
This document is downloaded from DR‑NTU (https://dr.ntu.edu.sg)
Nanyang Technological University, Singapore.

A comparative study of different survival analysis
models for bankruptcy prediction

Li, Ting

2008

Li, T. (2008). Comparative study of different survival analysis models for bankruptcy
prediction. Doctoral thesis, Nanyang Technological University, Singapore.

https://hdl.handle.net/10356/2181

https://doi.org/10.32657/10356/2181

Nanyang Technological University

Downloaded on 22 May 2023 22:02:03 SGT



 

 
 

 

 

 

 
A COMPARATIVE STUDY OF DIFFERENT 

SURVIVAL ANALYSIS MODELS FOR 
BANKRUPTCY PREDICTION 

 

 

 

 

 

 

LI TING 

HUMANITIES AND SOCIAL SCIENCES SCHOOL 

2008 

 

A
 C

O
M

PA
R

A
T

IV
E

 ST
U

D
Y

 O
F D

IFFE
R

E
N

T
 SU

R
V

IV
A

L
 

A
N

A
L

Y
SIS M

O
D

E
L

S FO
R

 B
A

N
K

R
U

PT
C

Y
 PR

E
D

IC
T

IO
N

L
I T

IN
G

 

ATTENTION: The Singapore Copyright Act applies to the use of this document. Nanyang Technological University Library



 

 

 

A Comparative Study of Different Survival 
Analysis Models for Bankruptcy Prediction 

 

 

 

 
 

 

 

Li Ting 

 

 

 

 

Humanities and Social Sciences School 

 

 

A thesis submitted to the Nanyang Technological University in 

fulfillment of the requirement for the degree of Doctor of 

Philosophy 

2008 

ATTENTION: The Singapore Copyright Act applies to the use of this document. Nanyang Technological University Library



TABLE OF CONTENTS 

 

CHAPTER 1 INTRODUCTION................................................................................1 

1.1 Research Motivation ..........................................................................................1 

1.2 Outline of the Dissertation .................................................................................3 

CHAPTER 2 LITERATURE REVIEW ...................................................................4 

2.1 Overview of Linear Bankruptcy Prediction Models ..........................................4 

2.2 Applications of Linear Survival Models on Bankruptcy Analysis ....................5 

2.3 Overview of Survival Neural Networks ............................................................8 

2.4 Applications of Survival Neural Networks on Bankruptcy Prediction............12 

CHAPTER 3 METHODOLOGY– SURVIVAL REGRESSIONS .......................14 

3.1 Notations of Parameters ...................................................................................14 

3.2 The Kaplan-Meier Non-Parametric Method....................................................15 

3.3 The Parametric Method....................................................................................16 

3.4 The Cox’s Proportional Hazard (“Cox’s PH”) regression...............................21 

3.4.1     Partial Likelihood Method ...................................................................22 

3.4.2     Handling of Ties ..................................................................................23 

3.4.3 Regression Diagnostics........................................................................24 

3.5 The Cox’s Time Varying Covariate (“Cox’s TVC”) Model ...........................30 

CHAPTER 4 METHODOLOGY - STANDARD NEURAL NETWORKS 

AND SURVIVAL NEURAL NETWORKS.............................................................33 

4.1 Standard Artificial Neural Networks (“ANNs”)..............................................33 

4.2 Survival ANNs.................................................................................................35 

4.2.1 Partial Logistic Artificial Neural Networks (“PLANN”) ....................36 

4.2.2    The Cox’s PH Survival ANNs.................................................................38 

ATTENTION: The Singapore Copyright Act applies to the use of this document. Nanyang Technological University Library



 II 

4.2.3    The Parametric Survival ANNs ...............................................................41 

CHAPTER 5 DATA PREPARATION....................................................................43 

5.1       Data and Variables...........................................................................................43 

5.2       Building Samples .............................................................................................45 

5.3 Data Reduction.................................................................................................47 

5.3.1   Variable Reduction ...................................................................................47 

5.3.2    Exclusion of Outliers and Missing Values...............................................54 

5.4 Data Rescaling .................................................................................................54 

5.5 A Preliminary Finding .....................................................................................55 

CHAPTER 6 ESTIMATION RESULTS OF SURVIVAL REGRESSIONS 

AND MODEL TRAINING OF NEURAL NETWORKS ......................................56 

6.1       Estimation Results of Linear Survival Analysis ..............................................56 

6.1.1    Kaplan-Meier Estimation of the Survival Curve and the Hazard Curve                               

56 

6.1.2 Estimation Results of Parametric Survival Regressions......................60 

6.1.3 Estimation Results of the Cox’s PH Regression..................................65 

6.1.4 Estimation Results of the Cox’s TVC Model ......................................78 

6.1.5 Summary of Comparisons among Estimation Results from 

Survival Regressions............................................................................................80 

6.2 Model Training of Neural Networks................................................................81 

6.2.1 Training the Standard ANNs ...............................................................81 

6.2.2 Training the Survival ANNs ................................................................82 

CHAPTER 7  PREDICTION RESULTS AND COMPARISON AMONG 

MODELS ..............................................................................................................87 

7.1       Comparison Criteria.........................................................................................87 

ATTENTION: The Singapore Copyright Act applies to the use of this document. Nanyang Technological University Library



 III 

7.2 Prediction Performance and Model Comparison among Survival 

Regressions ..................................................................................................................90 

7.3 Prediction Performance and Model Comparison among all Neural 

Networks ......................................................................................................................96 

7.3.1 Subjectively Determined Cut-off Value in Networks..........................96 

7.3.2 Comparison between Standard ANN and PLAAN..............................98 

7.3.3 Comparison among the Cox’s Survival ANN and the Parametric 

Survival ANNs.....................................................................................................99 

7.3.4 Comparison among the Networks......................................................104 

7.3.5    Comparison among the linear regressions and the networks.............105 

CHAPTER 8 CONCLUSIONS AND LIMITATIONS........................................107 

8.1 Contributions..................................................................................................107 

8.2 Limitations .....................................................................................................109 

8.2.1 Limitations of the Survival ANNs .....................................................109 

8.2.2 Limitations of this Study....................................................................110 

8.3 Future Developments .....................................................................................111 

REFERENCE...........................................................................................................113 

ATTENTION: The Singapore Copyright Act applies to the use of this document. Nanyang Technological University Library



 IV 

TABLE OF FIGURES 

Figure 6.1 Kaplan-Meier Survival Curve for Consumer Goods Providers and 

Consumer Service Providers....................................................................57 

Figure 6.2 Kaplan-Meier Survival Curves for Cyclical Consumer 

Goods/Service Providers and Non-cyclical Consumer 

Goods/Service Providers..........................................................................58 

Figure 6.3 Kaplan-Meier Survival Curves for Cyclical Goods Providers, 

Cyclical Service Providers, Non-Cyclical Goods Providers and 

Non-Cyclical Service Providers...............................................................59 

Figure 6.4 Kaplan-Meier Hazard Curve....................................................................60 

Figure 6.5  Martingale Residuals for 11 Continuous Covariates ...............................70 

Figure 6.5  Martingale Residuals for 11 Continuous Covariates (Continued) ...........71 

Figure 6.6   Graphic Proportionality Test 1 - Log-log Survival Plots for “GS” 

and “Cyclical”..........................................................................................74 

Figure 6.7   Graphic Proportionality Test 2 - Plots of Scaled Shoenfeld’s 

Residuals for All Covariates ....................................................................76 

Figure 6.7   Graphic Proportionality Test 2 - Plots of Scaled Shoenfeld’s 

Residuals for All Covariates (Continued)................................................77 

Figure 6.8   Structure Graph for PLAAN ....................................................................84 

Figure 7.1   The Probabilities of Survival Generated by the Cox’s PH 

Regression................................................................................................91 

Figure 7.2   The Probabilities of Survival Generated by the Cox’s TVC 

Regression................................................................................................92 

Figure 7.3   The Probabilities of Survival Generated by the Parametric Weibull 

Regression................................................................................................93 

ATTENTION: The Singapore Copyright Act applies to the use of this document. Nanyang Technological University Library



 V 

Figure 7.4   The Probabilities of Survival Generated by the Parametric Log-

logistic Regression ...................................................................................93 

Figure 7.5   The Probabilities of Bankruptcy Generated by PLAAN..........................99 

Figure 7.6  The Probabilities of Survival Generated by the Cox’s Survival ANN....100 

Figure 7.7   The Probabilities of Survival Generated by the Parametric Weibull 

Survival ANN ........................................................................................101 

Figure 7.8   The Probabilities of Survival Generated by the Parametric Log-

logistic Survival ANN............................................................................101 

ATTENTION: The Singapore Copyright Act applies to the use of this document. Nanyang Technological University Library



 VI 

TABLE OF TABLES 

Table 5.1  Rotated Component Matrix in Factor Analysis for One-Year 

Dataset......................................................................................................48 

Table 5.2  Rotated Component Matrix in Factor Analysis for TVC dataset .............50 

Table 5.3  11 Variables Selected for One-Year Dataset ............................................51 

Table 5.4  11 Variables Selected for TVC Dataset ....................................................51 

Table 5.5 Variable Definitions, Relationship with Survival and Expected Signs 

for One-Year Dataset ...............................................................................52 

Table 5.6  Variable Definitions, Relationship with Survival and Expected 

Signs for TVC Dataset .............................................................................53 

Table 6.1 Estimation Results of Parametric Survival Regression - the Weibull 

Distribution ..............................................................................................61 

Table 6.2 Estimation Results of Parametric Survival Regression - the Log 

Logistic Distribution ................................................................................62 

Table 6.3 Estimated Effects on Covariate’s Survival Time and Signs - the 

Weibull Distribution ................................................................................63 

Table 6.4 Estimated Effects on Covariate’s Survival Time and Signs - the Log-

logistic Distribution .................................................................................63 

Table 6.5   Estimation Results of the Cox’s Proportional Hazard Regression ..........66 

Table 6.6   Estimated Effects on Covariate’s Survival Time and Signs - the 

Cox’s PH model.......................................................................................68 

Table 6.7   Statistical Test of Proportionality - Scaled Schoendfeld’s Residuals......73 

Table 6.8   Estimation Results of the Cox’s TVC Regression...................................79 

Table 6.9 Estimated Effects on Covariate’s Survival Time and Signs - the 

Cox’s TVC model ....................................................................................80 

ATTENTION: The Singapore Copyright Act applies to the use of this document. Nanyang Technological University Library



 VII 

Table 6.10 Comparison among Four Survival Regressions: the Number of 

Significant Covariates and the Number of Correctly Estimated 

Signs.........................................................................................................81 

Table 7.1   Prediction Performance of the Cox’s PH Regression..............................94 

Table 7.2   Prediction Performance of the Cox’s TVC Regression ...........................94 

Table 7.3   Prediction Performance of the Parametric Weibull Survival 

Regression................................................................................................94 

Table 7.4 Prediction Performance of the Parametric Log-logistic Survival 

Regression................................................................................................95 

Table 7.5 The Comparison of the Prediction Results under the Optimal Cut-

off Point among Survival Regressions.....................................................96 

Table 7.6   Prediction Performance of the Standard ANN ........................................98 

Table 7.7   Prediction Performance of PLANN.........................................................98 

Table 7.8   Prediction Performance of the Cox’s Survival ANN.............................102 

Table 7.9   Prediction Performance of the Parametric Weibull Survival ANN.......103 

Table 7.10 Prediction Performance of the Parametric Log-logistic Survival 

ANN.......................................................................................................103 

Table 7.11 Comparisons among Neural Networks ..................................................104 

Table 7.12 Comparisons among Regressions and Neural Networks .......................105 

                                                                                                   

ATTENTION: The Singapore Copyright Act applies to the use of this document. Nanyang Technological University Library



 VIII 

ACKNOWLEDGEMENTS 

 

 

This thesis has been possible only with the assistance, mentor advice and 

support in various ways from many parties. Particularly I would like to express 

my sincere gratitude to: 

 

My supervisors, Associate Professor Koh Hain Chye and Associate 

Professor Cao Yong, for their loving care and guidance, particularly when times 

were tough. 

 

My internal examiners, Associate Professor Wu Yuan and Associate 

Professor Wang Qinan, the anonymous external examiners for their valuable 

comments. 

 

Professor Ruth M. Ripley from University of Oxford, for her generosity 

in providing me the whole package of syntax for all the survival ANNs applied 

in this study, and her patience in helping me out in coding-related problems.  

 

I take full responsibility for any errors that remain.  

 

 

 

ATTENTION: The Singapore Copyright Act applies to the use of this document. Nanyang Technological University Library



 IX 

ABSTRACT 

Survival analysis is one of the most advanced techniques in bankruptcy 

prediction. However, to date, only few nonlinear techniques in survival analysis 

have been implemented in financial applications. This study introduces four 

nonlinear survival analysis, namely, partial logistic artificial neural networks 

(“PLANNs”) (Biganzoli et al., 1998), the Cox’s survival artificial neural 

networks (“Cox’s ANNs”) (Faraggi, 1995), the Weibull parametric survival 

artificial neural networks (“Weibull ANNs”) (Ripley, 1998) and the log-logistic 

parametric survival artificial neural networks (“log-logistic ANNs”) (Ripley, 

1998) into bankruptcy prediction.  

Based on the data of about 1,000 US corporations in consumer 

goods/services industries, estimation and prediction results of linear regression 

and neural networks are presented. A comprehensive comparison among the 

outputs from different models is conducted. Relevant topics such as 

misclassification costs and the optimal structure of neural networks are also 

discussed. The results of this study show that survival artificial neural networks 

(“ANNs”) are superior to linear survival approaches in terms of prediction 

performance. 
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CHAPTER 1 INTRODUCTION 

 

1.1 Research Motivation 

Statistic models on corporate bankruptcy prediction for small and medium 

enterprises (“SMEs”) have been developed for many years and are widely applied in 

financial institutions. An accurate bankruptcy prediction model can effectively reduce 

the operating cost of credit management and mitigate the potential credit risk for 

financial institutions, and hence is highly desirable for financial industries as well as 

researchers. 

To achieve an accurate prediction on bankruptcies, many models have been 

developed in the past decades, such as multiple discriminant analysis (“MDA”) 

(Altman, 1968), logistic regression and Merton’s asset value model (Merton, 1974). 

Among of these approaches, survival models are gaining more and more attentions 

due to their capability in providing rich information, which includes not only the 

probabilities of defaults for firms but also the timing of bankruptcies. 

Substantial efforts have been made to explore the applicability of survival 

models on SME bankruptcies. Mainly three types of estimation methods have been 

derived until now, namely, non-parametric estimation models (Kaplan and Meier, 

1958), parametric estimation models (Collett, 2003) and semi-parametric estimation 

models (Cox, 1972). Successful applications of these estimations methods on 

bankruptcy prediction were frequently presented in the literature, for instance, by 

Lane et al. (1986), Bandopadhyaya (1994), Wheelock and Wilson (1995), Lee and 

Urrutia (1996) and etc. However, in these studies the estimation and prediction 

performance of survival regressions are usually compared with the results of earlier 

credit risk assessment models, such as MDA and logistic regression.  Few studies 
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have been conducted on comparing the performance among different survival 

estimation methods. Consequently, the questions such as under what situation which 

survival regression performs better have not been adequately addressed in the 

literature before.  

As is known, due to the high flexibility in modeling the covariates’ forms, the 

non-linear models usually can obtain better performance in estimation and/or 

prediction than their linear counter parties. Hence it is no surprise to observe the 

invention of the survival artificial neural networks (“ANNs”), a combination of 

traditional linear survival analysis and neural networks, which can achieve higher 

prediction accuracy. Various survival ANNs have been developed and implemented 

in bio-medical research since the early of 1990s (Ravdin and Clark 1992; Faraggi 

1995; Mani 1999; Ripley 1998). However, very few applications of survival ANNs in 

financial topics have been observed by now. Will the scarcity of applications indicate 

the inapplicability of survival ANNs in financial research? Or instead, it reveals a 

promising research area in bankruptcy prediction analysis?  

The general objectives of this study are to investigate the applications of three 

linear survival regressions and three non-linear survival ANNs on bankruptcies 

prediction, to provide a comprehensive comparison among these models and to 

comment on the model superiority in terms of their prediction outputs based on 

current empirical outputs, which have not yet been conducted before. Furthermore, 

topics such as the misclassification cost in prediction results of survival linear 

regressions and the determination of the optimal structure of neural networks are also 

discussed.   
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1.2 Outline of the Dissertation 

This thesis investigates model assumptions, estimation method and other 

characteristics of six linear and non-linear survival models, namely, Kaplan-Meier 

method (Kaplan and Meier, 1958), parametric hazard regressions (Collett, 2003), the 

Cox’s proportional hazard regression (Cox, 1972), partial logistic artificial neural 

networks (“PLANN”) (Biganzoli et al., 1998), the Cox’s survival ANN (Faraggi, 

1995) and parametric survival ANNs (Ripley, 1998).  Prediction accuracies of these 

six models based on a same set of data are compared. During the comparison among 

these models, questions such as under what condition which model can perform better 

than the others, and will the non-linear survival models always be superior to their 

linear counterparties are addressed in details.   

In the following chapter, previous applications of linear survival models and 

simple neural networks in bankruptcy analysis are reviewed; furthermore, the 

development and applications of the survival neural networks in bio-medical 

researches are also discussed. Methodology developments on the six target models 

and other relevant technical issues such as validation of proportionality assumptions 

are elaborated in Chapter 3 and 4. A five-step data preparation is described in Chapter 

5. Chapter 6 demonstrates the estimation results from all the six models, with a focus 

on the significance tests of parameters, numerical signs of parameters and the shape 

parameter estimation (for parametric models only). Comparisons among models in 

terms of the estimation capability are also conducted. After incorporating 

misclassification costs and the neural networks’ structure, a comprehensive 

comparison of model prediction accuracies is carried out in Chapter 7.  

The conclusions, limitations of this study and suggestions to further develop 

survival ANNs are included in Chapter 8. 
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CHAPTER 2 LITERATURE REVIEW 

 

In this chapter, the applications of linear survival models in bankruptcy 

prediction in prior research is reviewed first, and then research studies about 

applications of survival ANNs in biomedical literature are discussed. The literature 

review here serves as a foundation for an in-depth understanding of the research 

motivations presented earlier. Gaps in the existing research are highlighted.  

 

2.1 Overview of Linear Bankruptcy Prediction Models 

Researchers have long been concerned with predicting corporate bankruptcy. 

Numerous linear prediction methods have been developed, such as by Altman (1968), 

Dopuch et al. (1987), Bell and Tabor (1991), Laitinen (1994) and etc.  

In linear regression analysis, three generations have been evolved during the 

past decades (Duffie and Wang, 2003). The first generation of empirical corporate 

failure analysis is pioneered by Altman (1968).  He applies multiple discriminant 

analysis (“MDA”) to conduct his “Z-score” model to predict bankruptcy. Altman’s 

seminal work has inspired further researches in developing the MDA model.  These 

have included changing financial ratios in MDA models to improve model 

performance (Mensah 1983, Keasey and Watson1986, Lawrence and Bear 1986, 

Gentry Newbold and Whiteford1987) and adding non-financial ratios into models 

(Peel Peel and Pope 1986, Whittred and Zimmer 1984, Booth 1983). At the same time, 

much criticism of MDA models arose because the assumptions required by these 

models are usually violated, e.g., normal distribution assumptions on financial factors 

(Karels and Prakash 1987, Richardson and Davidson 1983).  
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The second generation of linear regression models, namely logistic/probit 

models (Ohlsn 1980, Gentry Newbold and Whiteford 1987, Dopuch et al. 1987), 

extends the MDA models. Although both MDA and logistic/probit can achieve high 

accuracy, these techniques have several shortcomings (see Altman et al. 1981, 

Eisenbeis 1977, Joy and Tollefson 1975). As stated in Lane et al. (1986), one 

drawback in using MDA and logistic/probit models to predict bank failures is that 

they can’t provide information on the timing of bankruptcy, or equivalently, the 

explicit time to bankruptcy. How ever, the explicit time to bankruptcy of a firm is a 

piece of information that is as crucial as its probability of bankruptcy for investors. 

The awareness of an impending bankruptcy in one year or a possible bankruptcy in 

five years may result in different investor behaviors and decisions.  The outputs of 

MDA and logistic/probit models are primarily limited to posterior probabilities. 

To provide timing information on bankruptcy, survival regression is used for 

corporate bankruptcy prediction. Thus, the latest generation of modeling is dominated 

by survival models. Numerous applications of using survival regressions on 

bankruptcy predictions have been explored (Lane et al.1986, Whalen 1991, 

Bandopadhyaya 1994, Henebry 1996, Shumway 2001, etc.). The following section 

will provide a more detailed literature review on these applications, in which 

adventures of survival regression over other linear models are discussed, and 

limitations of these survival regressions are also highlighted. 

 

2.2 Applications of Linear Survival Models on Bankruptcy Analysis  

Early financial applications of survival analysis are concentrated on bank 

failure prediction, with attentions on comparing survival regressions with other linear 

models. For example, in 1986 Lane et al. construct a bank failure prediction using the 
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Cox’s proportional hazard regression (Cox, 1972) with time-independent covariates. 

Their results show the superiority of survival analysis to the traditional MDA models: 

the Cox model can provide additional information regarding the relationship between 

time before default and various explanatory variables without the loss of prediction 

capability. In addition, no significant difference exists in total prediction accuracy in 

both models while the Cox’s regression possesses a lower type I error rate which is 

regarded as more important in bank failure prediction. Subsequent to Lane et al. 

(1986), Henebry (1996) demonstrates the using of the Cox’s time-varying covariate 

(“Cox’s TVC”) survival regression in bank failure prediction by adding cash flow 

information in covariates which obtained higher prediction accuracy. Similar work 

has been done by Whalen (1991), Wheelock and Wilson (1995, 2000) and Molina 

(2002).  

Due to the advantage of dynamically capturing changes of firm features from 

the firm’s initiation to its bankruptcy, the Cox’s TVC model (Cox, 1972) is gaining 

more and more attentions in recent years. Audretsch and Mahmood (1995) apply a 

Cox’s TVC model in studying the survival of new firms with a dataset of more than 

12,000 U.S. manufacturing. They find that both the structure of ownership and start-

up size can substantially shape the likelihood of survival. Shumway (2001) compares 

the dynamic TVC hazard model with “static models” (i.e., the single-period 

classification models such as MDA and logistic) and summarizes the following 

advantages of Cox’s TVC model over other linear regressions: First, the Cox’s TVC 

model can automatically account for a firm’s period at risk when sampling periods are 

long while the MDA and logistic models can not. Shumway argues that, usually firms 

have different periods at risk, i.e., some file for bankruptcy after many years of being 

at risk while other fail in their first year. The MDA and logistic models use same 
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horizons for all firms (usually 1 year before default) which ignore the differences in 

the period at risk. Second, the Cox’s TVC model can utilize all available data in 

multiple years but MDA and logistic model can not. As a consequence, the TVC 

model can produce more efficient out-of-sample forecasts by using time series data in 

multiple years. As is shown in Shumway (2001), the Cox’s TVC models can identify 

more significant variables and have higher accuracy in out-of-sample forecasting. 

Third, the Cox’s TVC can generate asymptotically consistent outputs but MDA and 

logistic models can not. Shumway shows that theoretically the Cox’s TVC model is 

equivalent to a multi-period logistic model, but the outputs of Cox’s TVC model is 

asymptotically consistent while outputs of static models are not. 

Other than the Cox’s proportional hazard, estimation methods such as Weibull 

and log-logistic hazards are also employed in corporate bankruptcy analysis and 

performance of these survival regressions is compared with other linear approaches as 

well. For example, Lee and Urrutia (1996) conduct a study on insolvency in the 

insurance industry with using the Weibull survival regression. They compare the 

prediction results of the Weibull survival regression and the logistic regression and 

find that the Weibull hazard model is superior to the logistic model in identifying 

more significant variables with attaining comparable forecasting accuracy. 

With several estimation methods in different hazards distribution assumptions 

available, the following questions become interesting: among these survival 

regression estimation methods, which one is better? Under what circumstance, which 

survival estimation method should be adopted? Unfortunately little literature can be 

found to comprehensively address these questions.  

Besides, there are two problems with the above linear approaches. First, linear 

models require that the set of variables used to distinguish bankrupt and non-bankrupt 
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firms should be generally linear. Second, in linear regressions variables are treated as 

completely independent. In reality, however, a variable may signal bankruptcy both 

when it is higher than normal and when it is lower than normal, or a variable’s value 

may be considered acceptable under some conditions, yet risky under others (Karels 

and Prakash, 1987). To overcome these limitations, non linear approaches, such as 

artificial neural networks (“ANNs”) are adopted. The literature review on bankruptcy 

prediction with ANNs, especially survival ANNs, is provided in the following section. 

 

2.3 Overview of Survival Neural Networks  

ANN models were introduced into bankruptcy studies from early 1990s and 

become popular in this field in later years (Bell et al. 1990, Tam and Kiang 1990 & 

1992, Coats and Fant 1993, Klersey and Dugan 1994, Koh and Tan 1999, Etheridge et 

al. 2000, etc.). The ANNs have been proven to be at least as successful as linear 

models in terms of overall accuracy (Kim and Scott, 1991; Altman, Marco and 

Varetto, 1994; Podding, 1994; Yang, Platt and Platt, 1999; Odom and Sharda, 1990; 

Webb and Lowe, 1990; and Utans and Moody, 1991). For example, in Tam and Kiang 

(1992), the bank failure prediction capability of ANNs is compared to that of other 

models such as MDA, logistic and Decision Trees. The empirical results show that in 

the out-of-sample prediction, ANNs achieve the highest overall accuracy and the 

lowest type I error rate among all these models compared.  

The techniques of standard neural networks and linear survival analysis can be 

combined to create a new type of models that can conduct the nonlinear survival 

analysis. Historically, the ANNs for survival analysis were initially devised from 

early 1990s in medical research, especially in oncology studies. By now, four types of 

survival ANNs have been developed, namely, the Kaplan-Meier survival ANNs, the 
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Cox’s survival ANNs, the parametric survival ANNs and the hierarchical survival 

ANNs. 

 

• The Kaplan-Meier survival ANNs 

The Kaplan-Meier survival ANNs which use the non-parametric method 

(Kaplan and Meier, 1958) in estimating the hazards is frequently applied in 

biomedical research (Burke1994, Ravdin and Clark 1992, De Laurentiis and Ravdin 

1994, Lapuerta et al 1995). The Kaplan-Meier ANNs produce the survival 

probabilities and usually are equipped with complex output encoding settings. For 

example, in Street (1998), the network has ten output nodes which represent the 

survival probabilities of events happened in the first year, the second year and so on. 

The limitations of Street’s approach are that his model cannot generate monotonically 

decreasing outputs, which means a non-monotone survival curve is possible. 

Furthermore, no extension is provided to deal with time-varying inputs under this 

framework. 

A variation on the Street’s method was developed by Mani(1999). He uses the 

hazard probability instead of survival probability as outputs. The survival 

probabilities may then be estimated by the ordinary relationship of hazard function 

and the survival function in a traditional Kaplan-Meier approach.  

The generated survival curve in Mani’s model thus is monotonically 

decreasing which simplifies the interpretation and increases robustness (Mani et al., 

1998). However, the topic of time-varying inputs has been left unaddressed.  

Analogous to Mani, Brown et al.(1997) suggests a single neural network with 

multiple outputs to predict hazard rate. In their network, the output of network is the 

hazard function. The authors suggest training the neural network to minimize the sum 
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of squared error criterion. Brown’s approach can have monotonic survival curves, but 

again, no extension is presented to deal with time-varying inputs.  

 

• The Cox’s survival ANNs 

The original idea of the Cox’s survival ANN was presented in Faraggi (1995). 

In his breast cancer research, by replacing the linear combination of variables and 

parameters in traditional Cox’s proportional hazard regression with the output of a 

standard network, Faraggi successfully introduces the nonlinear transformation to the 

Cox’s proportional hazard analysis. Faraggi’s method allows preserving all the 

advantages of the classical proportional hazard model, and in addition, it can easily be 

extended to incorporate time-varying covariates. However, the proportionality 

assumption still must be held under this approach. 

Faraggi’s method in Cox’s survival ANN has been further developed by 

Mariani et al. (1997) and Ripley (1998). Particularly, in Ripley’s approach, the input 

nodes of the network can directly connect with not only the hidden nodes but also the 

output nodes, which offer higher flexibility of the model.  

Biganzoli (1998) designed another ANN under the framework of the Cox’s 

proportional hazard distribution, the partial logistic survival ANN (“PLAAN”), which 

can be implemented directly with standard software. Different from other Cox’s 

survival ANNs, the outputs of PLAAN are conditional hazard probabilities instead of 

the conditional survival probabilities.  

 

• The parametric survival ANNs 

The parametric survival ANNs were firstly developed and implemented on 

breast cancer relapse prediction by Ripley in her 1998 paper. Similar to the Cox’s 
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survival ANN designed by Faraggi (1995), the parametric survival ANNs is obtained 

simply by replacing the linear combination of the covariates with the output of a 

standard neural network, with using same maximum likelihood mechanism as in the 

parametric survival regressions. Usually Weibull survival ANNs and log-logistic 

survival ANNs are representatives of parametric survival ANNs. 

 

• The hierarchical survival ANNs 

The hierarchical survival ANNs was introduced by Ohno-Machado (1995, 

1997). Basically the hierarchical survival ANN is a system of standard neural 

networks which use the outputs from the previous network as the inputs for the next 

one. For example, in Ohno-Machado et al. (1995), the authors initially use the first 

network to classify observations into big groups, letting all targeted low frequency 

patters fall into one big group. Later, he uses the second ANN to further classify this 

big group into smaller groups. Repeatedly, the last ANN is used to classify the target 

patterns from others.  

Although essentially identical to design of standard neural networks in each 

individual network in the hierarchical networks, Machado’s models can provide not 

only the accumulated survival probability but also the conditional survival probability 

which differentiates Machado’s models as a kind of survival ANNs. Besides, 

hierarchical models can easily include time-dependent inputs.  

However, the hierarchical survival ANNs have two limitations. First, as Ohno-

Machado et al. admitted, hierarchical models may result in non-monotonic survival 

curves. In addition, the necessity of using multiple neural networks and how to 

combine these networks represents an important scalability problem which makes the 

hierarchical model less suitable for handling large data set. 
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2.4 Applications of Survival Neural Networks on Bankruptcy Prediction 

While survival neural networks have been used extensively in medical 

research, the only application of survival ANNs in financial analysis found by now is 

the working paper on personal loan analysis by Baesens et al. (2004). 

In this study, a Kaplan-Meier survival ANN was employed and the prediction 

capability of the survival ANN is compared with logistic regression as well as the 

Cox’s proportional hazard regression. They show that although the prediction 

accuracy in the survival ANN is lower than the logistic model, the performance of 

survival ANN is better than Cox’s proportional hazard regression. They emphasized 

that survival ANNs are desirable approaches in business failure prediction for the 

reason that they can provide much higher prediction performance than traditional 

linear survival analysis.  

However, since the Cox’s proportional hazard regression and parametric 

methods have more advantages than the Kaplan-Meier model, it will be more 

meaningful to apply the Cox’s survival ANN and the parametric survival ANN as the 

comparable representatives of nonlinear survival approaches when comparing with 

the Cox’s proportional hazard regression. In addition, since the only difference 

between the Cox’s/parametric survival ANNs and their linear counter parties is their 

nonlinear combination of covariates in their likelihood functions, the comparisons of 

outputs from the Cox’s/parametric survival ANNs and the corresponding linear 

regressions can be more convincing in proving whether the non-linearity has 

superiority to linearity in combining covariates. Unfortunately, no relevant studies 

could be found in previous research and the comparison between survival regressions 

and survival ANNs in bankruptcy prediction still almost remains as a blank.  
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This thesis is targeted to fill this blank by comparing outputs from different 

linear survival regressions with outputs from their corresponding ANNs based on a 

same set of data.  
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CHAPTER 3 METHODOLOGY– SURVIVAL REGRESSIONS 

 

To facilitate the descriptions, this chapter starts with a short description on 

parameter notations. After that the three estimation methods used in survival 

regressions, namely, non-parametric method (Kaplan and Meier, 1958), semi-

parametric method (Cox, 1972) and parametric methods (Collett, 2003), are 

introduced one by one. For all of these three methods their assumptions are discussed, 

advantages are compared and limitations are highlighted. 

 

3.1 Notations of Parameters 

The survival function S(t) is defined as the probability of a firm surviving 

beyond a specified time period t or experiencing failure after time t. S(t) can be 

expressed as 

( ) { }tTPtFtS ≥=−= )(1                                                                                (3.1) 

where ( )tTPtF <=)(  which is the cumulative distribution function 

specifying the probability that an event (bankruptcy) has happened before time t.  

The hazard function can be expressed as 

)(/)()( tStfth =                      (3.2) 

where )(tf  is the corresponding density function for F(t). Roughly, )(th  is the 

rate at which events (bankruptcies) will happen immediately after t, given that firms 

survive until t. A more precise definition of ( )th  is 

( ) [ ]
t

tTttTtP
th

t Δ

≥Δ+≤≤
=

→Δ 0
lim   (3.3) 
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As is shown in Kiefer (1988), the relationship among )(tF , )(tf , ( )tS , and 

( )th  can be illustrated as follows: if the time interval from the year of a firm’s 

initiation to the year it files for the bankruptcy is defined as time to bankruptcy, the 

probability that the time to bankruptcy is less than t years is )(tF ; equivalently, the 

probability that time to bankruptcy is longer than t years is ( )tS . The probability that 

time to bankruptcy ends between t and t+ tΔ  years is ttf Δ*)( , while the probability 

that time to bankruptcy ends between t and t+ tΔ conditional on the firm keeping 

survived until year t is ( ) tth Δ* . 

Combining equations (3.1) and (3.2), it leads to  

( ) ( ) SdtdSSdtdFSfh ///// −===             (3.4) 

From which, the following relationship between ( )th  and ( )tS  can be derived: 

( ) ( ) dttSdth /ln−=   (3.5) 

Besides ( )th and ( )tS , the integrated hazard ( ) ( )duuht
t

∫=Λ
0

is also a useful 

function in practice. The relation of integrated hazard to the survival function is:  

( ) ( )[ ]ttS Λ−= exp .                                                                                      (3.6) 

 

3.2 The Kaplan-Meier Non-Parametric Method  

The Kaplan-Meier non-parametric method (Kaplan and Meier, 1958) is 

usually employed as a rough graphical analysis in survival studies.  

In the Kaplan-Meier method, the estimator of the hazard function ( )jth , which 

is the probability of a firm going bankrupt at year jt conditional upon it having 

survived until jt , can be written as: 
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( )
j

j
j n

hth =
^

  where jh  is the number of bankruptcies at year jt  and jn is the 

number of firms surviving until year jt .  

The corresponding estimator for the survival function is 

( ) ( ) ∏∏
==

⎟
⎠
⎞

⎜
⎝
⎛ −=−=

j

i
ii

j

i
iij hnhntS

1

^

1

^
1/  (3.7) 

Graphically, the Kaplan-Meier survival curve appears as a step function with a 

drop at each year. In plotting the hazard curve, the conditional probability of failure is 

an estimator of the probability that a firm will get bankrupt in the interval of one year, 

given that it makes its survival to the start of the year. 

 

3.3 The Parametric Method 

The parametric survival regressions (Collett, 2003) are also known as the 

accelerated failure time (“AFT”) models (Allison, 1995). In the most general form, 

the AFT model describes a relationship between the survival functions of any two 

individuals, e.g., if ( )tSi is the survival function for individual i, then for any other 

individual j, the AFT model holds that 

( ) ( )tStS ijji θ=    for all t 

Where ijθ  is a constant that is specific to the pair (i, j). This model says, in 

effect, that what makes one individual different from another is the rate at which they 

age. Assume the survival time t satisfies WXty σβ +=)( ,  where W follows some 

given distribution and y is a given transformation. In the AFT model, ( )ty log= .   

ATTENTION: The Singapore Copyright Act applies to the use of this document. Nanyang Technological University Library



 17

Let Ti be a random variable denoting the time to bankruptcy for the ith 

individual in sample, and let iki xx ,...1  be the values of k covariates for that individual, 

the model is then 

iikkii xxT σεβββ +++= ...log 110  (3.8) 

Where iε is a random disturbance term, and ,...0 kββ and σ are parameters to 

be estimated.  

The likelihood function in parametric survival regression is: 

( ) ( ) ( )θθθ ,ln)1(,ln
11

i

n

ii

n

i tSdtfdL ∑∑ −+=   (3.9) 

here, id =1 if ith individual is defaulted, id =0 if non-defaulted. 

Here, the defaulted firms are contributing a density term ( )θ,itf  and non-

defaulted firms are contributing a probability ( )θ,itS .  So, in the parametric survival 

analysis all required to construct a likelihood function are the hazard function and the 

survival function.  

According to the distribution of Ti, there are generally five types of hazard 

distributions, i.e., exponential, Weibull, gamma, log-normal and log-logistic. 

  

•    The Exponential Model 

It is the simplest model in parametric survival regressions. It specifies that iε  

has a standard extreme-value distribution, and constrains σ =1.  

Hazard function of exponential model is 

( ) ( )βxhxth exp=            (3.10) 

Survival function of exponential model is 

 ( ) ( )[ ] ( ) )exp(expexpexp βxhtxbhxtS −=+−=            (3.11) 
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It is easy to find that for the exponential model, the hazard is constant over 

time.  

 

• The Weibull Model  

The hazard function of the Weibull model is 

  ( ) ( )βαγ γ xtxth exp1−=              (3.12) 

The survival function of Weibull model is 

 ( ) ( )[ ]βα γ xtxtS expexp −=            (3.13) 

where σγ /1=  

In the Weibull model, the assumption that iε  has a standard extreme-value 

distribution is still held, but the assumption that σ =1 is relaxed. When σ >1, the 

hazard decreases with time; when 0.5<σ <1, the hazard is increasing at a decreasing 

rate; when 0<σ <0.5, the hazard is increasing at an increasing rate; and when σ =0.5, 

the hazard function is an increasing straight line with an origin at 0.  

The Weibull distribution has long been the most popular parametric model in 

the bio-statistical literature for two reasons. First, it has a relatively simple survival 

function that is easy to handle mathematically; second, in addition to be an AFT 

model, the Weibull model is also a proportional hazards model. This means that its 

coefficients (when suitably transformed) can be interpreted as relative hazard ratios. 

In fact, the Weibull model (and its special case, the exponential model) is the only 

model that is simultaneously a member of both these classes.  

In this study, the applications of the Weibull distribution both in parametric 

regression approach and the parametric survival ANN approach are exploited.  

 

• The Log-Normal Model 
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The hazard function of log-normal model is:  

( ) ( ) ( )( )
⎟⎟
⎠

⎞
⎜⎜
⎝

⎛ −
= −

2
logexp2

22
12/1 ttxth λγγπ            (3.14) 

The survival  function of log-normal model is: 

( ) ( )( )txtS λγ log1 Φ−=            (3.15) 

where ( ) ( )βλ xx exp= , Φ is the incomplete normal integral.  

Unlike the Weibull model, the log-normal model has a non-monotonic hazard 

function. The hazard is 0 when t=0. It rises to a peak and then declines to toward 0 as 

t goes to infinity. The log-normal is not a proportional hazards model, and its hazard 

cannot be expressed in a closed form since it involves the c.d.f. Φ of a standard 

normal variable.  

 

• The Log-logistic Model  

The hazard function for log-logistic model is: 

( ) ( )
( )[ ]2

1

1 γ

γ

λ

λλγ

t

tth
+

=
−

           (3.16) 

The survival function for log-logistic Model is: 

 ( )
( )γλt

tS
+

=
1

1            (3.17) 

Where ( ) ( )βλ xx exp= , σγ /1=  

The log-logistic model is another model that allows for an inverted U-shaped 

hazard, which assumes that iε  has a logistic distribution with p.d.f.  

( ) 2)1( ε

ε

ε
e

ef
+

=            (3.18) 

A little algebra shows that the survival function can be written as 
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( )
( ) txx
tS

tS
kk log...

1
log *

1
*
1

*
0 γβββ −+++=⎥

⎦

⎤
⎢
⎣

⎡
−

             (3.19) 

Where σββ /*
ii = , σγ /1=  for i=1, .., k, which is nothing more than a logistic 

model. 

Because ( )tS  is the probability of surviving to time t, ( )
( )tS

tS
−1

 is the odds of 

surviving to time t. Let ( )tSi  and ( )tS j  be the survival functions for any two 

individual i and j. The log-logistic model says that 

( )
( )

( )
( )⎟
⎟
⎠

⎞
⎜
⎜
⎝

⎛

−
=

− tS
tS

tS
tS

j

j
ij

i

i

11
ϑ   for all t            (3.20) 

where ijϑ  is some constant that is specific to the part (i, j).  

In this study, the log-logistic distribution is implemented in both survival 

regressions and survival ANNs.  

When the shape parameter in log-logistic distribution is no less than 1, 

(σ >=1), the hazard curve of this log-logistic distribution decreases in a decreasing 

speed; when 0<σ <1, the hazard curve shows an inverted U shape, that is, the hazard 

initially increase with time, after hitting a peak it then declines to 0 gradually.   

 

• The Gamma Model 

The generalized gamma model has one more parameter than any of the above 

models; its hazard function can take on a wide variety of shapes. In particular, the 

exponential, Weibull, and log-normal models (but not the log-logistic) are all special 

cases of the generalized gamma model. Although the generalized gamma model has 

wide richness in its hazard model, because of its complicated formula for hazard 
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model and considerable difficulty in computation, the gamma model is seldom used in 

practice.  

 

3.4 The Cox’s Proportional Hazard (“Cox’s PH”) regression 

The Cox’s proportional hazard model (Cox, 1972) has been widely used in 

economics and other disciplines. In this model the hazard function depending on a 

vector of explanatory variables x with unknown coefficients β  and 0h  is factored as  

( ) ( ) ( )thxhxth 00 ,,,, ββ Ψ=              (3.21) 

Where 0h  is a baseline hazard corresponding to ( )Ψ =1.  A specification 

of ( )Ψ  usually used is  ( ) ( )ββ 'exp, xx =Ψ  

So, it is easily to get 

( ) ( ) ( )thxhxth 00 'exp,,, ββ =            (3.22) 

Here, the covariates x’s are assumed to be constant over time.  

Because ( ) ( ) xxxhxth ∂Ψ∂=∂∂ /,ln/,,,ln 0 ββ , the proportional effect of x on 

the conditional probability of having a bankruptcy does not depend on how long this 

firm’s time to bankruptcy is.  

In a important special case ( ) ( )ββ 'exp, xx =Ψ , 

( ) ββ =∂∂ xhxth /,,,ln 0            (3.23) 

Hence the coefficient can be interpreted as the constant proportional effect of 

x on the conditional probability of bankruptcy.  

The survival function for t is given by  

( ) ( ) ( )[ ]β'expexp 0 xttS Λ−=              (3.24) 

where ( ) ( )∫=Λ duuht 00  is the integrated baseline hazard.  
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In the Cox’s PH models, β ’s still are estimated by maximizing the likelihood 

function as in other survival regression models. But the Cox’s PH models use the 

partial likelihood method which does not need to specify the form of the baseline 

hazard function 0h .  

In this study, the applications of the Cox’s PH method in both regression 

approach and survival ANN approach are exploited. 

Under the framework of the Cox’s PH method, partial likelihood function, 

treatments on ties of defaults and regression diagnostics are three essential parts 

which deserve more attentions. Sections 3.4.1, 3.4.2 and 3.4.3 are therefore dedicated 

to explain these issues in details.  

 

3.4.1    Partial Likelihood Method 

The conditional probability that individual firm i is the one that got bankrupt 

at it , given that the firms in the set iR  are at risk of bankruptcy, and given further that 

exactly one bankruptcy occurred at it , is 

Prob{firm i got bankrupt at it iR  and one bankruptcy at it }= 

{ }
{ }ii

ii

Rtatbankruptgotoneob
Rtatbankruptgotifirmob

Pr
Pr

    

            

Thus, a general expression for the partial likelihood for data with fixed 

covariates from a proportional hazard model is  

( )
( )

i

n

i
n

j
jij

i

xY

x
PL

δ

β

β∏
∑=

=
⎥
⎥
⎥
⎥

⎦

⎤

⎢
⎢
⎢
⎢

⎣

⎡

=
1

1
exp

exp
            (3.25) 
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where ijY =1 if ij tt ≥  and ijY =0 if tt j p ; iδ =0 if firm i is non-default and 

iδ =1 if i is default. 

The intuition here is that, in the absence of all information about the baseline 

hazard, only the order of the bankruptcies provides information about the unknown 

coefficients.   

As usual, it is convenient to maximize the logarithm of the likelihood, which 

is  

( )
⎥
⎥
⎦

⎤

⎢
⎢
⎣

⎡
⎟⎟
⎠

⎞
⎜⎜
⎝

⎛
−= ∑∑

==

n

j
jiji

n

i
i xYxPL

11
exploglog ββδ            (3.26) 

Most partial likelihood programs use some version of the Newton-Raphson 

algorithm to maximize this function with respect toβ . 

Compared with other estimation approaches in survival analysis, the Cox’s PH 

function is the most popular one. There are some reasons for this enormous popularity 

(Allison 1995): first, unlike the parametric methods, the Cox’s method does not 

require that some particular probability distribution is chosen to represent survival 

times. As a consequence, the Cox’s method is considerably more robust; second, the 

Cox regression makes it relatively easy to incorporate time-dependent covariates, that 

is, covariates may change in value over the observation period; third, the Cox 

regression permits a kind of stratified analysis that is very effective in controlling for 

dummy variables.  

 

3.4.2    Handling of Ties 

Tied event times (same time to bankruptcy for numerous firms) are a common 

feature in corporation data since harsh external environment (i.e., economy crisis) 
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may drag several firms into defaults at same time and tightly correlated business 

interest probably pull a firm into default when its business partners are default.  

When there are tied bankruptcy times in the sample, the partial log likelihood 

function involves permutations so it can be time-consuming to compute. Breslow 

(1974) has derived a satisfactory approximate log likelihood function when the 

number of ties is not large. Farewell and Prentice (1980) show that the Breslow 

approximation deteriorates as the number of ties at a particular point in time becomes 

a large proportion of the number of cases at risk. Efron (1977) derives another 

approximation to the true likelihood that is significantly more accurate than the 

Breslow approximation and often yields estimates that are much closer to the exact 

results than Breslow’s approximation. This improvement comes with only a trivial 

increase in computation time.  

Efron’s method is adopted in handling all tied situations in this study.  

 

3.4.3 Regression Diagnostics 

It is important to inspect the goodness of fit before the models are used for 

prediction. In survival analysis, there are various aspects and numerous methods to 

accomplish the inspection of how well the model is specified. In this study, only the 

test on the appropriate form of covariates and the test on the validation of the 

proportionality assumption are conducted.  

 

• Martingale Residuals to Test for the Appropriate Form of Covariates 

To define the martingale residual in the most general sense, suppose that, for 

the jth  firm in the sample, it has a vector )(tX j  of possible time-dependent 

covariates. Let ( )tN j  have a value 1 at time t if this firm got bankrupt and 0 if not. 
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Let ( )tY j  be the indicator that firm j is under study at a time just prior to time t. 

Finally, let b be the vector of regression coefficients and  )(0

^
tH  the estimator of the 

cumulative baseline hazard rate. The martingale residual is defined as  

( ) ( ) ( )[ ] ( ) njtHdtXbtYNM j
t

jjj ,,1,exp 0

^

0

^
K=−∞= ∫

∞

                         (3.27) 

When all the covariates are fixed, the martingale residual reduces to  

njrbXTHM jj

p

k
kjkjjj ,,1,exp)(

1
0

^^
K=−=⎟⎟

⎠

⎞
⎜⎜
⎝

⎛
−= ∑

=

δδ            (3.28) 

The residuals have the property of 0
1

^
=∑

=

n

j
jM . Also, for large samples 

the
^

jM ’s are an uncorrelated sample from a population with a zero mean.  

According to Klein and Moeschberger (1997), the martingale residuals can be 

interpreted as the difference over time of the observed bankruptcies minus the 

expected number of bankruptcies under the assumed Cox model, that is, the 

martingale residuals are an estimate of the excess number of bankruptcies seen in the 

data but not predicted by the model.  

The rationale of using martingale residuals to examine the best functional 

form of covariates is: suppose that the covariate vector X is partitioned into a 

vector *X , which is known as the proper functional form of the Cox model, and a 

single covariate 1X  whose proper functional form is unsure. Assume that 1X  is 

independent of *X . Let ( )1Xf  be the best function of 1X  to explain its effect on the 

Cox’s survival regression. The Cox model is, then, 

( ) ( ) ( ) ( )[ ]1
**

01
* expexp, XfZtHXXtH β=                        (3.29) 
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To find f , the Cox model is fit to the data based on *X  and compute the 

martingale residuals, 
^

jM , j=1,…, n. these residuals are plotted against the value of 

1X  for the jth observation . A smoothed fit of the scatter diagram is typically used. 

The smoothed-fitted curve gives an indication of the function f . If the plot is linear, 

for example, no transformation of 1X  is needed (Klein and Moeschberger, 1997; 

Therneau et al., 1999). However, if some martingale residuals plots are not linear, it 

actually implies that, the simple linear combination of covariates in the Cox’s PH 

regression may be inappropriate.  

 

• Validation Test on the Proportionality Assumption 

In this thesis, two types of tests on the proportionality assumption of Cox’s 

regression are employed. 

The first test is relatively simple—the stratification graphic test on the 

proportionality. According to Allison(1995), The stratification can be used for testing 

the proportionality assumption in the Cox’s PH model. Specifically, the graphs of log-

log survival function for two values in stratified dummy variable can be used for this 

test. Take a dummy variable D as an example, the rationale of this test can be 

illustrated as: assume ( )th1  is the hazard function for a firm whose D = 1 and ( )th2  is 

the hazard function for another firm whose D = 0. If two hazard functions, ( )th1  

and ( )th2 , are proportional, then 

( ) ( )thth 21 τ=              (3.30) 

where τ  is the constant of proportionality.  

Because ( ) ( )[ ]∫−= duuhtS exp      (see Equation 3.6) 
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it is easily to show that  ( ) ( )[ ]τtStS 21 = . 

Taking the logarithm, multiplying by -1, and taking the logarithm a second 

time yields 

( )[ ] ( )[ ]tStS 21 logloglogloglog −+=− τ            (3.31) 

Which says that the two log-log survival curves differ by a constant amount, 

τlog . 

That is, in plotting the log-log survival function, when the hazards are 

proportional, the log-log survival functions should be parallel.  

The second test used in examining the proportionality assumption is the tests 

of Schoenfeld residuals.    

The Schoenfeld residual can be derived from (3.26). As demonstrated in 

Hosmer et al. (1999), the Schoenfeld residuals defined by Schoenfeld (1982) can be 

generalized as followed: 

( )
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where ( )

( )
∑

∑

∈

∈=

i

j

i

j
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tRj
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tRj
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The estimator of the Schoenfel residual for the ith subject on the kth covariate 

is obtained from equation (3.32) by substituting the partial likelihood estimator of the 

coefficient,
^
β , =

^

ikr iδ (
^

kwik i
xx − ),  
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Where =
^

kwi
x ( )

( )
∑

∑

∈

∈

i

j

i

j

tRj

x

tRj

x
jk

e

ex

^
'

^
'

β

β

   is the estimator of the risk set conditional mean of 

the covariate.  

Notice that since 
^
β  is the solution to the f.o.c. equal to zero, which is just 

equation (3.32), the sum of the Schoenfeld residuals is zero. 

In assessing the proportional hazard assumption, if the proportional hazards 

assumption is hold, the Schoenfeld residuals should be a random walk. Conversely, 

assume that some variable has a large positive effect early but that the effect trails off, 

the proportional hazards do not hold. The fitted models will underestimate the true 

effect of this variable for small t, and overestimate it for large t, which can be 

reflected into an early positive trend followed by a late negative trend in the 

Schoenfeld residuals.  

In further development, Harrell (1986) suggests using the correlation of rank 

(time) with this residual as a test for non-proportional hazards. Grambsch and 

Therneau (1994) propose that, a rescaled Schoenfeld residual can correct for 

correlation among the covariates and be more interpretable. Specifically, Grambsch 

and Therneau scale the Schoenfeld residuals by an estimator of its variance which 

yields a residual with greater diagnostic power, sometimes, this rescaled residuals are 

called Grambsch and Therneau Residuals: 
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where 
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Variance-Covariance matrix; 
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Grambsch and Therneau suggest using of an easily computed approximation 

for the scaled Schoenfeld residuals: 
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since 
^

^
)( irVar  tends to be fairly constant overtime.  

In addition, Grambsch and Therneau (1994) propose both the statistical test 

and graph test for assessing the proportional hazard assumption. Assumed 

that, ( ) ( )tgt jjjj γββ += , ( )tg j  is a specified function of time. Grambsch and 

Therneau show that the scaled Schoenfeld residuals have, for the jth covariate, a mean 

at time t of approximately 

( )( ) ( )tgtrE jjj γ≈*            (3.36) 

this suggests that, a plot of the scaled Schoenfeld residuals over time may be 

used to visually assess whether the coefficient jγ  is equal to zero and, if not, what 

nature of ( )tg j  may be.  
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Both the graphic scaled Schoenfeld test and the statistical Schoenfel test are 

employed. In the statistical test, results of a chi-squared test of γ =0 for each 

covariate and an overall chi-squared test are shown. The plot method gives a plot for 

each covariate of the scaled Schoenfeld residuals against ( )tg  , with a spine smooth 

and point-wise confidence bands for the smooth provided.  

By far, except the incorporation of time varying covariate, all the other key 

characteristics and relevant tests of traditional Cox’s PH method have been covered. 

Nonetheless, as a important extension of the traditional Cox’s PH model, the Cox’s 

TVC model could never been neglected in relevant research. The subsequent section 

is therefore focused on the Cox’s TVC model and its applicability in bankruptcy 

prediction. 

 

3.5 The Cox’s Time Varying Covariate (“Cox’s TVC”) Model 

In general, covariates are divided into two categories: fixed and time-varying. 

A covariate is time-varying if the difference between covariate values from two 

different subjects may be changing with time (Hosmer and Lemeshow 1999).  

Let T be the time to bankruptcy of interest, and let X be a set of possibly time-

dependent covariates. X(t) is used to denote the value of X at time t, and 

{ }tssXtX ≤≤= 0:)()(
____

 to denote the history of the covariates up to time t. it is 

convenient to formulate the effects of covariates on the time to bankruptcy through 

the hazard function. The conditional-hazard function of T given 
____

)(tX  is  
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where (t, t + dt) is a small interval from t to t + dt. The Cox TVC model 

specifies that   

( )( ) ( ) ( )( ) ( ) ( )⎥
⎦
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== ∑

=
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k
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1
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Where β  ‘s are a set of unknown regression parameters and ( )th0  is an 

unspecified baseline hazard function.  

The idea of time-varying covariates is introduced by Cox (1972). When the 

covariates change with time, the covariates X(t) can be either stochastic or 

deterministic, and the ratio of the hazards of two firms with distinct values of X(t) is  

no longer a constant and hence the hazard rates of the two firms are no longer 

proportional.  

Although the Cox’s TVC model can use richer data and hence is more 

powerful in estimation, its dependency on the time-dependent covariates also results 

in the lost of its ability in prediction. Therneau and Foundation (1996) point out that 

when there are time dependent covariates, the predicted survival curve can present 

something of a dilemma. Focused on public healthy study, Fisher and Lin (1999) give 

two reasons for this dilemma: first, because the model depends on the value of a 

changing quantity (the time-dependent covariate), at a future time the future values 

are usually unknown until they are actually observed. Second, if the future values of 

some covariates (e.g., blood pressure) have already been known, the existence of the 

values implies that the subject has not reached a death endpoint.  

However, it is still possible to obtain the projected survival probability for 

particular pattern of changes in the time dependent covariates. Therneau and 

Foundation (1996) demonstrate an application of using time-varying covariates for 

survival function prediction. The limitation of this approach is that, each time it can 
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only predict one company’s survival function for all of its survived years, so when 

data of large numbers of companies are given, this method becomes really time-

consuming.  

Based on all above considerations, in this study the Cox’s TVC model is just 

used for estimation and no prediction application is conducted. 
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CHAPTER 4 METHODOLOGY - STANDARD NEURAL NETWORKS 

AND SURVIVAL NEURAL NETWORKS  

 

In contrast to the linear approaches demonstrated in Chapter 3, Chapter 4 

illustrates the non-linear approaches, such as neural network as well as its survival 

analysis applications for bankruptcy prediction. For each ANN described, the 

structure and likelihood function are introduced, advantages and limitations are 

briefly discussed.  

 

4.1 Standard Artificial Neural Networks (“ANNs”) 

The most frequently used networks in bankruptcy prediction are the feed-

foreword neural networks, and the most popular algorithm in training the feed-

forward neural networks is the back-propagation learning algorithm. The back-

propagation learning algorithm can be divided into two phases: forward-propagation 

and backward-propagation. Suppose there are s records of firms, each described by an 

input vector of accounting ratios ( )imiii xxxX ,,, 21 K=  and an output vector of status 

of firms ( ) sidddD iniii ≤≤= 1,,,, 21 K . In forward-propagation, iX  is fed into the 

input layer, and an output ( )iniii yyyY ,,, 21 K=  is generated on the basis of the current 

W. The value of iY  is then compared with the actual (or desired) status iD  by 

calculating the squared error ( ) nidy ijij ≤≤− 1,2 , at each output unit. Output 

difference are summed up to generate an error function E defined as 

( )
∑∑
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              (4.1) 
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The objective is to minimize E by changing W so that all input vectors are 

correctly mapped to their corresponding output vectors. Thus the learning process can 

be cast as a minimization problem with objective function E defined in the space of W.  

The second phase performs a gradient descent in the weight space to locate the 

optimal solution. The direction and magnitude change according to ε
ij

ij w
Ew

∂
∂

−=Α , 

where 0<ε <1 is a parameter (the learning rate) controlling the convergence rate of 

the algorithm, which in fact controls how efficiently the network sets its weights 

(Dhar and Stein 1997). If the network adjusts the weights too gradually(slightly), 

training the networks can take a long time, on the other hand, if the network adjusts 

the weights too fast, maybe it will miss the optimal weight sets. 

A problem of over-fitting usually occurred in training the neural networks. 

Over-fitting means the network fits the training sample too well to fit the validation 

data, and thus the optimal set of internal parameters of the networks got from the 

training data may not be able to provide good prediction performance in validation 

data (Bishop 1995). To avoid over-fitting, first the training data set must be 

representative of the problem being tackled; second, the number of hidden nodes must 

be properly determined. When the number of hidden nodes is too few, the network 

may not be flexible enough to capture the actual features of the data, but if the number 

of hidden nodes is too many, the network becomes so flexible that it even starts to fit 

the noise in the data, which results in over-fitting. 

The over-fitting also can be controlled by weight decay setting. As is known, 

the network structures with different degrees of complexity can be obtained by: (1) 

choice of the number of hidden nodes; (2) introduction of penalty term weight decay 

ATTENTION: The Singapore Copyright Act applies to the use of this document. Nanyang Technological University Library



 35

in the loss function (Callan, 1999). Weight decay penalizes large weight values by 

modifying the error function as: 

∑+= 2* ωθEE                             (4.2) 

θ  is exactly the weight decay setting. It is suggested that (Ripley 1994), θ  

shall range from 0.01 to 0.1 depending on the degree of fit expected. The use of 

penalty has the advantage of improving the convergence of optimization algorithms, 

in addition to avoid over-fitting.  

When weight decay is used, it is a common practice to rescale covariates by 

multiplying them with appropriate factors so as to approximately span from 0 to 1, so 

as to be comparable with hidden unit outputs. 

Although seem complicated apparently, ANNs have certain attributes that 

make them attractive as modeling techniques. As shown by Etheridge et al. (2000), 

ANNs do not require the data to be some form of distribution, such as multivariate 

normal distribution. ANNs also can accommodate numerous variables, without the 

detraction of multi-colinearity. Further more, because they are nonlinear procedures, 

ANNs are more versatile and robust than linear statistical techniques (Liang et al. 

1992, Etheridge and Sriram 1997). 

 

4.2 Survival ANNs 

In this study, four survival ANNs, namely, partial logistic ANNs, the Cox’s 

proportional hazard ANNs and two parametric survival ANNs (Weibull and log-

logtistic) are studied and implemented with using a same set of US companies’ data in 

bankruptcy prediction. 

ATTENTION: The Singapore Copyright Act applies to the use of this document. Nanyang Technological University Library



 36

 

4.2.1 Partial Logistic Artificial Neural Networks (“PLANN”) 

The PLAAN is designed by Biganzoli et al.(1998, 2002). It is a flexible ANN 

approach in a discrete survival time context, which can provide smoothed hazard 

function estimation and allow for non-linear covariate effects.  

The structure of this network model can be described as: the input layer is 

composed of J nodes plus one bias node, within the J nodes one is for time to 

bankruptcy while the others are for the covariates. The input nodes are fully 

connected with the H nodes of the hidden layer. A single output neuron estimates 

conditional failure probability values from the connections with the hidden and the 

bias units.  

Since this network also uses the partial likelihood maximum method and use 

the logistic translation in the output part of each node, it is named as partial logistic 

ANN.   

The total error function for PLANN is  

( ) ( )[ ]{ }∑∑
= =

−−+−=
n

i

l

l
lilillilil

i

axhdaxhdE
1 1

,1log)1(,log          (4.3) 

where ix  is the input node which represents one explanatory variable. 

(Remember that, one of the input nodes is the time to bankruptcy). The target variable 

is represented by the status dummy ild . 

The linkage between neural networks and the Cox’s PH analysis in PLAAN is 

presented by the derivation of lh  in (4.3). The discrete hazard rate lh  in this error 

function actually can be derived from the Cox’s PH model. Cox (1972) proposes the 

proportional odds model for grouped survival times as follows: 
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where ix  is the covariate vector for subject i, β  is the vector of regression 

coefficients and ( )0lh  is the baseline hazard for firms with x=0. 
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As is known, the logistic activation function employed in a standard neural 

network is  

( ) ( )
( )u

uuh exp1
exp
+

=φ ,                           (4.6) 

where u is the linear combination of input values and their parameters from 

the previous layer.  

It is easy to find that (4.5) exactly bears same appearance of the logistic 

activation function (4.6). Therefore, by using the traditional logistic activation 

function the error function (4.3) in PLAAN is minimized.   

Besides, also notice that in traditional neural networks, for a binary 

classification problem, a likelihood function named “cross-entropy error” is usually 

employed: 
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where 0
iky  is the binary target variables, ( )wxy ik ,

^
 is the predicted value. 

It is easy to find that when substituting the binary target variables 0
iky  in (4.7) 

with the status dummy ild  in (4.3), and let the predicted value ( )wxy ik ,
^

 is the output 
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of the logistic activation function in output lay of the networks which actually is 

),( lil axh , Equation (4.7) actually is an identical expression of the error function (4.3).   

As a result, the particular error function of PLAAN actually can be coding 

with the standard syntax for traditional neural networks by choosing the options 

“entropy” in the likelihood function.  

In the error function (4.3) for PLAAN, the total error is summed both over the 

n firms and over time intervals ill ,...,2,1=  in which the firm i is observed. By using 

the error function (4.3) in a neural network model with no hidden nodes and the 

logistic activation function ( )uhφ , a linear logistic regression model equivalent to (4.4) 

is obtained. Biganzoli et al. (1998) propose the generalization of the partial logistic 

regression model to a feed forward ANN by the addition of a hidden layer of nodes. 

The output of PLAAN model can be used to explore the shape of the hazard function 

depending on time and covariates.  

The PLANN model is not constrained to proportionality assumptions since 

interaction of time and covariate effects will be modeled implicitly. Therefore an 

advantage of PLAAN is the possibility of straightforward use of time-dependent 

covariates.  

 

4.2.2    The Cox’s PH Survival ANNs  

Besides of the above approach, another type of survival ANNs which apply 

the Cox’s PH function is the survival ANNs designed by Faraggi and Simon (1995).  

The Cox’s PH survival ANN is a combination of the standard neural network 

and the Cox’s PH regression. Assumed there are N firms and P input variables are 

used for each firm’s survival prediction. Consider the ith firm, where 

),......,1( 10 ipiii xxxx ==  is a ( )11 +× P input vector (i=1…N). 1),...,( 0 ×= Phhh ωωω  is 
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a vector of parameters connecting the inputs to the hidden node h (h=1,.., H). The 

input to the h node in the hidden layer for the ith firm is the weighted sum 

∑∑
==

+==
P

p
php

P

p
hphphi xxx

10
0 ωωωω              (4.8) 

The output from any node in the hidden layer is its input transformed by an 

activation function, such as the traditional logistic function { } 1)exp(1)( −−+= zzf . 

Hence the output of the i th firm from the h node in the hidden layer is f( hixω ). 

Finally the output of the network is a linear combination of the outputs from the nodes 

in the hidden layer with parameters ),...,,( 10 Hαααα = . Particularly it is just a linear 

combination of outputs from all hidden nodes with their parameters, and there is no 

activation function in the output node. Consequently the output from a single hidden 

layer neural network with H hidden nodes for a given firm with input vector 

),...,,1( 1 iPii xxx = is 
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As is shown in Chapter 3, the hazard function in the Cox PH model is 

)exp()(),( 0 βii xthxth =  

The )(0 th  is the baseline hazard and ),....,,0( 10 Pββββ ==  are estimated by 

maximizing the log of the partial likelihood: 

∑ ∑
⎭
⎬
⎫

⎩
⎨
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−
∈i Rj

ji
i

bxx )exp(log)( β  

Faraggi and Simon (1995) design a neural network with the Cox’s partial 

likelihood function by replacing the linear combination of the covariates βix  in the 

hazard function with the output of the neural network ),( θixg  in equation (4.9): 
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)),(exp()(),( 0 θii xgthxth =            (4.10) 

and the likelihood function becomes: 

( ) [ ]∑ ∑
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xgxgxy ),(explog),(log )( θθλ            (4.11) 

Maximum partial-likelihood estimates of weights can be obtained by using the 

Newton-Ralphson method which is suggested by Faraggi and Simon (1995), or quasi-

Newton algorithm which is used by Mariani et al. (1997).  

To find a suitable local maximum, multiple starting values should be used to 

initiate the optimization algorithm. Faraggi and Simon (1995) also adopt a penalized 

likelihood function approach based on the following formula: 

( ) ∑+ 2wwLc η            (4.12) 

where ( )wLc  is the likelihood function and η  is a shrinkage parameter.  

This approach has the advantage of controlling the effective model complexity, 

so as to avoid over-fitting on training data, and therefore improving the generalization 

ability of the final model. 

The Cox’s PH survival ANN features the following merits: first, it can be used 

for large scale data set; second, this method allows preserving all the advantages of 

the classical proportional hazards model; third, the standard approach still assumes 

that the hazards are proportional; forth, this approach also allows for time-varying 

inputs, but it is less flexible in modeling the baseline variation.   

Faraggi and Simon’s method shows a way which can effectively convert a 

traditional survival linear analysis into a non-linear survival model by replacing the 

linear function of the covariates with the output of a standard non-linear model, such 

as a standard neural network. This method has been further developed by Mariani et 

al. (1997) and Ripley (1998). This approach requires non-standard software since the 
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function to be minimized (the log partial likelihood) is not a sum over all firms: for 

each bankrupt firm it requires a sum over all the other firms still in the risk set at the 

time of that firm’s bankruptcy. In Mariani et al. (1997), they use same software 

designed by Faraggi and Simon with one small adjustment: they use weight decay at 

all stages while in Faraggi and Simon (1995) the weight decay is removed from the 

final stages of optimization. In Ripley (1998), she re-designs the framework but 

leaves theoretical designs remained the same as Faraggi and Simon (1995).   

 

4.2.3    The Parametric Survival ANNs  

The parametric survival ANNs implemented here are proposed by Ripley 

(1998).  

As is shown in Chapter 3, the density function and survival function of the 

Weibull distribution are 

( ) λγ γ 1−= txth       

( ) ( )λγtxtS −= exp   

For the log-logistic distribution, the density function and survival function are 
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where γ  is the shape parameter.  

In both cases, λlog  is modeled as a function of x by a standard neural 

network with a single linear output: 
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Similar to the relationship between the Cox’s PH survival ANN and the Cox’s 

PH regression, the parameter survival ANN models substitute the linear combination 

of covariates by the output of a standard neural network in their likelihood function. 

Specifically, in parametric regression methods, λ equals to )exp( βx , while in 

parametric survival ANNs λ equals to ( )yexp , where y  is the single output of a 

neural network, as demonstrated in (4.13). 

As shown in Chapter 3, the likelihood function in parametric survival 

regressions can be simply demonstrated as: 

( ) ( )∏∏
== 01 ii

ii tStf
δδ

               

Where iδ  is the indicator variable for observed bankruptcy. Thus the first 

product is over the defaulted firms, the second over the non-defaulted ones.  

Substituting the ( )itf  and ( )itS for the Weibull distribution into above 

likelihood function, with ( )yexp=λ , after taking log, the log likelihood for parametric 

survival ANN in Weibull distribution is: 

( )[ ] ( )( )iiiii
firms

i ytyt exp1log1log γδγγδ −−+−+∑             (4.14) 

Similarly, the log-likelihood function for parametric survival ANN in log-

logistic distribution is: 

 ( )( ) ( )[ ]{ } ( )[ ]γγ
γγδ i

y
i

y
iii

firms
i tetetyy ii +−+−+−++∑ 1log1loglog1log      (4.15) 

The solutions can be achieved by minimizing the log likelihood over the 

weights and the shape parameterγ . 
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CHAPTER 5 DATA PREPARATION 

 

The theoretical descriptions on survival regressions and survival ANNs have 

been accomplished by Chapter 3 and 4. The following chapters are about to apply 

these survival regressions and survival ANNs based on a same set of US company 

data, empirically study the prediction powers of each model, and comprehensively 

compare their performance among each other. 

Chapter 5 is focused on data preparation. First, the data and variable selections 

are described, and then the sampling methods are discussed. Further, data reduction 

procedure is presented and finally a preliminary finding based on data is shown. 

 

5.1       Data and Variables 

For this study, data are downloaded from Company AnalysisTM1 ranged from 

1985 to 2002. Using the Dow Jones Global Classification Standard, the research is 

restricted to the following four industries: cyclical consumer goods, non-cyclical 

consumer goods, cyclical consumer service and non-cyclical consumer services. The 

following industry types are excluded: basic, energy, financial, healthy care, 

technology, telecommunications and utility.  

Cyclical consumer goods and services refer to the industries whose sales and 

operation are changing cyclically, such as automobiles, media and retails. Non-

cyclical consumer goods and services refer to the industries whose sales and operation 

are relatively constant over time, such as foods and beverage production.  

                                                 
1 Company AnalysisTM, provided by Thomson Financial, is a Windows based financial analysis system. It provides 

financial statement data for 18,000 companies from over 70 countries.  
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Initially 37 variables were collected including accounting ratios, stock market 

information and cash flow information which were all employed by previous 

bankruptcy analysis studies (Altman 1968, Sung, Chang and Lee 1999; Marais et al. 

1984, Bell and Tabor 1991, Koh 1992, etc.). These variables can help in analyzing the 

four facets of a company’s performance and condition (Dominiak and Louderback 

1985), specifically, internal liquidity, operating performance, financial risk, growth 

potential.  

In addition to above variables, another two dummy variables need to be 

included: “GS” (which indicates whether the firm is a goods provider or a service 

provider) and “Cyclical” (which indicates whether the goods/service belongs to 

cyclical item or non-cyclical item). Specifically, the “GS” of 0 is for the service 

providers and 1 for the goods providers; the “Cyclical” is “0” for the non-cyclical 

providers and 1 for cyclical providers. Consequently, the whole dataset can be divided 

into four groups: goods cyclical, goods non-cyclical, service cyclical and service non-

cyclical.  

There are two dependent variables for all survival regressions: the “status” and 

the “survival time”. Specifically, the status variable is a dummy variable whose value 

is 1 for the bankrupt firms and 0 for the non-bankrupt firms. The survival time is the 

number of years from the firm’s inception to its filling for bankruptcy. This setting of 

survival time can be found in several previous survival studies on company 

bankruptcies. For instance, Shumway (2001) sets his dependent variable about 

survival time as the number of calendar years a firm has been traded on the NYSE or 

AMEX. In Audrestch and Mahmood (1995), they set the time to hazard variable 

(survival time) as the life span of a company, from setup to the closure. 

Only one dependent variable, the status, is required in survival ANNs. 
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5.2       Building Samples 

In this study, all non-bankrupt firms are selected to match the bankrupt firms 

on the basis of industry. Company size is used as one covariate in our models and 

hence it is not used as a matching criterion. When the firm got bankrupt, its 

counterparty in the non-bankrupt group is denoted “censored” at the same year.  

Nine models are exploited in this study. Except for the Cox’s TVC model 

which requires multiple-year records for each firm, all other eight models need only 

one-year records which are values of variables at 31 December of the year prior to the 

bankruptcy or the censoring year for all firms. The former data set is referred as TVC 

dataset since it is used exclusively for the Cox’s TVC model and the latter data set is 

referred as one- year dataset.  

The TVC dataset is constructed in the same way as Philip Cheng (2002): The 

observation period (1985-2002) is divided into 17 at-risk intervals. Each at-risk 

interval is set as the time range from the end of the previous year to the end of current 

year. A record is created for each at-risk interval for each firm, that is, yearly 

covariates are obtained for each firm. Specifically, if a firm entered into the study in 

December 1994 and became bankrupt in December 2000, there were six records for 

this firm with each record pertaining to its yearly accounting ratios from 1994 to 2000. 

Within these six yearly records, only the record for year 2000 is marked as 1 in the 

status variable, which indicates that the firm became bankrupt in the at-risk interval 

December 1999 to December 2000. For the other five years’ records, the status 

variable is marked as 0 to indicate that the firm is a non-bankrupt one.  No more 

records will be created for this firm after the at-risk interval in which it filed bankrupt. 
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If a firm that survives throughout the entire observation period, its status will equal to 

0 for all the at-risk intervals.    

The survival time variable gets a same setting in both the one-year-dataset and 

the TVC dataset. More specifically, for the bankrupt companies, the survival time is 

measured from the initiation of the firm to the last year before its bankruptcy; for the 

non-bankrupt firms, the survival time is the entire period it stayed in the study. 

Particularly, for the non-bankrupt firms, the survival time is referred as censored time. 

In both datasets, for instance, if a firm listed in 1994 and filed for bankruptcy in 

December 2000, its survival time equals to 6 years. If a firm listed in 2000 and 

remained non-bankrupt by the end of the observation period in the study (which is 

2002), its censored time equals to 2.  

For the TVC model, as the survival time is measured from the beginning of 

the observation period, the horizon of prediction is the length of the observation 

period. Further, there is a survival probability estimated for each firm at each of the 

at-risk intervals throughout the observation period.   

To compare models based on their prediction performance, a training sample 

and a validation sample are constructed for each model. The training sample is used to 

train the model and estimate all the parameters while the validation sample is used to 

generate predictions with parameters estimated in the training phase. Usually more 

data should be assigned for model training compared with data assigned for prediction, 

because the correctness of prediction is mainly depended on the accuracy of model 

training. If too few data are allocated as training sample, it will result in large 

variances in model outputs. Besides, if the training sample can not cover all features 

of dataset, the model outputs will also become biased. However, leaving enough data 

for prediction is also important. If too few data are allocated to prediction sample, the 
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assessments based on the model output may not be reliable and meaningful any more. 

After taking balance of the training sample and prediction sample, randomly 67% of 

total records are selected for the training sample and the remaining is for the 

validation sample. 

 

5.3 Data Reduction 

Currently 37 variables are all loaded into the datasets. However most of them 

bear similar information and therefore is redundant. To apply the dataset into the 

model, a variable reduction process is required. Besides, the datasets need to be 

further refined to remove missing values and outliers before been imported into the 

model engine.  

Subsequently, Section 5.3.1 is to reduce the variable number while minimizing 

the information loss in this process. Section 5.3.2 is to conduct the data cleansing 

which removes the missing values and outliers. 

 

5.3.1   Variable Reduction  

Factor analysis is implemented to identify the variables eventually imported 

into the models. For the one-year dataset, the factor analysis results show that 37 

variables can be allocated into 11 factors with averagely three or four variables within 

one factor. Traditionally, the variable that has the highest score within each factor in 

the rotated component matrix can convey the richest information among the variables 

within the same factor. Therefore, by selecting the variable with the highest score in 

each factor, the number of variables can be reduced from 37 to 11 without losing too 

much information. All these selected 11 variables are to be employed by the models. 

The rotated component matrix in one-year dataset are shown in table 5.1. 
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Table 5.1 Rotated Component Matrix in Factor Analysis for One-Year Dataset 

 

• Extraction Method: Principal Component Analysis.  

• Rotation Method: Varimax with Kaiser Normalization. 

• A Rotation converged in 9 iterations. 
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For the TVC dataset, 12 factors are identified. To facilitate the model 

comparison between TVC model and others, the variable of the last factor loaded in 

the rotated component matrix is excluded from our analysis. This action won’t loss 

too much information since the last factor loaded in the rotated component matrix is 

the one that has the least information richness and usually bears very limited 

explanation power. As a result, 11 variables are selected which eventually enter the 

Cox’s TVC model. The rotated component matrix in TVC dataset is shown in table 

5.2. 
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Table 5.2 Rotated Component Matrix in Factor Analysis for TVC dataset 

 

• Extraction Method: Principal Component Analysis.  

• Rotation Method: Varimax with Kaiser Normalization. 

• A Rotation converged in 6 iterations. 
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Table 5.3 and 5.4 summarize the 11 variables selected in one-year dataset and 

TVC dataset after factor analysis.  

 

Table 5.3 11 Variables Selected for One-Year Dataset 

 

 

Table 5.4 11 Variables Selected for TVC Dataset 

 

 

The definitions of each selected 11 variables for one-year dataset are presented 

in table 5.5. The relationships between the variables and the company’s survival can 

indicate the expected signs of the variables in survival regressions. The expected signs 

and the relationship between the variables and company’s survival are also shown in 

table 5.5. Relevant information for the TVC dataset is in table 5.6. 

As a result, all the models studied in this thesis have 13 covariates: the 11 

variables selected from factor analysis plus the two dummies (“GS” and “Cyclical”).  
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Table 5.5 Variable Definitions, Relationship with Survival and Expected Signs 

for One-Year Dataset 
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Table 5.6 Variable Definitions, Relationship with Survival and Expected Signs 

for TVC Dataset 
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5.3.2    Exclusion of Outliers and Missing Values  

In the one-year dataset, if the values go beyond three times of the standard 

deviation of the variables, these numbers are excluded as outliers. However, if a 

variable gets too many values identified as outliers (i.e. CA/Sales) according to this 

rule, the outlier exclusion of this variable will base on subjective judgments instead.  

After excluding outliers, a total of 1563 records are remained, within which 

512 are bankrupt and 1051 are non-bankrupt.  

When handling the missing values, if a record has one missing value in any of 

the13 covariates, the whole record is deleted from the data set.  

After going through all these procedures above, finally the one-year dataset 

has 804 records with 281 bankrupts and 523 non-bankrupts.  

No missing value exclusion is processed in the TVC data since the Cox’s TVC 

model can handle the missing values automatically. 

 

5.4 Data Rescaling  

After the data reduction, both the one-year dataset and TVC dataset are ready 

for the survival regressions. However, these two datasets require one more step on 

data preparation, data rescaling which rescale all values into range of 0 to 1, to 

facilitate the running of ANNs.  

A two-step rescaling method is used in this study.  

Step 1: Standardized Normalization 

yS
yyy −

='   

where y is original value, y and yS  are mean and standard deviation 

respectively, and y' is the normalized value. 

ATTENTION: The Singapore Copyright Act applies to the use of this document. Nanyang Technological University Library



 55

Step 2: Min-Max Normalization: 
minmax

min

''
''"
yy

yyy
−

−
=    

where min'y  and max'y  are minimum and maximum values of the y' generated 

in Step 1. 

After these two steps, all values in both datasets are rescaled into the range of 

0 to 1.  

 

5.5 A Preliminary Finding  

Before applying any computation, a particular pattern of the data is observed 

in both one-year dataset and TVC dataset: the younger firms go bankrupt more 

frequently than the older ones. Specifically, for both one-year dataset and TVC 

dataset, for firms whose survival time are less than 3 years, about 95% of them default. 

However, for firms with survival time longer than 15 years, only 3% of them 

eventually end up with bankruptcy. Therefore, there is a strong negative connection 

between the survival time and the bankruptcy of firms. 

It is straightforward to explain this pattern since a long established company 

probably has better internal efficiency (i.e., experienced staffs and sophisticated 

management) and competitive advantages (i.e., well-known branding and larger 

market share) compared with those newly incepted ones. 
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CHAPTER 6 ESTIMATION RESULTS OF SURVIVAL REGRESSIONS 

AND MODEL TRAINING OF NEURAL NETWORKS 

 

This chapter is mainly to address the estimation outputs of survival regressions 

and neural networks designs for survival ANNs.  

For survival regressions, estimation results, i.e., coefficient of each covariate, 

sighs of coefficients, number of significant covariates and goodness of fit for each 

regression, are discussed. 

For survival ANNs, no estimation output can be generated. However, since 

estimation belongs to the scope of model training for regressions, correspondingly, 

the neural network’s model training issues, such as number of hidden node, are 

discussed here.  

In this chapter, only model comparisons among survival regressions are 

conducted.  

 

6.1       Estimation Results of Linear Survival Analysis 

6.1.1    Kaplan-Meier Estimation of the Survival Curve and the Hazard Curve 

The Kaplan-Meier non-parametric approach is the simplest one among all 

survival estimation methods. Although as simple as it is, it still can shed some lights 

on the companies’ survival experience.  

Based on one-year dataset, figure 6.1 shows the survival curves generated by 

Kaplan-Meier’s method for consumer goods providers (GS=1) and the consumer 

service providers (GS=0). As shown, in the first two years, both service providers and 

goods providers have similar survival probability. After three years, however, 

consumer service providers have a lower survival curve than consumer goods 
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providers. This reflects a higher business risk for consumer service providers 

compared with that of consumer goods providers. 

 

Figure 6.1 Kaplan-Meier Survival Curve for Consumer Goods Providers and 

Consumer Service Providers 

  

 

Similarly, figure 6.2 shows the difference on the survival curves between the 

cyclical goods/service providers (Cyclical=1) and the non-cyclical goods/service 

providers (Cyclical=0). Obviously, except for the beginning 2 – 5 years, non-cyclical 

goods/service providers experience a systematically lower survival probability 

compared with cyclical providers, in addition, this discrepancy deteriorates as time 

goes by. 
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Figure 6.2 Kaplan-Meier Survival Curves for Cyclical Consumer Goods/Service 

Providers and Non-cyclical Consumer Goods/Service Providers 

 

 

Figure 6.3 exams the survival status of four groups within one-year dataset: 

cyclical goods providers, cyclical service providers, non-cyclical goods providers and 

non-cyclical service providers. As expected, the non-cyclical service providers exhibit 

the worst survival status. Their survival probability decreases much faster than the 

other three groups except for first two years. For the other three groups, they generally 

follow a similar survival pattern within the research time horizon.    
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Figure 6.3 Kaplan-Meier Survival Curves for Cyclical Goods Providers, 

Cyclical Service Providers, Non-Cyclical Goods Providers and Non-

Cyclical Service Providers 

 

 

Besides of the survival curves, hazard curve can also be generated. Figure 6.4 

shows a general hazard curve for all records in one-year dataset. This empirical 

hazard curve shows that hazard rate for the one-year dataset is changing with time.  
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Figure 6.4 Kaplan-Meier Hazard Curve 

 

 

6.1.2 Estimation Results of Parametric Survival Regressions 

6.1.2.1 P-Value, Sign and Estimated Effect of Covariates on Survival Time 

The estimation results of parametric survival regressions using the Weibull 

distribution and log-logistic distribution are shown in tables 6.1 and 6.2. There are 

many similarities between the outputs of these two models: first, only “GS”, 

“Cyclical” and “LOG (TA)” are significant at a 5% level; second, the estimated sign 

of all covariates in the two model outputs are identical.  
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Table 6.1 Estimation Results of Parametric Survival Regression - the Weibull 

Distribution 

 

        Analysis of Maximum Likelihood Estimates 
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Table 6.2  Estimation Results of Parametric Survival Regression - the Log 

Logistic Distribution 

               

        Analysis of Maximum Likelihood Estimates         

 

 

Table 6.3 and 6.4 provide the comparisons between the expected signs of all 

covariate and their actual estimated signs for the Weibull model and the log-logistic 

model. 
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Table 6.3    Estimated Effects on Covariate’s Survival Time and Signs - the 

Weibull Distribution 

  

 

Table 6.4   Estimated Effects on Covariate’s Survival Time and Signs - the Log-

logistic Distribution 

 

 

ATTENTION: The Singapore Copyright Act applies to the use of this document. Nanyang Technological University Library



 64

It is noted that most covariates got consistent signs with our expectations. 

Among the 13 covariates used, only five covariates got the opposite signs compared 

with the expectation, namely, “CFO/Long Debt”, “PBIT/Sales”, “Net debt Increase”, 

“EPS Growth” and “CA/Sales”. 

Statistically, a negative sign implies that one percent increase in the covariate 

will decrease the survival time by Exp (estimated parameter) percent (See Section 

3.3). For instance, in the Weibull model if the estimated parameter for DebtTA equals 

to -0.08, it means that when debt over total asset of a company increase by 1 percent, 

the number of survival years will be shortened by 0.92 percent (exp(-0.08)). The 

effects on the change of survival time based on one percent change in the covariate 

for each of the 13 covariates in both models are also shown in table 6.3 and 6.4. 

 

6.1.2.2 The Log-logistic model fits data better than the Weibull model  

A scale parameter (σ ) is estimated for both the Weibull model and the log-

logistic models. This parameter controls the shape of hazard curve (see Chapter 3). 

The estimated σ  is 0.73 in the Weibull model, which represents a monotonically 

increasing (although increase in a decrease speed) hazard. Similarly, the estimated 

ofσ  =0.60 for the log-logistic model represents a “hump” shape hazard. Recall that 

the hazard curve under the non-parametric (Kaplan-Meier) method, which is regarded 

as a simple reflection of characteristics of true data, demonstrates a fluctuated curve, 

the hazard curve assumed in the log-logistic model probably fit the data  better than 

that the one assumed in the Weibull model.   

The estimation results also provide the log-likelihood value for each model. 

The larger it is, the better the data fit the model. However, since log-likelihood values 

are negative, larger log-likelihood values have smaller absolute values. As shown in 
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Table 6.1 and 6.2, the log-likelihood for the Weibull and the Log-logistic models are    

-557.61 and -543.76 respectively, therefore, the loglogistic model fits the data better 

than the Weibull model.  

 

6.1.3 Estimation Results of the Cox’s PH Regression  

6.1.3.1 Global Test for Model Significance 

In this study the companies’ survival time is measured as number of years 

instead of months or days and hence the survival time of over 500 bankrupt 

companies ranges in a small interval, from 1 to 17. When two firms have a same 

survival time, a tie is occurred. Obviously the data have many ties. Ties will incur a 

rather long computation time for the Cox’s PH model if they are not properly handle. 

As discussed in Section 3.4.2, Efron’s method is selected to speed up the computation.  
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Table 6.5 Estimation Results of the Cox’s Proportional Hazard Regression 

 

 

Table 6.5 shows a test on global null hypothesis, which are analogous to the F-

test in linear regression models, is provided. Within this test, three alternative chi-

square statistics are calculated: likelihood-ratio statistic, score statistic, and Wald 

statistic. All these three statistic tests are asymptotically equivalent.  

As is shown in table 6.5, all three statistics present very small p-values, which 

indicate that the null hypothesis of all 13 coefficients equaling to 0 should be rejected.  

 

6.1.3.2 Risk Ratio, P-Value and Sign for each Covariate 

Table 6.5 also shows the estimation results of the Cox’s PH regression. As 

observed, there is no intercept which is a typical characteristic of partial likelihood 
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estimation. Different from the other regressions, a hazard ratio is provided for each 

covariate. For dummy variables, the hazard ratio can be interpreted as the ratio of the 

estimated hazard for those with a value of 1 to those with a value of 0 (controlling for 

other covariates). For example, if the estimated hazard ratio for “GS” is 0.58 it means 

that the hazard of bankruptcy for consumer goods firms (GS=1) is only about 58 

percent of the hazard for consumer service (GS=0) firms. Similarly, if the hazard ratio 

for “Cyclical” dummy is 0.53, the hazard of getting bankruptcy for cyclical goods or 

service firms (Cyclical=1) is about 53% for non-cyclical goods or service firms 

(Cyclical=0). 

For quantitative covariates, according to Allison (1995), a more helpful 

statistic, the effect on hazard, is obtained by subtracting 1 from the hazard ratio and 

multiplying the result by 100. This gives the estimated percentage change in the 

hazard for each one-unit increase in the covariate. For instance, for variable LOG 

(TA), when the hazard ratio is 0.71, the effect on hazard equals 100(0.71-1) = -29. 

Therefore, for one percent increase in LOGTA, the hazard of bankruptcy goes down 

for 29 percent.  

Table 6.6 demonstrated the effect on hazard (in percentage) of all covariate. 

These values can be used as indicators for the importance of the covariates.  
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Table 6.6   Estimated Effects on Covariate’s Survival Time and Signs - the Cox’s 

PH model 

 

 

There are three covariates significant at a 5% level in the Cox’s PH model 

output: “GS”, “Cyclical” and “LOGTA”. It is noted that the three significant 

covariates in the Cox’s PH model are same as the ones in the parametric models. 

Beside, the coefficients as well as the associated p values estimated in Cox’s model 

are also similar to their counter parties in parametric models.  

The signs of parameters in the Cox’s PH model are opposite to those in 

parametric models. This is not surprising since in parametric model the estimation is 

based on a log-survival format, while in the Cox’s PH model the estimation is based 

on a log-hazard format. According to Table 6.6, in estimating the signs of all 13 

covariates, the Cox’s PH regression correctly estimates 9 covariates’ signs and only 

does wrong in 4 covariates’ signs. Compared with parametric survival regressions, the 

Cox’s PH regression makes an improvement with correctly estimating the sign of 

ATTENTION: The Singapore Copyright Act applies to the use of this document. Nanyang Technological University Library



 69

variable “Net debt Increase”, whose sign is mistakenly estimated by both parametric 

regressions.   

Before reporting the estimation output of the Cox’s TVC model, two more 

tests still need to be conducted for the Cox’s PH model: the function form test and the 

proportionality test. This is because the output of the function form test may help to 

justify the introduction of nonlinear model, and the output of the proportionality test 

will explain the necessity of introducing the Cox’s TVC model. 

 

6.1.3.3 Assessing Functional Form 

As discussed in Chapter 3, martingale residuals can be employed to examine 

the best functional form. This target can be accomplished by plotting the martingale 

residuals from a model with the variable of interest removed, versus the variable of 

interest. To help to estimate the relationship, a smooth line can be added to the plot of 

martingale residuals. In this study, all 11 covariates with continuous value are 

examined with martingale residuals test. If most variables investigated show non-

linear property, the linearity assumption of models should be denied.  

When the smoothed line which represents the relationship between a covariate 

and the associated the martingale residuals is reasonably linear and around 0, the 

correct form of this covariate is considered as linear. However, as displayed in Figure 

6.5, for most covariates their smoothed lines about martingale residuals are obviously 

non-liner, which reveals the fact that, a linear model is not appropriate. To attain more 

accurate prediction results, maybe some none-linear approaches, such as artificial 

neural networks (ANNs), shall be employed. 
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Figure 6.5  Martingale Residuals for 11 Continuous Covariates  
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Figure 6.5  Martingale Residuals for 11 Continuous Covariates (Continued) 
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6.1.3.4 Test of Proportionality  

The validity of the Cox’s PH regression analysis relies much on the 

assumption of proportionality.  

One simple method for testing the proportionality of the Cox’s PH model is to 

add covariates by log-time interactions to the model and assess their significance. The 

rationale of this test comes as follows: As is shown by (Frank and Harrell, 2001), in 

the Cox’s semi-parametric model, the hazard function is assumed as the following 

form: 

( ) ( )thxhxth 00 )exp(,,, ββ =  

thus, ( ) ( ) βxthxth += 0loglog .  

The effect of the predictors is assumed to be the constant at all values of t, 

since ( )thlog  can be separated from βx .  

However this method is practically hard to implement. First, it is hard to 

determine which covariates should be chosen to form time interaction terms. Second, 

the exact form of time-interaction with the covariates is unknown. Many time-

interaction forms of the 13 covariates have been tested but none of the trials could 

achieve significant level better than 5%.  Therefore the proportionality assumption 

should not be denied based on the above test.  

Another test on the proportionality is the scaled Schoenfeld residuals statistic 

test. As observed in table 6.7, for most covariates the none-hypothesis of 

proportionality assumption can not be rejected and the general test of covariates again 

confirms this conclusion. Only two covariates demonstrate some none-proportional 

characteristics: test on “GS” reject the none-hypothesis of proportionality at a 5% 

significant level, and test on “Log (TA)” is significant at a 10% level.  
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Table 6.7 Statistical Test of Proportionality - Scaled Schoendfeld’s Residuals 

 

 

In additional to statistical tests, graphic tests are also frequently used for 

proportionality test in the Cox’s PH model. Here, two graphic tests are presented.  

The first approach uses the log-log survival functions for testing of the 

proportional assumption. As illustrated in Chapter 3, when the graphs of 

( )[ ]tS1loglog −  and ( )[ ]tS2loglog −  are parallel, the proportionality assumption is 

valid.  

Figure 6.6 shows that in “GS” dummy the log-log survival curve in consumer 

goods group is overlapping with the log-log survival curve in consumer services  

group for the first three or four years. Later, these log-log survival curve of these two 

groups diverse, and roughly keep parallel to the end of time. Similar pattern appeared 

on “Cyclical”. This implies that the proportionality does not exist in the whole 

examination time range, but such proportional hypothesis can be held in the later 

years. However, this graphic test is only applicable for dummy variables. 
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Figure 6.6 Graphic Proportionality Test 1 - Log-log Survival Plots for “GS” and 

“Cyclical”  

 

 

The second graphic test, the scaled Schoenfeld residuals test, can be used to 

test the proportionality assumption in covariates other than dummies. 

As described in Chapter 3, when the smoothed scaled Schoenfeld residuals 

curve is flat and laying around 0, the proportionality hypothesis can be regarded as 
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true. As is shown in figure 6.7, most covariates get roughly flat curves around 0, 

except for “Cyclical”, “GS” and “Log(TA)”, which is consistent with our findings in 

statistical test.  
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Figure 6.7 Graphic Proportionality Test 2 - Plots of Scaled Shoenfeld’s 

Residuals for All Covariates 
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Figure 6.7 Graphic Proportionality Test 2 - Plots of Scaled Shoenfeld’s 

Residuals for All Covariates (Continued) 
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After considering about all the results from above tests on the proportionality 

assumption, we conclude that, the proportionality assumption is valid for most of 

covariates but can not be held in the whole covariates set.  

 

6.1.4 Estimation Results of the Cox’s TVC Model 

The first reason for employing TVC model comes from the results of 

proportionality test in previous part. Since when one covariate in a Cox’s PH model is 

proven to be time-dependent, the proportionality assumption in the Cox’s PH model 

becomes invalid.  

Another reason for using TVC model relates with the economic meaning of 

the proportionality assumption. As is known, the covariates in the Cox’s PH model 

are supposed to be time-independent over the entire interval of survival time. Since 

the survival time ranged from 1 year to 17 years in this study, the proportionality 

assumption requires all the accounting ratio covariates keeping constant over years, 

which is hard to be true. However, as stated in Shumway (2001), the Cox’s TVC 

model is the only model that can incorporate multiple-year information of a firm, and 

hence theoretically it can provide preferable output to other models which just rely on 

one-year data. 
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Table 6.8 Estimation Results of the Cox’s TVC Regression 

 

 

 

Table 6.8 shows the estimation results of the Cox’s TVC model. Similar to the 

Cox’s PH regression, the TVC model are significant in all three global non-hypothesis 

tests. But when concerned about significance in individual covariate, the TVC model 

exhibits stronger estimation capability: 8 out of 13 covariates employed are 

significant at a 10% level, within which 5 are significant at a 5% level. However, it is 

also noted that within total 13 covariates 6 of them have no effect on the hazard 

function estimation as their estimated hazard ratio is 1. 

Table 6.9 shows effect on survival time of each covariate and the sign 

indicator which indicates whether the sign of covariate is correctly estimated or not. 
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As is shown, the TVC model correctly estimate 10 covariates’ signs, while the Cox’s 

PH model only gets 9 covariates’ signs right.  

 

Table 6.9   Estimated Effects on Covariate’s Survival Time and Signs - the Cox’s 

TVC model 

 

 

6.1.5 Summary of Comparisons among Estimation Results from Survival 

Regressions 

Table 6.10 provides a summery on the comparison among survival regressions 

employed in terms of significant covariates number and the number of correctly 

estimated signs. Clearly, the Cox’s TVC model has the best estimation capability, 

since it can obtain the highest number of significant covariates and the highest 

number of correctly estimated signs of covariates. This result is conceivable since the 

Cox’s TVC model uses the TVC dataset while other regressions only use the one-year 

dataset which contains much less information. Other than the Cox’s TVC model, both 
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log-logistic parametric regression and the Cox’s PH show better estimation capability 

compared with Weibull parametric regression. 

 

Table 6.10 Comparison among Four Survival Regressions: the Number of 

Significant Covariates and the Number of Correctly Estimated Signs 

 

 

6.2 Model Training of Neural Networks 

6.2.1 Training the Standard ANNs 

The standard ANN refers to the neural network that has the standard structure, 

the standard likelihood function and is easily to be implemented with the standard 

software. In this study, the input neurons are the same 13 covariates as in the Cox’s 

PH model, the number of hidden neurons is ranged from 0 to 10, and the output 

neuron is the “status” dummy in data.  

Although ANNs usually can provide much higher prediction accuracy than 

linear models， however, as stated in Saunders and Allen (2002), ANNs do nothing 

to illuminate the process or the relative importance of the variables which is usually 

referred as a black box problem. More over, because the internal structure of the ANN 

is hidden， it may not be easy to duplicate even using the same data inputs, which 

leads to a lack of accountability because the intermediate steps of the system cannot 

be checked (Altman et al., 1994).     
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Because of the black box problem in neural networks, there is little to compare 

between regression models and the neural networks about their estimation results. The 

remaining part of this chapter just briefly goes through the estimations and estimation 

results (if applicable) in survival ANNs. The model comparisons between regressions 

and neural networks are therefore focused on the comparison among prediction results 

which are intensively discussed in Chapter 7. 

 

6.2.2 Training the Survival ANNs 

Two important issues need to be carefully considered in training the survival 

ANNs, namely, the optimal structure and the local maxima.  

As stated in Chapter 4, the structure of networks is determined by both the 

number of hidden neurons as well as the parameter of weight decay. However, to 

determined the number of hidden neurons is not easy. If the number of hidden 

neurons is too small, the risk of under-fitting is high and the outputs maybe are 

statistically biased. But if the number of hidden neurons is too large, the risk of over-

fitting increases fast and the outputs probably are no more statistically significant. 

Usually, a rule of thumb is that it should never be more than twice as large as the 

input layer (Berry and Linoff, 1997). Some other solutions are also available, e.g., 

Blum (1992) states that the number of hidden neurons should be between the number 

of input neurons and number of output neurons, while Wanas et al. (1998) say that, 

after considering the balance of the optimal performance and the computation cost, 

the optimal number of hidden neurons should be equal to log (number of training 

samples). But all of these studies agree that, training the neural networks with 

different numbers of hidden neurons and calculate the general accuracy ratio is 

necessary steps in determining the optimal number of hidden neurons. Therefore, in 
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training the survival ANNs, the optimal structure of the ANNs is determined by 

seeking the best prediction result while changing the combination of number of 

hidden neurons and parameter of weight decay. In this study, same design is 

employed as Ripley (1998). Specifically, in each model of survival ANNs, the 

number of hidden neuron is varying with the following numbers, i.e., 0, 1, 2, 3, 5, and 

10, combining with different weight decay parameters, with the larger weight decay 

parameter used for the models with more hidden nodes. The optimal structure of an 

ANN is the combination that generated the highest prediction results. The details will 

be discussed in tables 7.6 - 7.10. 

The local maxima issue is related with the non-linear characteristic of ANNs. 

If the function of parameters is linear, the log likelihoods are concave and a unique 

maximum will exist. However, if hidden nodes are included, the function of 

parameters becomes nonlinear and the log likelihoods are no more simply concave. 

Consequently the unique maximum is no longer applicable and local maxima will be 

identified (Ripley, 1998). The solution is to train a same network for several times 

with different random starting weights and average these results. This is an 

approximation to integrate over the weight space in a Bayesian framework, and much 

less computer intensive than the full Bayesian approach. As demonstrated by 

Mathieson (1998), this technique is a good way to deal with local maxima when 

fitting neural networks.  

 

6.2.2.1 Partial Logistic Artificial Neural Network (PLAAN) 

The first type of survival ANNs employed in this study is PLAAN designed 

by Biganzoli et al.(1998). In PLAAN, 15 input nodes are used which include all 13 

covariates in one year dataset, one time interval covariate, and one bias node.  The 
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time interval covariate is identical to the survival time in the Cox’s PH regression. A 

structure graph of a PLAAN is demonstrated in figure 6.8. 

 

Figure 6.8 Structure of PLAAN 
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PLAAN shares many common characteristics with the standard ANN. First, 

both of them have only one output node and this output node is represented by the 

event indicator: the “status” dummy. Second, both of them have same input variables: 

besides of the same 13 covariates used in survival regressions, the variable survival 

time and a random variable are used in both PLAAN and the standard neural networks. 

Third, these two models employ same activation function. Both of them use the 

traditional logistic function as the activation for both the hidden nodes and the single 

output node. The only difference of these two models is their likelihood functions. 

Specifically, in standard ANN, the likelihood function is 
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However, for PLAAN model, the likelihood function is the cross-entropy error: 
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(6.1) and (6.2) are identical as (4.1) and (4.3) correspondingly. 

Therefore, as discussed in Chapter 4, for the standard ANN, the output of the 

network is just an “approximator” of the actual value, but for PLAAN its output can 

be viewed as the conditional bankruptcy probability.  

 

6.2.2.2 Parametric Survival ANNs 

Two types of hazard distributions, the Weibull distribution and the log-logistic 

distribution, are implemented in parametric survival ANNs.  

The Weibull survival ANN is a network which assumes a monotonic hazard 

curve in its model specification. When training the Weibull survival ANN to find the 

optimal structure, the shape parameters “alpha” reported in all of the training 

networks range from 0.3 to 0.5, which implies that a monotonically increasing hazard 

is assumed in the Weibull survival network (see Section 3.3). This result is consistent 

with the result in the Weibull parametric regression, however, it also implies that the 

Weibull survival ANN suffers by the same limitation as the Weibull parametric 

regression does, since a monotonically increasing hazard curve contradicts to the 

features of the actual data. Thus, the Weibull survival ANN is vulnerable and 

probably only makes a weak fitness.   

The log-logistic distribution, instead, can imply a non-monotonic hazard curve 

as well as a monotonic decreasing one. The shape parameters generated from different 

structures of the log-logistic survival ANNs range from 0.4 to 0.7 which reveals an 
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inverted U-shaped curve (see 3.3), which is consistent with the results got from log-

logistic parametric regression. Thus the log-logistic survival ANN suggests a better 

fitness than the Weibull survival ANN since the hazard curve assumed in log-logistic 

survival ANN is closer to the hazard curve plotted by Kaplan-Meier method in 

Section 3.2.  

 

6.2.2.3 The Cox’s Proportional Hazard (PH) Survival ANN 

The Cox’s PH survival ANN employed here is designed by Ripley (1998). 

Generally speaking, this survival ANN is almost identical to one designed by Faraggi 

and Simon (1995) except that the input nodes are allowed to link with the output 

nodes directly. Thus, if ( )xη  is modeled as the output from a neural network with one 

linear output node, ( )xη  can be expressed as: 

( ) ∑ ∑∑ ⎟⎟
⎠

⎞
⎜⎜
⎝

⎛
+=

≠ h j
jjhhoj

j
jo xwlwxwx

0

η   (6.3) 

where the jx is the input covariate; jhw s are the weight parameters connecting 

the input variables and the hidden nodes; how s are the parameters between the hidden 

nodes and the output node; jow s are the parameters directly connecting the input 

nodes and the output node.  

Similar like survival ANN designed by Faraggi and Simon (1995), Ripley 

substitutes the liner form ixβ  with the nonlinear combination from a network to 

generate the non-linear log-likelihood function. 
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CHAPTER 7  PREDICTION RESULTS AND COMPARISON AMONG 

MODELS 

 

After comparing different survival models based on parameter estimations in 

previous chapter, Chapter 7 shows the prediction outputs of all models and compares 

them based on their prediction performance. Specifically, this chapter starts with an 

introduction of four comparison criteria, namely, misclassification cost, sensitivity, 

specificity and accuracy. Then, the prediction outputs of each model, from linear 

models to all ANNs, are demonstrated one by one. Finally, the superiority of all 

models in terms of their prediction power are summarized at the end.  

 

7.1       Comparison Criteria 

Four values, namely, misclassification cost, sensitivity, specificity and 

accuracy are used as comparison criteria when comparing prediction outputs of 

different models. Specifically, misclassification cost is used for comparison among 

survival regressions, sensitivity, specificity and accuracy are applied for comparisons 

when survival ANNs is involved.  

Misclassification cost is incurred when an individual in one group is 

mistakenly classified into another group. In bankruptcy prediction, if a bankrupt firm 

is mistakenly classified as a non-bankrupt firm, type I misclassification cost occurs; 

on the contrary, when a non-bankrupt firm is misclassified as a bankrupt one, type II 

misclassification cost occurs. Type I misclassification cost is much higher than the 

type II misclassification cost. Because when a bankrupt firm is predicted as a non-

bankrupt firm, the investors may lose their entire investment which can be very 

substantial, on the other hand, when a non-bankrupt firm is predicted as a bankrupt 
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one, the investors may not invest in that firm and consequently just lose the dividend 

and the capital gain that may be obtained otherwise. Therefore, type I error should be 

minimized or well under control in prediction. misclassification cost can be used as a 

simple metric which can effectively measure the prediction power of models. 

Since all the survival regression and survival ANNs can only generate the 

predicted survival probability or hazard probability, a cut-off point is needed to 

classify the firms as the bankrupt ones or the non-bankrupt ones for the 

misclassification cost calculation. And since the choice of the cut-off point will 

directly impact the calculation of type I error, type II error as well as the 

misclassification cost, a optimal cut-off point which can minimize type I and II as 

well as misclassification cost should to be carefully chosen (Koh, 1992; Dopuch, 

Holthausen and Leftwich, 1987).  

A solution for optimal cut-off point proposed by Afifi and Clark (1996) is 

adopted in this study for survival regressions.  

According to Afifi and Clark (1996), the optimal cut-off point C is:  

KZZC III +
+

=
2

__

 

And   

)(cos
)(cos

ln
IgivenIItq
IIgivenItq

K
I

II=  

Where 

Iq   is the prior probability of bankruptcy, which indicates the portion of 

bankrupt firms in the model training sample and equals to 0.008 in the one-year 

dataset; 
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IIq  is the prior probability of non-bankruptcy, which indicates the portion of 

non-bankrupt firms in the training sample and is 0.992 (one minus the prior 

probability of bankruptcy); 

cost (II given I ) is the cost misclassifying a bankrupt firm as non-bankrupt; 

cost (I given II)  is the cost misclassifying a non-bankrupt firm as bankrupt; 

IZ
_

 is defined as the estimated survival probability of an “average” bankrupt 

firm, the covariates of which equal to the average of the bankrupt firms in the training 

sample;  

_

IIZ , is defined as the estimated survival probability of an “average” non-

bankrupt firm, the covariates of which equal to the average of the non-bankrupt firms 

in the training sample. 

Since it is impossible to estimate accurately the type II and type I 

misclassification cost in bankruptcy prediction (Altman, 1984), the type I and type II 

misclassification cost are analyzed through a range of relative values. In this study, 

this relative value 
) IIgiven  (Icost 
) Igiven  (IIcost  ranges from 1:1 to 1:500 (Koh, 1992). Within this 

range, the cut-off point values vary from -2.0 to +2.0. Since only positive cutoff 

values can make sense, negative cutoff values are deleted.  

 

Accuracy equals to 
recordsofnumbertotal
predictedcorrectlyrecords  which measures the overall 

performance of the prediction. Specificity is the ratio of 

firmssurvivedofnumbertotal
predictedcorrectlyfirmssurvived  which actually equals to 1 minus Type II error. 

Sensitivity is the ratio of   
firmsbankruptofnumbertotal

predictedcorrectlyfirmsbankrupt  which equals to 1 
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minus type I error. When given a cut-off value and a set of predicted survival 

probabilities, a trade-off appear between the specificity and the sensitivity.  

After working out the specificity and the sensitivity, it is easily to compute the 

total cost of misclassification. The total cost of misclassification can be 

defined as:  

)(cos)(Pr)(cos)(
cos

IIgivenItIIgivenIobqIgivenIItIgivenIIPorbq
icationmisclassifofttotal

III +
=

 

Where  

Porb(II given I) = 1- sensitivity; 

Porb( I given II) = 1- specificity. 

Some studies (Koh, 1992; Chen and Church, 1992) suggest that the cut-off 

point C can be chosen by minimizing the total cost of misclassification. In this study, 

when the relative cost ratio of type II error over type I error changes from 1:1 to 1:500, 

the cut-off value that achieves the lowest misclassification cost under each relative 

ratio is obtained, and then the optimal cut-off value is the one that achieves the 

smallest of these lowest misclassification costs. 

 

7.2 Prediction Performance and Model Comparison among Survival 

Regressions  

Figure 7.1 to 7.4 demonstrate the plots of predicted survival probabilities 

against the hazard time generated by the Cox’s PH regression, the Cox’s TVC 

regression, the Weibull parametric survival regression and the log-logistic parameter 

survival regression.  

The predicted survival probability here refers to the probability that a firm can 

remain non-bankrupt at its survival time. As defined in Chapter 5, the hazard time of a 

firm is the number of years that a firm remains survived, which is considered 
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surrogate of firm age. As shown in figure 7.1 to 7.4, the curves of predicted survival 

probabilities from the four survival regressions demonstrate sort of upward slopes, 

which imply the probabilities of survival are higher for the older firms than the 

younger ones. This is compatible with the fundamental characteristic of the data 

found in Chapter 5: younger firms go bankrupt more frequently than the older ones.  

Figure 7.1 shows that, the predicted survival probabilities in the Cox’s PH 

regression ranged from 0.2 to 0.9, with most of them concentrated in a small interval 

from 0.5 to 0.6. Besides, the upward slope can hardly be identified. In this case, a cut-

off value is very difficult to determine since bankrupt and non-bankrupt firms got 

similar predicted survival probabilities. Based on these observations, this model 

probably could not perform well.  

 

Figure 7.1 The Probabilities of Survival Generated by the Cox’s PH Regression 
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Similarly, in figure 7.2 the predicted survival probabilities are around 0.6 and 

no obvious upward slope is observed. Therefore, the Cox’s TVC model probably also 

suffers a poor prediction performance. 

 

Figure 7.2   The Probabilities of Survival Generated by the Cox’s TVC 

Regression 
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Figure 7.3 and 7.4 show the predicted survival probabilities in Weibull and 

log-logistic parametric regressions. The intervals of predicted survival probabilities in 

both models range from 0 to 1, and significant upward slopes are observed. Therefore, 

a cut-off value can be chosen which can classify all points above as non-bankrupt 

firms and points below as bankrupt ones, with most of older firms being classified as 

non-bankrupt and younger firms being classified as bankrupt ones.  
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Figure 7.3   The Probabilities of Survival Generated by the Parametric Weibull 

Regression  

probabilities of survival in parametric survival regression in Weibull distribution
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Figure 7.4   The Probabilities of Survival Generated by the Parametric Log-

logistic Regression 

probabilities of survival in parametric survival regression in Log-logistic distribution
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Tables 7.1 to 7.4 show the prediction performance of all survival regressions 

and the cut-off value decided by minimizing the lowest misclassification cost at each 

ATTENTION: The Singapore Copyright Act applies to the use of this document. Nanyang Technological University Library



 94

relative cost ratio. The row bolded indicates the optimal cut-off point which generates 

the global minimum misclassification cost within the range of relative cost ratio. 

 

Table 7.1   Prediction Performance of the Cox’s PH Regression 

 

 

Table 7.2   Prediction Performance of the Cox’s TVC Regression 

 

 

Table 7.3  Prediction Performance of the Parametric Weibull Survival 

Regression  
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Table 7.4 Prediction Performance of the Parametric Log-logistic Survival 

Regression  

 

 

As is displayed in Tables 7.1 to 7.4, parametric regressions show better 

prediction performance than the Cox’s approaches. This is supported by the following 

facts: first, with similar specificities, the accuracies and the sensitivities in parametric 

regressions are higher than those in the Cox’s regressions. For example, given that the 

specificity is about 0.8, in parametric regressions the accuracy is about 0.72 (Table 

7.3 and 7.4) and only about 0.62 in two Cox’s regressions (Table 7.1 and 7.2). 

Similarly, when the specificity is around 0.8, the sensitivity in parametric regressions 

ranged from 0.33 to 0.54 (Table 7.3 and 7.4) while only 0.19 to 0.28 in two Cox’s 

regression models (Table 7.1 and 7.2). Second, the parametric models achieve much 

lower misclassification cost than the Cox models do. As is shown from Tables 7.1 to 

7.4, the total misclassification cost in the Weibull and the Loglogistic parameter 

regressions equal to 0.535 and 0.534 respectively, but these numbers hike up to 0.803 

and 0.816 in the Cox’s PH regression and the Cox’s TVC model correspondingly. 

Table 7.5 summarizes the comparison among prediction performances under the 

optimal cut-off point of each model. 
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Table 7.5   The Comparison of the Prediction Results under the Optimal Cut-off 

Point among Survival Regressions  

 

 

Although lots of literature indicated that the Cox’s model is superior to other 

survival models (i.e., Lane et al. 1986), in this study the parametric models defeat the 

Cox’s models in terms of the prediction capability. This is because severely tied 

bankruptcy events are appeared in the data. For example, large amount of 

bankruptcies happened at a same time when their survival time ranges from 3 years to 

5 years.  Meyer (1995) shows that when many failures occur at the same time the 

likelihood of the Cox’s PH model becomes intractable, which may result in poor and 

unreliable estimation and prediction results. Even though the Efron’s method in 

adjusting ties of survival times has been implemented, the negative impact of the tied 

bankrupt data on the prediction performance probably couldn’t be completely 

removed.  

 

7.3 Prediction Performance and Model Comparison among all Neural 

Networks  

7.3.1 Subjectively Determined Cut-off Value in Networks  

The structure of a neural network is determined by the number of the hidden 

nodes and the value of the decay parameter. The optimal network structure is usually 

obtained by minimizing the misclassification cost (Hopwood et al., 1989; Koh 1992; 

Coats and Fant, 1993; Etheridge et al., 2000). However, this technique still can not be 
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incorporated into any of survival neural network presented by now. The lack of the 

capability handling the misclassification cost is a limitation for survival neural 

networks approaches (Ripley 1998). Since the optimal cutoff point is also based on 

the minimum misclassification cost, the lack of misclassification cost function in 

survival ANNs results in the subjective determination of the optimal network 

structure as well as the optimal cutoff points.  

Given that a cut-off value is chosen, three prediction measurement ratios, i.e., 

accuracy, specificity, and sensitivity, can be calculated. As discussed before, a high 

sensitivity is much more attractive than a high specificity for the investors, and a 

higher sensitivity can be achieved at the expense of the specificity by lowering the 

cut-off value. Therefore, in determining the optimal cutoff value a balance of 

sensitivity and specificity is properly considered with allocating a larger weight on 

sensitivity. 

After the accuracy, specificity and sensitivity values are obtained, the optimal 

structure of the network is the one which achieves the highest sensitivity value. In this 

study, the number of hidden nodes change from 1 to 10 and the decay parameters 

change from 0.01 to 0.5, with the higher hidden node number corresponding to the 

higher decay parameter. To enhance the stability of the model outputs, averagely 7 to 

10 different structures are tested for each model and the one which obtains the highest 

sensitivity is chosen as the optimal structure.  Then the outputs based on this structure 

are used as the representative outputs and are compared with the representative 

outputs of the other models.  
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7.3.2 Comparison between Standard ANN and PLAAN 

As is shown in Chapter 6, the standard ANN and PLAAN share many 

similarities in their structures. The similarities in structures explain the similarities in 

their prediction performance. As shown in Tables 7.6 and 7.7, these two networks 

have close accuracies, specificities and sensitivities.  

 

Table 7.6 Prediction Performance of the Standard ANN 

 

 

Table 7.7   Prediction Performance of PLANN 

 

 

The major difference between PLAAN and standard ANN is their likelihood 

functions. As discussed in Chapter 4, the standard ANN achieves its optimal solution 

by minimizing the sum of squares of difference between actual values and predicted 

values, and during this procedure, gradient descent techniques like back-propagation 

is employed. PLAAN instead sets an entropy error function as its likelihood function 
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and minimize it by using quasi-Newton algorithm to attain the optimal solution. 

Therefore, the standard neural network is just a non-linear generalization of logistic 

regression whose output is only a proxy of the actual status dummy, while PLAAN 

can produce the conditional bankruptcy function which demonstrate a successful 

combined analysis of survival analysis and neural networks.  

Figure 7.5 shows the predicted conditional bankruptcy probabilities generated 

in PLAAN. Different from all other models, the probabilities produced by PLAAN is 

the probability of bankrupcy for a firm at its age. The negative slope here indicates 

that the younger firms take much higher risk of bankruptcy than those older ones, 

which is consistent with the finding in Chapter 5.  

Figure 7.5   The Probabilities of Bankruptcy Generated by PLAAN  
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Since the outputs of standard ANN is just the “approximators” of the status 

dummy, no plot is generated for this ANN.     

 

7.3.3 Comparison among the Cox’s Survival ANN and the Parametric Survival 

ANNs  

The outputs generated from the Cox’s survival ANN and the parametric 

survival ANNs are not the probabilities since most of them are larger than 1. 
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Particularly, the outputs of the Cox’s proportional survival ANN are called Cox’s 

scores. Conversion functions are needed to convert these output values into predicted 

survival probabilities. In this study, the conversion function is provided by Prof. 

Ripley (1998). For the parametric survival ANNs, the parameter λ  in ( )itf  and ( )itS  

can be replaced by ( )yexp  since y equals to ( )xλlog  (refer to sector 4.2.3).   

The predicted survival probabilities in the Cox’s survival ANN and the two 

parametric survival ANNs are presented in figures 7.6 to 7.8. All three curves exhibit 

positive slope against survival time, however, figure 7.6 and 7.7 show very small 

interval (from about 0.9 to 1). The tight intervals implies that probably the prediction 

performances of the Cox’s and the Weibull survival ANNs may not be reliable, since 

it will be difficult to find a good cutoff value within a very tight interval, with most 

points above correctly being classified as non-bankrupt firms and points below 

correctly being classified as bankrupt ones. Besides, it is also problematic that all 

bankrupt firms still could achieve high (above 0.9) survival probabilities at the last 

year before bankruptcies.  

 

Figure 7.6  The Probabilities of Survival Generated by the Cox’s Survival ANN 
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Figure 7.7   The Probabilities of Survival Generated by the Parametric Weibull 

Survival ANN  
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Figure 7.8 The Probabilities of Survival Generated by the Parametric Log-

logistic Survival ANN  

Probability of survival generated by Parametric ANN in Log-logistic distribution
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On the opposite, the survival probability curve produced by the log-logistic 

parametric survival ANN signals a good prediction performance: the survival 

probabilities range widely from 0.1 to 1 with older firms getting higher values and 

younger firms catching lower values. Consequently, it is relatively easy to find a 

cutoff value to realize a good classification. However, it is also noted that the 
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volatility of the predicted survival probabilities becomes larger since the band of 

points along the upward slope becomes wider in this model.     

 

Table 7.8   Prediction Performance of the Cox’s Survival ANN 

 

 

ATTENTION: The Singapore Copyright Act applies to the use of this document. Nanyang Technological University Library



 103

Table 7.9 Prediction Performance of the Parametric Weibull Survival ANN  

 

 

Table 7.10 Prediction Performance of the Parametric Log-logistic Survival ANN 

 

 

Tables 7.8 to 7.10 show the prediction performance of the Cox survival ANN, 

the Weibull survival ANN and the log-logistic survival ANN. Among these three 

models, the Weibull survival ANN is the worst of them since its accuracy, specificity 

and sensitivity are all lower than the corresponding values of the other two models. 

However, the comparison between the Cox’s survival ANN and the log-logistic 

survival ANN is not that straightforward because the Cox’s ANN got the higher 

accuracy and specificity while the log-logistic ANN got the higher sensitivity.  Given 

the facts that the sensitivity is the most important one among the three ratios, and that 
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the survival probabilities generated by the Cox’s ANN are concentrated within an 

extremely tight interval(from about 0.9 to 1), the output from log-logistic survival 

ANN probably should be considered better than that of the Cox’s survival ANN. 

 

7.3.4 Comparison among the Networks 

Table 7.11 summarizes the prediction performances under the optimal 

structure of each model. Among all the ANNs, the standard ANN and PLAAN 

demonstrated best prediction performance. All three ratios of standard ANN and 

PLAAN got higher values than those of the other models. When the two parametric 

survival ANNs are compared with each other, the log-logistic model outperform the 

Weibull model in all three ratios. As discussed in Chapter 6, the log-logistic model 

fits the data better than the Weibull model in estimation, which may help to explain 

the better performance of log-logistic survival ANN.  As discussed in previous 

Section (7.3.3), the results of comparing the Cox’s ANN and the log-logistic ANN are 

mixed, and the log-logistic ANN should be considered as better than the Cox’s ANN.  

 

Table 7.11 Comparisons among Neural Networks 

 

 

Although the survival ANNs (except the PLAAN) generate lower prediction 

performance than the standard ANN, this inferiority can be compensated by the richer 

information the survival ANNs provided. As discussed before, theoretically the 
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survival ANNs can generate the conditional survival probabilities of firms at any time 

during their life interval, which means, the survival ANNs technically can provide the 

survival probabilities in all the years of a firm’s life when given enough information. 

This information is quite precious for investors and the researchers, especially under 

highly volatile markets. However, the standard ANN can only provide an 

“approximator” of survival at one point during the firm’s life. Therefore, it is 

worthwhile to employ these survival networks, as long as their inferior prediction 

performance is justified by their richer information provided. 

 

7.3.5   Comparison among the linear regressions and the networks 

Table 7.12 shows the comparison among six models discussed in this study, 

namely, the Cox’s PH regression, the Cox’s survival ANN, the parametric Weibull 

regression, the Weibull survival ANN, the parametric log-logistic regression and the 

log-logistic survival ANN. The comparison among these six models is especially 

meaningful since each two of them are generated from a same survival analysis 

method, with the only difference that the regression uses the linear combination of 

covariates while the network counterparty uses the nonlinear forms.  

 

Table 7.12 Comparisons among Regressions and Neural Networks 
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As is shown in table 7.12, all the networks outperform their linear 

counterparties in terms of prediction performance. Specifically, under the Cox’s 

proportional hazard framework, the network gets a much higher accuracy (0.87) than 

the regression (0.54); under the Weibull and log-logistic parametric hazard framework, 

the networks did not get such a distinct superiority in their performance, but they still 

outperform the regressions in all three ratios.  

As discussed in Chapter 4, the superiority of neural network to the linear 

regression comes from its universal approximation capability in data, which even do 

not require discovering covariates’ exact function form. Besides, in networks, the 

obstacles like multi-colinarity are no more a problem, which instead harms the linear 

regression a lot. As observed from the estimation results in linear survival regressions, 

most of covariates are not significant individually but the whole set of covariates is 

highly significant in general tests. This suggests a serious multi-colinarity in data. 

This property of data actually penalizes the linear regression which instead helps to 

emphasize the comparative advantage of networks. 
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CHAPTER 8 CONCLUSIONS AND LIMITATIONS 

  

This chapter summarizes the contributions as well as the limitations of this 

study. The potential developments of future research are also discussed. 

 

8.1 Contributions 

This study has three contributions to the development of survival analysis in 

corporate bankruptcy prediction.  

First, four survival estimation regressions are applied and their estimation and 

prediction results from compared. Rather than comparing one survival regression with 

a MDA or Logit model which has been done a lot in the previous literature, the Cox’s 

proportional hazard regression, the Cox’s TVC model, the Weibull parametric 

survival regressions and the log-logistic survival regression are compared with each 

other based on their estimation and prediction results. In addition, the diagnostic tests 

on the proportionality assumption and the linear covariates assumption are conducted 

for the Cox’s PH regressions. For the parametric survival regressions, the hazard 

shapes are compared with the hazard curve generated directly with the data by non-

parametric method. Such comprehensive comparisons among various survival 

regressions are seldom observed in previous studies which make the first contribution 

of this study.  

Second, four survival ANNs, namely, PLAAN, the Cox’s survival ANN, the 

Weibull survival ANN and the log-logistic survival ANN, are firstly introduced into 

the bankruptcy prediction. Although both the survival linear regressions and the 

standard ANNs have won lots of success in bankruptcy prediction, to date, little work 

has been done in combining these two tools together to provide better bankruptcy 
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prediction. Based on the development of survival ANNs in bio-medical science 

research, this study successfully implemented four survival ANNs in bankruptcy 

prediction. According to prediction output of various survival ANNs, curves of 

survival probabilities and conditional hazard probabilities are plotted. The optimal 

structure in each type of survival ANN is determined based on the model’s prediction 

performance valued by the total accuracy, specificity and sensitivity.  

 Third, in the comparisons of prediction results between linear and nonlinear 

survival models based on the prediction outputs using same set of data, several 

interesting findings are captured: first of all, although the Cox’s proportional hazard 

model is the most popular model employed in the literature, it does not certainly 

provide the best prediction results all the time. Especially when there are too many 

ties in the data, the prediction performance of parametric method will greatly 

outperform the Cox’s model. Besides, linear restriction in model specification 

probably seriously weaken the model’s prediction capability, which is proven by the 

remarkable increase in prediction performances of the survival ANNs when compared 

with their counter parties in linear approaches.  The last but not the least, compared 

with the standard ANN, the survival ANNs incline to improve the information 

richness at the expense of prediction accuracy. As is shown in the Chapter 7, although 

survival ANNs can provide the additional timing information of bankruptcies, they 

are usually inferior to the standard ANN in terms of prediction capability. However, 

all above findings are just indicative; more researches need to be conducted to get 

more thorough understandings about the application of survival ANNs in bankruptcy 

prediction. 
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8.2 Limitations 

8.2.1 Limitations of the Survival ANNs 

Although the survival ANNs have shown stronger prediction capability than 

their linear counterparties, they are subject to limitations. As neural networks, survival 

ANNs bear typical limitations of neural networks, such as over-fitting and lack of the 

transparence in interpreting the effects of covariates. Besides, they are also associated 

with the two disadvantages particular to survival ANNs.  

First, the survival ANNs can not integrate misclassification cost into their 

modeling procedure, which leaves the choosing of the optimal structure of network as 

a subjective decision. As is shown, for each network in survival ANNs, changes in the 

number of hidden nodes or in the weight decay parameter will both result in different 

output values. Even under the same combination of hidden nodes and weight decay, 

the network still may generate different output values because of the random initial 

values used when maximizing the likelihood function. If the misclassification cost is 

calculated for each set of outputs as in the linear models, the whole procedure of 

determining the optimal structure will become extremely time-consuming. Therefore, 

in this study subjective judgment is applied in deciding the optimal structure for each 

survival ANN.  

Second, almost all survival ANNs (except PLAAN) suffer by lower prediction 

performance ratios compared with the standard ANN, especially for sensitivity value. 

Ripley (1998) admits that the Cox’s and parametric survival ANNs usually produce 

poor sensitivity, since these networks are more successful in identifying survived 

records rather than the non-survived records. This behavior is undesirable since a high 

sensitivity is very critical in bankruptcy prediction. Unfortunately, as commented by 

Ripley (1998), this limitation is “difficult to eradicate”.  
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In addition, researchers have pointed out that bankruptcy prediction using 

MDA, logistic, survival regressions all hold a common problem: data selection bias. 

Generally, characteristics of firms change from year to year and the process of 

bankruptcy varies from period to period. However, all the above-mentioned models 

consider only one set of explanatory variables. Researchers have to select when to 

observe each firm’s characteristics. Usually, only the data in the year before 

bankruptcy for each firm are chosen. This introduces selection bias into their 

estimates (Shumway, 2001). Obviously same limitation is shared by all survival 

ANNs as well. 

 

8.2.2 Limitations of this Study 

In addition to above limitations, there are some other issues should be 

considered to avoid a misuse of conclusions or findings of this study. 

First, all conclusions and findings are just based on current dataset. That said, 

when another set of data are employed, different conclusions may appear especially in 

terms of the performance ranking orders within groups of linear models and nonlinear 

models. 

Second, in this study the final dataset after all data cleansing work contains 

about 800 records, which maybe is relatively insufficient to generate highly robust 

outputs for models with 13 covariates. Given the limited data resource, the issue of 

“the curse of dimensionality” is a drawback that is hardly to avoid. However, 

according to Donoho (2000), there are also “blessings” associated with dimensionality, 

one of which is related to a mathematical term “concentration of measure”. Donoho 

comments that it could say that in many cases, there are really “few things that 

matter” and that the function will be constant on most of the space.  Therefore, it is 
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still possible to do statistics in a meaningful way under the circumstance of high 

number of dimensions. 

Third, this study didn’t really analyze the data features from the angle of the 

business analysis, and hence could not provide more profound and specific reasons on 

the superiority of the survival ANNs in bankruptcy analysis. 

Due to all above limitations specific to this research as well as the common 

limitations of survival ANNs, the finding that survival ANNs can outperform survival 

regressions is just an indicative one. More work has to be conducted to validate the 

significance of the above finding. 

 

8.3 Future Developments 

As a pioneer work of applying non-linear survival analysis in bankruptcy 

prediction, this study is open to many further developments. 

One development is to apply different data to verify whether the survival 

ANNs can consistently outperform their linear counterparties. Both real data from 

different industries and countries as well as simulated data with different distribution 

assumptions should be used. Different sets of covariates also should be applied. 

Tremendous efforts are required in this approach, but only by doing so, the question 

of how significant that the survival ANNs are superior to survival regressions can be 

well addressed. 

Besides of that, other developments can be implemented to improve the 

performance of survival ANN. For example, to incorporate the misclassification cost 

into the likelihood function of survival ANNs. If a survival ANN can optimize the 

network’s structure and calculate the misclassification cost simultaneously during its 

log-likelihood function maximization, subjective decisions in determining the optimal 
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structure and minimum misclassification cost can be ultimately excluded from 

modeling of survival ANNs. Here Tam and Kiang (1992)’s solution in incorporating 

the misclassification cost into the likelihood function of a standard neural network 

points a good direction where the further study can proceed. 
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