
i 
 

 

 

THE IMPACT OF HUMAN AND SOCIAL CAPITAL ON 

PREDICTING BANKRUPTCY 

 

 

A Dissertation 

Submitted to the 

Temple University Graduate School Board 

 

 
 

In Partial Fulfillment 

of the Requirements for the Degree 

Executive Doctorate of Business Administration 

 

 
by 

Fatemeh B Chahardeh 

Temple University, Fox School of Business 

May, 2020 

 

 
Review Committee: 

Dr.Amir Shoham, Advisory Chair, Associate Professor of Finance, Department of Finance, 

Temple University 

Dr.Elyas Elyasiani, Professor of Finance, Department of Finance, Temple University 

Dr.Pallavi Chitturi, Research Professor of Statistics, Statistics Department, Temple 

University 

Dr. Bertrand Guillotin, Assistant Professor, Strategic Management Department, Temple 

University 

 

 

 

 



ii 
 

 

 

 

ABSTRACT 

 

      The ability to predict corporate bankruptcy is critically important to investors, 

creditors, borrowing organizations and governments alike. Bankruptcy occurs when an 

organization is unable to afford its financial obligations or pay its creditors. While research 

has illustrated the role of financial ratios on predicting bankruptcy, social factors are largely 

not considered an effective element. In this paper, I investigate the social and human capital 

determinants of bankruptcy and explore them as new avenues for enhancing predictive 

power.  Specifically, this study develops new models for predicting bankruptcy based on 

non-financial factors. The two social variables that I examine are (1) networking ability as 

a proxy of social capital and (2) the power of managers based on their education as a proxy 

of human capital. I also added to the Altman’s and Zmijewski’s models with two 

categorizes of financial variables, the first of which includes five that are financially based 

on the Altman model, and second three that are financially based on the Zmijewski model 

by industry and year fixed effect. The results demonstrated a significant and negative 

relationship between social and human capital and bankrupt companies, the most financial 

ratios of Altman and Zmijewski are also significant. The results are confirmed using 

Logistic regression, Cox Proportional Hazard Model and Neural Network. 
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CHAPTER 1 

                                             INTRODUCTION 

 

       The ability to reliably predict corporate bankruptcy is important for all parties 

involved: shareholders, managers, workers, lenders, suppliers, clients, the community and 

the government (Dimitras et al., 1996). Therefore, a proper failure prediction model should 

be developed by researchers who admit that the financial ratio is one of the major predictors 

of bankruptcy. One of the oldest and most successful models for bankruptcy prediction is 

that of Altman (1968). His multivariate model combines financial statement and market 

value measures to calculate a highly accurate z score for a company. However, it does not 

consider non-financial factors like social and human capital. In recent years, many studies 

have documented the important roles of social capital in the economic development. 

Bourdieu (1984, 1985) explored a systematic analysis of social capital and argued that 

economic participants can gain direct access to economic resources through social capital. 

Michele Tantardini, Hai, Guo and Nazife Ganapati (2017) showed the impact of social 

capital on public financial performance because it is one of the dimensions of public 

performance (Knack.2002) and the higher levels of community social capital lead to better 

public financial performance. (Menahem et al.2011) 

      Putnam’s research has generated substantial interest in the economic function 

of social capital in the accumulation of other kinds of resources.  
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        At the individual level, social capital can influence career success and the 

creation of human capital (Granovetter, (1973),Gabbay & Zuckerman(1998), Zhang, 

(1999)).                              

        However, there is a broad range of social and human capital. In this paper I 

confined it to two variables, networking ability as a proxy of social capital and educational 

level of CEOs as a proxy of human capital.  

       Networking is a key human capital competency characterized as an individual 

level construct to describe interrelated behaviors that are frequently and consistently 

exhibited by individuals (Wolff, Moser, & Grau, 2008). 

      Networking is sensitive to interventions like training and development (Collins 

& Clark, 2003 and provides an individual with the means to increase the number and 

diversity of relationships in their social network (Kilpatrick, Field, & Falk, 2003; Uhl-Bien, 

2006; Pearce, 2007; Wolff & Moser, 2010). In this way, networking can enhance social 

capital capacity by influencing the size, strength, and pattern of relationships as well as 

resources embedded in an individual’s social network (de Janasz, & Forret, 2008). 

       The next factor is the educational level of CEOs, which I use a proxy for human 

capital. In this paper I included CEO educational level as a non-financial factor. 

       Additionally, I used two new models consisting of Altman’s financial ratios, 

Zmijewski’s financial ratios, SIC and bankruptcy year as control variables, networking 

ability and educational level of CEOs. Thus, I propose two research questions. 1) does 

social capital have an impact on predicting bankruptcy and 2) does human capital have an 

impact on predicting bankruptcy?  
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Thus, the first hypothesis is whether high level of education will reduce the 

probability of bankruptcy and the second hypothesis is whether high level of networking 

will reduce the probability of bankruptcy? 

        I tested the hypotheses with a sample of 3800 public firms from 1999 to 2017 

that is reported from Compustat and BoardEx. These databases include 22079 observations 

from 3800 US public companies includes 882 observations for bankrupt public companies 

and 21197 for non-bankrupt public companies. The social capital variable (networking 

ability) and human capital variable (CEO’s educational level) are provided from BoardEx, 

data consisting of Altman and Zmijewski’s financial ratios, SIC, and bankruptcy data is 

gathered from the Compustat data set. Data for bankruptcy is based on DLRSN from 

Compustat that includes numbers from 1 to 20 that shows the reason for deletion.  DLRSN 

shows the reason for deletion of companies, number two and three that two shows deletion 

of company because of bankruptcy chapter 11. Number three shows the deletion of 

company because of liquidation (chapter 7).  

       The results showed a relationship between social and human capital, Altman’s 

and Zmijewski’s financial ratios and bankruptcy. Specifically, the relationship between 

networking ability and bankruptcy is significant and negative using Logistic regression, 

but the education is not. The relationship between networking ability and education and 

bankruptcy is significant and negative using Cox regression. Working capital/total asset, 

retained earnings/total asset and sales/total asset of Altman’s model are positively 

significant by both Logistic and Cox regression and earnings before interest and tax/total 

asset is negatively significant by both methods whereas market value of equity/book value 

of debt is not significant by Cox and Logistic regression. 
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 On the other hand, net income/total asset and total debt/total asset of Zmijewski’s 

model is negatively and positively significant, respectively, as control variables by both 

Cox Proportional Hazard and Logistic regression methods whereas current asset/current 

liabilities are not significant. 

 Networking is also the third most important variable for prediction bankruptcy 

based on Neural Network Analysis when Altman’s and Zmijewski’s financial ratios are 

controls, its importance is 17% when it runs by Altman’s financial ratios as controls and 

15.5% when it runs by Zmijewski’s financial ratios as controls. Critically, the impact of 

networking is significant in all models and it is one of the important variables to predict 

the bankruptcy by Neural Network. Education is less important rather than networking but 

when education runs by Zmijewski’s financial ratios as control variables, it is the second 

important predictor by approximately 25% importance percent. Totally, my thesis is a kind 

of improvement of Altman’s model by new non-financial factors.         

        Chapter 2 provides a review of the literature. Chapter 3 discusses the 

hypotheses, and   chapter 4 provides the methodology applied in this paper. Chapter 5 

shows the statistical analysis and chapter 6 highlights the results. Chapter 7 provides the 

discussion, conclusion, and opportunities for future research. 
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      CHAPTER 2 

LITERATURE REVIEW 

 

      Bankruptcy prediction has received considerable attention in the accounting, 

auditing, and finance literature over the past three decades. According to Altman (1996), 

bankruptcy occurs when companies are not capable of paying off their debts and cannot 

continue their activities. In the financial literature additional definitions have been 

presented on bankruptcy. In one of the studies on financially inability theory Gordon 

(1971) defined it as reducing of profiting power of companies where probability of 

disability in paying profit and original debt can be increased.  

      Research on bankruptcy prediction has been of substantial interest to 

accounting and finance academics and practitioners for the last three decades. A number 

of empirical approaches have been applied to the bankruptcy prediction problem since the 

pioneering work of financial predictive modeling by Beaver (1966), Altman (1968) and 

Ohlson (1980). Many researches have built bankruptcy prediction models and tested in 

different countries. Among them, the most popular has been the model developed by 

Edward Altman (USA) in 1968 in which Multiple Discriminant Analysis was used. 

     Logistic Regression has also been used extensively and several other techniques 

have been considered such as Probity Regression, Data Envelopment Technique, Time 

Series CUSUM Methodology, Cox Regression, Decision Tree Analysis, Simple Hazard  

Model, Black-Scholes Option-Pricing Model, Simple Fuzzy Logic, Artificial Neural 

Networks and Genetic Programmed Decision Trees. (Cox.1972) 
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     The initial approach to predicting corporate bankruptcy has been to apply a 

statistical classification technique to a set of samples containing both bankrupt and non-

bankrupt firms. The principal tools for the early studies have been multivariate discriminant 

analysis (Altman, 1968) and logit analysis (Ohlson, 1980). The task of predicting 

bankruptcy of a firm can be posed as a classification problem: given a set of classes (for 

example, bankrupt and non-bankrupt) and a set of input data vectors, the task is to assign 

each input data vector to one of the classes.  

     Ohlson (1980) mentioned two unpublished papers by White and Turnbull 

(1975a; 1975b) and by Santomero and Vinso (1977), which were the first studies that had 

logically and systematically developed a probabilistic estimate of failure. Ohlson had also 

used the methodology of maximum likelihood, or so-called logit model or logistic 

regression. Ohlson (1980) used logistic regression to predict bankruptcy, arguing that 

MDA had several problems that made it an inferior approach: Specifically, he claimed the 

statistical requirements imposed on the variables were difficult to satisfy, discriminant 

score had no intuitive interpretation, and the matching procedure of bankrupt and non-

bankrupt firms was questionable. He gathered financial data from 105 bankrupt and 2058 

non-bankrupt firms from 1970 to 1976. This was a considerable increase from earlier 

research, and the ratio of bankrupt to non-bankrupt firms was more representative of the 

actual ratio. He found that the analysis was sensitive to when financial data is made 

available to the public firms. 

    Luther (1994) had compared Artificial Neural Network with Logistic Regression 

using sample size of 104 US companies from 1984 through 1989.  
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The neural network was trained using the Genetic Algorithm technique, which 

iterates towards the optimum solution by looking only at the value of the objective function 

and not getting trapped in the local minima. Thirteen predictors were selected for model 

building by the ANN and LR. The study concluded that ANN model had significantly 

higher prediction accuracy than the Logit Model in both the training samples and the hold-

out samples at almost all cut-off points. Additionally, the prediction accuracy was less 

sensitive to changes in the cut-off point in the model, thus making ANN more robust 

technique than Logit. 

     Most bankruptcy prediction models estimated by banks and financial institutions 

over the past 50 years were designed using financial variables Balcaen & Ooghe (2006). 

These variables were chosen because they are somewhat good predictors of financial 

failure, easily available, and well standardized. To build a model, explanatory variables are 

commonly selected with a two-step procedure: an initial set of variables is chosen based 

on their popularity within the financial literature, then, a final set is extracted from the 

initial set depending on its ability to properly classify two types of firms, those that will go 

bankrupt and those that will survive. 

     The initial set is provided as a guide to methodological choices (Alfaro.et 

al.2008). But the accuracy of used methods is different based on the explanatory variables. 

      Using financial ratios as model inputs has a long history in bankruptcy literature 

dating back to the 1960s. Altman’s (1968) financial ratios are the most famous financial 

ratios in this field (Odom & Sharda, 1990; Coats and Fant, 1993; Rahimian et al., 1993; 

Wilson and Shard, 1994; Lacher et al., 1995; Sharda and Wilson, 1996; Zhang et al., 1999). 
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      The most common financial ratios that are extracted from financial reports that 

two of common financial ratios are cash flow and debt. 

      For example, Sharma (2001), studies which use cash flow-based variables as 

predictors of company failure that focus mainly on cash flow from operations and ignoring 

other potential cash flow variables, and studies become difficult with large variety of cash 

flow ratios investigated with different measurements, research methods and statistical 

techniques employed in different paradigms (Shumway, 2001; Chava & Jarrow, 2004; 

Hillegeist, Cram, Keating, & Lundstedt, 2004; Campbell, Hilscher, & Szilagyi, 2011; 

Agarwal & Taffler, 2008) such as Cash/Sales, Cash/Total Assets and Cash/Current 

Liabilities in Deakin. (1972). 

       The other common financial ratio in bankruptcy prediction is debt 

(Zmijewski.1984). For example, Zmijewski used a probit model to predict bankruptcy. He 

developed a model with three financial ratios. The sample consisted of 40 bankrupt and 

800 non-bankrupt industrial firms, from the years 1972-1978. Zmijewski has two problems 

with the sampling process of earlier research. The first problem arises when researchers 

match the samples of bankrupt and non-bankrupt firms. When non-bankrupt firms are 

chosen based on the characteristics of the bankrupt firms, this is no longer random 

sampling. Second, missing values, force the researcher to drop observations. As a result, 

the researcher assumes that the observations dropped were a representable ratio of bankrupt 

and non-bankrupt firms even if, this is not the case, as the quality of the financial statement 

is likely lower for distressed firms.  
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     Notably, debt overhang appears to reduce the incentives of the controlling 

shareholders’ management coalition to invest in positive net-present-value investment 

opportunities, since the benefits accrue partially to the bondholders rather than fully to the 

shareholders. 

Notably, logistic regression was used in most of the above studies. However, some 

studies used non-parametric regression; for example, there is norm multiple analyses in 

which industry norm of firm is calculated by using nonparametric regression and by this 

we can classify healthy and bankrupt firms (Andrés et al., 2012). 

      For example, Zhou (2013) reviewed healthy and bankrupt firms across five 

different models using balanced and unbalanced samples. One technique is to use a 

mathematical method like a Machine learning model, which is considered among the most 

important recent advances in applied mathematics, with significant implications for 

classification problems that machine learning mechanisms are designed to distinguish 

between bankrupt and non-bankrupt companies based on firm characteristics such as 

profitability, liquidity, leverage, size, and growth measures. (Tian, Shi, & Liu, 2012) 

Survival analysis is ideally suited to introducing a time dimension into financial 

distress prediction since the objective is to estimate S(t) = P (T > t), the probability that 

financial distress will occur at time T which lies beyond the time horizon t, for a range of 

values of t. The most popular technique for estimating such survival models has been Cox’s 

proportional hazards model (Cox, 1972), which the uses the baseline hazard and scaled 

hazard to determine probability of financial distress. Cox’s model has had considerable use 

in medical studies. 
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 Chen et al. (2005) applied the Cox model with time-varying variables to find the 

effect of biochemical covariates on death attributed to liver cancer. They implement a 

method for estimating the baseline hazard and can make survival forecasts with time-

varying variables. Two SAS macro programs that are applied to the estimation of the 

cumulative incidence using Poisson regression for time-dependent Cox regression are 

introduced in Chen et al (2005). These include (1) Parameter estimates on risk factors, 

deriving the baseline hazard and the prediction of survival on the basis of time-dependent 

covariates and (2) model validation using receiver operating characteristic (ROC) curves.  

      We use these SAS Macro programs with some modifications, to estimate our 

financial distress models. (Kim & Partington.2010) 

      Markowicz (2014) also used CPHR in the analysis of company lifespan to 

determine whether the hazard function for companies follows the inverted-U shape found 

in human cohort studies. The study used expectancy tables for cohorts of companies, 

starting with a cohort of 4,586 organizations, and followed the rate of survival over several 

years.  

     The study confirms that the graphic representation of the intensity function for 

a cohort of firms follows the typical inverted-U-shaped curve reported in the general 

literature related to human cohorts.  

     This suggests that CPHR is appropriate for applications involving business 

failure. Pereira (2014) used CPHR to propose a model for predicting business failure.  
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The study involved 28 ratios, 11 failed companies and 16 healthy companies with 

three consecutive years of data each – all in the textiles industry or there are very few 

studies conducted on hospitality bankruptcy prediction, in spite of the high vulnerability 

that firms suffer in this industry (Gu, 2002). 

       The number of bankruptcy prediction models has grown enormously due to the 

growing availability of data and the development of improved econometrical techniques 

during the 1980s and 1990s. (Taffler.2008) The methods for bankruptcy prediction can be 

grouped in two categories: statistical and artificial intelligence models. It is mentioned 

above the first group consists of Logit, multivariate discriminant analysis but the second 

group includes neural networks (Chauhan, Ravi, & Chandra, 2009; Cho, Kim, & Bae, 

2009; Pendharkar, 2005; Tseng & Hu, 2010), genetic algorithms (Etemadi, Rostamy, & 

Dehkordi, 2009; Lensberg, Eilifsen, & McKee, 2006), support vector machine (Min & Lee, 

2005; Yang, You, & Guoli Ji, 2011), and case based reasoning (Cho Hong & Ha, 2010).  

      Charalambous, Charitou and Kaourou (2010) applied several neural networks 

methods to a dataset of 139 matched-pairs of bankrupt and non-bankrupt U.S. firms that 

are compared the predictive performance of five methods, namely Learning Vector 

Quantization, Radial Basis Function, Feed forward networks that use the conjugate 

gradient optimization algorithm, back-propagation algorithm and logistic regression. 
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       Javanmard and Saleh (2009) used a sample of 80 companies to compare 

Multiple Discriminant Analysis and Neural Network. ANNs have been used to solve many 

financial problems including forecasting financial distress, and many researchers using 

ANN to forecast financial distress have concluded that the accuracy of ANN is much 

greater than traditional statistical methods. They quoted Cerano-Sinka’s work on 

comparison of MDA & ANN where the forecasting accuracy was 86% and 94% 

respectively. Javanmard and Saleh (2009) had also reported the superiority of ANN over 

MDA in their study. 

       Youn and Gu (2010) and Li and Sun (2012) carried out a study using a sample 

of Korean hotels, building predictive models with logistic regression (Logit) and neural 

networks from a set of financial variables. Their findings suggest that Interest Coverage 

Ratio is the best predictor for hotel bankruptcy, and NN techniques outperform Logit in 

accuracy. 

     Their accuracy rates (77.27% and 81.82% with Logit and NN, respectively) are 

low relative to those obtained for other industries, such as manufacturing for which the 

accuracy rates are above 92% (Callejón, Casado, Fernández Pelaez, 2013). 

      Because firms in distress are more exposed to inaccurate accounting, Ohlson 

(1980) only included information that was available prior to the bankruptcy.  

      Another approach was suggested by Shumway (2001 was to hazard models in 

his analysis. This approach had the advantage of using all available information spanning 

over several years (Shumway, 2001).   
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      Following some technological development, neural network analysis has 

emerged as an alternative approach (Caouette, 2008). The computer identifies and learns 

links and patterns between the data units, and use it to solve given problems. Several studies 

have used NNs to predict bankruptcy that most of them are accurate. 

     In this thesis, I use three techniques, two different regressions from two different 

perspective, Logistic Regression and Cox Proportional Hazard Regression to identify the 

relationship between social capital, human capital and prediction of bankruptcy. 

 I also determine the importance of each predictor by using Neural Network for two 

independent variables, networking ability as proxy of social capital and educational level 

of CEO as proxy of human capital, control variables such as Altman and Zmijewski’s 

financial ratios, SIC (Standard Industrial Classification) and year of bankruptcy. 

 

 

 

Upper Echelons Theory 

 

       Upper echelons theory (UET) posits the psychological and social 

characteristics of top executives drive their behavior and shape their organization outcomes 

(Wang, Holmes, In-Sue, & Zhu, 2016). “Upper echelons” in the theory’s name refer to 

people with high social statuses (Miller et al., 1998; Hambrick, 2007) specifically in the 

case of business and management, the term often refers to people in top management, such 

as CEOs or top management teams. 
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 According to UET personality, emotions and other internal dispositions have been 

demonstrated to influence important strategic outcomes of firms (Park & Gould, 2017) and 

top managers perceive their situations through personalized lenses to establish a firm’s 

strategic direction (Baird & Thomas, 1985; Hambrick, 2007). However, the core thesis of 

UET is that top executives’ “experiences, values, and personalities affect their choices” 

(Hambrick, 2007) “and, through these choices, organizational performance” (Hambrick & 

Mason, 1984).  

       Hambrick and Mason 1984 initially derived a theoretical framework named 

upper echelons theory to explain that organizational outcomes are influenced by the 

cognitive base and the values of the people with authority in an organization.  In fact, 

CEO’s managerial characteristics are (partially) predict organizational outcomes based on 

the notion that the choices of top managers are influenced by their cognitive base and their 

values. These individualized perspectives influence managerial perceptions which lead to 

certain strategic choices (Reinmoeller, 2004; Hambrick, 2007).  

      Hambrick and Mason (1984) posited two intertwined trajectories: Executives’ 

interpretation of reality impact their decisions and these interpretations lead to strategic 

choices based on their cognitive processes, beliefs, personality traits and ethical norms of 

conduct. They summarized them in CEO’s age, functional background, career experiences, 

education, socioeconomic background, financial position and group characteristics.  

        Top managers exert a strong influence over business plans and decisions, 

which are likely to be reflected in top managers’ observable characteristics, such as age, 

tenure, education and financial position (Hambrick & Mason, 1984).  
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Thus, numerous scholars have applied upper echelons theory to demonstrate the 

effects of top managers’ characteristics on the direction of an organization (Sanders, 2001; 

Sanders & Hambrick, 2007; Seo & Sharma, 2014).      

       For example, Nielsen (2010a) specifically focused on Top Management Team 

(TMT) diversity, with Wangrow et al. (2015) explicitly elaborating on managerial 

discretion and Bromiley and Rau (2016) devoting attention to socio-behavioral and 

cognitive influences. In parallel, Cannella and Holcomb (2015) stressed the importance of 

adopting multilevel research in UE studies, with Wang et al. (2012) largely stimulating the 

debate on cultural differences and Yamak et al. (2014) highlighting the need for 

appropriately considering environmental and co-evolutionary factors in UET research. 

       Nielsen (2010b) confirmed the evidence, discovering that internationally 

experienced executives have greater impact on the financial performance of companies 

than their nationally experienced counterparts. Furthermore, CEO international tenure also 

seems to influence successions: the greater a candidate’s international tenure, the greater 

the chance of becoming a CEO (Magnusson & Boggs, 2006). 

In most studies, board composition was an antecedent linked to a firm-level 

outcome. Many of these studies investigated a dependent variable closely related to the 

functioning of the board such as strategic decisions or board process. In addition, some 

looked at potential moderators of these relationships while others also investigated the 

antecedents of board characteristics or determinants of the boards’ demographic, human 

capital, or social capital composition, including environmental factors or the characteristics 

of the current board. (Johnson.S & Schnatterly.K, Hill.A.2013) 
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       Despite the number of socio-demographic features added over time, UE 

scholars are also opening new frontiers by. Exploring how CEO past or present activities 

outside their boards (e.g. military service or governance of non-profit organizations) can 

influence strategic choices (Carpenter, 2011). 

        Some papers focused on two important characteristics of CEOs, their education 

and involvement in networks. Management accounting and control systems (MACS) can 

be seen as an organizational outcome or as an aspect of organizational structure (Hiebl, 

2014; Strauß & Zecher, 2013) and, consistent with UET, is likely to be influenced by CEO 

characteristics and activities (Kalkhouran et al., 2015).  

      Wally and Baum (1994) argued that CEO formal education is a proxy of CEO 

cognitive ability, which helps CEOs acquire and process more complex information and 

make decisions faster (Hunter, 1986). Formal education may also indicate a CEO’s innate 

curiosity and openness to novel concepts. (Thomas, Litscert, and Ramaswamy,1991)  

      Similarly, formal education provides opportunities for CEOs to accumulate rich 

knowledge bases and skill sets.  

In turn, formal education may equip CEOs with the absorptive capacity necessary 

to understand and process information about changing business environments, new 

technologies, and so on.  

       Educational background affects a manager’s mental template in terms of 

problem recognition and resolution (Hitt & Tyler, 1991). Firm growth that involves 

simultaneous management of new and old operations often requires senior management to 

address complex problems that arise (Cho, 2006).  
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Milliken and Martins (1996) propose that a management team composed of 

executives with diverse educational backgrounds is highly likely to embrace diverse mental 

templates to solve complex problems.  

       Their study reveals that the diversification of top executives’ educational 

backgrounds can promote discussions within Top Management Team of different problem-

solving tactics and contribute to endogenous managerial learning within management 

teams. Such learning may increase the likelihood of devising innovative methods of 

establishing synergies among old and new operations. 

     Educational background uncovers behavioral pattern of executives: Barker and 

Mueller (2004) found that companies run by CEO with degree in technical have 

significantly higher R&D investment than those run by CEO from other background. 

Conversely, CEOs with educational backgrounds in business or law tend to be more risk-

adverse with regard to R&D.  

They also find that if the CEO advanced via technical or marketing channels then 

they were more supportive of R&D than CEOs that advanced through the accounting, 

finance or legal channels. In another study, Graham and Harvey (2002) find that chief 

financial officers (CFOs) holding MBAs were more likely than other CFOs to use such 

learned techniques as net present value for capital budgeting and the capital asset pricing 

model in cost of capital calculations. 

      The other CEO’s characteristic I explored in the current research, is 

communication, or social capital, as proxied through networking. Networking is driven by 

one’s connection with a community through shared values, trust, social norms, and support.  
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The benefit of such networks on family-owned firms can also be realized for public 

firms that establish the same type of relationships. By exhibiting the same connections with 

the community, a public corporation will also garner community support. Communities 

influence the decisions made by the individuals that comprise them. It is difficult to 

imagine an individual making a decision that is completely independent of the immediate 

environment in which he or she lives.  

Community factors that influence top management’s cognitions involve the 

integration of certain values or characteristics, present in the community, into the 

individual members of the Top Management Team and UET describes how an individual’s 

experiences and education frame cognitions and make up the values that consciously and 

unconsciously shape who a manager becomes (Finkelstein & Hambrick, 1990). 

       Bourdieu (1986) and Granovetter (1973) focused on the importance of the 

different networks of organizations, and networking done by top managers. They found 

that these networks greatly enable organizations through the expansion of information and 

opportunities. These relationships can also establish an organization’s role in the 

community, such as top executives holding community positions on different councils and 

boards (Johnson, Daily & Ellstrand 1996). 

      However, in this study, I use networking ability and CEO’s education 

background as proxies of social and human capital, respectively, based on upper echelon 

theory as predictors bankruptcy. 
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            CHAPTER 3 

 

HYPOTHESES 

 

Social Capital 

 

      Social network refers to the networks formed by social interaction among 

people (Mithchell.1969). Wellman (1988) defines social network as a relatively stable 

relation system that social members form because of interactions. Social network theory 

concerns the impact of an objective social structure on human or organizations.  

      Most often social capital refers to assets that yield benefits that arise from 

membership in a group or connections to other people. Connections are a form of capital 

because, like physical or human capital, connections can be used to produce something of 

value. Strengthening the social network is of great significance to the mutual assistance 

and psychological comfort of the members of the group (Luo & Qin.2009). 

     The expansion of the social network can help directors’ innovation activities. 

They can mobilize various resources required for development and innovations through 

interaction with others in the social network. There are at least two distinct approaches to 

the identification and measurement of social capital (Portes.2000) 

      One approach emphasizes social capital as an asset for groups, while the other 

approach focuses on social capital as an asset for individuals.   
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      Whereas social skills are considered ‘general skills affecting social interactions 

in a broad array of everyday contexts’ (Ahearn et al.2004) and defined as ‘skills useful to 

individuals in interacting with others’ (Baron & Tang.2009), political skills are  

conceptualized as being more strictly ‘work-related’ (Kolodinsky, Treadway, & Ferris, 

2007) and ‘instrumental’ (Hochwarter et al.2007) or ‘goal-oriented’ (Ferris et al.2008). 

      In addition, social network can internalize external intervention. This means 

that other nodes in the network can avoid risks in order to keep the development foundation 

(Ye 2004). Other studies have underlined the importance of networks and socio-economic 

relations in spreading knowledge among firms (Roper et al. 2008; Becattini et al. 2009).            

       Social factors, including social capital, have been relatively neglected in the 

bankruptcy literature. Based on Zhang and Fung’s (2006) study on the effects of social 

capital on the financial performance of private enterprises in China, it seems that networks 

are fundamental to social capital: Networks generate resources that, facilitate investment, 

provide access to information, and reduce transactional costs. In this study, we measure 

social capital in the framework of networks.  However, the proxy measures are themselves 

only hypothesized to be associated with a stock of social capital (Knack & Keefer, 1997; 

La Porta, Lopez de Silanes, Shleifer, & Vishny, 1997). Implications of networking ability 

can be network size or network structure.  

     Most of the above studies are conducted in the US sampling large public 

companies, so one may argue that the consensus result could be driven by the sample firm 

characteristics. Studies of board size effects in smaller firms outside the United States are 

of interest because the factors that drive the choice of board structure in this firm type could 

differ from the factors influencing board size in large public firms. (Phan.2016)  
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For example, small and midsized firms are frequently closely held, so the influence 

of agency problems between managers and owners on decisions affecting board size and 

structure are probably less prevalent in this class of firms Eisenberg et al (1998) studied 

approximately 900 small Finnish firm and found a negative correlation between firms’ 

profitability, as measured by industry-adjusted return on assets, and board size.  

     Therefore, a board-size effect exists even among SME in firms outside the US. 

The authors also provided an interesting explanation regarding the relationship between 

board size and firm's performance. Firm might increase their board size in response to poor 

profitability, thus lead to a negative correlation between board size and profitability. In a 

recent paper with empirical data from India, Kumar and Zattoni (2013) showed a 

significant and positive association between board size and financial performance.  

     This result may reflect the nature of the environment in which corporations 

operate in India whereby greater board size supports the resource dependency theory, 

which highlights the need for environmental linkages between the firm and outside 

resources. 

       Another theory is about the impact of network size on financial items is the 

approach/avoidance motivation theory and social capital theory provide some theoretical 

explanation for the association between Core Self-Evaluation and networking ability.   

 However, it is not known how Core Self-Evaluation and networking ability 

together influence income. Cheung, Herndon, and Dougherty (2016) examined the effect 

of developmental networks, networks of people that take an active interest and provide 

developmental support to advance an individual's career, on the relationship between Core 

Self-Evaluation and salary.  
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The authors found that developmental network size was a negatively related to 

salary; and the Core Self-Evaluation income relationship was moderated by network ties 

strength. Specifically, individuals who scored high in Core Self-Evaluation with strong 

network ties reported a higher salary than those with weaker network ties. This suggests 

that it is relationship quality and not quantity that determines income. 

      Another individual difference factor we think likely to impact career success is 

the political skill of networking ability. Political skill involves the tendency of an individual 

to understand others and to use this understanding to influence others (Ferris, Perrewé, 

Anthony, & Gilmore,2000). Networking ability refers to the tendency of an individual to 

develop diverse contacts and to use these networks for personal and organizational gains 

(Ferris et al., 2005a). Individuals high in networking ability easily develop strong, 

beneficial alliances and are adept at utilizing these networks to make the most of 

opportunities (Ferris et al., 2000).    

       Semadar, Robins, and Ferris (2006) and Todd et al (2009) studied individual’s 

networking ability to not only have a positive impact in the context of larger organizations, 

but also in an entrepreneurial one. Specifically, we expect that the financial performance 

of new ventures will be positively influenced by entrepreneurs’ networking abilities.  

For the development of a newly established business, many different tasks have to 

be accomplished and diverse tangible and intangible assets such as financial capital, legal 

and market knowledge, and many others, are needed. (Ensley, Pearson, & Amason, 2002)  

      Granovetter, Hoang and Antoncic.2003 & Jack.2010 worked on two network 

variables. 
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 First, they worked on network size and relationship intensity which may represent 

the relational and the structural camp into which network research in entrepreneurship may 

be divided. Second, a growing number of studies indicate that these two particular variables 

contribute significantly to explaining new ventures’ performance when addressing active 

firm level exchange relationships (Baum, Calabrese, & Silverman, 2000; Raz & Gloor, 

2007). 

       Semrau and Sigmund (2012) also found that entrepreneurs’ networking ability 

impacts the financial performance of their new ventures because it enables them to 

establish favorable exchange relationships which in turn facilitate the new venture’s 

financial performance. 

      Specifically, their study revealed that the relationship between entrepreneurs’ 

networking ability and the financial performance of their new ventures is mediated by two 

characteristics of the new ventures’ network: network size and strength of exchange ties. 

       A personal experience with a corporate bankruptcy will likely affect a 

director’s views on both the probability and costs of default.  

      While such an event will likely increase the director’s estimate of default 

probability for a given level of risk, its effect on the director’s beliefs about default costs 

are unclear (Amihud and Lev, 1981; May, 1995; Cai & Vijh, 2007; Acharya, Amihud, & 

Litov, 2011; Gormley & Matsa, 2011, 2016).  

      The established prior literature on directors primarily focuses on their 

monitoring role (Weisbach, 1988; Kaplan & Reishus, 1990; Byrd & Hickman, 1992; Ferris, 

Jagannathan, & Pritchard, 2003; Hauser, 2018). Thus, networking ability is the first 

variable I added to the prediction model. So, my first hypothesis is: 
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Hypothesis 1: More networking ability will reduce the probability of bankruptcy? 

 

 

Human Capital 

 

 

 

      Human capital refers to the abilities and skills of human resources and the 

human element takes charge of all economic activities such as production, consumption, 

and transactions necessary to move the products to the consumers (Boldizzoni .2008).  

      Schutz (1993) considered human capital the key element in improving firms’ 

asset and employees in to improve productivity as well as sustain competitive advantage. 

Human capital becomes a tool for competitive advantage since it involves the process of 

training, knowledge acquisition (education), initiatives and so on; all these are geared 

towards skill acquisition.  

       In strategic human resource management, “understanding the relationship 

between human resource management (HRM) [practices] and organizational outcomes is 

one of the long-standing goals of HRM research” (Lepak, Hu, & Baer, 2012). 

 This framework is especially useful for studying mechanisms by which HR 

practices impact organizational performance because HR practices influence employees’ 

motivation, ability, and opportunity (Jiang et al., 2012). 

       Thus, the role of human capital performance and the relationship between their 

practice and motivation will lead to better feedback in organizational process. However, 

CEO plays a key role in the direction toward strategic and major decisions.  
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        In this regard, CEO ability is considered a combination of sensible 

characteristics such as previous work experience, career reputation history and education; 

non-observable characteristics such as leadership ability, acquiring board members and 

shareholders trust and teambuilding skills.  

One of them is education that is studied in this thesis. The educational level and 

prestige of educational institutions are thought to affect directors’ cognition and decision 

making. Studies show that educational backgrounds can have no (Daily & Dalton, 1994; 

Rose, 2007) or a positive (Kim & Lim, 2010) impact on firm value. Other studies find that 

director education affects innovation. Dalziel, Gentry, and 

Bowerman (2011) find that the advanced educational degrees of outside directors 

negatively impact R&D expenditures but that the number of Ivy League degrees on the 

board is positively related to such expenditures. Similarly, Wincent, Anokhin, and Ortqvist 

(2010) find that the total number of college degrees on the board positively impacts 

innovative performance. 

     However, measuring the non-quantifiable characteristics and skills of CEOs 

empirically is a major challenge (Falato et al., 2015). A measurable and objective 

characteristic such as education is expected to play a vital role when hiring the CEO, 

especially when the stock market reacts positively to the companies that appoint CEOs 

with stronger educational backgrounds (Bhagat et al., 2010).  

      In this thesis, I chose educational background of CEO as proxy of human 

capital. Educational background measures the cognitive ability of executives, which 

influences firm performance. Hambrick and Mason (1984) suggested that executives' 

educational background provides an indication of their knowledge and skill base.  
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The type and number of degrees of education one chooses serve as indicators of her 

or his values and cognitive preferences. 

 Thus, based on personal values, cognitive preferences and specialized education, 

we might expect those with formal education in engineering to utilize different cognitive 

models in making decisions than those with formal education in business or finance 

(Hambrick & Mason, 1984).  

     Hambrick and Mason proposed that firms with top managers that have less 

formal education experience possess more variability in performance. It is speculated that 

those with less formal education have greater variance in their cognitive models because 

these models are partially the product of more general educational training. As CEO 

education level increases, trainings and perspectives become more specialized and focused, 

thereby creating greater conformity in cognitive models. Thus, it concludes that amount 

and type of formal education affect the cognitive models developed and thereby the 

strategic choices made.  

Chevalier and Ellison (1999) took the same view on mutual fund manager 

performance, suggesting that managers from better school have higher inherent abilities or 

receive direct benefits from a better education. 

       Falato et al. (2015) documented reliable evidence of payment for CEO 

educational credentials, reporting a positive effect of CEO with more advanced education 

on the company performance. Further, Miller et al. (2015) argue that CEO skills are 

dependent on the nature of their academic qualifications, which vary according to the 

quality and level of the awarding educational institution.  
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     However, empirical evidence regarding CEO education is not consistent. For 

example, Gottesman and Morey (2010) found no association between firm performance 

and CEO educational background.  

     Among empirical studies focused on the direct correlation between executive’s 

educational background and firm’s performance. Kaplan, Klebanov and Sorensen (2008) 

found no relation between educational level proxy (SAT score and college selective level) 

and firm’s performance. Gottesman and Morey (2008) found no positive relation between 

executive with either degree from prestigious school or an MBA degree with firm’s 

performance. The author found, on the other hand, that compensation is somewhat higher 

for executives who attend more prestigious school.  

In the context of China, Cheng et al. (2010) show that university degrees held by 

the board chairman are positively associated with seven measures of performance, namely 

earnings per eight shares (EPS), ROA, cumulative returns, cumulative abnormal returns, 

change in EPS, change in ROA, and market-to-book ratio.  

Guner et al (2008) focused on the financial expertise of US companies’ directors, 

of which they found that financial experts significantly affect corporate decisions, though 

not necessarily in the interest of shareholders. 

        Bai and Elyasiani (2013) claimed that the traditional governance standards of 

the non-financial institutions are no longer reliable when applied in the banking system, 

which has different stability requirements. This motivates us to investigate the effect of 

CEO educational background and the effect of gender and nationality diversity on bank 

financial performance.  
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The findings suggest a significant positive association between gender diversity on 

bank’s performance and positive significant impact of CEO’s business education on the 

financial performance of banks.  

       In particular, more educated top managers become detectors who are more 

innovative in their strategic execution, according to of Miles and Snow’s (1978) typology.  

The extant literature has addressed the positive relation between top managers' level 

of formal education and strategic risk. In this paper we use CEO’s educational level is the 

second variable in the model. 

     Hypothesis 2:  Higher level of CEO’s education will reduce the probability of 

bankruptcy?                                 
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CHAPTER 4 

 

DATA AND METHODOLOGY 

 

      The datasets are assembled from Compustat and BoardEx which includes two 

datasets and cover 22,079 observations of 3,800 US public companies in 11 categorize of 

industries for 19 years from beginning of 1999 to the end of 2017. Information regarding 

board members was imported from the BoardEx dataset, which contains networking ability 

and CEO’s educational level of the companies and Compustat provides the information 

regarding financial ratios. After collapse the data based on company year, I study 22,079 

observations of 3,800 companies that 882 observations of 183 companies are considered 

as bankrupt company, chapter 11 and chapter 7. 

       The first part of the data, networking ability includes the number of 

commutations of board member among board member of other companies and CEO’s 

educational level divided into different groups from diploma (12 years studied) to doctorate 

degree.  

       This paper, features two social and human capital variables plus Altman’s and 

Zmijewski’s ratios and SIC as control variables. 
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Independent Variables 

 

      According to social capital theory, social capital can be defined as the “sum of 

actual and potential resources embedded within” a social network (Nahapiet & Ghoshal, 

1998). The process of networking, which is defined as developing a strong network that is 

useful (Ferris et al., 2012), can be conceptualized as a typical type of social capital 

accumulation. Therefore, networking ability can be captured as the ability to engage in 

social capital acquisition that means the ability of connection and communication with the 

others individually and socially.  

      Networking ability can help managers to mobilize the support needed to 

implement insights from strategic orientation to continuously innovate (Ferris et al., 2005, 

2007; Hughes et al., 2013; Mu et al., 2011, 2012; Venkatesh & Wilemon, 1976). Claiming 

that a firm can benefit from its CEO‟s network is hardly controversial.  

      Networking ability is the “core dimension” of the political skills concept (Blass 

et al. 2007 &Todd et al. 2009). It describes one’s ability to develop friendships; build 

strong, beneficial alliances and coalitions; and understand power structures and establish 

social relations according to one’s personal objectives (Blass et al. 2007; Ferris et al. 2005; 

Hochwarter et al. 2007; Peled 2000; Semadar, et al 2006). 

      The first independent variable in this study, I assessed Networking Ability from 

BoardEx based on selected individual (number of overlaps through employment, other 

activities, and education). Networking ability refers to individuals’ ability to build and 

maintain large and strong social networks (Burt, 2009). But the data of networking ability 

that is provided from BoardEx is large, so I use logarithm of numbers to distribute the 

numbers and prevent to respond to skewness toward large numbers.  



31 
 

       Among the key characteristics of CEOs are quantifiable and observable 

features such as education and previous work experience (Jorissen et al., 2008). Education 

has been identified as a good indicator of an individual’s perceptions, values and cognitive 

preferences (Hambrick and Manson, 1984; Hambrick, 2007). It is one aspect of human 

capital, and its role in business survival has received much attention from scholars (Soriano 

and Castrogiovanni, 2012; Boden & Nucci, 2000; Cooper et al., 1994). Moreover, it can 

be very influential in companies’ strategic decisions (Papadakis, 2006) and a high level of 

formal education can improve a company’s knowledge resources (Hambrick & Manson, 

1984).  

       Education is often considered a proxy for cognitive ability. The US educational 

system is primarily public and no tuition fees are demanded. We categorize the different 

educational levels in three groups. The first group, Non-college degrees, consists of 

primary secondary and high school (12 years of schooling mandatory for all Americans). 

      The second group, Undergraduate degrees, consists of two years long associate 

degree, bachelor and undergraduate programs (academic bachelor's program, four years). 

The third, Master or PhDs, consists of university graduate programs, where a master’s 

degree takes two years (on top of the three-four years for the undergraduate), and it takes 

an additional three years to get a PhD. 

      Relating CEO ability and cognitive intelligence to university entrance exam 

score requirements, Frey and Detterman (2004) argued that CEOs who graduated from 

schools that require higher mean entrance exam scores are more intelligent and display 

greater managerial ability. 
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      Chevalier and Ellison (1999) found that fund managers who graduated from 

universities with tougher entry requirements generated higher returns. Datta and 

Rajagopalan (1998) suggested that both educational background and firm-specific 

experience, among other factors, explain variations in CEOs cognitive ability. 

      In another study, Barker and Mueller (2002) report that younger CEO’s with 

advanced science education, such as engineering, are more likely to invest much money in 

research and development, implying that the educational background affects CEO’s 

investment decisions.  

     However, they also report an insignificant relationship between advanced 

degrees such as MBA or PhD and firm performance. With regards to CEOs with MBA 

degree, they are less likely to engage in risky decisions, as risk-taking skills are found to 

be related to age more than the level of manager education (King et al., 2016). In addition, 

executives with PhD degrees are also associated with low portfolio risk in comparison to 

others (Barker & Mueller, 2002; Berger et al.2014). 

      

 

 

Dependent Variable 

 

      The dependent variable in this study is bankruptcy prediction. The collection of 

data for bankrupt firms requires a definition of failure and specification of the population 

from which firms are drawn. The failed firms must have filed for bankruptcy in the US in 

the sense of Chapter 11 and Chapter 7 which were taken from Compustat dataset.  
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       Given the fact that the vast majority of empirical corporate finance papers use 

data from Compustat, we organize bankruptcy facts using Compustat data from 1999 to 

2017 for 3,800 US public companies.     

      In the data set I use variable DLRSN of Compustat that shows some numbers 

as reason for bankruptcy research that number 2 of DLRSN tells us the firm is deleted 

because of chapter 11 bankruptcy and number 3 for firms are deleted because of liquidation 

or chapter 7. The difference between chapter 11 and 7 is when a firm files bankruptcy 

chapter 11, it means that the company has opportunity to reorganize the financial structure 

by pay off the debts but chapter 7 is liquidation. Table 1 shows statistics summary of 

bankrupt and non-bankrupt companies from 1999 to 2017 for mentioned number of 

companies. 

 

Table 1 

Summary statistics of US public bankrupt and non-bankrupt 

 
Frequency Percent Valid Percent Cumulative Percent 

Non-Bankrupt  0.00 21197 96.0 96.0 

bankrupt 1.00 882 4.0 100.0 

 
Total 22079 100.0  

Note. This table presents the frequency for the dependent variable, bankruptcy. 

 

Above information represents 96% of companies are non-bankrupt because the 

number of non-bankrupt companies are 21198 out of 22079 and only 4% of them are 

bankrupt that studied sample is approximately 4% of population. 
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Control Variables 

 

      The Altman model conducted a multivariate analysis of bankruptcy using 

multiple discriminating analyses. He combined the information provided by five rates 

constructing a "function score"(Altman, 1968).   

     The variables are economic and financial indicators and coefficients which are 

amplified indicators are static in nature and express in a significant way the variable weight 

or importance in the economic logic of evaluation of bankruptcy risk. Many research 

studies have been conducted, over the period to evaluate the financial position of the 

different organizations with the help of the various ratios and predicted failure in advance 

by applying Z-score Altman and other bankruptcy prediction models. Gerantonis, et.al 

(2009) checked whether Z-score Altman model, can predict correctly company failures. 

They found that Altman models performs well in predicting failure.  

      Similarly, Alrawi, et.al. (2008) used the Altman Z-score and ratio analysis 

approaches to determine why the firms under study went bankrupt. Most recently, Gutzeit 

and Yozzo (2011) have reviewed the model. Their study focused on the original model´s 

performance during the 2007-08 recession. The duration and severity of the recession, 

causing many of bankruptcies in the US, generated a sufficiently large set of data to be 

tested. (Yozzo.2011) 

      Altman used five financial ratios because many of them are correlated with each 

other. Furthermore, the inter correlations between the variables, the predictive accuracy 

and Altman´s own judgment were considered.  
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The final model did not include the most significant ratio measured individually. 

However, because of correlations between the ratios, the overall accuracy was better with 

the selected ratios.  

      Compared to univariate analysis this was a major development. The 

discriminant function of the Z-score model is as follows (Altman.1993): 

 

Z=0.012X1+0.014X2+0.033X3+0.006X4+0.999X5 

 

X1= Working Capital / Total Assets 

X2= Retained Earnings / Total Assets 

X3= Earnings before Interest and Taxes / Total Assets 

X4= Market Value of Equity / Book Value of Total Debt 

X5= Sales / Total Assets 

 

       Working capital/Total assets: This is a measure of the net liquid assets relative 

to the firm´s total capitalization. Working capital is defined as current assets minus current 

liabilities. A firm with operating losses will normally experience shrinking current assets 

in relation to total assets, resulting in a lower ratio.  The Working capital/Total assets ratio, 

frequently found in studies of corporate problems, is a measure of the net liquid assets of 

the firm relative to the total capitalization. Working capital is defined as the difference 

between current assets and current liabilities.  

     Liquidity and size characteristics are explicitly considered. Ordinarily, a firm 

experiencing consistent operating losses will have shrinking current assets in relation to 

total assets.  



36 
 

Of the three liquidity ratios evaluated, this one proved to be the most valuable. 

Inclusion of this variable is consistent with the Merwin study which rated the net working 

capital to total asset ratio as the best indicator of ultimate discontinuance.  

      Retained earnings/Total assets: Retained earnings is a measure of profitability 

over time. This measure favors older firms because profitability over time is likely to 

translate into a high ratio of retained earnings. 

      Since empirical studies show that young firms are more likely to go bankrupt, 

the ratio does not unfairly discriminate against young firms. This measure of cumulative 

profitability over time was cited earlier as one of the "new" ratios. The age of a firm is 

implicitly considered in this ratio. For example, a relatively young firm will probably show 

a low RE/TA ratio because it has not had time to build up its cumulative profits. Therefore, 

it may be argued that the young firm is somewhat discriminated against in this analysis, 

and its chance of being classified as bankrupt is relatively higher than another, older firm, 

ceteris paribus. However, this is precisely the situation in the real world. The incidence of 

failure is much higher in a firm's earlier years. 

      EBIT/Total assets: This is a measure of the productivity of the firm, leaving out 

any tax or leverage factors. Ultimately, a firm’s existence is based on its ability to create 

value from its assets. Thereby, this is a very relevant ratio of bankruptcy risk. This ratio is 

calculated by dividing the total assets of a firm into its earnings before interest and tax 

reductions. This is essentially a measure of a firm’s assets’ true productivity, abstracted 

from any tax or leverage factors.  
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     Since a firm's ultimate existence is based on the earning power of its assets, this 

ratio appears to be particularly appropriate for studies dealing with corporate failure. 

Furthermore, insolvency in a bankruptcy sense occurs when the total liabilities exceed a 

fair valuation of the firm's assets with value determined by the earning power of the assets. 

       Market value of equity/Book value of debt: Equity is measured by adding the 

market value of all stocks, whereas debt includes both current and long-term liabilities. 

       This measure of solvency showed how much a firm´s equity can decline before 

the liabilities exceed the value of its assets.  

      For example, a company with a market value of its equity of $1000 and debt of 

$500 could experience a two-thirds drop in asset value before insolvency. 

 However, the same firm with $250 in equity will be insolvent if its drop is only 

one-third in value. In addition, this ratio adds a market value dimension that many former 

studies did not include.  

      Sales/Total assets: This is the firm´s the capital turnover ratio. It measures the 

sales generating ability of the firm´s assets. The ratio is unimportant for this study as it was 

later dropped by Altman when adapting the model to non-manufacturers. 

      The capital-turnover ratio is a standard financial ratio illustrating the sales 

generating ability of the firm's assets. It is one measure of management's capability in 

dealing with competitive conditions. This ratio is critical because, it is the least significant 

ratio on an individual basis.  
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      In fact, based on the statistical significance measure, it would not have appeared 

at all but, because of its unique relationship to other variables in the model, the Sales/Total 

assets ratio ranks second in its contribution to the overall discriminating ability of the 

model.  

      Zmijewski, (1984) used financial ratio analysis that measures the performance 

of debt or leverage and liquidity of a company. In his analysis, Zmijewski profit analysis 

as applied to 40 companies in a state of bankruptcy and 800 companies that are still 

operating at the time, and then develop a model by using ROA, leverage, and liquidity 

ratios. Hodgin, Robert F, and Roberto Marchesini (2011) investigated the presence of 

criticism sample-bias in the model of financial distress by Zmijewski. The study used a 

sample of high-leverage the companies as the indicators of bad loans. 

       Another research conducted by Fatmawati (2012), compared the three 

prediction models of delisting such as the Zmijewski, Altman, and Springate models. The 

analysis showed that of the three models of the delisting predictor, Zmijewski was more 

accurate model for predicting the company delisting compared with Altman and Springate 

models. 

       The formula developed was by Zmijewski (1983) by adding validity financial 

ratios as bankruptcy detection tools finalizing the model as the following: 

X-score = -4.3 Where: X-Score = Overal Index or Score 

X1 = Net Income/ Total Assets 

X2 = Total Debt / Total Assets  

X3= Current Assets / Current Liabilities 
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      Zmijewski (1984) stating that the company would face bankruptcy if the 

probability is if it is greater than 0.5, in other words, its value X is 0 therefore, the cut off 

values that apply in this model is 0. This means that a company that values X is larger than 

or equal to 0 is predicted to experience bankruptcy in the future. Conversely, a company 

that has a value of X is less than 0 is predicted not to go bankrupt. (Rulick Setyahadi.2012). 

       Zmijewski’s (1984) X-score model is based on accounting variables, unlike the 

models of Shumway (2001) and Hillegeist et al. (2004), which are based on market 

variables. Subramanyam and Wild (2013) argue that financial analysis using financial 

ratios is a very useful tool that significantly assists business decision making and 

distinguishes the weak and the strong areas in a company. 

       Almilia (2006) concludes that the results from his study demonstrated that 

financial ratios from a company’s income statement, balance sheet and cash-flow statement 

have significant success in predicting financial distress. 

      A company's return on assets (ROA) is calculated as the ratio of its net 

income in a given period to the total value of its assets. 

      Total liabilities divided by total assets or the debt/asset ratio shows the 

proportion of a company's assets which are financed through debt. If the ratio is less than 

0.5, most of the company's assets are financed through equity. 

      Current ratio is a comparison of current assets to current liabilities, calculated 

by dividing your current assets by your current liabilities.  

       Potential creditors use the current ratio to measure a company's liquidity or 

ability to pay off short-term debts (Aminian et al. 2016). 
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      Table 2 shows summary statistics for independent variables (networking ability 

and CEO’s educational level) and control variables (Altman and Zmijewski’s financial 

ratios) from 22079 observations of 3800 firms from 1999 to 2017. 

Table 2 

Summary statistics of Networking, Education, Altman & Zmijewski financial ratios of non-

bankrupt Firms 

 N Min Max Mean Std. Error Coefficients of 

variance 

Networking 22079 0.78 3.72 2.88 .002 8.18 

Education 22079 0.00 6.00 1.98 .040 3.44 

WC/TA(Alt) 21613 -1.07 9.99 2.13 0.02 0.70 

RE/TA(Alt) 21613 -1.85 2.45 -1.80 8.95 -1.42 

EBIT/TA(Alt) 17341 -36.0 418 .03 .028 .008 

MVE/BVD(Alt) 17341 -3813 1878 .16 .278 .004 

SALE/TA(Alt) 21613 .000 10.0 .89 .040 .108 

NI/TA(Zmi) 21613 -8.00 1.65 -6.01 9.48 -4.32 

TD/TA(Zmi) 21613 0.00 4.61 1.75 1.70 .694 

CA/CL(Zmi) 17341 0.00 241 6.10 1.44 .032 

Note. This table presents the mean, standard deviation, coefficients and the sample size that include 

Networking Ability, Educational level of CEO as independent variables and Altman’s and 

Zmijewski’s financial ratios as control variables for all firms 

 

                Table 2 shows the summary statistics includes the mean, standard deviation for 

social and human capital (independent variables) and Altman and Zmijewski’s financial 

ratios (control variables) provided from dataset. Dataset includes 22079 observations are 

for networking from 3800 US public companies and CEO’s Education and financial data 

from BoardEx. Mean of CEO’s education is 1.98 (bachelor degree for CEOs’) and mean 

of networking is 2.88. I also separated in two subsections as tables, one for failed-firms 

and non-failed firms. 
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      Table 3 shows summary statistics for independent variables (networking ability 

and CEO’s educational level) and control variables (Altman and Zmijewski’s financial 

ratios) from 882 observations of 183 firms which are bankrupt from 1999 to 2017. 

 

Table 3 

Summary statistics of Networking, Education, Altman & Zmijewski financial ratios of 

bankrupt Firms 

 N Min Max Mean Std. Error Coefficient of 

variance 

Networking 882 1.46 3.59 2.88 .009 9.96 

Education 882 .125 4.33 1.97 .0187 3.53 

WC/TA(Alt) 814 -4.00 1.00 .22 .014 .561 

RE/TA(Alt) 814 -46.0 2.00 -1.14 .129 -.031 

EBIT/TA(Alt) 814 -1.00 2.00 .001 .010 .003 

MVE/BVD(Alt) 675 .000 90.0 .12 .222 .021 

SALE/TA(Alt) 814 .000 10.0 .89 .035 .881 

NI/TA(Zmi) 814 -4.00 1.00 -.15 .014 -.386 

TD/TA(Zmi) 814 .000 4.00 .23 .012 .667 

CA/CL(Zmi) 675 .000 1584 7.98 2.429 .126 

Note. This table presents the mean, standard deviation, coefficients and the sample size that 

include Networking Ability, Educational level of CEO as independent variables and Altman’s 

and Zmijewski’s financial ratios as control variables for bankrupt firms 

 

     Table 3 shows the summary statistics includes the mean, standard deviation for 

social and human capital (independent variables) and Altman and Zmijewski’s financial 

ratios (control variables) provided from dataset. Dataset includes 882 observations are for 

networking from 183 US public companies and CEO’s Education and financial data from 

BoardEx. Mean of CEO’s education is 1.97 (bachelor degree for CEOs’) and mean of 

networking is 2.88. 
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     Table 4 shows summary statistics for independent variables (networking ability 

and CEO’s educational level) and control variables (Altman and Zmijewski’s financial 

ratios) from 21197 observations of more than 3000 firms which are non-bankrupt in 

defined period of time. 

 

 

    Table 4 shows the summary statistics includes the mean, standard deviation for 

social and human capital (independent variables) and Altman and Zmijewski’s financial 

ratios (control variables) provided from dataset. Dataset includes 21197 observations are 

for networking from 3000 public companies and CEO’s Education and financial data from 

BoardEx. Mean of CEO’s education is 1.98 (bachelor degree for CEOs’) and mean of 

networking is 2.88. 

Table 4 

Summary Statistics 

 N Min Max Mean Std. Error Coefficient of 

variance 

Networking 21197 .759 3.70 2.88 .002 8.13 

Education 21197 .000 6.00 1.98 .003 3.43 

WC/TA 20799 -1.07 9.93 2.13 2.08 0.71 

RE/TA 20799 -1.85 2.45 -1.82 8.92 -1.42 

EBIT/TA 16647 -36.0 418 .06 .028 0.01 

MVE/BVD 16666 -3813 1878 .82 .289 0.02 

SALE/TA 20799 -2.18 1.56 8.06 5.65 0.98 

NI/TA 20799 -8.00 1.65 -5.68 9.84 -4.02 

TD/TA 20799 0.00 4.61 1.73 1.71 0.70 

CA/CL 16666 0.00 241 6.02 1.50 0.03 

Note. This table presents the mean, standard deviation, coefficients and the sample size that include Networking Ability, 

Educational level of CEO as independent and Altman and Zmijewski’s financial ratios as control variables for non-bankrupt 

firms 
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      I also used two control variables, SIC (Standard Industrial Classification) and 

Year of bankruptcy filing as fixed effect. The (SIC) is a system for classifying industries by 

a four-digit code. 

     Established in the United States in 1937, it is used by government agencies to 

classify industry areas. In the United States the SIC code has been replaced by the North 

American Industry Classification System (NAICS), which was released in 1997. 

      I considered the relevant SIC code for each company for each year. If a 

company’s SIC code changes then we consider it to be a part of the new industry group in 

the year of change. Although there are a few well-known problems with the SIC codes as 

reported by both Kahle and Walkling (1996) and, Guenther and Rosman (1994)), we use 

them because these are the most widely available industry classifications covering our 

sample period. In this paper I use SIC as a control variable because industry effect has 

important impact on bankruptcy based on economic intuition.  

       Another control variable s year of a firm announced or filled bankruptcy that 

is studied as factor with fixed effect because it does not change during process of studying 

time. Year of bankruptcy is considered in Cox Regression as time variable.  

       I used two statistical techniques to analyze the data, Cox Proportional Hazard 

Model and Neural Network by SPSS software.  

      Table 5 represents the frequency of observations based on SIC. Most companies 

are from manufacturing and the fewest are in agriculture, forestry and fishing. Finance, 

Insurance and Real Estate are the second most and Services and Transportation are third 

and fourth, respectively. 

 

https://en.m.wikipedia.org/wiki/Industry
https://en.m.wikipedia.org/wiki/United_States
https://en.m.wikipedia.org/wiki/North_American_Industry_Classification_System
https://en.m.wikipedia.org/wiki/North_American_Industry_Classification_System
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Table 5 

Summary Statistics 

 
Frequency Percent 

Valid 

Percent 

Cumulative 

Percent 

Agriculture, Forestry and Fishing 73 .3 .3 .3 

Mining 1449 6.6 6.6 6.9 

Construction 159 .7 .7 7.6 

Manufacturing 7971 36.1 36.1 43.7 

Transportation 1752 7.9 7.9 51.7 

Wholesale Trade 430 1.9 1.9 53.6 

Retail Trade 1124 5.1 5.1 58.7 

Finance, Insurance & Real Estate 4979 22.6 22.6 81.2 

Services 3937 17.8 17.8 99.1 

Public Administration 205 .9 .9 100.0 

Total 22079 100.0 100.0  

Note. This table presents the frequency for SIC (Standard Industrial Classification) as control variable 

 

      Finally, I focus on the social and human capital variables first are (1) 

networking ability as a proxy of social capital and (2) the power of managers’ leadership 

that are reflected in their education. I add these variables to Altman and Zmijewski models 

and SIC as control variables to predict bankruptcies using Logistic regression, Cox 

Proportional Hazard Model and Neural Network. 
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CHAPTER 5 

 

                                                 ANALYSIS 

 

      The empirical study tests whether networking ability and CEO’s educational 

level as proxies of social and human capital impact bankruptcy prediction. Logistic 

Regression, Cox Proportional Hazard Model and Neural Network are performed in six 

regressions to test the hypothesis because dependent variable is bankruptcy that is a 

categorical variable. These six regressions are: (1) human and social capitals plus Altman’s 

model, (2) social capital plus Altman’s model, (3) human capital plus Altman’s model, (4) 

human and social capitals plus Zmijewski’s model, (5) social capital plus Zmijewski’s 

model, (6) human capital plus Zmijewski’s financial ratios. 

       I defined dummy variables for bankruptcy, one for bankrupt firms and zero for 

non-bankrupt firms. At first, I used logistic regression for the data, next the Cox 

Proportional Hazard Model works better for survival when there are one or more predictors 

and survival time. This method works for the models that time is critical on prediction. The 

Neural Network method is applied for bankruptcy prediction to increase accuracy 

specifically when there are many predictors. It indicates the importance of each 

independent variable to predict the bankruptcy offers some information about the 

importance and accuracy of the predictors. 
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Y= α +∑ βiXi5
𝑖=1  +β6X6+ β7X7+ Industry-FE+ Year-FE +ε   

Y= α +∑ CiZi3
𝑖=1   +β6X6+ β7X7+ Industry-FE+ Year-FE +ε       

Y=Bankruptcy 

α =Intercept 

Z1…Z3 are Zmijewski Financial Ratios 

X1….X5 are Altman Financial Ratios 

X6 is networking ability  

X7 is Educational level of CEO. 

ε =Errors 

 

 

Logistic Regression 

 

 

     Logistic Regression is a specialized form of regression that is formulated to 

predict and explain (two-group) categorical variable rather than a metric dependent 

measure. The form of the logistic regression variate is similar to the variate in multiple 

regressions. The variate represents a single multivariate relationship with regression-like 

coefficients indicating the relative impact of each predictor variable. Logistic Regression 

differs from multiple regression, however, in being specifically designed to predict the 

probability of an event occurring that is the probability of an observation being in the group 

coded 1. Because the binary dependent variable has only the values 0 and 1, the predicted 

value (probability) must be bounded to fall within the same range. 
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 To define a relationship bounded by 0 and 1, logistic regression uses the logistic 

curve to represent the relationship between independent and dependent variables. 

      Logistic regression can also be used to classify observations. This method 

estimates a probability that a given observation belongs to a given group. If one considers 

a binary variable y that represents the probability that a company belongs to the group of 

firms that are likely to go bankrupt (if y = 1), the logistic regression function can be 

expressed as follows:  

P (y i = 1 | x 1 i , x 2 i , . . . , x pi ) = 1 /(1+ e −(α0 + α1 x 1 i + α2 x 2 i + ···+ αp x pi ) 

where P (y i = 1 | x 1 i , x 2 i , . . . , x pi ) is the probability that firm i fails given its 

characteristics measured using variables x 1 i , x 2 i , . . . , x pi . The α coefficients are 

calculated using maximum likelihood estimation. This method is often used to overcome 

the constraints that discriminant analysis imposes on data distribution and especially when 

explanatory variables are financial ratios. 

    Ohlson 1980 proposed LR to model the posterior probabilities of the classes, 

using linear functions of the independent variables, while ensuring that they sum to 1 and 

remain in [0,1] to provide a probabilistic interpretation. Similar to LDA, LR makes use of 

the log-likelihood ratio to assign a firm to either failed or non-failed classes; the log-ratio 

takes the form of a linear function.  

    This method allows the use of non-linear maximum likelihood to estimate firms' 

probabilities of failure using a logistic function, based on dependent variables, in this case, 

financial ratios and social and human capital.  
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Cox Proportional Hazard Regression 

 

     In much biomedical research the use of survival analysis to model the time to a 

certain event is common (Fleming & Harrington, 2005; Kalbfleisch & Prentice, 2002). In 

a survival context Cox regression is used to measure the influence of covariates on the 

survival rate.       

    The Cox Regression Model (also known as the Cox proportional hazards model 

(Cox, 1972) or the Cox Semi-parametric hazards model) is a proportional hazard regression 

model with baseline hazard function modeled non-parametrically and the function of the 

independent variable is modeled parametrically. Survival data usually involves more than 

one variable.  

     This model is used to predict the distribution of the time to some event from a 

set of explanatory variables (Klein, 2003). For example, time is a kind of dependent 

variable in Cox regression. Hazard models are preferable to static models both theoretically 

and empirically. Comparing the out-of-sample forecasting ability of hazard models to that 

of Altman (1968) and Zmijewski (1984), I find that hazard models perform as well as or 

better than alternatives. Furthermore, hazard models often produce dramatically different 

statistical inferences than do static models. The work on estimating models which allows 

for time varying probabilities of financial distress began in the middle 1980s (Crapp & 

Stevenson, 1987). 
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     These models use the techniques of survival analysis, and have attracted 

increasing attention following the dynamic model of Shumway (2001). The most popular 

technique for estimating such survival models has been Cox’s proportional hazards model 

(Cox, 1972). 

      Cox’s model has had considerable use in medical studies. Chen et al. (2005) 

apply the Cox model with time-varying variables to find the effect of biochemical 

covariates on death attributed to liver cancer. They implement a method for estimating the 

baseline hazard and hence are able to make survival forecasts with time-varying variables.  

    Chen et al. also publish the code for implementation of these estimation 

procedures in SAS. Following the approach of Chen et al., we construct a time-dependent 

Cox’s hazards model for the prediction of financial distress. 

    In the context of calculating the time to bankruptcy, this is known as Cox 

regression for survival analysis. The method does not include any particular “survival 

model”, but it is not truly nonparametric because it assumes that the effects of the predictor 

variables upon survival are constant over time and additive in one scale. A positive 

regression coefficient for an explanatory variable leads to that the hazard beings higher and 

thus the prognosis worse. Conversely, a negative regression coefficient implies a better 

prognosis for patients with higher values of that variable. When it is used to analyze the 

survival of patients in a clinical trial, the model grants us to isolate the effects of treatment 

from the effects of other variables. 

      Hazard models resolve the problems of static models by explicitly accounting 

for time. The dependent variable in a hazard model is the time spent by a firm in the healthy 

group.  
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When firms leave the healthy group for some reason other than bankruptcy (e.g., 

merger), they are considered censored, or no longer observed. Static models simply 

consider such firms healthy. In a hazard model, a firm’s risk for bankruptcy changes 

through time, and its health is a function of its latest financial data and its age. The 

bankruptcy probability that a static model assigns to a firm does not vary with time. 

      In some studies of financial distress (bankruptcy) prediction, the need to take 

the time dimension into account is increasingly being recognized. (LeClere.2000) points 

out that qualitative response models such as logistic regression or profit models employ 

data from the time period directly preceding the occurrence of the event of bankruptcy. 

Liu. (2004) observes that failure rates change with changes in the time-series of economic 

data.  

     Survival analysis is ideally suited to introducing a time dimension into financial 

distress prediction since the objective is to estimate S(t) = P(T > t) , the probability that 

financial distress will occur at a time T which lies beyond the time horizon t, for a range of 

values of t. Thus, a time dimension is embedded in the dependent variable of the model. It 

is also possible to introduce a time dimension into the independent variables by making 

them time-varying.  

       Pacey and Pham (1990) found that assessments of the accuracy of financial 

distress models are often misleading because of (i) the use of arbitrary cut-off points; and 

(ii) the assumption of equal costs of errors in prediction tests. The suggested corrective 

measures are as follows: (i) derive the optimal cut-off point based on minimizing the costs 

of misclassification; and (ii) define the cost of Type I and Type II errors explicitly. 
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       In Cox’s model the survival probabilities are obtained from a model of the 

hazard rate. The hazard rate is the rate of change in the probability that an event will occur 

in an interval of time, given survival until the start of that interval. Cox’s hazards model 

with time-dependent covariates can be expressed as: 

 

           

hi(t│z(t)) is defined time-dependent hazard function for company i at time t, zj(t) is the 

value of jth covariate of function z, ß the coefficients for z and h0(t) is the value of h when 

there are no covariates.  

      In this paper, I put time filling of bankruptcy as status variable, bankruptcy as 

dependent and Networking, Education, Altman and Zmijewski’s financial ratios are used 

as covariates.  

 

 

Neural Network 

 

      Neural networks (NN) are among the most popular intelligence techniques and 

have inspired other computational classification models. This method establishes an 

analogy with human neural processing (Park, Kim, & Lee, 2014; Tsai et al., 2014) The 

ANN algorithm is used in Wang et al. (2011) and Zhao et al. (2014). The model is a 

structure (network) created in layers with linkages among nodes (neurons). Input variables 

determine the first layer of the modelling system, and the final layer provides the output 

(dependent) variable.  

 

 hi(t│z(t)) =h0(t). exp{∑ßjzj(t)}           (Shumway.2001) 
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      An artificial neural network is an information processing device inspired on 

biological nervous systems. Generally, these models consist of a set of computational units, 

also called neurons, organized in layers. Each neuron is connected to other neurons through 

synaptic junctions called synapses. The learning process is shown through changes in 

strength connections. There are several models of artificial neural networks. The most 

common architecture is the Multilayer Perceptron (Bishop.1995), a feedforward network 

that consists of an input layer, an output layer and a number of hidden layers. This kind of 

nets is fundamentally characterized by the fact that information signal is propagated from 

the input nodes until it has reached an output node without cycles of links. The goal is to 

find suitable values for the synaptic weights so that minimize the deviation between the 

output given by the net and the desired output. (Haykin.2008). 

 Figure 1 shows the structure of Neural Network. 

 

 

  

Figure 1- Simple three-layer ANN 
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      MLP is a feed forward neural network formed by a layer of input data (nodes), 

an output layer and a certain number of intermediate layers, known as hidden layers in that 

they do not have any connection with the exterior (Haykin, 2008). These hidden layers 

make a projection in which patterns of the input layer turns out to be linearly separable, in 

such a way that allows a correct classification of those patterns in the output layer.  

      Each input node is connected to the nodes of the second layer, and these, in 

turn, with those of the third layer, and successively. The objective of the network is to 

establish a correspondence between the desired entry and output group. The architecture 

of MLP networks is characterized by the fact that each output neuron connects in cascade 

to all of those in the previous layer and does not admit connections between neurons in the 

same layer (Isasi & Galvan, 2004), as can be seen in Figure 1. Kolmogorov's theorem 

suggests that the maximum number of nodes in a hidden layer should be restricted to 2n+ 

1, where n is the number of input nodes.  

 

     Most analytic models, used to minimize the error, use methods that require the 

assessment of the local gradient of the function E(W). They are also considered as 

techniques based on second order derivative (Flórez & Fernández, 2008). 

    However, an MLP network, of at least three layers (an input layer, a hidden layer 

and an output layer) can learn complicated non-linear functions (Cybenko, 1989). In 

addition, a great number of layers complicates the learning of the network.  
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For these reasons, the chosen design has been that of a three-layered MLP network. 

The number of neurons must be determined for the three layers mentioned above. 

Therefore, the length of the characteristic vectors or input patterns is measured on the input 

layer, which in this particular case, corresponds to 22. 

The output layer is composed of the total number of conditions to be classified or 

the possible states of the system, which in this paper are two (bankrupt /non-bankrupt) 

(Florez & Fernandez,2008)  

       In recent decade, neural networks have been considered to be universal 

function approximates. They are model free estimators (Kosko.1992).  

Without knowing the type of the function, it is possible to approximate the function. 

However, the difficult part of it is, how to choose the best neural network architecture. i.e., 

to choose the neural network with the smallest approximation error. 

       An important component of developing an ANN is to ensure the network 

extracts the necessary features from the data. This is referred to as “training” of the ANN. 

Training involves calibrating the parameters of an ANN using a part of the available data 

set, referred to as the “training data set”. During training the data are presented repetitively 

to the network until the parameter values are determined such that the network output 

adequately reproduces the training data. The bias measures the extent to which the average 

of the network outputs differs from the desired outputs. Conversely, variance measures the 

extent to which the network outputs are sensitive to the particular choice of data set. (Luk 

et al.2000) There is negative relationship between bias and complexity of an NN model, 

when a network is simple, it has high bias and low variance whereas a complex network 

has a low bias and high variance.  
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     Here, the dependent variable is the classification of ‘bankrupt’ and ‘non-

bankrupt’ companies. Since default probability is also important in the model, I use a real 

number between 1 (bankrupt) and 0 (non-bankrupt). The predictors are Networking, 

Education, Altman and Zmijewski’s financial ratios in different layers. The independents 

are input and bankruptcy is output, bias is also added as a node using NN. 
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CHAPTER 6 

 

RESULTS 

 

Results by Logistic Regression 

 

     Because, logistic regression is a popular regression when there is binary 

dependent variable, in first part, I run Logistic regression for independent variables 

(covariates), dependent variable (bankruptcy) in two categorizes, Altman & Zmijewski by 

six regressions. The regressions are combinations of social and human capital plus Altman 

and Zmijewski’s models separately.  

     I also selected a set of predictor variables from social and human capital and 

added a set of fundamental accounting variables form two popular defined prediction 

models, Altman and Zmijewski and SIC and year of filing bankruptcy as control variables. 

The predictors are networking ability and CEO’s educational level and Altman and 

Zmijewski’s financial ratios that are follows: 

      Working Capital/ Total Asset, Retained Earnings/Total Asset, earnings before 

Interest and Tax/Total Asset, Market Value of Equity/ Book Value of Debt and Sales/Total 

Asset that are financial ratios of Altman model. 

      Net Income/Total Asset, Total Debt/Total Asset and Current Debt/Current 

Liabilities are the financial ratios of Zmijewski’s model.  

       SIC identifies in eleven groups from agriculture to public administration that 

is used by fixed effect and year of filing bankruptcy is from 1999 to 2017 by fixed effect. 
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      Table 6 represents Logistic Regression of impact of Networking ability as a 

proxy of social capital and CEO’s educational level as a proxy of human capital as 

independent variables and Altman and Zmijewski’s financial ratios, SIC and filing year of 

bankruptcy as control variables in six regressions. There is also a correlation matrix of 

independent and control variables in the appendices. 

 

Table 6 

Results of Logistic Regression for networking, Education and Altman and Zmijewski’s financial 

ratios 

Variables 

 
(1) (2) (3) (4) (5) (6) 

Networking 
-.325** 

(.015) 

-.295** 

(.014) 
- 

-.332** 

(.012) 

-.354*** 

(.003) 
- 

Education 
-.051 

(.526) 
- 

-.131*** 

(.073) 

-.029*** 

(.710) 
- 

-.113*** 

(.114) 

WC/TA 
.240** 

(.038) 

.188 

(.094) 

.213 

(.064) 
- - - 

RE/TA 
.028** 

(.028) 

.029** 

(.017) 

.025* 

(.046) 
- - - 

EBIT/TA 
-.554*** 

(.000) 

-.510*** 

(.000) 

-.534*** 

(.000) 
- - - 

MVE/BVL 
.001 

(.500) 

.001 

(.515) 

.001 

(.530) 
- - - 

S/TA 
.046 

(.090) 

.119 

(.081) 

.076 

(.088) 
- - - 

NI/TA - - - 
-.074** 

(.035) 

-.073** 

(.037) 

-.078** 

(.024) 

TD/TA - - - 
.674*** 

(.000) 

.676*** 

(.000) 

.660*** 

(.000) 

CA/CL - - - 
.000 

(.673) 

.000 

(.675) 

.000 

(.709) 
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Constant -2.456 -2.454 -3.087 -2.333 -2.330 -3.127 

Industry FE YES YES YES YES YES YES 

Year FE YES YES YES YES YES YES 

Observation 20,910 20,910 20,910 17,331 17,331 17,331 

Companies 3,800 3,800 3,800 3,800 3,800 3,800 

P-value 0.000 0.000 0.000 0.000 0.000 0.000 

Note: It reports the results of LR model by 6 regressions based on dependent variable that is bankruptcy. Dummy 

variables for bankruptcy, zero for non-bankrupt and one for bankrupt companies. Independent variables are 

Network size, CEO’s educational level. The control variables are also Altman and Zmijewski’s financial ratios, 

SIC (Standard Industrial Classification) and filling year of bankruptcy. P-value is in parenthesis. ***p < .01. **p < 

.05. *p < .1. 

     

  

Because bankruptcy prediction is studied as a hot topic in finance, it is usually 

examined the effect of financial ratios for forecasting bankruptcy that Altman and 

Zmijewski are the more popular than the other models. These models are based on financial 

ratios such as higher book leverage, less cash flow generating ability, and lower market 

leverage increase the probability of failure as expected.  

     Darayseh et al. (2003) developed a logit model for bankruptcy prediction using 

a number of economic variables in combination with firm-wise financial ratios. In their 

study, a group of 110 manufacturing firms that went bankrupt between 1990 and 1997 was 

matched by 110 non-bankrupt firms according to total assets and industry classification. 

Their estimated model could make correct predictions for 87.82% and 89.50% of the in-

sample and holdout samples for 1 year prior to bankruptcy. 
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     Table 6 shows that networking ability is negatively correlated and insignificant 

in all six regressions but CEO’s educational level is not. Cheung, Herndon, and Dougherty 

(2016) examined the effect of developmental networks, which is a network of people that 

take an active interest and provide developmental support to advance an individual's career, 

on the relationship between Core Self-Evaluation and salary. The authors found that 

developmental network size had a negative relationship with salary; and that the Core Self-

Evaluations income relationship was moderated by the strength of network ties. So, 

networking size has impact on financial indexes that in my paper, higher networking ability 

is reduced the probability of bankruptcy. On the other hand, high range of networks for top 

executives increase their risk taking to overcome financial crisis because combination of 

personality and wide range of knowledge (based on UET) and high communication will 

lead on time and flexible decision making even for a CEO in growing journey. 

     My finding about the control variable of Altman’s financial ratios indicates 

retained earnings/total asset are positively significant and earning before tax and 

interest/total asset is negatively significant. It is about Zmijewski’s financial ratios, net 

income/total asset is negatively significant and total debt/total asset is positively.  

 

 

Results by Cox Proportional Hazard Method 

 

 

      I also run survival analysis for independent variables (covariates), dependent 

(status variable) and time variable (filing year for bankruptcy) in two categorizes, Altman 

& Zmijewski by six regressions.  
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I selected a set of predictor variables from social and human capital and added a set 

of fundamental accounting variables form two popular defined prediction models, Altman 

and Zmijewski as control variables. The predictors are networking ability and CEO’s 

educational level and Altman and Zmijewski’s financial ratios that are follows: 

      Working Capital/ Total Asset, Retained Earnings/Total Asset, earnings before 

Interest and Tax/Total Asset, Market Value of Equity/ Book Value of Debt and Sales/Total 

Asset that are financial ratios of Altman model. 

       Net Income/Total Asset, Total Debt/Total Asset and Current Debt/Current 

Liabilities are the financial ratios of Zmijewski’s model.  

      SIC identifies in eleven groups from agriculture to public administration. Since 

in Cox regression, the assumption to be fulfilled is its proportional hazard. The time-

dependent Cox regression model for the hazard has been estimated using the estimation 

sample (1999–2017) of 3,800 firms, with 792 failure observations.  

       In addition, the proportional hazard assumption is true because the p value of 

all predictors (networking and education) are more than 0.05.  I mention the difference 

between CPHM and LR is in dependent variable that there are two dependent variables, 

one as time variable and the other one as event variable in Cox regression. 

     Table 7 shows the results of hazard function in six groups of regressions for 

human and social capital (independent variables) and Altman and Zmijewski’s financial 

ratios, SIC (Standard Industrial Classification) and year of filing bankruptcy as control 

variables.  
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Table 7 

Results of CPHM for networking, Education and Altman and Zmijewski’s financial ratios 

Variables 

 
(1) (2) (3) (4) (5) (6) 

Networking 
-.178** 

(.012) 

-.457*** 

(.000) 
- 

-.392*** 

(.002) 

-.506*** 

(.000) 
- 

Education 
-.174** 

(.018) 
- 

-.265*** 

(.000) 

-.162** 

(.039) 
- 

-.262*** 

(.003) 

WC/TA 
.282** 

(.027) 

.254** 

(.040) 

.305** 

(.016) 
- - - 

RE/TA 
.029** 

(.019) 

.029** 

(.017) 

.029** 

(.020) 
- - - 

EBIT/TA 
-.472*** 

(.000) 

-.460*** 

(.000) 

-.482*** 

(.000) 
- - - 

MVE/BVL 
.001 

(.092) 

.001 

(.062) 

.001 

(.093) 
- - - 

S/TA 
.102*** 

(.020) 

.119*** 

(.006) 

.104*** 

(.000) 
- - - 

NI/TA - - - 
-.073*** 

(.007) 

-.069** 

(.014) 

-.076*** 

(.003) 

TD/TA - - - 
.514*** 

(.000) 

.515*** 

(.009) 

.503*** 

(.000) 

CA/CL - - - 
.000 

(.767) 

.000 

(.784) 

.000 

(.808) 

Industry FE 
YES YES YES YES YES YES 

Year FE YES YES YES YES YES YES 

Observation 20,910 20,910 20,910 17,331 17,331 17,331 

Companies 3,800 3,800 3,800 3,800 3,800 3,800 

P-value 0.000 0.000 0.000 0.000 0.000 0.000 

It reports the results of CPHM model by 6 regressions based on dependent variable that is bankruptcy. Dummy 

variables for bankruptcy, zero for non-bankrupt and one for bankrupt companies. Independent variables are 

Network size, CEO’s educational level. The control variables are also Altman and Zmijewski’s financial ratios, 
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SIC (Standard Industrial Classification) and filling year of bankruptcy. P-value is in parenthesis. ***p < .01. **p < 

.05. *p < .1. 

     

Table 7 shows that both networking and CEO’s educational level are negatively 

significant. Based on Hung Phan (2016), education background is as a proxy for 

intelligence and expertise, and more intelligent directors will be able to give better strategic 

guidance to a firm’s management team, which will have positive effect on the firm’s 

performance. There are a number of studies which find that a more capable Board of 

Directors has a greater capacity to improve firm’s performance and are competent in 

discrete tasks, such as hiring/firing the CEO, compensation and incentive package for 

executives, merger and acquisition activities, or defending against a takeover bid.  

     Another reason is that more highly educated directors are more likely to advise 

sophisticated methodologies to improve firm performance. For example, it has been 

demonstrated by Graham and Harvey (2002) that CFO with finance background are more 

likely to use sophisticated methodologies when conducting capital budgeting and when 

estimating the cost of capital. Finally, it may be that director education is positively related 

to his/her social capital. That is, directors with higher educational profiles enjoy more 

social ties to other directors, executives and government officials, which may improve the 

performance of the firm. 

 This is especially true for companies in early two stages that need for 

environmental linkages between the firm and outside resources (Kumar & Zattoni .2013). 
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     Hambrick and Mason (1984) laid the groundwork for explaining the relationship 

between upper echelons (senior managers) background characteristics and organization’s 

outcome. The authors argued that organizational outcomes—both strategies and 

effectiveness—are viewed as reflections of the values and cognitive bases of powerful 

actors in the organization. It is expected that, to some extent, such linkages can be detected 

empirically. From the resource-based view perspective, the sustainable competitive 

advantages of a firm depend on how it utilizes its unique bundle of resources (i.e. both 

tangible and intangible assets) to achieve organizational effectiveness, and human resource 

is one main contributor to the competitive advantage.   

     Based on those premises, educational background should have certain 

contribution to a director’s decision making and thus, should affect the company’s 

performance.  

     Furthermore, there are only few quantifiable and identifiable factor when 

determining the competency of a director. Interpersonal skills, leadership ability and 

strategic vision are among the traits that director should possess; these can be difficult to 

identify and even more difficult to measure. 

     As a result, recruiters rely on those characteristics which they may be able to 

observe: work experience, track record, and highly likely education.  
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From a personal perspective, I find it interesting to observe how managerial 

education background may affect a firm’s performance as suggested by upper echelons 

theory (Hambrick and Mason (1984)), given how much resources and efforts an average 

person spends on their education. (Hung Phan.2016) 

     Additionally, Kim and Partington (2009) showed Net Income/Total Asset, 

Working Capital/Total Asset are not significant but Total Liabilities/Total Asset is 

negatively significant by Cox Proportional Hazard Model. Table 7 shows that networking 

ability and CEO’s educational level as predictors are negatively significant in both groups 

of Altman and Zmijewski’s, so hypothesis 1 and 2 are answered because there is negative 

relationship between networking and education and bankruptcy prediction.  

     Because networking ability is strongly correlated to bankruptcy prediction by 

both Cox and Logistic regression because networking is a kind of CEO’s communication 

power to better understanding of other companies’ challenges. By a strong network of 

information, executives are able to examine weaknesses and opportunities of other forms 

both competitive and informative perspectives. Networking provides unlimited resources 

of information in order to evaluate a company by CEOs. On the other hand, education is 

found to be significant using the Cox regression but it is not significant using Logistic; I 

conclude with better educated CEO and executive may appear to firms with low probability 

of bankruptcy but educational level of CEOs is an ability that be attained in long term but 

other CEOs’ characteristics or capabilities such as their networks and industry knowledge 

should be better parameters of CEOs’ competency.  

An informed CEO can make a great decision in crisis and be capable in flexibility 

in order to expand innovation.  
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     My finding about the control variable indicates Zmijewski model is as strong as 

Altman’s because two of variables are significant whereas four variables of Altman are. It 

is a bit different with the papers that used Cox because Working Capital/Total Asset, 

Retained Earnings/Total Asset and Sales/Total Asset are positively significant. Whereas 

EBIT/Total Asset is negatively significant. I have the same results about Zmijewski’s that 

Net Income/Total Asset is negatively significant in all regressions and Total Debt/Total 

Asset is positively. 

      Shumway (2001) findings showed the same results that Net Income/Total Asset 

and Total Debt/Total Liabilities/Total Asset are not significant by Binary Logistic 

regression whereas they are negatively significant by Cox Proportional Hazard Model. The 

difference between my paper and his is Current Asset/Current Liabilities is also negatively 

significant. While according to Zmijewski’s model both NI/TA and TL/TA are excellent 

bankruptcy predictors, according to the hazard model only the coefficient on NI/TA is 

significantly different from zero at the 99% level.  

     Figure 2 shows the hazard plot for the first regression, networking and education 

(predictors) and Altman’s financial ratios and SIC as control variables.  

 
Figure 2. Survival curve of hazard function of networking and education. 
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    The basic survival curve is a visual display of the model-predicted time of 

bankruptcy that the horizontal axis shows the time of bankruptcy that is from 1999 to 2017 

for bankruptcy and the vertical axis shows the cumulative hazard of probability of survival.    

      It means the probability of survival for bankrupt companies is increasing in the 

studied interval. The probability for survival in 2013 is more than 2006 and less than 2015.  

 

 

 

Results by Neural Network 

 

 

      Many studies published in the financial literature over the last two decades to 

overcome this weakness using models. (West et al.,2005; Kim & Kang,2012; Barboza et 

al.,2017) 

       Lin (2009) compared MDA, Logit, Probit and ANN models for bankruptcy 

prediction in Taiwan using hdata from a Taiwanese public industrial firm from 1998 to 

2005.  

Final models were validated through out-of-the sample data. He found Probit 

models were the best in terms of classification accuracy and stability. Lin also wrote that 

if the data does not satisfy the assumptions of statistical approach, then the ANN approach 

would demonstrate its advantage and achieve higher predictive accuracy.  

      Similarly, Park and Hancer (2012) aimed to compare the accuracy of NN to that 

of a Logit model in predicting bankruptcy in the hospitality industry (hotels, restaurants 

and entertainment services); the same sample was used for both analyzed data (40 

bankruptcies matched with 40 solvent firms).  
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Results show that NN obtained a higher accuracy rate than Logit in an in-sample 

test; and with a hold-out sample, for verification, both models reached a 100% accuracy 

rate. Neural networks are a great tool to measure the accuracy of independent variable. 

Based on Cox’s results, networking ability and CEO’s educational level are both negatively 

significant, I run NN for six regressions to identify the importance of each predictor for 

bankruptcy prediction. 

      Because NN includes input, hidden layers and output, the nodes to create hidden 

layer follows 2n+1 that is the maximum nodes. In this paper I have two predictors, 

networking and CEO’ educational level, so n=2 and the maximum hidden layer is 5 that 

one of them is always bias node based on formula 2n+1. 

Figure 3 depicts the structure of input, nodes and outputs.  

 
 
Figure 3 - Neural Network Layer Graph for Altman’s financial ratios, networking and education 
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Table 8 depicts independent variable importance in percentage for six categorizes 

of regressions that they include a combination of networking ability, CEO’s educational 

level as predictors and Altman and Zmijewski’s financial ratios plus SIC as control 

variables. 

     Specifically, it illustrates the five nodes to connect predictors (networking and 

CEO’s education), control variables (Altman’s financial ratios) and bias to categorical 

dependent variable (bankrupt and non-bankrupt companies). It is for the first regression 

and there is other picture for other five regressions in appendix.  

     The validation set contains a randomly chosen group of 132 bankrupt firms and 

3,800 public companies considered solvent from 1999 to 2017.   
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Table 8  

Results of NN for networking, Education and Altman and Zmijewski’s financial ratios 

Independent Variable 

Importance 

(Percent) 
(1) (2) (3) (4) (5) (6) 

Networking 17.0% 12.1% - 15.5% 24.9% - 

Education 4.1% - 7.5% 9.2% - 10.6% 

WC/TA 12.4% 8.9% 7.1% - - - 

RE/TA 3.7% 34.3% 33.6% - - - 

EBIT/TA 32.6% 21.5% 25.3% - - - 

MVE/BVL 20.0% 9.5% 16.8% - - - 

S/TA 10.2% 13.8% 9.7% - - - 

NI/TA - - - 27.9% 44.8% 37.2% 

TD/TA - - - 32.6% 21.8% 15.0% 

CA/CL - - - 14.8% 8.5% 37.1% 

Industry FE YES YES YES YES YES YES 

Year FE YES YES YES YES YES YES 

Observation 20,923 20,923 20,923 17,340 17,34. 17,340 

Companies 3,800 3,800 3,800 3,800 3,800 3,800 

Training 14678 14630 14632 12168 12157 12095 

Testing 6245 6293 6291 5172 5183 3245 

Percent Correct Predictions 96.2% 96.6% 96.2% 96.0% 96.0% 96.0% 

Note: This table reports the priority of predictors by Neural Network in six categorizes based on dependent variable 

that is bankruptcy. Dummy variables for bankruptcy, zero for non-bankrupt and one for bankrupt companies. 

Independent variables are Network size and CEO’s educational level. The control variables are also Altman and 

Zmijewski’s financial ratios SIC (Standard Industrial Classification) and filling year of bankruptcy. 
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     My finding shows that in the first regression, networking ability is the third most 

important variable to predict bankruptcy (17%) by Zmijewski and Altman’s model. It is 

also the second important predictor in the fifth regression. The results represent networking 

is stronger predictor rather than education because it has higher percentage of importance.  

      Gamez, Ruiz, and Gil. (2016) showed a higher power of NN in the development 

of models to predict bankruptcy in hotels, versus traditional statistical models like Logit or 

MDA. The prediction of bankruptcy in hotels is a question of classification, and in this 

specific case, NN offer a higher versatility of use because their use does not depend on the 

theoretical principles on which statistical techniques are based (Funahashi.1989).  

     So, networking is negatively significant on predicting bankruptcy by Logistic 

regression and CPHM, education as independent variables is negatively significant on 

predicting bankruptcy based on CPHM and networking is strong important predictor rather 

than education based on NN. 

      Figure 4 indicates these results graphically and in appendix there are visual 

results and tables for other five regressions. 

 

Figure 4. Chart of Altman's variables, networking, and education importance analysis 
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    These results are checked by the areas under Receiver Operating Characteristic 

Curves (ROC) captured by NN. Figure 5 shows the ROC of first regression and the others 

are shown in appendix. 

 

Figure 5. ROC curve of bankrupt and non-bankrupt companies. 

 

 

    An ROC graph is a technique for visualizing, organizing, and selecting classifiers 

based on their performance (Fawcett, 2006). It is applicable to binary classifier systems, 

e.g. a model that predicts bankruptcy/non-bankruptcy. 
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Table 9: Outline of a Contingency Table for ROC curve 

 True condition 

 
Condition positive Condition 

negative 

Predicted 

Condition 

Predicted condition 

positive 
True positive False positive 

Predicted condition 

negative 
False negative True negative 

 

ROC graphs are two-dimensional, where the true positive rate is plotted on the Y-

axis and the false positive rate is plotted on the X-axis. The rates are calculated as follows: 

 

 

True positive rate =  

 

 

False positive rate =  

 

 

    The ROC curve was calculated for all models for the training and validation sets 

by using the ROCR package, providing a critical analysis of the evolution of machine 

learning. In order to compare different classifiers, the area under the ROC (AUROC) graph 

is a common measure. The AUROC is equivalent to the probability that the classifier will 

rank a randomly chosen positive higher than a randomly chosen negative, assuming that a 

positive ranks higher than a negative (Fawcett, 2006). The area can range from 0.5 to 1.0. 

A random classifier will on average have a value of 0.5 while a perfect classifier will have 

a value of 1.0. 

 

True positives 

Sum of true positives and false positives 

Sum of true positives and false positives 

False positives 
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 An AUROC value of 0.7-0.8 shows acceptable discrimination, 0.8-0.9 shows 

excellent discriminations and higher than 0.9 shows outstanding discrimination (Hosmer 

& Lemeshow, 2000). 

     Sensivity and specificity are metrics for identifying the accuarcy of each model. 

Each focus on evaluating a type of firm sensitivity for failed firms and specificity for non-

failed firms. The X-axis of ROC is specificity and sensivity on Y-axis. Sensivity if the 

probability of classifiying a case when it belongs to case 1, that I have two cases, 1 for 

bankrupt and zero for non-bankrupt companies. This is the type I error used for explaining 

classification results. Specificity is the probability of classifing a case when it belongs to 

case 0. It is the type II error. Area under two curve (red and blue ones for bankrupt and 

non-bankrupt) tworad left top corner show the efficiency of classification. The distance of 

perfect line and closeness to left and top corner shows the accuarcy of model.  

    In the first regression, networking and education as predictor plus Altman’s 

variables as controls, it is the most accurate of model because the curve arc is closer to the 

left and top whereas in the ROC of other regressions, the curve is approaching to perfcet 

line. 

      Two commonly applied performance rates (Kim & Upneja, 2014; Wang, Ma, 

Huang, & Xu, 2012 ) were calculated: the true positive rate (TPR) or sensitivity and the 

true negative rate (TNR) or specificity, which are equivalent to 1 −type I error and 1 −type 

II error, respectively.  
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     The predictive power or accuracy (ACC) was calculated as the number of 

accurate classifications divided by the total number of elements in the validation set. These 

indicators are equivalent to those proposed by Altman (1968) ; hence, we can compare 

them with his outcomes directly. The variables are given by:  

Sensitivity = TPR = 1 −Type I Error = TP TP + FN  

Specificity = TNR = 1 −Type II Error = TN TN + FP   

where TP is True Positive, that is, bankrupt firms classified correctly and TN is 

True Negative, that is, non-bankrupt firms classified correctly. Sensitivity has values close 

to 1 when type I error is low, and specificity is close to 1 when type II error is low. For 

bankruptcy, there is a preference for higher sensitivity because this translates into losses 

for lenders, whereas specificity is the threshold for gain. 
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CHAPTER 7 

 

CONCLUSIONS AND FUTURE RESEARCH OPPORTUNITIES 

 

      In this study, the forward stepwise procedure selected financial models to 

predict bankruptcy that I used two social and human capital variables, networking ability 

as a proxy of social capital and CEO’s educational background as a proxy of human capital 

plus Altman and Zmijewski models as most accurate and flexible models in recent studies 

and SIC (Standard Industrial Classification) and filling year of bankruptcy in the role of 

control variables.  

      This study developed bankruptcy prediction models for public firms using Cox 

Proportional Hazard Model and NN from 1999 to 2017 by industry and year-fixed effect. 

The used factors are follows two sets of financial ratios, Working Capital/Total Asset, 

Retained Earnings/ Total Asset, Earnings Before Interest and Tax/Total Asset, Market 

Value of Asset/ Book Value of Debt and Sales/Total Asset of Altman, Net income/Total 

Assets, Total debt/Assets, Current assets/Current liabilities of Zmijewski Model plus 

Networking Ability and Educational level of CEO by industry-fixed effect and year-fixed 

effect.  

      I used a Cox Proportional Hazard Model to examine the impact of independent 

variable and I found both of them are negatively significant on predicting bankruptcy.  
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Next, I run Neural Network to test how important is each independent variable on 

bankruptcy prediction that the results indicate networking ability is stronger and more 

accurate than education. Additionally, Altman’s financial ratios play a more important role 

rather than Zmijewski’s on prediction. This study improves the most accurate prediction 

model, Altman’s model in order to use non-financial variables such as social and human 

capital. 

      Scholars and practitioners should study other social factors based on types of 

countries. This paper focused on US firms but this phenomenon can be compared, for 

example, across developing and developed countries in order to analyze the role of social 

factors in financial distress.  

      This thesis is interdisciplinary in nature, specifically with regard to human 

resource and finance because human capital and social capital have been seen as key 

element in financial issues in recent decades; therefore, we recommend usage of social and 

human capital in order to show importance of intangible assets in different industrial 

environments.   

      Finally, we used industry and year of bankruptcy filing as control variables, 

whereas there is not considered economic, law and regulation of business or political 

factors as control variables that can be studied by economics, law and politics students 

because a country’s economic factors or political condition in specific time period can 

cause bankruptcy in the short term and long term. Thus, it is necessary to examine factors 

related to social or financial variables. 
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APPENDIX A 

CONTROL VARIABLE SIC (STANDARD INDUSTRIAL CLASSIFICATION) IN 

11 GROUPS BASED ON CODES 

 

 

 

Table 10 

SIC (Standard Industrial Classification) categorizes  

Division Codes Industry Title 

1 0100-0999 Agriculture, Forestry and Fishing 

2 1000-1499 Mining 

3 1500-1799 Construction 

4 1800-1999 Not Used 

5 2000-3999 Manufacturing 

6 4000-4999 
Transportation, Communication, Electric, Gas and 

Sanitary Service 

7 5000-5199 Wholesale Trade 

8 5200-5999 Retail Trade 

9 6000-6799 Finance, Insurance and Real Estate 

10 7000-8999 Services 

11 9100-9999 Public Administration 
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APPENDIX B 

 

EXTRA STATISTICAL ANALYSIS FOR INDEPENDENT AND CONTROL VARIABLES 

 

 

Table 11-Correlation matrix of independent and control variables 

 constant Education Networking WC/TA RE/TA EBIT/TA MVE/BVD S/TA NI/TA TD/TA CA/CL 

Education .014 1.000 -.037 -.125 -.001 .067 .018 .159 -.016 -.088 .075 

Networking -.879 -.037 1.000 .052 .010 -.075 -.037 .045 -.018 -.014 -.001 

WC/TA -.156 -.125 .052 1.000 -.013 -.019 .095 .146 .042 -.032 -.055 

RE/TA -.015 -.001 .010 -.013 1.000 -.557 .282 .089 -.120 .379 -.056 

EBIT/TA .062 .067 -.075 -.019 -.557 1.000 .477 -.151 .125 .195 .039 

MVE/BVD -.070 .002 .056 .025 -1.00 -.188 1.000 .053 .312 .022 -.953 

S/TA -.267 .159 .045 .146 .089 -.151 -.018 1.000 -.763 -.075 .082 

NI/TA -.016 -.016 -.018 .042 -.120 .125 -.856 -.763 .062 1.000 .004 

TD/TA -.088 -.088 -.014 -.032 .379 .195 .142 -.075 .083 .004 1.000 

CA/CL .075 .075 -.001 -.055 -.056 .039 -.364 .082 -.048 -.121 -.040 

constant 1.000 .014 -.879 -.156 -.015 .062 -.070 -.267 -.016 -.088 .075 
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APPENDIX C 

IMPACT OF NETWORKING AND ALTMAN’S FINANCIAL RATIOS BY 

INDUSTRY-FIXED EFFECT BY NN 

 

 
Figure 6. Neural Network layer graph for Altman's financial ratios and networking 
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Figure 7. ROC curve of bankrupt and non-bankrupt companies 

 

 

 

 

  

Figure 8. Chart of Altman’s variables and networking importance analysis 
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APPENDIX D 

IMPACT OF EDUCATION AND ALTMAN’S FINANCIAL RATIOS BY 

INDUSTRY-FIXED EFFECT BY NN 

 

Figure 9. Neural Network Layer Graph for Altman’s financial ratios and education 

 

Figure 10.ROC curve of bankrupt and non-bankrupt companies 
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Figure 11. Chart of Altman’s variables and education importance analysis 
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APPENDIX E 

IMPACT OF NETWORKING, EDUCATION, AND ZMIJEWSKI’S FINANCIAL 

RATIOS BY INDUSTRY-FIXED EFFECT BY NN 

 

 

 

Figure 12. Neural Network Layer Graph for Zmijewski’s financial ratios, networking and education. 
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Figure 13. ROC curve of bankrupt and non-bankrupt companies 

 

 

 

 
Figure 14. Chart of Zmijewski’s variables, networking and education importance analysis 
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APPENDIX F 

IMPACT OF NETWORKING AND ZMIJEWSKI’S FINANCIAL RATIOS BY 

INDUSTRY-FIXED EFFECT BY NN 

 

 

Figure 15. Neural Network Layer Graph for Zmijewski’s financial ratios and networking 

 

 
 

Figure 16. ROC curve of bankrupt and non-bankrupt companies 
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Figure 17. Chart of Zmijewski’s variables and networking importance analysis 
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APPENDIX G 

IMPACT OF EDUCATION AND ZMIJEWSKI’S FINANCIAL RATIOS BY 

INDUSTRY-FIXED EFFECT BY NN 

 

Figure 18. Neural Network Layer Graph for Zmijewski’s financial ratios and education 

 

 

 

 
Figure 19. ROC curve of bankrupt and non-bankrupt companies 
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Figure 20. Chart of Zmijewki’s variables and education importance analysis 

 

 

 

 

 

 

 

 

 

 

 

 

 

 


