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Abstract

Default has become an extreme concern in the current world due to the financial crisis. The previous prediction of companies’ bankruptcy 
exhibits evidence of decision assistance for financial and regulatory bodies. Notwithstanding numerous advanced approaches, this area 
of study is not outmoded and requires additional research. The purpose of this research is to find the best classifier to detect a company’s 
default risk and bankruptcy. This study used secondary data from the Pakistan Stock Exchange (PSX) and it is time-series data to examine 
the impact on the determinants. This research examined several different classifiers as per their competence to properly categorize default 
and non-default Pakistani companies listed on the PSX. Additionally, PSX has remained consistent for some years in terms of growth 
and has provided benefits to its stockholders. This paper utilizes machine learning techniques to predict financial distress in companies 
listed on the PSX. Our results indicate that most multi-stage mixture of classifiers provided noteworthy developments over the individual 
classifiers. This means that firms will have to work on the financial variables such as liquidity and profitability to not fall into the category 
of liquidation. Moreover, Adaptive Boosting (Adaboost) provides a significant boost in the performance of each classifier.
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culminated. There have been copious studies and research 
carried out related to bloated and unstable economies since 
the mid-1990s. One of the least studied emerging markets 
is the Pakistan Stock Exchange (PSX). However, the PSX 
study would contribute to the literature on emerging and 
developing markets finance, especially the Middle East. The 
enormous impact of long-term loans default by organizations 
has established that predicting credit risk is a vital area of an 
organization regarding credit support assessment methods. 

Predicting credit risk and the effective management of 
credit risk is a critical component of comprehensive risk 
management and is essential for the long-term success of any 
organization. It confirmed through the literature review that 
much work has been done on this subject in previous periods. 
However, in some research, the alarming credit crisis has 
shown the importance of the criteria that need to be evaluated 
or studied. Furthermore, monetary reforms (for instance, 
Basel iii standards) and an efficient risk management system 
also indicated the necessity of the research in models for 
the prediction of default risk and bankruptcy. It is essential 
that for such institutions to have a transparent and efficient 
managing structure. As meaningful implementation of a 
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1. Introduction

Due to the impact of the aftermath of defaulting on various 
sections of society and the significant misfortunes that the 
firms experienced at the time of global and major financial 
crisis, the inevitable signs of gauging the credit risk have 
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logical decision-making process, corporate default forecast 
helps prevent and reduce the default risk. For the researchers, 
this point has highlighted the need to construct efficient 
structures or models with considerable precision. The mixture 
of classifiers exhibits an excellent procedure of utilizing 
information, which leads to greater precision than individual 
classifiers. This approach can accelerate model precision. 
The greater the model accuracy, the more suitable the method 
is in predicting default. Research in this regard has just 
started, therefore, needs to be carried out comprehensively. 
Formerly, the researchers used Decision Tree (DT) or Neural 
Networks (NN) as a primary base for learning, comparable to 
single NN classifiers. The paper also analyzes the Adaboost 
and Bagging approach to predict default with the different 
models like DT, Logistic Regression (LR), Artificial Neural 
Networks (ANN), and Support Vector Machine (SVM).

2. Literature Review 

Previously, several types of research have been carried 
out concerning methods of default prediction. A single 
variable approach was implemented by Beaver (1966), and 
the preferable method was Discriminant Analysis (DA) by 
Altman (1968). Since then, much effort has been made to 
spread Altman’s outcomes, using various techniques. The 
application of data mining methods such as (DT), (ANN), 
(SVM) for insolvency prediction began in the early 1980s 
(Pompe & Feelders, 1997; Shin et al., 2005).

In recent decades, various machine learning models were 
used to predict default and financial distress. The classification 
of firms based on firm and country-level variables using the 
DT technique was initially done by Frydman et al. (1985). DT 
procedure contains the certainty of non-systematic errors in 
the established standards of characteristics (Quinlan, 1986). 
Quinlan (1986) summarized an approach to synthesizing 
decision trees that have been used in a variety of systems, and 
it describes one such system, ID3. ID3 was designed where 
there are several attributes and the training set comprises 
many objects, nevertheless where a reasonably good decision 
tree is needed without much computation. This approach is 
utilized in various studies to predict credit risk, (Pompe & 
Feelders, 1997; Messier & Hansen, 1988). 

Lin and McClean (2001) utilized four different approaches 
to predict business failure - DA, LR, NN, and C5.0 - each 
based on two feature selection methods for predicting 
business failure. Two were statistical approaches, and the 
other two were machine learning approaches. Eventually, a 
hybrid method that combines the finest features of different 
classification models is developed to increase the prediction 
performance. The empirical tests showed that the hybrid 
method generates higher prediction accuracy than individual 
classifiers (Ramakrishnan et al., 2016). Techniques such as 
genetic algorithms and ANN were implemented in different 

but relevant studies to examine bankruptcy (Shin & Lee, 
2002; Hertz, 2018). Lately, the ANN approach has been opted 
for by some of the significant commercial credit-default 
predicting institutions (Nabi et al., 2020). 

For instance, Dang (2020) said that banks and several 
financial institutions had created this structure for predicting 
default, particularly Moody’s-Governance risk, which is a 
key determinant of credit quality for all debt issuers. The 
prediction of company bankruptcies is a significant and 
widely studied subject since it can have a significant impact 
on bank lending decisions and profitability. Atiya (2001) 
reviewed the subject of bankruptcy prediction, with stress 
on NN models. He developed an NN bankruptcy prediction 
model. Influenced by one of the traditional credit risk models, 
a model developed by Merton (1974), he proposed novel 
indicators for the NN system. Al-Homaidi et al. (2020) found 
that the combination of SVM and LR exhibited considerable 
stability in the prediction results, which is vital and significant 
in the banks’ credit rating process. 

Van Gestel et al. (2005) stated that the Basel II capital 
accord urges banks to develop internal rating models that are 
financially instinctual, easily understandable, and optimally 
predictive for default. Standard linear logistic models are 
very easily readable, however, have limited model flexibility. 
ANN and SVM models are less uncomplicated to interpret, 
however, can capture more complex multivariate non-linear 
relations. A gradual approach that balances the interpretability 
and predictability requirements is applied to rate banks

Ha (2019) analyzed and synthesized the theoretical 
basis relating to operational self-sustainability and credit 
growth of PCFs. Based on the synthesized and analyzed 
theories, the paper defined the factors affecting operational 
self-sustainability and credit growth, the analysis model 
of the interactive relationship between credit growth and 
operational self-sustainability of people’s credit funds in 
Vietnam’s Mekong Delta Region. Myers and Forgy (1963) 
implemented a multi-variant scheme is to envisage a two-stage 
DA structure. Several discriminants and multiple regression 
analyses were performed on retail credit application data to 
develop a numerical scoring system for predicting credit risk 
in a finance company. Results showed that equal weights for 
all significantly predictive items were as effective as weights 
from the more sophisticated techniques of DA and step-wise 
multiple regression.” However, a variation of the basic DA 
produced a better separation of groups at the lower score 
levels, where more potential losses could be eliminated with 
a minimum cost of potentially good accounts. 

West et al. (2005) investigated 3 ensemble strategies: 
cross-validation, Bagging, and boosting. They employed 
the multilayer perceptron NN as a base classifier. The 
generalization capability of the NN ensemble was found 
to be superior to the single best model for three real-world 
financial decision applications. It was evident from the work 
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of Abellán and Masegosa (2012) that classification can be 
carried out with ease through bagging on creedal judgment 
trees (CDTs). They studied one application of Bagging CDT, 
using imprecise probabilities and uncertainty measures, on 
data sets with class noise. They also extended an original 
method that builds CDTs to one which works with continuous 
features and missing data. Through an experimental study, 
they proved that Bagging CDTs outperforms more complex 
Bagging approaches on data sets with class noise. Finally, 
using a bias-variance error decomposition analysis, they 
justified the performance of the method of Bagging CDTs, 
showing that it achieves a stronger reduction of the variance 
error component.

3. Methods

3.1. Adaptive Boosting (Adaboost)

The first step of the classifier procedure is to list the 
individual classifiers and then combine them. In a group of 
N independent classifiers with un-reciprocal error areas, the 
classifier’s mistake derived by regularizing their outcomes 
can be decreased by a factor of N. Freund and Schapire 
(1995) suggested the multiplicative weight-update technique 
to derive a new boosting algorithm. This boosting algorithm 
does not require any prior knowledge about the performance 
of the weak learning algorithm. Their study was an extension 
of the well-studied on-line prediction model to a general 
decision-theoretic setting. They showed that the multiplicative 
weight update rule can be adapted to this model, yielding 
bounds that are slightly weaker in some cases, but applicable 
to a considerably more general class of learning problems. 

Every new classifier of this kind is constructed on a set 
of information in which the preceding model mismatched 
the samples, giving more stress. In contrast, samples that 
are adequately categorized are applied to low pressure. Once 
a possible classifier has been identified, it is necessary to 
measure its accuracy. The AdaBoost algorithm of Freund and 
Schapire (1997) was the first practical boosting algorithm, 
and remains one of the most widely used and studied, with 
applications in numerous fields. Adaboost comprises multiple 
weak regressors, sequentially trained weighting the training 
samples based on the errors of the previous weak regressors. 
The single predictions are combined with a weighted sum to 
obtain the final estimation. A set of training is assumed by:

Tn= {(X1,Y1), (X2,Y2),..,(Xn,Yn)}

where each item Xi has an associated class Yi {-1,1}. The 
weight ωb(i) is allocated to every annotation Xi and is firstly 
set to 1/n. This assessment must be rationalized before every 
phase. A simple classifier signified Cb(Xi) is constructed on 
this new training group, Tb, and is useful to every training 

model. The mistake of this classifier is characterized by 𝜉b 
and is considered as:

𝜉b = ∑ωb(i) 𝜉b(i)

Where

{ i

0
y b ib(i) C (X )ξ = =

i
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y b i C (X ) ≠

The new weight for the (b+1)-th repetition will be, 

ω b+1 (i) = ωb(i) . exp (αb𝜉b(i))

Here αi is a constant of the classifier in the b-th iteration. 
This procedure is repeated in each phase for b=1, 2, 3, B. Lastly, 
the collective classifier is constructed as a linear grouping 
of the individual classifiers weighted by the consistent, 
constant αb. Figure 1 shows the step-by-step framework of 
the Adaboost algorithm, the combination system, and the 
weak learning algorithm for default forestalling.

3.2. Bagging 

Bagging is also meta-algorithm that pools decisions from 
multiple classifiers. We train k models on the different samples 
(data splits) and take average forecasts in bagging. Then, we 
forecast the experiment set by averaging the outcomes of k 
models. The bagging algorithm can be described as follow: 

•  Training
In every iteration t, t=1,...T

•  Arbitrarily trial with additional N samples from the 
training set

•  “base model” (e.g., neural network, decision tree) on the 
samples.
For every test instance

•  Forecast by merging outcomes of all T trained models:
•  Regression: averaging
•  Classification: a mainstream vote

3.3. Logistic Regression (LR)

Logistic regression is a statistical model that in its basic 
form uses a logistic function to model a binary dependent 
variable. In regression analysis, logistic regression is 
estimating the parameters of a logistic model. The variable 
expresses a financial state where it takes the value 1 if the 
specific firm in the particular period is in financial distress 
and value 0 if is characterized by financial stability (Allison 
1999; Hosmer Jr et al., 2013). This approach was primarily 
implemented by Martin (1977) and Morris (2018) to predict 
corporate default, particularly in the US banking sector. 
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Figure 1: The framework of the Adaboost algorithm

Shisia et al. (2014) conducted a study to predict financial 
distress in Nairobi security exchange using LR. They used 
the Multivariate DA (MDA) statistical technique as used 
by Altman (2006) in predicting corporate financial distress 
to determine the company growth and the state in which 
the company occurs as recommended by the Altman model 
in which there are safe zone, grey zone, and distress zone. 
The study sourced data from secondary sources. Mihalovic 
(2016) presented a paper focused on the comparison of the 
overall prediction performance of the 2 developed models. 
The first one is estimated through MDA, while the other is 
based on LR. The results of the study suggest that the model 
based on LR outperforms the classification accuracy of the 
MDA model. LR stands in the second position, after MDA, 
in predicting default structures as per Dimitras et al. (1996).

3.4. Decision Tree (DT)

Among the most renowned and practical approaches for 
prediction is the DT. It is mainly because of the clearness 
and lucidity of this approach. It is a non-parametric and 
preliminary approach used for classification and regression. 
The objective is to construct a model that predicts the 

value of a target variable by learning simple decision rules 
implied from the data characteristics. DT was initially 
implemented to predict default risk (Frydman et al., 1985). 
Some scholars, after this, implemented this approach to 
predict the chances of default or bankruptcy (Gepp et al., 
2010; Carter & Catlett, 1987; Messier & Hansen, 1988; 
Pompe & Feelders, 1997).

3.5. Neural Networks (NN)

To overcome and resolve the regression difficulties, the 
NNs approach was opted; applying a NN to the problem 
can provide much more prediction power compared to a 
traditional regression. In the early 1990s, corporate default 
was predicted using the NNs approach; after then, many 
researchers have utilized this structure to predict failure. 
Moreover, it is evident from various studies that several 
financial institutions have already implemented NNs for 
default risk prediction (Atiya, 2001). The approach is 
flexible to data characteristics that can be handled with 
multiple challenging tasks and parameters. Therefore, 
NN possesses the competence to tackle erroneous and 
insufficient information (Smith & Stulz, 1985).
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3.6. Support Vector Machines (SVM)

SVMs are assessed as the most acceptable classification 
methods among different classification techniques. The 
number of empirical findings exhibits the properties and 
significance of SVMs. SVMs perform classification by 
finding the hyperplane that maximizes the margin between 
the two classes. The vectors that define the hyperplane are 
SVMs. SVM creates a linear model to guess the decision 
purpose using nonlinear class limits based on support 
vectors. The objective of applying SVMs is to find the best 
line in two dimensions or the best hyperplane in more than 
two dimensions to separate space into classes.

The SVM algorithm finds the hyperplane with the largest 
margin: the largest distance to the nearest sample points. 
Hence its denotation as the maximum-margin classifier. The 
closest data points are called support vectors.

4. Empirical Experiment

4.1. Data Description

The dataset was utilized to edit. A total of 217 cases of 
Pakistani businesses were observed. Most of them were or 
are listed in PSX.

The 21 significant variables in this study were selected 
using a two phase’s predictive variable assortment procedure. 
After studying the default prediction literature, 65 variables 

from more than 230 financial ratios were designated as 
projecting variables. The financial ratios were selected 
based on their significance in the literature. For the second 
phase, 21 factors are assigned based on the obtainability of 
the imperative data. Table 1 exhibits the precise gauging 
significance of organizations who default and those who do 
not default.

Shortlisting the factors, methods having direct regression 
and DT analysis has opted. The significant factors based on 
two approaches were recognized. The factors are chosen 
from the 21 factors for the structure, which could accurately 
pre-judge the firms’ default and non-default. The selected 
financial ratios are EBIT to total assets (X1), current assets to 
total assets (X5), net profit to liability (X11), working capital 
to total assets (X6), and net profit to the sale (X16).

Where:

EBIT:  Earnings Before 
Interests and Taxe

GP: Gross Profit

TA:  Total assets L:   Liabilities
Ca:  Cash TI:    Total Income
CL:  Current Liabilities LL:  Long Term 

Liabilities
CA:    Current Assets E:   Equity
WC:  Working Capital R:   Receivables
S:    Sale NP: Net Profit

Figure 2: The SVM Displays a Hyperplane that Parts the Two Classes Accurately
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Table 2: Depicting the Progress of Classifier Methods

Classifier system % Accuracy % Misclassified % ROC Area

Baseline 
m

odels

LR 84.79 15.21 84.9
NN 83.41 17.38 91.3
DT 84.79 17.12 83.8
SVM 84.79 14.42 92.5

M
ulti-stage

LR (adaboost) 86.17 17.57 90.29
NN (adabboost) 86.17 13.42 91.45
DT (adaboost) 86.17 14.03 91.5
SVM (adaboost) 89.07 14.38 91.9
LR (bagging) 86.17 15.29 91.4
NN (bagging) 82.94 18.11 92.8
DT (bagging) 83.87 19.44 91.6
SVM (bagging) 86.83 14.33 94.3

Table 1: Concise Commutations of Shortlisted Factors of Default and Non-Default Organizations

S no. Definition of variable Means of non-default 
companies

Means of default 
companies

Test of equality of group 
means

1 EBIT/TA 0.1647 -0.0268 0
2 Ca/TA 0.0877 0.0311 0
3 Ca/CL 1.8502 1.172 0
4 CA/CL 0.6186 0.5843 0.31
5 CA/TA 0.1896 -0.054 0
6 WC/TA 0.0989 -0.877 0.24
7 WC/S 9.5097 16.77 0.27
8 S/R 0.0907 -0.068 0
9 NP/TA 0.0907 -0.067 0
10 NP/E -0.932 -1.094 0.087
11 MUN 2.79 2.43 0.5
12 DYN 4.59 4.14 0.52
13 HHI 0.815 0.565 0
14 UNIQ 0.0307 -0.042 0

4.2. Experimental Results

The outcomes of the result are presented in two portions. 
The first portion exhibits the number of misjudged cases 
in percentage for every individual classifier. The progress 
of collective classifiers over the baseline classifiers has 
been exhibited in Table 2. Also, using the ROC curve, the 
accuracy of each classifier is evaluated. Table 2 displays the 
precision of the classifier and misclassified cases for each 
classifier. As indicated by the outcomes, SVM is the best. The 

variance between SVM and the next best model is minor but 
statistically significant. 

Generally, the baseline classifiers’ findings are not 
unexpected and well-matched with preceding experiential 
research on individual classifier performance for prediction 
of default risk. With greater generalizability, it is evident 
that SVM is an appropriate approach for Pakistan’s financial 
distress as a developing economy. Also, Table 2 shows the 
performance accuracy of multi-stage classifiers in comparison 
with baseline classifiers. 
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Figure 3: Performances of Adaboost and Bagging
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The multi-stage classifiers considerably outperform 
the baseline. However, the bagging improvement is not 
significant, with only companies using LR viewing the 
major enhancement. The results show that all multi-stage 
classifiers outperform the baseline classifiers including 
Adaboost with LR and NNs, DT, and SVM. Figure 1 shows 
the ROC curve for baseline and multi-stage classifiers. Table 
2 depicts the progress of classifier methods.

5. Conclusion

Due to the importance of default and its impact on 
organizations, default prediction has received extensive 
attention from researchers. Accurate default prediction of 
firms moving toward bankruptcy is undeniably required. 
Various models have been used for forecasting default. 
The use of collective classifiers has developed and became 
standard on numerous grounds in the last few years. As 
indicated by different studies, various individual classifiers 
make mistakes in diverse cases in predicting default 
(Polikar, 2006: Rokach, 2009). The assortment is relied 
upon to improve order exactness. According to Brown et al. 
(2005) stated that ensemble approaches to classification and 
regression have attracted a great deal of interest in recent 
years. These methods can be shown both theoretically and 
empirically to outperform single predictors on a wide range 
of tasks. Rokach (2009) suggested the idea of ensemble 
methodology is to build a predictive model by integrating 
multiple models. It is well-known that ensemble methods 
can be used for improving prediction performance. They 
provided an overview of ensemble methods in classification 
tasks and presented all important types of ensemble methods 
including bagging and boosting. 

This study focuses on corporate default prediction; 
the approach is differentiated by employing multi-
stage classifiers for Pakistani firms as a developing 
emerging economy. The accuracy of five classifiers 
was assessed to determine whether it is conceivable to 
forecast Pakistani firms’ default based on financial ratios. 
Empirical results highlighted the financial ratios EBIT/
TA, CA/TA, NP/L, WC/TA, and NP/S is recognized as 
highly predictive indicators. Most mixed classifiers gave 
critical advancements in respect of individual classifiers. 
Moreover, Adaboost affords enhancement in the progress 
of the particular classifier. Bagging with SVMs and LR 
performed well. According to the literature in various 
scientific and engineering fields, it has been found that the 
ensemble of classifiers increases the forecasting accuracy. 
The results of this study reveal the progress in forecast 
precision of collective classifiers. Besides, this study used 
collective classifiers for default prediction to manage the 
cost of a more dependable model.
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