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Abstract 
 

This research focuses on predicting the default risk of a financially distressed firm with KMV-

Merton's model and Altman's Z-Score model. Part of the objectives of this research were to 

estimate the probability of default with Merton's model and to compare and validate this 

probability with Altman's Z-Score. Merton's model, which is a structural model, was used to 

estimate default probability, while Altman's Z-Score model, a reduced-form model, was used as 

a verification tool. The research involved collecting past financial data from the company's 

financial statements. The result indicated an extremely high degree of correspondence among 

the models. Merton's model estimated a default probability of 100%, while Altman's Z-Score 

model gave a default risk forecast of -4.018, which is an exceptionally high bankruptcy 

likelihood. These were expected results within the known standards of both models. Challenges 

in research were encountered primarily in obtaining effective data and achieving a final 

comparability tool for model accuracy. Future research can explore variations of model 

comparison to further evaluate the predictive ability of Merton's model to predict default risk 

and review enhancements to Altman's Z-Score model to enhance prediction accuracy. The 

practical significance of this study lies in providing a comparative study on two of the most 

used default risk models and highlighting the importance of solid financial distress assessment 

for companies with a history of financial distress. 
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Introduction 
 

Businesses exist in various forms, including sole proprietorships, partnerships, and 

corporations. This study focuses on companies, which commonly prioritize profit maximization 

and risk minimization. Effective business management and the avoidance of bankruptcy are 

paramount to achieving these goals. Furthermore, [1] demonstrated proactive risk management 

approach ensuring firms financial stability and longevity, especially for banks [2 – 6]. 

Ineffective management of default risk can lead to substantial losses, financial distress, and 

even bankruptcy. This research seeks to contribute to a better understanding of default risk 

assessment to help companies mitigate these negative impacts.  

Companies often face challenges in accurately assessing the probability of default when 

evaluating borrowers or their financial stability. This difficulty arises from the lack of 

universally accepted or easily applicable methods for quantifying default risk, leading to 

potential misjudgements in lending decisions and financial planning. While various models 

exist for predicting default risk, empirical tests are necessary to determine their accuracy and 
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reliability. This study fills this gap by comparing the performance of two widely used models, 

Merton's model and Altman's Z-Score model, to analyse their concordance in estimating default 

risk.   

Merton's model provides a powerful approach to predicting firm defaults based on market 

value [7], while Altman's Z-Score model can forecast firms' default by analysing the firm 

financial status over periods longer than one or two years [8]. Some studies would focus on the 

theoretical nature of default risk models, while others would utilize simulated data. There may 

be a shortage of research that properly tests the models against actual firm performance and 

financial outcomes over some period. Merton's model and Altman's Z-Score performance may 

differ when estimating default risk in the case of a chosen firm or industry. This research can 

do this by employing the models on historical data and contrasting the model predictions with 

the actual financial trajectory of the company, thus providing real-world validation. So, this 

research contributes by providing a direct comparison of predictive power of these models in 

one specific case, empirically supporting the argument regarding their relative strengths and 

weaknesses. 

 

KMV-Merton Model 

 

KMV-Merton's model, a structural model, is a cornerstone in default probability assessment. 

The model emphasizes its reliance on the market value of equity as a key input for robust results 

[9]. The model utilizes option pricing theory, conceptualizing default as occurring when a 

company's asset value falls below its debt obligations at a specific time [10]. Cakici et al. [11] 

show that the KMV-Merton model framework can capture complex relationships between 

default risk and financial positions which highlights the model's practical applicability. Jumbe 

and Gor [12] suggest the key determinants in assessing default probabilities and show the 

relevance of volatility and expected returns in hedging default risk exposures using the KMV-

Merton model. Specifically, [10] present a three-step method of estimating default probability, 

based on KMV model:1) estimation of asset value and volatility; 2) calculation of distance-to-

default; and 3) calculation of default probability from distance-to-default.   

The KMV-Merton model is nonetheless relevant in the modern financial markets in 

estimating probabilities of default [13]. A decade ago, [14] employed the Merton's model in 

forecasting default risk among publicly non-financial firms in the United Kingdom. The 

research demonstrated that the model provides a strong signal of potential failure one year in 

advance, showcasing its predictive power. Furthermore, [14] found that Merton's model 

outperformed a reduced-form model in predicting default, demonstrating its relative 

effectiveness. Norliza and Maheran [15] implemented Merton's model to estimate default 

probabilities value of Malaysian companies listed on Bursa Malaysia. The value of the default 

probabilities was then compared with the company rating by Malaysian Rating Corporation 

Berhad (MARC) and RAM Rating Holding Berhad. The research identified a high degree of 

correlation between the predictions made by the model and the ratings provided by the rating 

agencies. This indicates that Merton's model is efficient in capturing default probabilities and 

can accurately forecast changes in the rating outlook of companies up to two years ahead. 

Furthermore, it supports the application of the model in an emerging market scenario. As time 

passes by, the KMV-Merton model goes on to further evolve with many modifications [16-18]. 

Finally, the literature proves that the Merton model remains a primary method of forecasting 

default risk due to its consistency with theory and adaptability. Its applications span the entire 
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economy, as an example of continuing to be at the leading edge of innovation and application 

when it comes to default risk management. 
 

Altman's Z-Score Model 
 

Altman's Z-Score model is a widely used tool for predicting financial distress and bankruptcy 

[19]. Its ability to analyse a company's financial health and predict potential financial problems 

has been highlighted in many studies [20-21]. Altman et al. [22] developed Altman's Z-Score 

model for manufacturing and non-manufacturing companies. The Altman's Z-Score model has 

become a key input for many internal rate-based models [22]. Utilized for over many years, 

Altman's Z-Score model remains a fundamental tool for bankruptcy and financial problem 

forecasting in research and practice. Altman collected a list of 22 potentially important financial 

ratios from balance sheet and income statement data, categorized into liquidity, leverage, 

profitability, solvency, and activity ratios. Altman selected five ratios for corporate bankruptcy 

prediction, using statistical significance, relative responsibilities of variables, interconnections 

between factors, predictive accuracy, and investigator judgment. Altman et al. [22] noted that 

modifications to the Altman's Z-Score model require changes to financial data and estimation 

techniques to improve results. 

Gurau [23] emphasizes that Altman's Z-Score model is a valuable tool for investors to 

forecast bankruptcy. In a study of 33 bankrupt US companies, [23] found that by utilizing the 

information on company size, financial structure, performance, and current liquidity, 

bankruptcy can be predicted one year in advance. Li and Rahgozar [24] developed the use of 

asset volatility within Altman's Z-Score model for bankruptcy prediction. Li and Rahgozar [24] 

reported that approximately 95% of bankrupt organizations were correctly classified as 

bankrupt, and roughly 80% of non-bankrupt organizations were correctly classified as not 

bankrupt. Therefore, asset volatility is said to be the key variable in Altman's Z-Score model 

for manufacturing and non-manufacturing companies. 

Mantziaris [25] used Altman's Z-Score model to assess the future of an industry after a global 

financial crisis, examine the impact of Chinese government regulations on the real estate 

industry, and predict future failures of Chinese real estate companies. Mantziaris [25] also found 

that Altman's Z-Score model correctly predicted company classifications by financial 

institutions in Lebanese manufacturing firms and company failures for the economy of Pakistan. 

Not only that, Altman’s model also can assess the current and future health of small and medium 

enterprises in the study of [26]. Singh and Singla [27] further extended the model's relevance 

in emerging markets such as the Indian corporate sector. Under dynamic market conditions, the 

Altman Z-Score model shows robustness in exploring the impact of environmental 

considerations on companies' financial health [28]. In terms of comparative analyses, the 

reliability of the Altman Z-Score model remains satisfactory compared to the alternative model 

[29]. 

In summary, the Altman Z-score model is still a great predictor of corporate default, as 

reflected by the diverse applications by industries and nations. Its empirical resilience, 

flexibility, and age-old prescience prove the model's strategic location in financial distress 

diagnosis and corporate governance. 

 

Data Description and Sources 
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The selection of appropriate financial distress prediction models and the acquisition of relevant 

financial data are necessary to carry out an elaborate analysis for firms with a past record of 

financial distress. The study of an undisclosed Malaysian public manufacturing company firm 

characterized by a history tainted with massive financial losses, is an appropriate subject 

for financial distress analysis. Given this history of financial distress, models designed to assess 

the likelihood of bankruptcy, such as Merton's and Altman's Z-Score, are particularly suitable 

for analysing the company under study. By obtaining the company-specific financial data and 

implementing these models, this study can perform a sound and evidence-supported analysis of 

the company's financial distress. 

Data for the selected Malaysian undisclosed public manufacturing company was gathered 

from two sources: the company's 2015 annual report and Bursa Malaysia's archived stock price 

database. The annual report gave financial variables including the number of outstanding 

shares, short-term borrowings, total liabilities, total assets, current assets, current liabilities, 

earnings before taxation, earnings after taxation, revenue, and book value of equity. 

Corresponding monthly stock prices were fetched from Bursa Malaysia website. 

 

Applying the Merton’s model 
 

Merton's model, a framework for assessing a firm's default risk, necessitates information on 

outstanding shares, liabilities, and stock prices. In this study, these data were used to compute 

the following variables: 

a. The market value of equity, E: Calculated by multiplying the monthly stock price with 

the fixed number of outstanding shares issued by the company for one year, generating 

twelve monthly market values of equity starting for the year 2015.  

b. Book value of debt, k: Assumed to be equivalent to the value of short-term borrowings 

reported in the annual report, and it is treated as constant. 

c. Market Value of Asset, V: Derived by summing up the monthly values of E with the 

fixed value of k. 

d. Growth or drift rate, µ: Defined as the firm’s return on assets (ROA). Monthly ROA was 

calculated by dividing net income (fixed value) by the monthly values of V. Then, the 

annual growth rate was obtained by averaging these monthly ROA values.  

e. Volatility of Asset, 𝜎: Calculated as the annualized standard deviation of the monthly 

returns of V, achieved by multiplying the standard deviation by the square root of 12. 

Based on the computed variables, the probability of default of the company is estimated.  In 

this context, probability of default,  indicates a probability (Pr) that the the market value of the 

company asset at time t, 𝑉𝑡  will be worth less than the book value of liabilities, k by the time 

the debt matures [ 9 -10]. This is expressed as follows: 

 

Pr[ ]t tP V k=             (1) 

 

. Let 𝑉𝑡 be a function that satisfies the following stochastic differential equation: 

 

2

ln ( )
2

tV V t t


  = + − +
 

          (2) 
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where ln V is defined as a log-distributed of an initial value market value of asset, µ is the drift 

rate, 𝜎 is the asset volatility, and  𝜀 is the random component of the firm’s asset returns. 

Substituting (2) into (1):  

 

2

Pr ln ( ) ln
2

tP V t t k


  
 

= + − +  
  

 
          (3) 

 

Then, rearranging (3)to be as follows:  
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          (4) 

 

Assuming the random component of the asset return is normally distributed 𝜀 ~ 𝑁(0,1). Hence, 

the probability of default in terms of the standard cumulative normal distribution can be written 

as  

 

 tP N d= −            (5) 

 

where d is the distance-to-default of the firm that is expressed as: 

 

2

ln
2

V
t

k
d

t






  
+ −       

=  

          (6) 

 

The probability of default and distance to default of the company were calculated using 

equations 5 and 6, respectively with t =1 year.  

 

Applying the Altman’s discriminant model 

      

This study also employed Altman's Z-Score model, a multivariate financial distress prediction 

tool that utilizes five distinct financial ratios (X1, X2, X3, X4, and X5). The model aims to classify 

companies based on their likelihood of financial distress, with lower Z-scores indicating higher 

odds of bankruptcy. For public manufacturing companies, Altman modified the model using the 

book value of equity in place of market capitalization and applying specific variable weights. 

The data collected was utilized in this revised Altman’s Z-Score model calculated as below 

[22]: 
 

𝑍 = 0.717𝑋1 + 0.847𝑋2 + 3.107𝑋3 + 0.420𝑋4 + 0.998𝑋5           (7) 
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where, 

 𝑋1: Working Capital (current assets - current liabilities) / Total Assets 

 𝑋2: Retained earnings (Earnings after taxation) / Total Assets 

 𝑋3: Earnings Before Interest and Taxes / Total Assets 

 𝑋4: Book Value of Equity / Total Liabilities, 

 𝑋5: Sales (revenue) / Total Assets. 

 

Comparative Analysis of Merton's and Altman's Z-Score Models 
 

A comparative analysis was conducted between the default risk assessments provided by 

Merton's and Altman's Z-Score models. The comparison was made based on Tables 1 and 2.  
 

Table 1: Default Rates Classification 
 

Default rate % Classification 

0.01-1.41 Firms with a very strong capacity to meet financial commitments. 

Low default risk. A bond rated as AAA to A- 

2.30-32.50 Firms with an adequate capacity to meet financial commitments.  

Moderate default risk. Bond rated as BBB to B-. 

46.61-100 Firms with immediate financial problems, indicate a high 

probability of default. High default risk. A bond rated as CCC to D. 
 

According to Table 1 [30], Merton's model ratings were categorized into three risk levels: 

low, moderate, and high default risk. Each level is represented by rating and default rate 

thresholds. Meanwhile, Altman’s Z-Score model classified companies into three categories: 

non-bankruptcy, gray zone, and bankruptcy, based on the thresholds shown in Table 2 [31]. 
 

Table 1: Altman's Z-Score Model Rating for Public Manufacturing Companies 

 

 

 

 

 

 

Results and Discussion 
 

The default risk assessments from Merton's model are presented and discussed based on the 

data in Figure 1 and Table 3. Figure 1 illustrates the market value of assets trend for an 

undisclosed company. The graph clearly shows significant fluctuations in the market value of 

assets throughout the year. This indicates volatility in the company's financial performance. The 

market value of assets is at its lowest point in January, indicating a potentially challenging start 

to the year. Then, the market value of assets reaches its highest point in July, suggesting a period 

of relatively strong performance or investor confidence during that month. After the peak in 

July, there is a general downward trend in the market value of assets, suggesting a potential 

decline in the company's financial health during the latter part of the year. 
 

Z-Score Range Classification 

Above 2.9 Non- bankruptcy 

1.23 – 2.9 Gray Zone 

Below 1.23 Bankruptcy 
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Figure 1: Market Value of Assets Trend for an Undisclosed Company in 2015 
 

The volatility depicted in the graph supports the volatility figure (4.595%) calculated in 

Merton's model (Table 3). This volatility contributes to the negative distance to default and the 

100% probability of default. The growth rate of -60.192% suggests significant losses. This 

further reinforces the company's precarious financial position, indicating that the company was 

deemed unable to meet its debt obligations. 
 

Table 3: Merton's Model Default Risk Metrics 
 

Volatility, σ Growth Rate, µ Distance-to-default, d Probability of default, tP  

4.595% -60.192% -12.015 100% 
 

Table 4 presents the annualized coefficients of Altman's Z-Score model for 2015. The 

calculated Z-Score of -4.018 indicates that the company was in the bankruptcy category, 

according to the criteria outlined in Table 2.  
 

Table 4: Altman's Z-Score Coefficients 
 

2015 
1x  2x  

3x  4x  
5x  Z 

Value -1.8888 -0.6767 -0.6768 0.0281 0.0008 -4.018 

 

The overall results suggest that the company was facing financial challenges throughout 

2015, which aligns with the conclusions drawn from both Merton's and Altman's models as 

concluded in Table 5. Table 5 compares the default risk assessments from Merton's and Altman's 

models. Both models indicate a high risk of bankruptcy. Merton's model predicts a 100% 

probability of default, while Altman's Z-Score indicates bankruptcy with a score of -4.018. 

These findings align with the company's documented financial difficulties, as discussed in the 

data section. The consistency between the results of Merton's and Altman's models supports the 

assessment of the company's financial distress.  
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Table 5: Comparison of Merton's and Altman's Model Results 
 

Model Merton’s Altman’s Z-Score 

Likelihood to default 100% -4.018 

Classification High Default Risk Bankruptcy 

 

Conclusion 
 

This research aimed to assess the default risk of a company using Merton's model and Altman's 

Z-Score model. Merton's model was employed to calculate the probability of default, while 

Altman's Z-Score model was employed to validate the estimated probability of default. These 

two models were employed to test the default risk of the selected undisclosed Malaysian 

manufacturing public company. Furthermore, this study provided a methodology for calculating 

key inputs for Merton's model, including the market value of assets, and asset volatility. 

Consequently, the distance-to-default was also determined. The results obtained from both 

models indicated high levels of agreement. Merton's model gave a default probability of 100%, 

while Altman's Z-Score model offered a default risk of -4.018. These results indicate a high 

likelihood of bankruptcy. The results are consistent with established benchmarks. The 100% 

default rate predicted by Merton's model aligns with the characteristics of a company in a state 

of financial distress. Similarly, Altman's Z-Score result of -4.018 falls within the range 

associated with bankruptcy. 

This study encountered limitations, primarily in obtaining precise data corresponding to the 

annual reports of the selected company. Additionally, there was a challenge in establishing a 

definitive tool to measure the accuracy of the model comparison as default rates can be varied 

across companies. Future research could explore variations in model comparisons to further 

evaluate the effectiveness of Merton's model in forecasting default risk. In the context of 

Altman's Z-Score model, future studies might investigate the potential for refining the equation 

by adding or removing parameters to enhance default risk prediction accuracy. 
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