
INTRODUCTION

Financial distress is the failure of the companies to
meet their financial obligations. This can be observed
from the problems faced by the companies in main-
taining their liquid assets and fulfilling their promises
regarding credit. the forecast of financial distress of
any organization plays a vital role in the decision-
making for all stakeholders i.e. creditors, investors,
financial institutions, owners (shareholders), suppli-
ers, customers and regulators [1]. It is pertinent that
each stakeholder would have different agendas
based upon their roles, but the common objective
would always be a company’s growth. The compa-
ny’s ability to fulfil its obligations is always valuable
for the customers [2].
Overall, the major concern of all stakeholders is the
prediction for future success and failure of a compa-

ny [3]. Therefore, it is critical to developing bankrupt-
cy prediction models which help in forecasting busi-
ness failure and its consequences at micro and
macroeconomic levels [4]. These predictive models
will help the stakeholders identify future business
risks and develop strategies for dealing with risks.
Bankruptcy prediction models are also used for the
purpose of credit scoring and evaluation of the com-
panies [5]. The models are continuously being
enhanced with more prediction accuracy for financial
distress [6].
As a developing country, Pakistan is also facing busi-
ness failures in both small and large companies. A
large number of bankruptcies have occurred in the
last decade. Sneha [7] reported that the Pakistan
Stock Exchange (PSX) is experiencing more delisting
than a listing of companies. From 2012 to 2018, 138
companies had been delisted from the PSX under
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Liquidation/Winding up under court (PSX, 2018).
Pakistan’s economy had been affected badly.
Therefore, it is necessary to investigate the ratios
which are beneficial for the prediction of the instabili-
ty of companies. Due to the global financial crises of
2008–2009, a sudden shock was faced by the
Pakistan stock exchange and companies started
struggling for their survival [8]. In 2010 and 2011
there is an increasing trend in the percentage of
delisting companies. It is noticed that after the adjust-
ment period of post-financial crises (2010–2011), the
percentage of delisted companies increases in 2012
drastically up to 17.89 percent. This increasing trend
shows that the Pakistan stock exchange has experi-
enced a high percentage of delisting after the finan-
cial crises.
Pakistan’s economy has been adversely affected by
the financial crises of 2008–2009 and the Pakistan
stock exchange has experienced a high rate of
bankruptcy following these financial crises. In this sit-
uation, it becomes more important to forecast finan-
cial distress with maximum accuracy and precision to
avoid potential bankruptcy. Even though there is a
vast literature on financial distress prediction, most of
the studies in the literature have used individual
ratios to predict financial distress. 
In January 2020, the World Health Organization (WHO)
initially declared COVID-19 a health emergency. The
economy as a whole is highly unstable on a global
level. Many areas and nations may attest to this. The
severity, intensity, and long-term economic effects of
this pandemic are all quite uncertain. These prob-
lems have led to financial market volatility, which has
had a significant effect on how businesses make
decisions in future years. Companies always try their
best to survive in financially distressed markets. The
completion of the financial distress cycle may take
time and most of the time companies succeed to
come out of their financial distress period to the nor-
mal business life cycle. Moreover, it is also not nec-
essary for every company that it will be shut down
right after any financial distress immediately. Notably,
the current study is using the data from 2005 to 2020
and the aftereffects of COVID-19 may be observed or
investigated well in the sample after a few years in
future. Therefore, it is a limitation of the current study
that the impact of COVID-19 in the current sample
could not be addressed. Even though this study is an
extension of previous studies, this study will strength-
en past models through a comprehensive evaluation
of financial ratios by focusing on Pakistan. There are
very limited studies on predicting financial failure in
Pakistan. Only three worth reading studies are found:
a study by Rashid and Abbas [9] and a study by
Khurshid [10] and a study by Ijaz, Hunjra, Hameed
and Maqbool, [11]. Rashid and Abbas [9] conducted
the first study in Pakistan in which they used only one
model to predict bad financial health and instability.
Khurshid [10] conducted a study to investigate the
determinants of financial instability of non-financial
companies in Pakistan, but the analysis was limited

to only two sectors i.e. sugar and textile. As per avail-
able literature, no study is found which addressed the
need for financial distress prediction model for enor-
mous sectors in Pakistan and if some studies tried to
address, they were lacking to address the core con-
tribution of monster sectors independently in the
Pakistani economy or cater only a few other sectors
using other prediction models.
Moreover, the study comprises various sections. The
subsequent section critically reviews the previous lit-
erature covering aspects of financial distress models
used in past. 3rd section illustrates the methodology.
4th section discusses the results and findings and
5th section elaborates on the detailed discussion and
finally 6th section concludes the whole study.

REVIEW OF LITERATURE

The phenomenon of bankruptcy is increasingly likely
to happen in modern society, influenced by factors
that are within and outside the company [12]. The
market is extremely competitive, and it leads the
business process by eliminating them unfit. Waqas
and Md-Rus [13] conducted a study for the identifica-
tion of predictors of financial distress in Pakistan. The
sample data were obtained for the years 2007 to
2016 with 290 non-financial companies which were
listed on the Karachi Stock Exchange of Pakistan.
The study used an idiosyncratic sigma of previous
returns as a market variable along with the use of
financial ratios. However, the results of logistic
regression revealed that market variables are not
necessary to be significant in the prediction of finan-
cial distress in developing countries. On the other
hand, financial ratios of profitability, liquidity, asset
efficiency, leverage and cashflow indicators were
reported as significant predictors of financial distress
in Pakistan.
Alifiah and Tahir [14] developed financial distress pre-
diction model in Malaysia. The study used manufac-
turing and non-manufacturing companies listed on
Bursa Malaysia from January 2001 to December
2005. The macroeconomic variable money supply
(M2) was also used as an independent variable with
individual financial ratios. Logistic regression was
used for the analysis. The study concluded that
money supply (M2), total asset turnover ratio, net
income to total assets and current ratio were the sig-
nificant predictors of financial distress the for manu-
facturing sector. However, money supply (M2), net
income to total asset ratio, working capital ratio and
debt ratio were obtained as significant predictors for
non-manufacturing sectors.
Luqman, Hassan, Tabasum, Khakwani and Irshad
[15] conducted a study to analyse what role the vol-
untary adoption of corporate governance systems
plays to alleviate financial distress. The study used
the data of 52 companies from the non-financial
sector listed on the Karachi Stock Exchange from
the year 2006 to 2015. The study aimed to analyse
the instruments that help the company to mitigate
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financial distress using logistic regression. The study
concluded that the audit committee, block holder
ownership and director ownership all are negatively
correlated to the probability of financial distress.
Moreover, the causal relationship showed that the
companies which adopt corporate governance mech-
anisms face lower financial distress.
Altman et al. [16] conducted research to find out the
usefulness of the Z-Score model to predict financial
distress and bankruptcy. The focus of the study was
on predicting financial distress among banks that
operate internationally. The data was gathered from
31 European and three non-European countries. Most
of the companies were from the non-financial sector
and were primarily private except for the firms in
China and the USA. The study concluded that the
Z-score model outperformed the results with a pre-
diction accuracy of 75 percent as compared to other
market-based and hazard models.
Rashid and Abbas [9] conducted a study in Pakistan
focusing only on the textile and sugar sectors. The
authors used 24 financial ratios for 52 non-financial
companies for the period of 1996 to 2006 and con-
cluded that the most significant financial ratios to pre-
dict bankruptcy in Pakistan are earnings before inter-
est and taxes to current liabilities, cash flow ratio
and sales to total assets ratio. The model of the study
secured a 76.9 percent of accuracy level for
bankruptcy prediction.
Research studies compare the ability of such meth-
ods to predict bankruptcy and also give attention to
building new and more detailed methods that can
predict bankruptcy in a better way. After reviewing the
above literature, we derive the following hypotheses. 
H1: Profitability ratios have a significant negative

influence on the financial distress prediction of
non-financial listed companies in Pakistan.

H2: Liquidity ratios have a significant negative influ-
ence on the financial distress prediction of non-
financial listed companies in Pakistan.

H3: Leverage ratios have a significant positive influ-
ence on the financial distress prediction of non-
financial listed companies in Pakistan.

H4: Asset efficiency ratios have a significant negative
influence on the financial distress prediction of
non-financial listed companies in Pakistan.

RESEARCH DESIGN

The previous studies have discussed different
approaches to measuring corporate insolvency.
Enormous researchers have identified more than
twenty-five methods (with little variations), widely
used. Univariate and multivariate analysis is adopted
in the 1960s and 1970s, probit and logit models in the
1980s, models of artificial learning in 1990sand the
contingent claim models in the 2000s [17]. The pre-
sent study has also used logistic regression analysis
for obtaining significant financial ratios for non-finan-
cial sector companies listed in the PSX.
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Selection of financial ratios variables

This study applies extensive ratio analysis of 18 finan-
cial ratios as independent variables which are cate-
gorized into four indicators of assets efficiency, lever-
age, profitability and liquidity. These financial ratios
are important and selected based on their signifi-
cance and popularity in the literature to measure
financial distress [13, 14]. Each indicator has its group
of ratios that will directly assess the significant of the
indicator. 

Data of the study

The study used the financial data of non-financial
companies from three huge sectors namely textile,
sugar and cement listed on the Pakistan stock
exchange from year 2005 to 2020. Balance sheets of
all companies were scanned thoroughly for selecting
the companies which fulfilled this criterion of
bankruptcy. The final data of 44 companies were
selected as bankrupt while the remaining 153 com-
panies were supposed to be non-bankrupt because
they showed positive equity. For the selection of non-
bankrupt companies’ group against the criterion of
matched industry and asset size to that of the
bankrupt group is used. Meaning that these compa-
nies were taken on the basis that the company
belonged to the same sector and industry as that of
the respective bankrupt company, the company pos-
sessed positive equity in all years of the sample peri-
od and the company had the same asset size as that
of the respective bankrupt company.

Methodology

The logit model is widely used in the literature [18].
Researchers give preference to the logit model
because of its unique advantages over the MDA
model as it does not assume the normality of predic-
tive variables. Also, it provides a probabilistic output
instead of the score which has to be converted to a
probabilistic measure that ultimately leads to an addi-
tional source of error [19].
Logit model
The Logit model states that for any company, there is
a given set of characteristics through which we can
measure a definable probability of default. Therefore,
the probability of default for a company is based on
these conditional sets of characteristics. Statistically,
this model can be equated as: 

1
P(Yi = 1) =                          (1)

1 + exp(– a – bxi)

where Yi will be 1 if the company is bankrupt, xi is
vector of the explanatory variable. When the proba-
bility of bankruptcy increases the value of a + bxi also
increases. 
The simplified form of this equation is:

Pi = 1 / (1 + e–Z)                       (2)
Here, 

Z = bxi + m                (3)

Equation 1 is showing the cumulative logistic distri-
bution function. To apply the prediction model, we will



estimate the weights of the financial ratios with the
help of equation 3. Optimal b (weights) can be esti-
mated where the likelihood value is maximized. If the
probability of default calculated through the logit
model is greater than 0.5 then the company will be
considered as financially distressed otherwise it will
be considered as a healthy company.
For logit analysis, the econometric model of our study
can be written as:

P(Yi = 1) = a + bi NPFAi + bi SCAi + bi SFAi +

+ bi STAi + bi TLTAi + bi LTDTAi + bi FASEi +

+ bi TDSEi + bi EBITCLi + bi NPSi + bi NPSEi +

+ bi EBITTAi + bi RETAi + bi QRi + bi CACLi +

+ bi CATAi + bi CCLi + bi CLTAi

Sample specification for bankruptand
non-bankrupt companies

The sample of the study must have the following cri-
teria. For bankrupt companies, the company must
belong to the non-financial sector. It is because the
financial sector has a different bankruptcy procedure.
The company must have at least five years of finan-
cial information. A company is considered bankrupt if
it shows a negative book value of equity in any one
of the years in the sample period. On the other hand,
for non-bankrupt companies, the company must
belong to the same industry as the other group of
non-financial sectors. The company must have the
closest asset size matched-with within the bankrupt
group. The data for the non-bankrupt company is
taken from the corresponding year in which the com-
pany went bankrupt in another group. Finally, the
company possesses a positive book value of equity
in all years of data in the sample period.

RESULTS AND FINDINGS

All ratios are entered using a stepwise logistic regres-
sion approach. Before using financial ratios in logistic
regression analyses it was necessary to check the
multicollinearity problem and whether it exists in the
sample data or not. For this purpose, correlation
analysis and collinearity diagnostics are done. The
results of the correlation analysis are presented in
table 1. Moreover, table 2 shows the values of toler-
ance and variance inflation factor (VIF) for each
financial ratio used in the analysis given below.
According to Hair, Black, Babin and Anderson [20]
and Waqas and Md-Rus [13] if the value of VIF is
greater than 10, it depicts the existence of multi-
collinearity problem. Moreover, table 1 shows that all
the values of VIF are less than 10 which also
strengthens the results of correlation and confirms
that there is no multicollinearity problem in the data.
After multicollinearity diagnostics, the study used all
these financial ratios as independent variables in
regression analysis for financial distress prediction
for each year prior to bankruptcy (YPB) (table 3).
Table 3 shows the results of logistic regression with
the coefficient estimates and their significant p-val-
ues for the first YPB. P-values of QR and TDSE at
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alpha one percent, SCA and LTA at alpha 5 percent
and NPSE at alpha 10 percent are statistically signif-
icant. The model obtained five statistically significant
variables or financial ratios which can be developed
as below:

Logit Score = 1 / {1 + e–[–8.03 + (–0.586 X1) + (–11.478 X2) +  

+ (–3.168 X3) + (0.816 X4) + (0.527X5)] }
or

= 1 / {1 + e–[–8.03 + (–0.586 S/CA) + (–11.478 QR) +  

+ (–3.168 NP/E) + (0.816 LTA) + (0.527TD/SE)] }
where SCA is the ratio of sales to current assets
which measures the company’s efficiency; (CA-IN)/CL
is the ratio of quick assets to current liabilities which
measures the company’s liquidity; NPSE is the ratio
of net profit to shareholders’ equity which measures
company’s profitability and TDSE is the ratio total
debt to shareholder equity which measures compa-
ny’s leverage.
The coefficient interpretation of logit estimation is a
little bit different because it is a nonlinear estimation.
These can be calculated in a spreadsheet and also
these are called marginal effects. Marginal effects are
calculated as per the suggestion of Brooks (2008).
Brooks suggested that for the correct interpretation of
coefficients in the logit model the mean value of each
explanatory variable should be calculated. So, the
mean values here are X1, X2, X3, X4 and X5 with
values of 2.565, 0.726, –2.726, 14.213 and 22.369
respectively. The logit function is calculated as:

P


iYPB1 = 1 / {1 + e–[–8.03 + (–0.586*2.565) + (–11.478*0.726) +  

+ (–3.168* –2.726) + (0.816*14.213) + (0.527*22.369)] } =

= 1 / (1 + e–14.137) = 0.99

This shows that with every one-unit increase in the
ratio of sales to Current Assets the case’s probability
to join the bankrupt group will be reduced by
–0.586 × 0.999 = –0.586 units. Similarly, one unit
increase in quick assets to current liabilities ratio will
decrease the probability of financial distress by
–11.478 × 0.999 = –11.478 units. The corresponding
changes in the probabilities occur for net profit to
shareholders equity, natural log of total assets, and
total debt to shareholders equity are –3.168 × 0.999 =
= –3.167 units; 0.816 × 0.999 = 0.816 units and
0.527 × 0.999 = 0.527 units, respectively. Also, all the
coefficients are economically and statistically signifi-
cant at a 10% level of significance. Furthermore, the
same procedure is applied to the results of the sec-
ond, third, fourth and fifth YPB (table 4). 
Table 4 represents the percentages of models’ accu-
racy concerning each year prior to bankruptcy. It is
shown that precision percentages of the model are
higher in the first YPB with 90.11 percent and 87.72
percent in the second YPB and 85.32, 82.36 and
79.57 in the third, fourth and fifth YPB respectively. 

DISCUSSION

The study intents to identify the predictors of financial
distress for the non-financial companies listed on the
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PSX. The data analysis is done using logistic regres-
sion with 18 individual financial ratios. However,
results of individual financial ratios show that EBIT-
CL, NPSE, EBITTA and RETA are significant prof-
itability ratios. The profitability ratios possess nega-
tive sign of coefficients which means that the higher
the value of profitability ratios lesser will be the prob-
ability of financial distress. The results of profitability
ratios align with previous studies like Cederburg and
O’Doherty [21], Hu and Sathye [22], Altman et al.
[16], Rashid and Abbas [9], Campbell et al. [23],
Choe and Her [24] and Hotchkiss, Smith, and
Stromberg [25].
In addition, liquidity ratios analysis is also worth
important for a company. Basically, it is the ability of
a company to fulfil its short-term liabilities. The ratios
QR, CACL and CATA are significant liquidity ratios
with the negative sign of coefficient values obtained
for this study. The negative sign of coefficient esti-
mates shows that an increase in a company’s liquid-
ity decreases the probability of financial distress.
Past studies which articulated the same results for
liquidity ratios are Chiaramonte and Casu [26], Ijaz
et al. [11], Rashid and Abbas [9], Yap et al. [27],
Campbell et al [23], Allayannis et al. [28], Ugurlu and
Aksoy [29].
The rational introduction of debt in a company’s cap-
ital structure is very important. The logistic regression
results for leverage ratios show LTDTA, FASE, TDSE
and TLTA are statistically significant. Leverage ratios
exhibit positive sign of coefficient estimates which
indicates the inverse relationship between leverage
ratios and the probability of financial distress. The
lower the unnecessary debt in capital structure, the
lesser will be the probability of financial distress. Past
studies like Agarwal and Bauer [30], Tinoco and
Wilson [31], Abdullah et al. [32], Jones and Hensher
[33], and Eljelly and Mansour [34].
The proper and efficient utilization of company assets
is an important aspect of a running business. The
findings of the study suggest only one asset efficien-
cy ratio which is SCA. The ratio is statistically signifi-
cant with a negative sign to predict financial distress.
The inverse relationship shows that efficient utiliza-
tion of assets reduces the probability of financial dis-
tress. Furthermore, the asset efficiency ratios' results
are similar to the previous study like Ugurlu and
Aksoy [29] and Eljelly and Mansour [34]. Spulbar
et al. [35] have conducted a research study on the

MODEL ACCURACY

Years prior to bankruptcy
(YPB)

Percentages of model
accuracy (%)

First YPB 90.11

Second YPB 87.72

Third YPB 85.32

Fourth YPB 82.36

Fifth YPB 79.57

Table 4

MULTICOLLINEARITY ANALYSIS

Financial ratios
Collinearity statistics

Tolerance VIF

EBITCL 0.613 2.560

NPS 0.620 1.516

NPSE 0.913 4.033

EBITTA 0.216 4.060

RETA 0.558 1.930

QR 0.292 1.187

CATA 0.570 1.119

CCL 0.429 3.047

CLTA 0.180 2.082

CACL 0.488 1.127

TLTA 0.746 3.832

LTDTA 0.756 1.646

FASE 0.189 1.111

TDSE 0.921 1.086

NPFA 0.216 3.186

SCA 0.162 2.764

SFA 0.732 2.018

STA 0.370 2.019

Table 2

COEFFICIENT ESTIMATES FOR INDIVIDUAL
FINANCIAL RATIOS MODELS

Years
prior to

bankruptcy
(YPB)

Variables Coefficient ME Prob.

First YPB

C –8.03 - 0.085

SCA –0.586 –0.586 0.040

QR –11.478 –11.478 0.002

NPSE –3.168 –3.168 0.080

TDSE 0.527 0.527 0.003

Second
YPB

C –6.658 - 0.019

FASE 0.273 0.236 0.026

EBITCL –4.485 –3.862 0.019

QR –2.073 –1.786 0.030

Third YPB

C –2.496 - 0.265

TDSE 0.625 0.323 0.000

CATA –4.465 –2.302 0.006

SCA –0.479 –0.247 0.038

Fourth YPB

C –4.998 - 0.082

LTDTA 5.319 2.293 0.090

RETA –1.207 –0.52 0.033

CACL –0.897 –0.387 0.048

Fifth YPB

C –1.584 - 0.155

EBITTA –10.661 –5.245 0.031

TLTA 2.931 1.442 0.087

Table 3

Note: SCA is sales to current assets, QR is quick ratio, NPSE is
net profit to shareholders equity, TDSE is total debt to sharehold-
ers equity, FASE is fixed assets to shareholders equity, EBITCL is
earnings before interest and taxes to current liabilities, CATA is
current assets to total assets, LTDTA is the long-term debt to total
assets, RETA is retained earnings to total assets, CACL is current
assets to current liabilities, EBITTA is earnings before interest and
taxes to total assets, TLTA is total liabilities to total assets.
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effects of tax revenue on the evolution of Gross
domestic product (GDP) in the case of European
Union member states. On the other hand, Sumera
et al. [36] examined the implications of education on
the dynamics of economic growth. Spulbar et al. [37]
investigated the impact of digitalization on poverty
alleviation and economic growth due to the
COVID-19 pandemic.

CONCLUSION

The empirical findings of the study fulfil all the
research objectives and answer all the research
questions of the present study. The study reveals that
significant profitability ratios are earnings before
interest and taxes to current liabilities (EBITCL), net
profit to shareholder’s equity (NPSE), earnings

before interest and taxes to total assets (EBITTA)

and retained earnings to total assets (RETA).

Additionally, the liquidity ratios which show significant

results are quick ratio (QR), current assets to current

liabilities (CACL) and current assets to total assets

(CATA). The significant leverage ratios for financial

distress prediction are a long-term debt to total

assets (LTDTA), fixed assets to shareholders equity

(FASE), total debt to shareholders equity (TDSE) and

total liabilities to total assets (TLTA). Furthermore, the

findings reveal that sales to current assets (SCA) are

the only significant individual financial ratio as an

asset efficiency ratio. Lastly, the highest precision

rate of model accuracy produced in the study is 90.11

percent for the first YPB.
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