially strong if it generates enough cash flow from its
operations and will fail when it is unable to generate adequate cash inflow from its operations
(Wruck, 1990). Many researchers such as Arlov, Rankov, and Kotlica (2013), Beaver (1966), Biddle,
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Ma, and Song (2016), Gentry, Newbold, and Whitford (1985), Jones and Peat (2014), and Ohlson
(1980) stressed the importance of cash flow ratios in predicting financial distress and postulated
a negative relationship between cash flows and financial distress.

Although prior literature presented a well-established role of financial ratios in predicting
financial distress, a few market variables are important to predict financial distress. Shumway
(2001) argued that market-driven variables contain important information which is helpful for
predicting financial distress. Shumway (2001) considered three market variables, namely the size
of the firm, past returns of the firm, and idiosyncratic standard deviation of past returns and
argued that the model consisting of both the accounting ratios and market-driven variables
performs well compared to the model that consists of only accounting ratios.

For this study, the financial ratios are chosen based on their popularity and significance in the
previous studies. As such, this study chooses net income to total assets (Yap et al., 2010), retained
earnings to total assets (Hu & Sathye, 2015), and EBIT to total asset (Altman et al., 2014) to
represent the profitability ratios. Four liquidity ratios including quick assets to current assets,
current assets to total liabilities, current assets to current liabilities, and working capital to total
assets are also selected. Total liabilities to total assets, EBIT to interest expenses, total debt to
total equity, and working capital to long-term debt ratios are used to represent leverage ratios.
Moreover, cash flow from operations to total liabilities, cash flow from operations to sales, and
cash flow from operations to total assets are used to represent cash flows. For market variables,
following Shumway (2001), firm size and idiosyncratic standard deviation of past returns are used.

Although identifying the predictors of financial distress is very important, identifying an appro-
priate statistical model to predict distress is also imperative. Several statistical models are available
in the literature for predicting financial distress including Altman (1968), who used the multiple
discriminant analysis (MDA) technique to discriminate the healthy and distressed firms. MDA is
a statistical technique used to classify observations into pre-defined groups based on dependent
variable’s distinct characteristics. After establishing the groups, MDA drives a linear relationship
among the characteristics that discriminate the groups. Altman (1968) concluded that discriminant
ratio analysis is a precise measure to differentiate between the bankrupt firms and healthy firms.

Later, Ohlson (1980) criticized the MDA model’s assumption (see Ohlson, 1980) and suggested
the use of probabilistic logit model to predict financial distress. Logit regression provides
a probabilistic score which establishes a non-linear maximum likelihood function. Zmijewski
(1984) used the probit regression model to predict financial distress. These two probabilistic
models (logit and probit) are widely used in the literature. For example, Bandyopadhyay (2006),
Bauer and Agarwal (2014), Schmidt and Duda (2010), and Shumway (2001) used probabilistic
regression to predict financial distress. Besides these models, recursive partitioning (decision tree)
analysis, the neural network model, and linear probability model are also used to predict financial
distress. However, the logit model has remained the most used model for bankruptcy prediction
over the globe after 2000 (Adnan Aziz & Dar, 2006).
3. Methodology
This study considers the 10 years data from 2007 to 2016 for 290 non-financial firms listed on
Pakistan Stock Exchange. The sample period of this study from 2007 to 2016 is selected to provide
analysis based on the most recent dataset. Data are collected from the websites of the Securities
Exchange Commission of Pakistan and the State Bank of Pakistan. In accordance with the State
Bank of Pakistan, a distressed firm is defined as “a firm that has reported a negative value of equity
for three consecutive years” (Azizullah, 2014). A similar definition was also used by Mateos-Ronco
and Mas (2011) and Waqas and Md-Rus (2018) to identify the bankrupt firms. Based on this
definition, 45 firms are identified as distressed firms and the other 245 firms are classified as
healthy firms. Total annual observations are 2,889 firms-year consisting of 447 distressed firms
and 2,442 healthy firms.
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Following Altman and Hotchkiss (2010), Bandyopadhyay (2006), and Bunyaminu and Issah
(2012), the dataset is divided into two sets. The first set contains data from 2007 to 2013,
comprising 2,029 annual observations and is used as the estimation. The second dataset contains
data from 2014 to 2016, comprising 860 annual observations and is used as a holdout sample.
Variables are used to estimate model I. In estimating model II, those variables that are insignif-
icant in model I are excluded. This is to ensure that the preciseness in the estimation is achieved,
as Jones (1987) argued that using too many ratios in a model can actually make the model less
useful.

Adnan Aziz and Dar (2006) articulated that the logit regression model is the most used model in
predicting financial distress after the year 2000. The logit model was first proposed by Ohlson
(1980) to predict financial distress in developed countries. Later, Abdullah, Halim, Ahmad, and Rus
(2008), Demirgüç-Kunt and Detragiache (2005), Lin (2009), and Waqas and Md-Rus (2018) used
the logit model to predict financial distress for the developing countries. The basic equation of logit
regression as cited by Gujarati and Porter (2009) is as follows:

Zi ¼ β0xi þ μi (1)

In this equation, Zi is the probability of distress, xi is the financial ratio for the firm, μi is error term,
and β0 is the coefficient of the financial ratio.

The probability and likelihood function for the non-distressed firms can be defined as follows:

Pi ¼ E Y ¼ 2jxið Þ ¼ 1
1þ e� β0xiþμið Þ (2)

It can be rearranged as

Pi ¼ 1
1þ e� zi

� �
(3)

where Zi ¼ β0xi þ μi. Equation (2) represents the logit distribution function.

To estimate the financial distress prediction model, the weights of predictors are calculated by
using equation (1). If Pi represents the probability of non-distress which is given in Equation (2),
then (1� PiÞ; would be the probability of distress. Hereafter,

1� Pið Þ ¼ 1
1þ e� zi

(4)

The following equation is estimated to apply the logit regression.

P ¼ αþ βiNITAi þ βiRETAi þ βiETAi þ βiQACAi þ βiCATLi þ βiCACLi þ βiWCTAi þ βiTLTAi

þ βiINTCi þ βiTETLi þWCLDi þ βiCFOTLi þ βiCFOSi þ βiCFOTAi þ βiSIZEi þ βiSIGi (5)

This study has selected 14 financial ratios and two market factors as the independent variables.
These ratios have been found significant in other studies. Financial ratios and market variables,
together with their measurements, are presented in Table 1.

Since the logit model provides a score between 0 and 1, if the predicted probability is greater
than 0.5, this study will classify this observation as distressed, but if the probabilistic score is less
than 0.5, the observation will be classified as non-distressed (Gujarati & Porter, 2009).

4. Results and discussion
Table 2 reports the mean, standard deviation, and significance of mean differences for the
independent variables. The Mann–Whitney U test is applied to examine the significance of differ-
ences between the distressed and healthy firms.
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Table 2 provides the mean averages, standard deviation, and significance differences between the
means of the healthy and distressed firms. The table reveals that the profitability ratios (NITA, RETA,
and ETA) for the healthy firms are higher than for the distressed firms. Liquidity ratios, which measure
the firm’s ability to meet its short-term obligations with its current assets, are higher for the healthy
firms except for the quick assets to current assets ratio. Leverage ratios are used to analyze the
proportion of capital structure financed through debt. Results further show that mean averages of
leverage ratios for distressed and non-distressed firms are significantly different. Moreover, the Mann–
Whitney U test demonstrates that cash flow ratios of the healthy firms are significantly different from
those of the distressed firms. It is revealed that the healthy firms are larger in size with slightly higher
SIG. TheMann–Whitney U test demonstrates that allmean average ratios are significantly different for
the distressed and healthy firms except for the quick assets to currents asset ratio.

Table 3 provides the correlation analysis among the variables. Except for the correlation between ETA
and NITA as well as WCTA and RETA, other variables are not highly correlated.

To further strengthen the results of the correlation analysis, Variance Inflation Factor (VIF) is
used to check for multicollinearity. Table 4 presents the results of VIF.

Gujarati and Porter (2009) and Hair, Black, Babin, and Anderson (2010) stressed that if the VIF
values are above 10 (which correspond to tolerance value of less than 0.10), then it indicates the
problem of multicollinearity in the data. However, results in Table 4 illustrate that the VIF values
for the independent variables are less than the critical value of 10 and this indicates the absence of
multicollinearity in the data.

4.1. Results of logit regression for estimation model I
Table 5 reports the results of logit regression (model I) in predicting financial distress.

Table 1. Variables used in the model

Variables Measurement References

NITA Net income to total assets Yap et al. (2010)

RETA Retained earnings to total assets Hu and Sathye (2015)

ETA EBIT to total assets Altman (2017)

QACA Quick assets to current assets Zavgren (1985)

CATL Current assets to total liabilities Agarwal and Taffler (2008)

CACL Current assets to current liabilities Yap et al. (2010)

WCTA Working capital to total assets Bhunia et al. (2011)

TLTA Total liabilities to total assets Bauer and Agarwal (2014)

INTC EBIT to interest expenses Choe and Her (2002)

TETL Total equity to total liabilities Altman (2014)

WCLD Working capital to long-term debt Ugurlu and Aksoy (2006)

CFOTL Cash flow from operations to total
liabilities

Hu and Sathye (2015)

CFOS Cash flow from operations to sales Gombola, Haskins, Ketz, and Williams
(1987)

CFOTA Cash flow from operations to total assets Back, Laitinen, Sere, and van Wezel
(1996)

SIZE Log of total assets Shumway (2001)

SIG Idiosyncratic standard deviation of past
returns

Shumway (2001)
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4.2. Relationship of profitability ratios and financial distress
Table 5 shows that profitability ratios are significant in predicting financial distress. Retained
earnings to total assets and earnings before interest and taxes to total assets ratios show
a negative relationship with the probability of financial distress. The significantly negative relation-
ship of retained earnings to total assets ratio suggests that as the firm increases its retained
earnings, the probability of financial distress decreases. Likewise, earnings before interest and tax
expenses to total assets has a significantly negative relationship with the probability of financial
distress. This finding suggests that as the EBIT against total assets increases, the probability of
financial distress decreases. The net income to total asset ratio is also significant in predicting
financial distress. However, the sign of the coefficient is positive, which is in contrast to the
previous studies such as Anginer and Yildizhan (2010), Campbell et al. (2008), Cederburg and
O’Doherty (2015), Chava and Jarrow (2004), and Lo (1986) while in line with Begley, Ming, and
Watts (1996), Beaver (1966), Deakin (1972), Abdullah et al. (2008), Lane, Looney, and Wansley
(1986), and Ohlson (1980). This unexpected sign of NITA may arise due to some unusual patterns
in the financial statements of the distressed firms as discussed by Lane et al. (1986).

4.3. Relationship of liquidity ratios and financial distress
The results show that current assets to total liabilities (CATL) and working capital to total assets (WCTA)
ratios are significant at the 5% level, while quick assets to current assets (QACA) and current assets to

Table 2. Means, standard deviations, and significance of differences between distressed and
healthy firms

Variable Standard deviation Mean Mann–
Whitney
U test

Healthy Distressed Healthy Distressed Significance
of mean
difference

NITA 0.122 0.219 0.056 0.028 .000**

RETA 0.274 1.454 0.246 −0.688 .000**

ETA 0.109 0.218 0.101 0.061 .000**

QACA 0.224 0.243 0.599 0.616 .079*

CATL 28.698 8.536 3.289 1.564 .000**

CACL 5.044 4.239 1.734 1.001 .000**

WCTA 0.224 1.042 0.081 −0.541 .000**

TLTA 0.205 0.996 0.561 1.268 .000**

INTC 71,234.5 734.658 2,498.04 −32.305 .000**

TETL 4.606 3.861 1.498 0.34 .000**

WCLD 5,225.34 336.464 −144.11 −59.648 .000**

CFOTL 0.799 2.964 0.2810 0.217 .000**

CFOS 8.335 7,333.44 −0.09 −428.95 .000**

CFOTA 0.193 0.395 0.099 0.054 .000**

SIZE 0.949 0.882 1.7643 0.834 .000**

SIG 2.378 0.566 0.392 0.345 .000**

Note: NITA is net income to total assets, RETA is retained earnings to total assets, ETA is earnings before interest and
expenses to total assets, QACA is quick assets to current assets, CATL is current assets to total liabilities, CACL is
current assets to current liabilities, WCTA is working capital to total assets, TLTA is total liabilities to total assets, INTC
is EBIT to interest charges, TETL is total equity to total liabilities, WCLD is working capital to long-term debt, CFOTL is
cash flow from operations to total liabilities, CFOS is cash flow from operations to sales, CFOTA is cash flow from
operations to total assets, SIZE is log of total assets, SIG is idiosyncratic standard deviation of past returns.

* The difference between healthy and distressed series is significant at 10%.

** The difference between healthy and distressed series is significant at 5%.
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current liabilities (CACL) ratios are significant at the 10% level. The results illustrate significantly negative
coefficients for working capital to total asset and quick assets to current asset ratios. The negative
coefficients depict that a firmwith a high liquidity faces fewer chances of financial distress. However, two
liquidity ratios (current assets to current liabilities and current assets to total liabilities) exhibit a positive
coefficient, which implies that a high liquidity position leads to a higher probability of distress. These
results are not expected. Theoretically, this relationship should be negative as literature guides that
a firm with a high level of liquidity faces less probability of financial distress. The findings of these two
ratios are in contrast to the previous studies by Campbell et al. (2008), Chiaramonte and Casu (2017),
and Rashid and Abbas (2011). Both ratios (CATL and CACL) are calculated by using current assets, which
comprise inventory along with cash and cash equivalents, accounts receivable, marketable securities,
and prepaid expenses. An unnecessary stock of inventory may lead to a high liquidity ratio that can
affect the results of the study. When inventory is excluded to calculate the quick assets ratio (quick
assets to current assets), the ratio shows a negative sign with the probability of distress, which is in
accordance with the past studies. This statement may indicate that the distressed firms possess an
excessive amount of inventory, which shows the inefficiency of the firms. Prior studies by Ijaz et al.
(2013) and Rashid and Abbas (2011) on Pakistani firms articulated the negative relationship between
liquidity and financial distress. The finding of the study implies that the Pakistani firms with high liquidity
ratios can face fewer chances of financial distress.

4.4. Relationship of leverage ratios and financial distress
This study has used four leverage ratios to predict financial distress. Results show that total equity
to total liabilities (TETL) and working capital to long-term debt (WCLD) ratios are insignificant in
predicting financial distress while total liabilities to total assets (TLTA) ratio is significant with
a positive coefficient sign. Results further reveal that interest coverage ratio (INTC) has
a significantly negative relationship with financial distress. This negative relationship illustrates
that a firm with the ability to service its interest payments can reduce the probability of financial
distress. This is similar to the findings by Asquith, Gertner, and Scharfstein (1994), Avramov,

Table 4. Variance inflation factor results

Variable Tolerance VIF

NITA .263 3.806

RETA .211 4.746

ETA .358 2.790

QACA .948 1.054

CATL .561 1.784

CACL .407 2.460

WCTA .137 7.315

TLTA .123 8.120

INTC .920 1.087

TETL .406 2.463

WCLD .998 1.002

CFOTL .566 1.768

CFOS .882 1.134

CFOTA .335 2.989

SIG .993 1.007

Size .991 1.009

Note: NITA is net income to total assets, RETA is retained earnings to total assets, ETA is earnings before interest and
expenses to total assets, QACA is quick assets to current assets, CATL is current assets to total liabilities, CACL is
current assets to current liabilities, WCTA is working capital to total assets, TLTA is total liabilities to total assets, INTC
is EBIT to interest charges, TETL is total equity to total liabilities, WCLD is working capital to long-term debt, CFOTL is
cash flow from operations to total liabilities, CFOS is cash flow from operations to sales, CFOTA is cash flow from
operations to total assets, SIZE is log of total assets, SIG is idiosyncratic standard deviation of past returns.
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Chordia, Jostova, and Philipov (2013), Bunyaminu and Issah (2012), and Turetsky and McEwen
(2001). Results illustrate that working capital to long-term debt and total equity to total liabilities
ratios are irrelevant for the Pakistani firms.

4.5. Relationship of cash flow ratios and financial distress
The results in Table 5 reveal that cash flow from operations to sales (CFOS) ratio is positive and
significant. This result is not expected as it illustrates that as the cash flow against sales increases, the
probability of distress also increases, which is contrary to the findings by Agarwal and Taffler (2007)
and Almamy, Aston, and Ngwa (2016). The other two cash flow ratios, which are cash flow from
operations to total liabilities (CFOTL) and cash flow from operations to total assets (CFOTA) ratios, are
insignificant in predicting financial distress. These insignificant results raise a question on the useful-
ness of the cash flow ratios in predicting financial distress. Similar results were found by Casey and
Bartczak (1985), Charitou and Vafeas (1998), and Charitou, Neophytou, and Charalambous (2004).

4.6. Relationship of market variables and financial distress
The results demonstrate that the market variable, SIG (idiosyncratic standard deviation of each firm’s
stock returns) is insignificant in predicting financial distress. This finding is similar to Aretz, Florackis,
and Kostakis (2017) but in contrast to Chava and Jarrow (2004), who found a significant relationship of
idiosyncratic standard deviation of each firm’s stock returns with financial distress. The results also
illustrate a significantly negative relationship between size and financial distress. As a firm grows in
size, it has less probability of defaults. The results are in line with Luqman, Ul Hassan, Tabasum,
Khakwani, and Irshad (2018) for Pakistan and Altman Iwanicz-Drozdowska, Laitinen, and Suvas
(2017), Ohlson (1980), and Shumway (2001). Results of this study on the market variables are similar
to Charalambakis and Garrett (2016), who found that market variables are insignificant predictors of
financial distress for the developing countries except for the size of the firm.

Table 5. Logit regression results of estimation model I

Variables B Sig.

NITA 9.963 .001***

RETA −1.832 .000***

ETA −8.168 .002**

QACA −0.740 .075*

CATL 0.215 .011**

CACL 0.108 .095*

WCTA −1.876 .002**

TLTA 8.377 .000***

INTC −0.016 .028**

TETL −0.050 .593

WCLD 0.000 .328

CFOTL 0.593 .292

CFOS 0.044 .033**

CFOTA 0.122 .901

SIG 0.015 .739

Size −0.250 .023**

Adj. R2 0.60

Note: NITA is net income to total assets, RETA is retained earnings to total assets, ETA is earnings before interest and
expenses to total assets, QACA is quick assets to current assets, CATL is current assets to total liabilities, CACL is
current assets to current liabilities, WCTA is working capital to total assets, TLTA is total liabilities to total assets, INTC
is EBIT to interest charges, TETL is total equity to total liabilities, WCLD is working capital to long-term debt, CFOTL is
cash flow from operations to total liabilities, CFOS is cash flow from operations to sales, CFOTA is cash flow from
operations to total assets, SIZE is log of total assets, SIG is idiosyncratic standard deviation of past returns.
Coefficients marked ***, **, and * are significant at the 1%, 5%, and 10% level of significance, respectively.
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Overall, net income to total assets (NITA), retained earnings to total assets (RETA), EBIT to total
assets (ETA), current assets to total liabilities (CATL), working capital to total assets (WCTA), total
liabilities to total assets (TLTA), interest coverage (INTC), cash flow from operations to sales (CFOS),
and size of the firm are significant at the 5% level, while quick assets to current assets (QACA) and
current assets to current liabilities are significant at the 10% level. The adjusted R2 of the model is
0.60, which shows that 60% of the variation is captured by the model.

4.7. Classification accuracy for model I
Classification accuracy analyzes the ability of the logit model to classify distressed firms as
distressed and healthy firms as healthy with precision. Accuracy rate is calculated by using the
following formula.

Accuracy rate ¼ Firms correctly classified
Total number of firms

� �
� 100 (6)

Classification accuracy for model I is presented in Table 6.

The classification accuracy table demonstrates thatmodel I yields an overall classification accuracy of
92.2% for the sample firm. Model I predicts the healthy firms as healthy with an accuracy rate of 98.7%
and the distressed firms as distressed with an accuracy rate of 57%. The overall accuracy of model I is
greater than the 85.6% reported by Ohlson (1980), 83% by Zmijewski (1984), 75% by Shumway (2001),
82.6% by Almamy et al. (2016), and 85% by Wang and Wu (2017).

4.8. Logit regression for model II
Model I shows that some of the variables including total equity to total liabilities, working capital to
long-term debt, cash flow from operations to total liabilities, cash flow from operations to total

Table 7. Logit regression results of model II

Variables B Sig.
NITA 10.594 .000***

RETA −1.954 .000***

ETA −7.774 .002***

CATL .223 .003***

WCTA −1.146 .030**

TLTA 8.274 .000***

INTC −.015 .031**

CFOS .044 .020**

Size −.252 .020**

Adj. R2 0.59

Note: NITA is net income to total assets, RETA is retained earnings to total assets, ETA is earnings before interest and
expenses to total assets, CATL is current assets to total liabilities, WCTA is working capital to total assets, TLTA is total
liabilities to total assets, INTC is EBIT to interest charges, CFOS is cash flow from operations to sales, SIZE is log of total
assets. Coefficients marked ***, **, and * are significant at the 1%, 5%, and 10% level of significance, respectively.

Table 6. Classification accuracy for model I

Observed Predicted

Healthy Distressed Percentage correct
Healthy 1,692 23 98.7

Distressed 135 179 57

Overall percentage 92.2
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assets, and volatility of returns are insignificant in predicting financial distress and therefore, are
not useful in predicting financial distress.

Henceforth, to estimate another model, all insignificant variables are excluded as in the work by
Lane et al. (1986). Insignificant ratios are dropped to make the model more accurate and useful,
as Jones (1987) argued that using too many ratios can actually make the model less useful.
Results of model II are presented in Table 7.

Results in Table 7 show that all ratios are significant as in model I and the signs of coefficients
remain unchanged. The adjusted R2 of the model is 0.59, which is slightly lower than 0.60 of model I.

4.9. Classification accuracy for model II
Classification accuracy analyzes the ability of the logit model to predict distressed firms as
distressed and healthy firms as healthy with precision. Classification accuracy for model II is
presented in Table 8.

Table 8 presents that the overall accuracy for model II is 92%, which is slightly lower than
the 92.2% obtained in model I. Model II classifies healthy firms as healthy with an accuracy
rate of 98.5% and distressed firms as distressed with an accuracy rate of 56.1%. Results of
the analysis show that either model (I or II) can be used to predict financial distress as the
models produce almost similar results. Following the suggestion by Lane et al. (1986) to
exclude insignificant ratios from the model to keep the model simple, this study uses model
II which is estimated after excluding the insignificant ratios.

4.10. Classification accuracy for holdout model
The holdout sample for the study consists of the dataset from 2014 to 2016. Logit regression is
applied to the holdout model to analyze the consistency of model I. Table 9 illustrates the
classification accuracy of the holdout sample.

Table 9 demonstrates the accuracy of themodel for the holdout sample. Themodel classifies 98.5%of
the healthy firms as healthy, which is slightly lower than the accuracy rate of model 1 and similar to the
classification accuracy rate of model II. Table 9 further shows that the model classifies 59.4% of the
distressed firms as distressed, which is slightly higher than the classification accuracy of model I and
model II. The overall accuracy of the holdout model is slightly higher than the classification accuracy of
model I andmodel II. Overall, the logit model has provided consistent results for all of the threemodels.

Table 9. Validation test results for holdout model

Observed Predicted

Healthy Distressed Percentage correct
Healthy 716 11 98.5

Distressed 54 79 59.4

Overall percentage 92.4

Table 8. Validation test results for model II

Observed Predicted

Healthy Distressed Percentage correct
Healthy 1,690 25 98.5

Distressed 138 176 56.1

Overall percentage 92.0
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5. Findings and conclusion
Findings of the study provide that net income to total assets, retained earnings to total assets, and
earnings before interest and tax to total assets are important profitability ratios in predicting
financial distress. Results stress the importance of liquidity ratios and demonstrate that current
assets to total liabilities, working capital to total assets, and current assets to current liabilities
ratios are significant in predicting financial distress. Furthermore, total liabilities to total assets and
interest coverage ratio are important leverage ratios in predicting financial distress. The results
show that out of three cash flow ratios, only cash flow from operations to sales ratio is a significant
predictor of financial distress, while market ratios are irrelevant in predicting financial distress
except for firm size. Results provide that the big-size firms are less likely to face financial distress
as compared to the small-size firms.

The logit model predicted the distressed firms as distressed with an accuracy rate of 56.1% and
the healthy firms as healthy with an accuracy rate of 98.5% that corresponded to the overall
accuracy rate of 92%. Results of the holdout model showed a slightly superior accuracy rate with
an increase of 0.2%. The overall prediction accuracy rate remained almost similar for the holdout
model that designated the consistency of our model. The accuracy rate of the current study is
higher than the 76.9% reported by Rashid and Abbas (2011) and slightly lower than the 95%
reported by Ijaz et al. (2013) for Pakistani firms.

There are certain limitations in this study. First, the sample period of this study is from 2007 to
2016 and the firms are identified as distressed according to the definition of default provided by
the State Bank of Pakistan. Second, financial ratios are selected as predictors based on their
popularity in the literature. Moreover, this study has applied the logit regression based on its
popularity in the literature. Other models like the Hazard Model or Neural Network Model can be
used in future studies to compare the accuracy of the models. For the future studies, macroeco-
nomic variables such as political stability, law and order index, and corporate governance indica-
tors may be considered for predicting financial distress.
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