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Abstract 
Each year, the financial statement of large companies has to be audited by a certified public accountant. 

As part of this, the auditor has to evaluate whether substantial doubt exists about the ability of the 

company to continue its operations for the foreseeable future, called the going concern status. 

Unfortunately, wrong going concern decisions are still current and can have severe consequences. 

Predictive analytics show promising results in various fields and could aid the auditor in this decision. 

Therefore, this study investigates to what extent the going concern decision can be predicted with the use 

of predictive analytics. 

Going concern indicators are identified by combining expert knowledge from interviews with experienced 

practitioners and data driven knowledge from a structured scientific literature review. Six predictive 

analytics models are created using the decision tree and random forest techniques applied to three 

differently balanced training and validation sets which balance the proportion of the going concern 

observations. The performance of these models is evaluated based on business- and data mining success 

criteria following the CRISP-DM methodology.  

The results show that the created predictive analytics models are well able to predict the going concern 

decision based on publicly available information from the financial statement. A suggested application for 

these models is an early warning system which identifies potential going concern risks. The most suitable 

created model for this application has an excellent type II error rate of 0.65% and an accuracy of 94.67%. 

As such, it outperforms almost all models presented in prior research, which have an average accuracy of 

86.32%. 
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Management summary 
Each year, the financial statement of large companies has to be audited by a certified public accountant. 

As part of this, the auditor has to evaluate whether substantial doubt exists about the ability of the 

company to continue its operations for the foreseeable future, called the going concern status. In this 

study, a status of “going concern” indicates that such a substantial doubt exists and a “non-going concern” 

status indicates that it does not exist. Unfortunately, wrong going concern decisions are still current and 

can have severe consequences. A special type of data mining techniques, called predictive analytics, show 

promising results in various fields and could aid the auditor in this decision. Therefore, this study 

investigates to what extent the going concern decision can be predicted with the use of predictive 

analytics. 

As a start, a triangulation technique is used to identify going concern indicators which could be used in the 

creation of the prediction models. First, data driven knowledge is collected by performing a structured 

scientific literature review and extracting the going concern indicators from 17 relevant papers. Further, 

expert knowledge is consulted by conducting interviews with experienced practitioners from leading 

auditing firms. In order to make the results of this study more accessible to implement, only publicly 

available information is considered. Therefore, only data from the financial statement is used to create 

the models. This resulted in the list of indicators as shown in Table 1. 

Table 1. Indicators of going concern opinion used in this study 

Indicator 

Current ratio (Liquidity) [current & forecast]  Benchmarks & development of competitors 

Cash [over time & forecast] Trend analysis 

Loss [over time] Firm size 

Revenue [over time] Retained earnings/total assets (Profitability) 

Net Debt/EBITDA (Leverage ratio) Net worth/total liabilities (Solvency) 

Parent company (Organizational structure) Gross profit ratio 

Interest Coverage (Solvency ratio) Net Income/total assets (Profitability) 

Debt Ratio (Leverage; Solvency ratio) EBIT/total assets (Profitability) 

Altman Z-score Working capital/total assets (Liquidity) 

R&D expenses Going concern in prior year 

 

In Table 1, the type of indicators is marked by brackets ‘(’ and ‘)’ and the timeframe is indicated by square 

brackets ‘[’ and ‘]’. As suggested in the interviews, a trend analysis and benchmark of some of these 

indicators are calculated and added to the list of indicators. Further, a forecast of the value of several 

indicators for the next year is calculated and added to the list of indicators. As a result, the final set of 

indicators consists of 41 independent variables (indicators) and one dependent variable, the going concern 

opinion of the auditor.  
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Based on these indicators, six data driven going concern prediction models have been created. These 

models are created based on three balancing methods which balance the proportion of going concern 

observations in the training and validation set (50-50 balanced, 60-40 balanced and no applied balancing 

method). Per balancing method, two predictive analytics techniques, decision tree and random forest, 

have been applied to create a total of six models. 

All these models perform well on the constructed business success criteria: comprehensibility, justifiability, 

quality of input data, accessibility and use of relevant timeframe. Further, the robustness of these models 

is assessed by evaluating the performance of the models when suboptimal settings and conditions are 

applied. The models appeared to be resistant to changes in the used timeframe (i.e. the number of years) 

for the training of the model, the use of parameter settings of the predictive analytics techniques and the 

inability to use information from prior years. 

Overall, all created models perform well on the data mining success criteria: overall accuracy, Type I error 

rate, Type II error rate, recall, precision, ROC curve and AUC. For this study, the most important 

performance indicators are the overall accuracy and the type II error rate (the proportion of the predicted 

going concern decisions that is wrongly classified as non-going concern) because of the associated 

consequences (e.g. a potential lawsuit by investors). The performance of the decision tree models and 

random forest models is very similar. However, the decision tree is preferred since it is more 

comprehensive.  

There are two suggested applications for these going concern prediction models. First, as early warning 

system, the model could be used to identify companies with potential going concern risks. The most 

suitable model for this application would be the decision tree model based on the 50-50 balanced training 

and validation set (DT_50-50). For this application, it is important that the chance of missing a going 

concern risk is as low as possible, which implies that the model minimizes the type II error while keeping 

a good overall accuracy. The DT_50-50 model has an excellent type II error of 0.65% (less than 1 in 150 

observations is classified as non-going concern while it should be going concern) while keeping a good 

overall accuracy of 94.67%. 

Second, as a decision tool, the model could be used to decide whether a company should receive a going 

concern opinion. Then, the aim would be to maximize the accuracy of the decision. Therefore, the decision 

tree model based on the unbalanced training and validation set (DT_Unbalanced) would be most suitable. 

It has an accuracy of 96.70%, which is well over the average accuracy of models presented in prior research 

(86.32%). However, since a substantial number of potentially useful indicators are not used in the creation 

of the model and the accuracy is not 100%, it would be advised not to use the model as a final decision 

tool, but merely as a decision support tool.  

Therefore, the most suitable application of the model is the application of the (DT_50-50) model as an 

early warning system which would aid the auditor in identifying companies which have a potential going 

concern risk. However, both the decision to perform additional procedures as the final going concern 

decision should be made by the auditor. The professional judgment of the auditor will remain the most 

important decision tool since it could incorporate additional information not available to the model. 
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However, the information on which the professional judgment is based could be improved by the 

additional use of (these) predictive analytics models.  

Furthermore, the relative position of the independent variables in the models is an indication of their 

predictive power. An analysis shows that the Altman Z-score and the going concern opinion in the prior 

year have the most prediction power for the going concern opinion. Furthermore, all of the following 

indicator types are present in all models: liquidity, profitability and solvency. These are represented by the 

following indicators:  

 Liquidity:         working capital/total assets; current ratio 

 Profitability:   net income/total assets; EBIT/total assets; retained earnings/total assets 

 Solvency:        market value/total assets; debt ratio 

In addition, the equity of a company seems to be a strong indicator for the going concern decision. When 

added to the model, it largely replaces the Z-score and becomes the variable with the most discriminative 

power. However, more research is needed to investigate the impact on other aspects of the models.  

It is important to note that the data on which the models are created fully consists of companies with the 

headquarter in the USA. Therefore, the applicability of the model in other countries has to be done with 

care. This study can be used as a strong base to create new models with the use of the new data, following 

the methodology as outlined. 

Concluding, the created predictive analytics models are well able to predict the going concern decision of 

the auditor. A suggested application would be an early warning system that identifies companies with a 

going concern risk.  
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1. Introduction 
Each year, the financial statement of large companies has to be audited by a certified public accountant. 

As part of this, the auditor has to evaluate whether substantial doubt exists about the ability of the 

company to continue its operations for the foreseeable future, called the going concern status. According 

to SAS 59 and ISA 570 (AICPA, 2016), if there are indications that the company might face severe financial 

difficulties which might lead to the inability to continue its operation in the coming twelve months after 

issuance of the financial statement, the auditor has to issue a going concern report (Soumya & Deepika, 

2016). The assessment of a firm’s going concern status is not an easy task and incorrect assessment is not 

uncommon (Koh & Low, 2004; Kuruppu, Laswad, & Oyelere, 2012). To illustrate, consider the following 

example. 

On the 17th of March 2015, a Big Four audit company approved the 2014 financial statement of Imtech, 

stating “there remain no material uncertainties with respect to going concern”. This implies that they don’t 

see any reason why Imtech will not be able to continue their operations in the foreseeable future, at least 

12 months. However, just a few months later, on the 13th of August, Imtech filed for bankruptcy which 

resulted in a loss of 1,1 billion euro for their investors. The investors association VEB responds by looking 

into the possibility of suing one of the partners of the Big Four audit firm (4Moraal, 2015). 

This example shows that an inaccurate going concern statement of audit firms can have severe 

consequences. These might include reputation loss of the audit firm, investment losses, financial damage 

of the audited firm up to bankruptcy (Geiger & Raghunandan, 2002). Therefore, the audit firms are 

pressured to make correct and well substantiated choices. It has been suggested that it is likely that an 

auditor’s evaluation of going concern could be enhanced with the use of predictive analytics (Mcknight, 

2015). Despite the various attempts to create a model which predicts the going concern status of a 

company, misclassification by auditors is thus still current (Martens, Bruynseels, Baesens, Willekens, & 

Vanthienen, 2008).  

Therefore, this study contributes to the growing literature body on predicting going concern opinions by 

creating prediction models based on theoretical knowledge and expert knowledge. It further suggest an 

application of these models which would lead to an increase in the quality of the going concern decision.  
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1.1. Research questions 
As outlined, incorrect assessment of the going concern status of a company by the auditor is not 

uncommon. Despite its great potential, the application of predictive analytics techniques on audit 

engagements has lagged behind (Earley, 2015). The application could lead to an improvement of the 

decision quality of the auditor. Therefore, the following research question is formulated: 

RQ: “To what extent can the going concern decision be predicted with the use of predictive analytics?” 

An important aspect of the research question is the extent to which the decision can be predicted, i.e. the 

evaluation of the quality of the prediction. The focus of this study lies on the signaling of a potential going 

concern risk. Therefore, the quality of the prediction will be evaluated from that perspective.  

The decision of an auditor to issue a going concern report starts with the identification of a potential going 

concern risk. As will be discussed in section 1.2.2, when a potential going concern risk is not identified, it 

is most likely that no going concern report will be issued. Notwithstanding the fact that there might be a 

real going concern risk. Thus, the signaling of a potential going concern risk is of great importance.  

In order to answer the research question, several sub-questions are formulated to guide the research. 

Before creating a prediction model, first, it is crucial to further understand the going concern assessment. 

This will enable the identification of an area where the application of predictive analytics has the greatest 

potential. Therefore, a brief background discussion of the going concern assessment process is provided.  

An essential step in creating a model using the predictive analytics is determining which information could 

potentially be useful. For this study, this implies identifying which indicators could be used to predict the 

outcome of going concern decision. This results in the following sub-question: 

Q1: “Which indicators can be used to predict the going concern status of a company?” 

After the indicators of the going concern status of a company are identified, the predictive analytics 

techniques can be applied to create a going concern prediction model. This leads to the following sub-

question: 

Q2: “What model can be used to predict the going concern decision?” 

Before a conclusion can be drawn on the extent to which the going concern decision can be predicted with 

the use of predictive analytics, first, the created prediction models have to evaluated. Thus, the final sub-

question is formulated as followed: 

Q3: “What is the quality of these going concern prediction models?” 

As a whole, these sub-questions will answer the main research question by evaluating the extent to which 

the model is able to improve the quality of the going concern decision. 
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1.2. Contribution 
In answering the research question, this study aims to contribute by bridging the gap between the 

advances in literature and lacking adoption of practitioners. This study takes a holistic view of the going 

concern assessment problem by combining data driven knowledge with expert knowledge to create a 

comprehensive model. This will demonstrate the ability to predict the going concern decision with 

predictive analytics models. In order to make the results even more accessible for implementation, the 

model will be based on publicly available data. 

The study compares various balancing techniques to further increase the prediction power of the models. 

These different balancing methods significantly influence the characteristics of the model, paying extra 

attention to the relevant data mining success criteria accuracy and type II error rate. Therefore, the models 

can be tailored towards the needs of the specific application.  

In addition, a more sophisticated balancing method is created which uses stratified sampling based on the 

financial year of the observation. This decreases the impact that external circumstances might have that 

are not incorporated in the model.  

Further, several new going concern indicators are introduced in the going concern research. These include: 

benchmarking, trend analysis and a forecasting of various variables (such as financial ratios).  

Moreover, the performance of the model is tested extensively. Particularly new is the scope robustness 

test in which the timeframe for the creation of the model is altered to evaluate the impact of the selected 

sample. In this analysis, several interesting observations are made of which a possible explanation is 

provided based on literature.  

Finally, a new experimental setup, validation method, is introduced in the field. The strong characteristics 

of the combination of cross-validation and hold-out methods result in a setup that enables the researcher 

to both optimize and evaluate the prediction model accurately. 
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1.3. Methodology 
The main research question is resolved by answering the formulated sub-questions and aggregating the 

results. Therefore, the study is composed of three parts, each dedicated to one sub-question.  

In the first part, the indicators for a going concern status of a company are identified for which a 

triangulation method is used. The indicators which are identified by prior research are combined with the 

indicators that are used by practitioners to generate a holistic view. For the prior research, an extensive 

literature study is performed based on the methodology of Randolph (2009). The indicators used by 

practitioners are identified by conducting several semi-structured interviews with experienced experts 

from leading audit companies. 

 

Figure 1. CRISP-DM methodology (Wirth & Hipp, 2000). 

In the second part, going concern prediction models are built based on the CRISP-DM (CRoss Industry 

Standard Process for Data Mining) methodology as shown in Figure 1 (Wirth & Hipp, 2000). Since this study 

aims to make the results more accessible by using only publicly available data, the indicators are grouped 

by data source and thereby paying extra attention to the availably characteristics of these sources. It turns 

out that a large proportion of the indicators are presented in the financial statement of a company which 

is publicly available. Therefore, the Compustat and Audit Analytics databases are used since they contain 

a large amount of financial and audit information from these financial statements. Following the CRISP-

DM methodology, first the data mining and business success criteria are formulated on which the models 

will be evaluated in a later stage. Second, the data is explored and prepared. Thereafter, variables are 

created that represent the indicators which are identified in the previous part. Subsequently, suitable 

predictive analytics techniques are selected based on their performance on the formulated success 

criteria. It turns out that the decision tree and random forest techniques are the most suitable for this 

study. An experimental setup is formulated to accurately evaluate and optimize the performance of the 

prediction models. As a result, various balancing methods are applied, the parameters of the prediction 

techniques are optimized, the scope of the study is optimized and a feature selection method is applied. 
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Finally, several models were created based on the various balancing methods and two prediction 

techniques. For the manipulation of the data and the creation of the model Rapidminer 7.2 is used.  

In the final part, the performance of the models is evaluated based on the data mining and business 

success criteria. In addition, the robustness of these models is assessed by evaluating the performance of 

the models when suboptimal settings and conditions are applied. The robustness is tested on: changes in 

the used timeframe (i.e. the number of years) for the training of the model, the use of parameter settings 

of the predictive analytics techniques and the inability to use information from prior years. 

The above described methodology is depicted in Figure 2.  

 

Figure 2. Visualization of methodology used in this study. 

1.4. Report structure  
The structure of the report follows the research sub-questions. First a background of the going concern 

assessment process is provided which results in a suggestion for an application area of the prediction 

model in chapter 2. Chapter 3 identifies the going concern indicators which are known in literature and by 

practitioners. Further, in chapter 4, several going concern prediction models are created based on data 

found in financial statements. In chapter 5, the performance of the created models is evaluated. The 

practical implications, conclusions and limitations & further research are presented in chapter 6. 

Afterwards, the bibliography and appendix is presented.  
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2. Going concern assessment process 
In this chapter, a background discussion is provided of the going concern assessment process. Therefore, 

first the rules and guidelines surrounding the going concern assessment are discussed. Subsequently, the 

formally defined going concern assessment process is described based on formal documentation and 

interviews. As a result, the process step where the application of predictive analytics techniques has the 

greatest potential to aid the auditor is identified. 

2.1. Going concern rules and guidelines  
There are several rules and guidelines to which an auditor should adhere when auditing an annual 

statement of account. These rules and guidelines are largely internationally outlined. However, varieties 

exist between countries. For example, in the Netherlands, these guidelines are determined by the 

legislator and the Royal Netherlands Institute of Chartered Accountants (NL: Koninklijke Nederlandse 

Beroepsorganisatie van Accountants; NBA). Al these rules of professional conduct are presented in the 

“Handleiding Regelgeving Accountancy” (HRA). The HRA is largely based on the International Standards on 

Auditing (ISA) which is developed by the International Auditing and Assurance Standards Board (IAASB) 

and published by the International Federation of Accountants (IFAC). 

The most relevant section for this study of the HRA is HRA 570 which is based on ISA 570 and comparable 

with the American version Statements on Auditing Standards (SAS) 59. In this section, the rules 

surrounding going concern are stated. 

On the basis of every financial statement lie some assumptions. One of which is the going concern basis 

of accounting as ISA 570.2 states: 

“Under the going concern basis of accounting, the financial statements are prepared on the assumption 

that the entity is a going concern and will continue its operations for the foreseeable future.” (ISA 570, 

2016) 

This assumption has an impact on various statements on the financial statement. For instance, the 

depreciation of assets is dependent on the expected lifetime of the assets and therefore expected lifetime 

of the company. 

When auditing the financial statement of a company, the auditor has to make a statement about the 

correctness of the going concern assumption as used by management as stated in ISA 570.6: 

“The auditor’s responsibilities are to obtain sufficient appropriate audit evidence regarding, and conclude 

on, the appropriateness of management’s use of the going concern basis of accounting in the preparation 

of the financial statements, and to conclude, based on the audit evidence obtained, whether a material 

uncertainty exists about the entity’s ability to continue as a going concern.” (ISA 570, 2016) 

Before discussing the process concerning the assessment of the appropriateness of the use of the going 

concern basis of accounting by the management, it is important to understand some terms related to this 

decision. Firstly, the term material uncertainty as used in the above statement.  
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A material uncertainty exists when the magnitude of a potential impact and likelihood of occurrence is 

such that appropriate disclosure of the nature and implications of the uncertainty is necessary for the fair 

presentation of the financial statement or the financial statement not to be misleading (ISA 570.18). It can 

be seen as a measurement of the significance of an event or condition. For example, when a production 

company is highly dependent on one supplier which is in financial distress, this can be viewed as a risk. 

After all, when this supplier fails, the production company is not able to produce. The material uncertainty 

of this risk qualifies the significance of this risk, both on impact and on likelihood. If the absence of this 

information could lead to unfair or misleading presentation of the financial statement it is a material 

uncertainty.  

This implies that, in order to make a well substantiated decision, the auditor has to decide on the 

appropriateness and sufficiency of the obtained audit evidence on which he will base his decision.  

Another important term is significant doubt. There is a substantial debate about the accuracy of this 

statement (i.e. when is a doubt significant?). For instance, in the USA, substantial doubt exists when there 

is a 50-70 percent probability of events that may question the validity of the going concern postulate 

(Boritz, 1991). In contrast, Asare (1992) states that significant doubt has a mean probability of 57% with a 

wide standard deviation of 17%.  

2.2. Going concern assessment process 
In short, there are four opinions which an auditor can form. The process of forming these opinions is 

presented in Figure 3 and is based on ISA 570 and validated by experienced auditors. The relevant ISA 570 

articles are presented between brackets. 

 

 

 

 

 

 

 

 

 

 

  

Figure 3. Formation of going concern opinion. (ISA 570, 2016) 



8 
 

It is very important to note that the described process assumes that there are no other reasons to deviate 

from the unmodified opinion apart from a potential going concern risk. There can be other conditions or 

events which might give reason to give another opinion such as fraud. These are however out of the scope 

of this thesis. Further, when ‘management’ is mentioned, this refers to the management of the audited 

company.  

In general, the following process can be identified. A risk assessment is performed by the auditor. This 

assessment is executed in the beginning of the audit process as well as continuous throughout the audit 

process. If no conditions or events are identified that lead to a significant doubt on the going concern 

assumption, there is no reason (from a going concern perspective) to deviate from an ‘unmodified opinion’ 

(ISA 570.10). However as stated, there might be other reasons apart from the going concern evaluation to 

modify the opinion. 

If there are any indications that there is a risk that might have a significant impact on the going concern 

assumption, additional audit procedures will be performed (ISA 570.10 & ISA 570.16). These might differ 

between audit firms. If no such risk is identified, there is no reason (from a going concern perspective) to 

deviate from an unmodified opinion. However as stated, there might be other reasons other than the 

going concern evaluation to modify the opinion. If no significant doubt is identified, an ‘unmodified 

opinion’ is issued. 

If a significant doubt on the going concern assumption exists, additional audit procedures will be 

performed to evaluate the material uncertainty (ISA 570.16). These might differ between audit firms but 

have to adhere to a defined minimum (ISA 570.18). If no material uncertainty exists, an ‘unmodified 

opinion’ is still issued. However, the adequacy of disclosure by management of these events or conditions 

is evaluated (ISA 570.20).  

If conditions or events have been identified and no material uncertainty exists, it is evaluated whether the 

use of the going concern assumption is appropriate (ISA 570.19). This decision is a professional judgment 

by the auditor based on the gathered sufficient appropriate audit evidence. If the auditor concludes that 

the going concern assumption is not appropriate, an ‘adverse opinion’ is issued. 

If the going concern assumption is appropriate, the adequacy of the disclosure of these condition or events 

by the management is evaluated, i.e. to what extent did management mention and explain the conditions 

or events that are relevant to the going concern assumption. If these events or conditions are not 

adequately disclosed, an ‘adverse opinion’ is issued (ISA 570.230). If the disclosure is adequate, an 

‘unmodified option with “Material Uncertainty Related to Going Concern” section’ is issued. 

Finally, throughout this report a distinction is made between the going concern opinion and the going 

concern status. For this, the follow rationale is used: the auditor assesses the going concern status of a 

company and makes a decision on which going concern opinion he will give. Thus, while the ‘actual’ status 

of the company is a fact, the opinion and the decision of the auditor does not have to be correct. In this 

study, the final going concern decision of the auditor is predicted, because of the lack of a real 

measurement of the ‘actual’ going concern status.  
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2.3. Going concern assessment process step with the potential for improvement  
As shown in Figure 3, the going concern risk assessment is an important step. After all, if a potential going 

concern risk is not identified, the ‘further audit procedures’ in which a more elaborate assessment of the 

risk is performed, is not executed. Thus, the quality of the going concern assessment as a whole is highly 

dependent on the going concern risk assessment. Hence, models that could aid the auditor in the 

assessment of the going concern risk could have great potential to increase the going concern decision 

quality as a whole.  

Therefore, the predictive model should act as an ‘early warning system’ which could warn the auditor to 

further investigate a going concern risk. Especially, this could further increase the going concern decision 

quality if the audit missed the potential going concern risk. Even though the model should identify the 

going concern risk with high accuracy, the decision to perform additional risk assessments will remain to 

be based on the professional judgment of the auditor. This application is also confirmed in interviews with 

partner level auditors from leading audit firms.  
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3. Indicators of a going concern opinion 
To understand which information is or could be used to determine whether the going concern assumption 

correct is a triangulation technique is applied. Triangulation is the combination of methods in the study of 

the same phenomenon. Triangulation can be used to examine the same phenomenon from multiple 

perspectives but also to enrich our underacting by allowing for new or deeper dimension to emerge (Jick, 

1979). In addition, The use of triangulation gives a more detailed and balanced picture of the situation 

(Altrichter, Posch, & Somekh, 2013). Therefore, a literature study is performed on scientific and business 

literature. In addition, four interviews are held with partner and associate director level auditors from a 

major Certified Public Accountant (CPA) Firm. 

Before discussing the identified indicators in prior research, first a brief overview of the going concern 

prediction studies is provided and the associate comparison between going concern and bankruptcy 

prediction models.  

3.1. Going concern prediction studies 
The origin of going concern prediction studies coincides with the issuance of the SAS No. 2 addressing 

going concern for the first time in 1974. The first going concern prediction study was published just a few 

years later in 1976 by McKee. Also, after the issuance of SAS No. 34 in 1981 and SAS No. 59 in 1988, various 

studies addressing predicting going concern are published (Bellovary, Giacomino, & Akers, 2007). In recent 

years, numerous prediction techniques have been proposed in an attempt to create an accurate prediction 

of the going concerns classification problem. However, in contrast to this study, no study aimed at applying 

the created model in a practical context and evaluating the created models accordingly. It seems as if the 

models merely created to demonstrated the prediction power of several techniques. 

The proposed prediction techniques from prior research can be categorized in statistical methods and 

machine learning methods (Yeh, Chi, & Lin, 2014). Examples of statistical methods are univariate statistical 

methods, multivariate discriminant analysis (MDA)(Mokhatab Rafiei, Manzari, & Bostanian, 2011), logit 

analysis (Gaganis, Pasiouras, & Doumpos, 2007) and probit analysis (Chye Koh & Moren Brown, 1991). 

More recently, machine learning techniques have been applied such as, neural networks (NN)(Etheridge, 

Sriram, & Hsu, 2000; Gaganis et al., 2007), support vector machines (SVM) (Martens et al., 2008), decision 

trees (DT) (Koh & Low, 2004; Martens et al., 2008), k-nearest neighbors (Gaganis et al., 2007), Particle 

Swarm Optimization (PSO) (Salehi & Fard, 2013) and AntMiner+ (Martens et al., 2008) and others.  

3.2. Going concern vs. bankruptcy prediction studies 
Besides going concern prediction models, there is a large body of literature on bankruptcy prediction 

studies. There is a large overlap in these studies as they both predict (to a certain degree) the level of 

financial stress of a company. Bankruptcy prediction models have substantial prediction power for going 

concern opinions (Kuruppu et al., 2012). However, it is important to note that there are some differences 

and nuances to be made. A going concern opinion does not imply bankruptcy will follow in next twelve 

months nor does the bankruptcy of a company imply a going concern opinion in the previous audit report 

of the financial statement. Therefore, the inclusion of bankruptcy prediction models could lead to 

misclassifications of going concern opinions and/or potentially wrong conclusions.  
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For this reason, these studies are initially not selected for this research. The (in)dependency between the 

concepts is illustrated in the following examples.  

If a company went bankrupt within twelve months, the foreseeable future, after issuance of the financial 

statement, this does not imply that a going concern opinion was needed in that report. Imagen the 

situation when a financially healthy company gets stuck by a natural disaster or epidemic which infects a 

large portion of the staff which results in substantial costs and losses which finally result in bankruptcy. In 

such a situation, one could argue that prior to these events, there was no significant doubt about the 

ability of the company to continue as a going concern in the foreseeable future, and therefore no need to 

issue a going concern opinion (Kuruppu, Laswad, & Oyelere, 2003). 

In contrast, when a going concern opinion is issued and the company did not go bankrupt within the 

following twelve months, this does not imply that the going concern opinion is incorrectly issued. There 

could still be a significant doubt about the ability of the company to continue its operations in the 

foreseeable future. But for instance actions undertaken by the management of the company ensured the 

survival of the company.  

Finally, for a severely distressed company, bankruptcy is not the only option. For instance, a merger or 

being acquired by a larger firm can be a workable solutions (Balcaen, Manigart, Buyze, & Ooghe, 2012; 

Schultz, 1995). This further decreases the connection between the going concern and bankruptcy 

prediction literature. 

3.3. Indicators identified by prior research 
For the following literature review, the methodology as proposed by Randolph (2009) is used. The stages 

of the methodology are described below. 

1. Problem formulation 

2. Data collection 

3. Data evaluation 

4. Analysis and interpretation 

5. Public presentation 

The first two stages form the search protocol of the literature review. The result of these stages is a 

collection of relevant documents. Stage c) and d) evaluates and analyzes these documents and interprets 

the extracted data of these documents. The results will later be combines with the other sources to 

triangulate the information relevant to the going concern prediction.  

3.3.1. Problem formulation 

The problem for this literature study is the same as the research sub-question Q1 as formulated in section 

1.1:  

 “Which indicators can be used to predict the going concern status of a company? 

Important aspect in this question are (besides indicators) “predict” and “going concern”. These will form 

the corner stones of this literature review.  
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3.3.2. Data collection 

In order to find all the relevant data to answer the above question, a search protocol should be formulated. 

The search protocol defines the sources, search terms and selection criteria. Afterwards, the result of the 

search protocol will be presented. 

3.3.3. Sources 

To adequately cover the available scientific material, multiple search engines are used as shown in Table 

2. Together, they cover which Cooper (1988) calls ‘exhaustive review with selective citation’. This type of 

literature review is chosen as it bests fits with the scope of this literature review and the limited time which 

is available. These search engines are selected since they cover the relevant sources for scientific literature; 

journals, conference proceedings and books in relevant field which will be used in the search for the 

relevant data.  

Table 2. Search Engines and Index size 

Search Engines Indexes 

Web of Science (Reuters, 2016) 12'000+ journals  
150'000+ conference proceedings 

IEEE Electronic Library (IEEE, 2016) 180+ journals  
1400+ conference proceedings 

ACM Digital Library (ACM, 2016) 407'000+ journal articles  
44+ high impact journals  
2'000+ Proceeding volumes  
7'000+ video/audio files 

Springer (Springer, 2015) 8'500'000+ documents  
170'000 journal/book titles 

 

3.3.4. Search terms 

The search terms are based on the aim of this literature review. Which is, as stated, identifying the relevant 

information sources, indicators and parameters which have prediction power for the going concern status.  

Therefore, the search terms should be able to identify a prediction type model related to going concern 

opinion. As already discussed in section 3.2, there is a nuance between bankruptcy prediction models and 

going concern prediction models. In addition, there is also a difference between the prediction of a 

unqualified/unmodified opinion with additional language and a going concern opinion as discussed in 

section 2.2. There are several reasons why additional language could be added, one of which is a going 

concern argument. Since the general ‘unqualified opinion with additional language’ also includes other 

reasons for providing additional language, these models are omitted. Therefore, the following search 

terms are selected: 

 Going concern 

 Predict*  

The asterisk (*) is added to enable the search for conjunctions with the base ‘predict’.  
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3.3.5. Selection criteria 

The selection criteria used to decide whether a source should be included or excluded from the literature 

review are divided into two groups, pre- and post-collection. The pre-collection criteria determine whether 

a source should be selected from the used libraries. These criteria can be selected in the used libraries. 

The post-collection criteria determine whether a source should be evaluated, analyzed and included in the 

results.  

The pre-collection criteria are: 

1. Written in English 

2. No patent and no books 

3. Available in full text 

4. Published after 2000 

The first criterion is chosen because language problems might be encountered when allowing for other 

languages. In practice, the impact of this criterion will be limited since most of the academic literature is 

written in English. At least 85% of the scientific literature published since the mid-90s is written in English 

(Brown & Brutt-Griffler, 2006).  

The second criterion excludes patens to be included because of the legal restrictions. Books are excluded 

since they are secondary scientific sources (Kent, Lancour, & Daily, 1979) and books mostly contain general 

descriptions and the goal of this literature review is to find concrete techniques. Thirdly, the source should 

be available in full text so that it can be evaluated and used in the results. Finally, the aim of the research 

is to apply predictive analytics techniques as a prediction method. Since the field of predictive analytics is 

relatively young, only publications in this century are considered.  

The post-collection criteria are: 

1. A concrete prediction model should be suggested or be built 

2. The model should predict “going concern” opinions 

The first criterion makes sure a concrete prediction model is suggested or built. This also excludes sources 

which give a general view of the field. The second criterion ensures the model to predict the going concern 

opinion of auditors since this is the focus of this study. As discussed previously, the topics bankruptcy 

prediction and auditor’s opinion prediction are highly related, but do not have the same goal.  

The search terms are converted into search queries. This resulted in the search queries as shown in Table 

3. Overview of the results of data collection.  
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Table 3. Overview of the results of data collection 

 
Web of Science IEEE Electronic Library ACM Digital Library Springer 

Search Query ("going 
concern" AND 
predict*) 

("going concern" AND 
(predict*) 

("going concern" 
AND predict*) 

("going 
concern" AND 
predict*) 

Publication years 2000-2016 2000-2016 2000-2016 2000-2016 

Search field Topic Metadata Metadata all 

Language filter English English English English 

Number of results 43 1 0 343 

 

The search in the Springer database returned significant more results than the other databases. One of 

the reasons is that the database searches in the total text of the articles which results in a high recall, but 

also in a low relevance. After sorting the articles on relevance, only the top 100 articles are considered. 

The other 243 articles are briefly analyzed by evaluating the relevance of the title of every 10th article. 

None of these where relevant since they did not met the post-collection criteria. 

The remaining 144 articles are analyzed by evaluating the title and abstract to assess if they met the post-

collection criteria. This resulted in a set of 9 articles (WOS: 7; IEEE: 1; ACM: 0; Springer: 2) since there was 

an overlap of one article. A further search in the citations of these articles resulted in an additional 8 

articles. Therefore, the final article pool consists of 17 articles. An overview is presented in Appendix A.  

3.3.6. Data evaluation 

Data is extracted from the articles found in the previous section by thoroughly reading and analyzing the 

articles. The aspects on which the articles are evaluated, are based on the research sub-question Q2. 

Therefore, the variables which are significant in the models as presented in the papers are collected. Also, 

the definition or formula used in the construction of the variable is collected to be able to recreate the 

same indicator. This resulted in a list of 91 different variables that are used in various models throughout 

the articles pool. To select the most proven variables, a selection was made based on the frequency of 

occurrence. A indicator is selected if at least 3 articles have successfully used it in their prediction model.  

This resulted in the following list of used indicator as shown in Table 4.  
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Table 4. List of indicators as used by prior research. 

Indicator 
description 

Definition or formula Articles 

Firm Size Natural logarithm of total assets (Anandarajan & Anandarajan, 1999; C. Chen, 
Martin, & Wang, 2013; Hung & Shih, 2009; 
Martens et al., 2008; McKee, 2003; Yeh et al., 
2014) 

Current ratio Current assets/Current liabilities (Anandarajan & Anandarajan, 1999; Brabazon 
& Keenan, 2004; Hung & Shih, 2009; M J 
Lenard, Alam, & Booth, 2000; Martens et al., 
2008; McKee, 2003; Mokhatab Rafiei et al., 
2011; Sun, 2007; Yeh et al., 2014) 

Debt ratio 
(Leverage; 
Solvency ratio) 

Total liabilities/Total assets  (Anandarajan & Anandarajan, 1999; Brabazon 
& Keenan, 2004; C. Chen et al., 2013; Goo, Chi, 
& Shen, 2016; Hung & Shih, 2009; Koh & Low, 
2004; M J Lenard et al., 2000; Martens et al., 
2008; McKee, 2003; Parng & Fu, 2011; Salehi 
& Fard, 2013; Yeh et al., 2014) 

Retained 
earnings/total 
assets 

Retained earnings/total assets (Anandarajan & Anandarajan, 1999; Brabazon 
& Keenan, 2004; Koh & Low, 2004; Martens et 
al., 2008; Mayew, Sethuraman, & 
Venkatachalam, 2012; McKee, 2003; Salehi & 
Fard, 2013; Yeh et al., 2014) 

Net 
worth/Total 
Liabilities 

[Total Liabilities-Total Assets]/Total 
Liabilities 

(M J Lenard et al., 2000; Martens et al., 2008; 
Mayew et al., 2012; Yeh et al., 2014) 

Gross profit 
ratio 

Gross profit/sales (Brabazon & Keenan, 2004; Mokhatab Rafiei 
et al., 2011; Salehi & Fard, 2013) 

EBIT/total 
assets 

Earnings Before Interest & Tax / 
Total Assets 

(Brabazon & Keenan, 2004; Mayew et al., 
2012; Salehi & Fard, 2013) 

Net 
Income/total 
assets 
(Profitability; 
ROA) 

Net Income/total assets (Brabazon & Keenan, 2004; Goo et al., 2016; 
Hung & Shih, 2009; Koh & Low, 2004; Martens 
et al., 2008; McKee, 2003; Mokhatab Rafiei et 
al., 2011; Parng & Fu, 2011; Salehi & Fard, 
2013; Sun, 2007) 

Working 
Capital/Total 
Assets 

Working Capital/Total Assets (Brabazon & Keenan, 2004; Mayew et al., 
2012; Mokhatab Rafiei et al., 2011) 

Prior year’s 
loss 

“Yes” if loss in prior year; “No” if NO 
loss in prior year 

(Anandarajan & Anandarajan, 1999; C. Chen 
et al., 2013; Kleinman & Anandarajan, 1999) 
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Indicator 
description 

Definition or formula Articles 

Bad news Count(Entered receivership; inability 
to meet interest payments; going 
concern audit report in prior year; 
negative cash flows from operations; 
negative working capital; product 
obsolescence; liquidation of 
productive assets; loss of major 
customers; federal tax lien; loss of 
key personnel; obsolete inventory; 
employee strike; preferred dividend 
arrearages; factored accounts 
receivable; loss of purchase 
discounts) 

(Kleinman & Anandarajan, 1999; M J Lenard et 
al., 2000; Mayew et al., 2012) 

Good News Count(viable plan to remedy the 
circumstances that raised the GC 
question; waivers for violation of 
debt covenants; restructuring of 
debt; management earnings forecast 
available; employee or supplier 
concessions; forgiveness of debt or 
dividends; issuance of new debt; 
successful new product; sales of 
common stock; increase in R&D) 

(Kleinman & Anandarajan, 1999; Mayew et 
al., 2012) 

Going concern 
prior year 

Going concern audit report in prior 
year 

(C. Chen et al., 2013; Kleinman & 
Anandarajan, 1999; McKee, 2003) 

Altman Z-score 1,2*[WC/TA] + 1,4*[RE/TA] + 
3,3*[EBIT/TA] + 0,6*[Market 
value/TL] +[Sales/TA] (Altman, 2006) 

(Casterella, Lewis, & Walker, 2000; C. Chen et 
al., 2013; Kleinman & Anandarajan, 1999; Yeh 
et al., 2014) 

 

3.4. Indicators used by practitioners 
In addition to the previous section, experienced auditors from leading companies in the field have been 

consulted to complement the indicators identified by prior research. A semi-structured interview type is 

chosen since it provides the interviewee with the flexibility to give broad answers while keeping enough 

structure to make sure all the important topics are covert (D. Cooper & Schindler, 2005).  

In short, the aim of the interviews was to identify the indicators which are currently used by practitioners. 

In addition, they are also asked which indicators would potentially have prediction power. The full outline 

of the interviews and a small discussion of the results is presented in Appendix B. This resulted in the 

following list of identified indicators as shown in Table 5. The names of the interviewees have been 

anonymized for privacy reasons.  
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Table 5. List of (potential) indicators as used by practitioners. 

Indicator Interviewee 

Currently used indicators 

Market growth projections Partner I, Partner II, Partner III, A. Director I 

Funding opportunities Partner I, Partner II, Partner III, A. Director I 

Signed bank contracts Partner I, Partner II, Partner III, A. Director I 

Political development Partner II 

General business &  
sentiment information in media 

Partner I, Partner II 

Large calamity in company Partner I 

Large claims Partner I 

Product lifecycle Partner I, Partner II 

Content multiyear plan Partner I, Partner III, A. Director I 

Track record Partner III 

Headroom analysis Partner III 

Technological development Partner II, Partner III 

Organizational & geographical structure Partner II, Partner III 

Financial ratios and figures Partner I, Partner II, Partner III, A. Director I 

liquidity [current & forecast] Partner I, Partner III, A. Director I 

Cash [over time & current & forecast] Partner I, Partner III, A. Director I 

Loss [over time & current] A. Director I 

Renevue [current & over time] Partner I, Partner III, A. Director I 

Net Debt/EBITDA (Leverage ratio) A. Director I 

Interest Coverage (Solvency ratio) A. Director I 

Budget analysis Partner I 

Altman Z-score Partner III 

Potentially useful indicators 

R & D expenses Partner II 

Benchmarks & development of competitors Partner II, Partner III 

Trend analysis Partner III 

 

For some indicators, the practitioners also indicated that these should analyzed in a certain timeframe. In 

Table 5, this is indicted by square brackets ‘[]’. E.g. [over time] means comparing the results of several 

years in the past and [forecast] indicates looking into the future (although based on current and prior 

years).  

3.5. Going concern indicators 
The resulting indicators of section 3.3 and section 3.4 are combined to generate the follow overview of 

going concern indicators as shown in Table 6. 
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Table 6. List of potential indicators for a going concern opinion found in prior research and by practitioners. 

Indicator Prior research Practitioner  

Current ratio (Liquidity) [current & forecast]    

Cash [over time & forecast]   

Loss [over time]   

Revenue [over time]   

Net Debt/EBITDA (Leverage ratio)   

Interest Coverage (Solvency ratio)   

Debt Ratio (Leverage; Solvency ratio)   

Altman Z-score   

R & D expenses   

Benchmarks & development of competitors   

Trend analysis   

Firm size   

Retained earnings/total assets (Profitability)   

Net worth/total liabilities   

Gross profit ratio   

Net Income/total assets (Profitability; ROA)   

EBIT/total assets (Profitability; ROA)   

Working capital/total assets   

Going concern prior year   

Parent company (Organizational structure)   

Product lifecycle   

Market growth projections   

Funding opportunities   

Signed bank contracts   

Political development   

Positive general business & sentiment information in media   

Negative general business & sentiment information in media   

Large calamity in company   

Large claims   

Content multiyear plan   

Track record   

Headroom analysis   

Budget analysis   

Technological development   

Geographical structure   

 

One of observations which can be made from the above overview is the limited overlap of the indicators 

mentioned in the prior research and by the practitioners. A reason why indicators are not used in prior 

research is the fact that the required information might not be available for researchers. A good example 

of this is the intent of the ‘signed bank contracts’. These are often only available for the client company 

and the auditors. Another reason might have to do with the ease in which these indicators are quantifiable 

and/or accessible from databases.  
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For instance, the content of the multiyear plan of a company is sometimes publicly available, but strategy 

might be hard to qualify and might not be available in a database. Finally, when only one or two studies 

mentioned an indicator, it is not included in the table. For instance, a study did mention the use of R&D 

expense as a predictor, but not many others did (Yeh et al., 2014).  

On the other side, some of the indicators used in prior research are very specific. In contrast, all of the 

interviewees indicated that they used financial ratios and figures to determine the going concern status of 

a company. This is clearly a too generic description since it would suggest including all possible financial 

ratios as indicators. Therefore, it is likely that they did not mention all ratios that they used, specifically. 

Finally, since only a limited number of practitioners is interviewed, no claim can be made about the 

completeness of the list. Even more so, since the interviewees answered differently, it can be assumed 

that not all the indicators which are used by (some) practitioners are listed. Nonetheless, the list provides 

a well substantiated reflection of useful indicators.  
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4. Going concern prediction model 
In this chapter, the going concern prediction models are built following the CRISP-DM methodology. 

Therefore, the first step is to define the evaluation method of the model. This is done even before the data 

which will be used in the model is collected.  

4.1. Model quality evaluation criteria 
CRISP-DM defines two type of evaluation criteria: data mining success criteria and business success criteria. 

At the evaluation phase of the CRISP-DM methodology, chapter 5, these criteria will be used to determine 

the quality of the final model.  

4.1.1. Data mining success criteria 

There are several criteria that can be used to evaluate the quality of a model from a data mining 

perspective. An import tool is the confusion matrix as shown in Figure 4 (Davis & Goadrich, 2006). The 

correctly classified ‘YES’ values are indicated by True Positive (TP), the correctly classified ‘NO’ values are 

indicated by True Negatives (TN), the actual ‘NO’ values that are classified as ‘Yes’ are the False Positives 

(FN) and the actual ‘Yes’ values that are classified as ‘NO’ values are False Negatives (FN).  

 

Figure 4. Confusion Matrix 

Several quality metrics can be derived from this matrix by comparing various values including the 

frequently used prediction accuracy (Shmueli & Koppius, 2011). Aside from the accuracy of the prediction 

technique, the impact of Type I error and Type II error cannot be ignored (Goo et al., 2016). In particular 

Type II, i.e. the incorrectly classification of no going concern opinion by the auditor, may cause damages 

and high cost (Martens et al., 2008). A high type II error cost occurs when stakeholders and/or investors 

sue the auditor (Goo et al., 2016; Yeh et al., 2014). In contrast, a type I error, classifying a non-going 

concern financial statement as having a going concern risk, might lead to cost for the auditor for 

preforming unnecessary investigations. However, these costs are only marginal compared to the potential 

cost of a lawsuit (Yeh et al., 2014). As indicated by A. Director I and Partner II, a likely function of the model 

in practice would take the form of an early warning system in which the model would warn the auditor if 

there is a potential risk of going concern. This could lead to a further investigation into the going concern 

status of the company. In this case, the Type II error is highly important because if both the model and the 

auditor miss the potential risk of a going concern, no further investigation of the going concern risk will be 

performed, although a going concern opinion would be suitable.  

This could result in high cost as stated earlier. Furthermore, the recall and precision of a model can be 

calculated based on the confusion matrix. The formulas of these metrics are shown in equation (1) - (5). 

  
Actual value 

  
YES NO 

Predicted 
value 

YES TP FP (Type I) 

NO FN (Type II) TN 
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 𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
𝑇𝑃 + 𝑇𝑁

𝑇𝑃 + 𝑇𝑁 + 𝐹𝑃 + 𝐹𝑁
 (1) 

 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑃
 (2) 

 𝑅𝑒𝑐𝑎𝑙𝑙 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑁
 (3) 

 𝑇𝑦𝑝𝑒 𝐼 𝑒𝑟𝑟𝑜𝑟 𝑟𝑎𝑡𝑒 =
𝐹𝑃

𝑇𝑃 + 𝑇𝑁 + 𝐹𝑃 + 𝐹𝑁
 (4) 

 𝑇𝑦𝑝𝑒 𝐼𝐼 𝑒𝑟𝑟𝑜𝑟 𝑟𝑎𝑡𝑒 =
𝐹𝑁

𝑇𝑃 + 𝑇𝑁 + 𝐹𝑃 + 𝐹𝑁
 (5) 

 

The type I error rate and type II error rate are calculated using formula (4) and (5). In the remainder of this 

study, these will be indicated with “Type I error” and “Type II error”. In addition, to metrics derived from 

the confusion matrix, the Receiver Operating Characteristic (ROC) curve and Area Under Curve (AUC) are 

also frequently used to measure the quality of a model. The ROC curve specifies how the probability of 

correctly predicting a YES (sensitivity) is traded off against the probability of correctly predicting a NO 

(specificity) for all possible cut-off points. The further the ROC curve is from the 45 degree reference line, 

the better the model predicts both Yes and NO. The area under the ROC curve (AUC) summarizes this 

information (Hanley & McNeil, 1982; Mayew et al., 2012). 

4.1.2. Business success criteria 

The business success criteria are based on literature and interviews with practitioners. The generated 

prediction model has to fulfill several requirements in order to be acceptable for implementation. 

Accuracy is the most straightforward performance requirement for classification models, but 

comprehensibility of the generated model is of key importance as well. In addition, justifiability concerns 

the extent to which the induced model is in line with existing domain knowledge, and is crucial as well 

(Martens et al., 2008).  

The most indicated business success criteria by interviewed auditors, is the quality of the input data 

(Partner I, Partner II & Partner III) i.e. the verifiability of the input data is of high importance. Furthermore, 

the accessibility of the prediction model is important, i.e. the time and effort needed to use the model 

should be limited (Partner I). This is in line with literature where Martens et al. (2008) states that the 

accessibility i.e. user friendliness is a key requirement as auditors are often rather skeptical to the use of 

statistical, rather incomprehensible models. Partner I indicated that on the aspect of comprehensibility, a 

complex prediction model is no problem as long as the underlying concepts are understandable. He further 

stated that the prediction model should make its predictions on the relevant timeframe. This is suggested 

since the ISA 570 requires the auditor to use a timeframe of 12 months (ISA 570, 2016).  

Therefore, the quality of the created prediction model will be evaluated on the following data mining and 
business success criteria: overall accuracy, Type I and Type II errors, recall, precision, ROC curve, AUC, 
comprehensibility, justifiability, quality of input data, accessibility and relevant timeframe. More details 
about the evaluation of these success criteria can be found in chapter 5.  
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4.2. Data preparation 
The next phase is data preparation, also called data preprocessing (Turban, Sharda, Delen, & King, 2008). 

This phase consists of several steps as shown in Figure 5. These steps are further addressed below. 

 

Figure 5. Data Preprocessing steps (adopted from (Turban et al., 2008)) 

4.2.1. Data Consolidation 

Before the data can be collected, first the relevant indicators as identified in chapter 3 need to be selected.  

4.2.1.1. Data selection 

In this study, a division is made between indicators which are represented in the financial statement and 

which are only represented in other sources. The focus is put on the financial statement because of the 

public availability of the data and presence of databases which contains this data. The potential indicators 

which are represented in other sources are considered out of scope for this study. However, since 

practitioners suggest that these indicators could be of value, it is suggested that these indicators are being 

incorporated in a later version of the prediction model. This could be investigated in future research.  

Table 7 show which indicators can be represented using data from the financial statement.  

Table 7. List of potential indicators for a going concern opinion. 

Indicator 

Financial statement Other sources 

Current ratio (Liquidity) [current & forecast]  Product lifecycle 

Cash [over time & forecast] Market growth projections 

Loss [over time] Funding opportunities 

Revenue [over time] Signed bank contracts 

Net Debt/EBITDA (Leverage ratio) Political development 

Interest Coverage (Solvency ratio) Positive general business & sentiment 
information in media 

Debt Ratio (Leverage; Solvency ratio) Negative general business & sentiment 
information in media 

Altman Z-score Large calamity in company 

R & D expenses Large claims 

Benchmarks & development of competitors Content multiyear plan 

Trend analysis Track record 

Firm size Headroom analysis 
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Indicator 

Financial statement Other sources 

Retained earnings/total assets (Profitability) Budget analysis 

Net worth/total liabilities Technological development 

Gross profit ratio Geographical structure 

Net Income/total assets (Profitability; ROA)  

EBIT/total assets (Profitability; ROA)  

Working capital/total assets  

Going concern prior year  

Parent company (Organizational structure)  

 

4.2.1.2. Data collection 

The data used in this research are collected from the Compustat (S&P Global, 2016) and Audit Analytics 

(Audit Analytics, 2016) databases. The data contains financial and audit information of companies between 

2000 and 2016. This timeframe (scope) is equal to the timeframe used in the search section of the 

literature study. The variables are selected based on the list of (potential) important indicators as 

presented in  

Table 7. In short, the obtained data from Compustat contains 17’538 companies with a total of 181’231 

observations and the obtained data from Audit Analytics contains 51’439 companies with a total of 

262’068 observations. The two dataset are joined based on the company key, i.e. the Central Index Key-

code (CIK-code), and year combination as identifying key. However, first the financial year variable of 

Compustat is modified before it could be compared to the financial year variable as present in the Audit 

Analytics database. The financial year of Compustat is defined as “If the current fiscal year-end month falls 

in January through May, this item is the current calendar year minus 1 year. If the current fiscal year-end 

month falls in June through December, this item is the current calendar year.” (Compustat, 2016) An 

example is shown in Appendix C. In contrast, the financial year of Audit Analytics is defined as the current 

fiscal year. Therefore, the financial year of Compustat is increased by 1 when the fiscal year-end month 

falls in January through May. Afterwards, the resulting fiscal year is combined with the CIK-code as a 

unique key. Any company where some of the CIK-financial year combination is not unique, e.g. due to 

absence of a CIK-code entry and/or modification of the financial year-end which resulted in multiple 

financial statements in one financial year, have been removed. The join resulted in a dataset with 15’533 

companies with in total 120’335 observations, because of an imperfect overlap in companies. 

The quality of the data is evaluated by randomly looking at the 10-K or 10-KSB (annual report required by 

the U.S. Securities and Exchange Commission) filings of 10 companies who have a going concern opinion. 

The 10-K reports are available on EDGAR (SEC, 2016). The following aspects are evaluated: going concern 

opinion, total assets and net income.  

All of the controlled information on these companies are 100% correct. Therefore, it is assumed that the 

rest of the information is also correct. A list of the checked companies can be found in Appendix D.  
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4.2.2. Data Cleaning 

There are some missing values in the resulting dataset. All the observations of a company are removed 

from the dataset if one of the variables which is need to create the indicators, as shown in Table 8, contains 

a missing value. 

Table 8. List of filtered variables for missing values 

Variable Used in Indicator 

Current asset Current ratio, Net Debt/EBIDTA 

Current liabilities Current ratio 

Cash Cash 

Net income (NI) Loss, NI/TA 

Revenue Revenue, RE/TA 

Total liabilities (TL) Net Debt/EBIDTA, Debt Ratio, Z-score, Net Worth/TL 

EBITDA Net Debt/EBIDTA 

Total assets (TA) Debt Ratio, Z-score, Firm size, RE/TA, Net worth/TL, NI/TA, EBIT/TA, WC/TA 

Working capital (WC) Z-score, WC/TA 

EBIT Z-score, EBIT/TA 

Market value Z-score 

Retained earnings Z-score, RE/TA 

Sales Z-score, Gross profit ratio 

Gross Profit Gross profit ratio 

 

This strict approach is applied since some of the used prediction models cannot handle missing values. 

This resulted in a data set containing 6’587 companies with a total of 55’426 observations. It has to be 

noted that the Interest coverage could not be calculated since all the needed variables had 100% missing 

values. Furthermore, the R&D expenses are not used as a filter since it would reduce the final sample by 

39%. In line with prior research, financial institution are removed from the sample set (Dopuch, 

Holthausen, & Leftwich, 1987; Hung & Shih, 2009; Mary Jane Lenard, Alam, & Madey, 1995; M. Y. L. Li & 

Miu, 2010; Lim & Tan, 2008). These are identifiable by Global Industry Standard (GIS) codes 4010-4040.  

In addition, to minimize the influence of external factors which are not considered, only companies from 

one country have been used in the sample. Since >90% of the sample has its headquarter in the USA, only 

these companies are considered. The final dataset consists of 5’734 companies with in total 49’064 

observations. 

Further, some papers limited the research to companies with a total assets exceeding $1 million. However, 

since literature clearly indicates that the film size (log of total assets) is a predictor, valuable information 

will be lost if these companies where to be removed from the data set. When examining these 

observations (companies <$1 million total assets) it was clear that there is a relation between total assets 

and the going concern opinion since 88% of these 2181 observations have a going concern opinion. 
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4.2.2.1. Effects on percentage going concern observations 

As discussed in section 4.2.1.2, the data used in this research originates from the Audit Analytics and 

Compustat databases. As expected, the selection of the data might have an impact on some proportions 

of the data. Since one of the most important attributes of the dataset is the going concern opinion, the 

impact of the creation of the final sample set is discussed below. 

 

Figure 6. Percentage of Going Concerns observation per year. 

Figure 6 presents the percentage of going concern observations per year. Initially, 16.9% the observations 

of the Audit Analytics database received a going concerns uncertainty opinion. The first impact is the join 

of the Audit Analytics and Compustat databases. Although there is a large overlap between the Compustat 

and the Audit Analytics database, only about half of the observations of the Audit Analytics data is present 

in both databases (i.e. Audit Analytics contains all SEC (U.S. Securities and Exchange Commission) 

registrants how have disclosed their auditors’ report (Audit Analytics, 2012). In contrast, Compustat covers 

a large proportion of the US and Canadian companies, but not all). The resulting set (‘Joined databases’) 

contains 11.7% Going concern observations. The second impact is the further reduction of the dataset by 

cleaning and filtering as discussed in section 4.2.2. This leads to the creation of the ‘Final Sample’ set which 

contains 13.3% going concern observations.  
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4.2.3. Data Transformation 

Based on the attributes from the Compustat and Audit Analytics several additional attributes are 

constructed based on the indicators list of chapter 3. An overview of these attributes is shown in Table 9. 

Table 9. An overview of the computed indicators with the related formula’s 

Indicator Formula  

Current ratio (Liquidity) Current assets/current liabilities 

Loss [over time] Negative net income in one, two and tree consecutively prior years 

Net Debt/EBITDA  (Total liabilities – current assets)/EBITDA  

Debt Ratio Total liabilities/total assets 

Altman Z-score 1.2*[WC/TA] + 1.4*[RE/TA] + 3.3*[EBIT/TA]  
+ 0.6*[Market value/TL] +1*[Sales/TA] (Altman, 1968) 

Firm size Log(1+total assets) 

RE/TA (Profitability) Retained earnings/total assets 

Net worth/total liabilities [total assets-total liabilities]/total liabilities 

Gross profit ratio Gross profit/sales 

Net Income/total assets 
(Profitability; ROA) 

Net income/total assets 

EBIT/TA (Profitability; ROA) EBIT/total assets 

Working capital/total assets Working capital/total assets 

Going concern in prior year “Yes” if going concern in prior year; “No” if no going concern in prior 
year; “?” is no prior year data 

Parent Company “Yes” if the company has a parent company; “No” if not 

 

Since several of these indicators are calculated using the division operator, it is important to note that this 

introduces the possibility of a division-by-zero error. Therefore, a protection mechanism is implemented 

which returns zero if the denominator is zero (Alfaro-Cid, Sharman, & Esparcia-Alcazar, 2007). A similar 

protection mechanism is implemented to prevent the undefined values of log(0). Therefore, the original 

formula of firm size, log(total assets), is changed to log(1+total assets) to overcome this problem.  

Further, as indicated in the previous section, the ‘interest coverage’ is not calculated since the required 

data is not available. Some indicators are not only evaluated on the moment of issuance of the financial 

statement (the ‘current’ year), but also the change of the indicator over time (called ‘trend’) and the 

forecast of the indicator. These are calculated in the following sections. 

Since not all observations have prior observations, the Loss [over time] indicator is defined as a categorical 

variable. It takes the value “Yes” if the net income is lower than 1 in all of the years in the relevant 

timeframe, one, two or three years. It’s value is “No” if there is at least one observation with a positive 

net income in the relevant timeframe and “?” if there are missing values in the relevant timeframe.  

4.2.3.1. Trend 

The trend is calculated by computing the average fractal increase (or decrease) of the indicator over a 

three year horizon as suggested by A. Director I and prior research (Brad, Dobre, & Brasoveanu, 2014; 

Mayew et al., 2012). The general formula for calculating the trend is presented as follows: 



27 
 

 
∆𝑋𝑐,𝑖 =

𝑋𝑐,𝑖
𝑋𝑐,𝑖−1

 

 
(6) 

 
𝑇𝑟𝑒𝑛𝑑(𝑋𝑐,𝑦) =

∑ (∆𝑋𝑐,𝑦−𝑗)𝑛−1
𝑗=0

𝑛 − 1
 

 

(7) 

In which ∆𝑋𝑐,𝑖 is the fractal increase (or decrease) of company c in year i, n is the time horizon, Xc,y is the 

value of indicator X in year y of company c and y is the current year. Again, a protection mechanism is 

implemented for the division-by-zero error which returns zero if the denominator is zero.  

Using equation (6) and (7), the trends of indicators cash and revenue are computed since they are 

presented in the list of potentially useful indicators,  

Table 7. Furthermore, the trends of several other indicators are computed since Partner III indicated that 

a trend analysis in general would be potentially useful. Therefore, the trend of the following indicators are 

also calculated: current ratio, debt ratio, net income/total assets and Z-score since they cover the typical 

categories used to predict going concern opinion: profitability, solvency and liquidity (M J Lenard et al., 

2000).  

4.2.3.2. Forecast  

To forecast the value of indicators over the coming period, the following forecasting techniques are 

considered, simple exponential smoothing and Exponential smoothing with linear trend (also known as 

Holt’s method). The performance of each method is evaluated by comparing the performance indicator 

Mean Squared Error (MSE).  

The simple exponential smoothing computes the smoothed series Ft using the following formula: 

 𝐹𝑡 = 𝛼 ∙ 𝑋𝑡 + (1 − 𝛼) ∙ 𝐹𝑡−1 (8) 

Where 𝛼 is the smoothing parameter taking values between zero and one and regulating the degree of 

smoothing. Xt is the actual value of attribute X on time t. An h-step-ahead prediction at time t is denoted 

by 𝐹𝑡+ℎ and given by the most recent smoothed value: 𝐹𝑡+ℎ = 𝐹𝑡 (Gelper, Fried, & Croux, 2010). 

In addition to the above forecasting method, Holt proposed to include a local trend factor (Holt, 1957): 

 𝐹𝑡 = 𝛼 ∙ 𝑋𝑡 + (1 − 𝛼) ∙ (𝐹𝑡−1 + 𝑇𝑡−1) (9) 

 𝑇𝑡 = 𝛽 ∙ (𝐹𝑡 − 𝐹𝑡−1) + (1 − 𝛽) ∙ 𝑇𝑡−1 (10) 

Where Ft, 𝛼 and Xt are as describes before. Further, the trend in t is represented by Tt with the smoothing 

parameter 𝛽. For Holt’s method, an h-step-ahead Forecast Including Trend (FIT) at time t is given by 

𝐹𝐼𝑇𝑡+ℎ = 𝐹𝑡 + ℎ ∙ 𝑇𝑡 (Gelper et al., 2010). 
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The smoothing parameters 𝛼 and 𝛽 take a value between zero and one and can be set in various ways. A 

rather subjective method is to base the value on prior believe of how much weight should be given to the 

current versus the past observations (the level of smoothness).  

A high value would result in a large emphasis on the current values. In contrast, the parameters could be 

based on a data-driven procedure by optimizing a certain criterion. For every 𝛼, in the case of simple 

exponential smoothing, or every combination of 𝛼 and 𝛽, when using Holt’s method, the one-step-ahead 

forecast error is computed. A common way to evaluate the magnitude of one-step-ahead errors is by 

minimizing the Mean Squared Error (Gelper et al., 2010). 

In this study, the smoothing parameters 𝛼 and 𝛽 are evaluated with an interval of 0.1 (i.e. resulting in the 

values 0.1, 0.2, 0.3… 0.9, 1.0). Since the MSE needs an actual value to calculated the error, the value of the 

current year is predicted based on the prior years. The used number of prior years is based on expert 

knowledge, literature and a comparison of the MSE of the simple exponential smoothing. Both literature 

and the expert suggested a 3 year horizon to be used (Brad et al., 2014; Mayew et al., 2012). Subsequently, 

the MSE of an indicator (Debt Ratio) has been computed for a varying number of prior years and smoothing 

parameter α using the training and validation set as will be further discussed in section 4.3.2. It is important 

to note that these results are based on data with the possibility to calculate a forecast based on 5 years of 

prior observations. This excludes the companies which don’t have observation in the prior 5 years. 

Although this leads to a decrease in the used sample size for this comparison, it does make a fair 

comparison possible. The results are shown in Figure 7.  

 

Figure 7. MSE of the Debt Ratio with varying α and number of prior years using simple exponential smoothing 

Based on these results, the number of prior years to be considered is set to three, also in line with prior 

literature and expert knowledge. As expected, the MSE’s converge when 𝛼 equals 1 since only the 

observation of last is year is used to predict the current year. An 𝛼 of 0.5 resulted in the minimal MSE.  
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The smoothing parameter is further optimize by looking at an 0.01 interval between 0.4 and 0.6. For this 

analysis, the full training and validation set is used. The result is shown in Figure 8.  

 

Figure 8. MSE of Forecast (Debt Ratio) with varying 𝜶 using simple exponential smoothing 

As shown in Figure 8, an 𝛼 of 0.46 results in the minimal MSE, 473.9. This will be used to compare the two 

forecasting methods, exponential smoothing and exponential smoothing with trend. Subsequently, the 

smoothing parameters 𝛼 and 𝛽 are optimized by calculating the MSE’s of various settings for the Debt 

Ratio indicator based on the training and validation set. The results are presented in Figure 9.  

 

Figure 9. MSE of Forecast (Debt Ratio) with varying 𝜶 and 𝜷 using Holt’s method 
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The smoothing parameters 𝛼 and 𝛽 are further optimized by looking at an 0.01 interval between 0.21 

and 0.40 and between 0.31 and 0.60 respectively. The results are visualized in Figure 10.

 

Figure 10. MSE of Forecast (Debt Ratio) with varying α and β using Holt’s method 

The smoothing parameters 𝛼 = 0.26 and 𝛽 = 0.50 resulted in the minimal MSE, 466.3. These will be used 

in the forecast of the 𝐹𝐼𝑇𝑡+1 values. 

Since the MSE of the simple exponential smoothing is 473.9 and the MSE of Holt’s method is 466.3, it can 

be concluded that Holt’s method performs (marginally) better. Therefore this method will be used to 

forecast the values the Debt Ratio indicator. A similar conclusion is drawn in prior research in which Holt’s 

two parameter model provides the best forecast for cash flows (Paul Wertheim, 1989). 

The value of the MSE is highly dependent on some outliers. When the errors (real-Forecast) are presented 

in a histogram, it becomes clear that most errors lie between -10 and 10 as shown in Figure 11. A further 

analysis shows that 75.9% of errors lie within -1 and 1 and therefore also the squared errors between 0 

and 1. Further, 98.4% of the errors have a value of -10 and 10 and 92.4 % of the squared errors have a 

value of 10 or below. 
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Figure 11. Histograms of the error and squared error of the forecast of the Debt Ratio. 

 

Figure 12. Scatter plot of Debt Ratio (95.8% of data) and the Forecasted Debt Ratio (95.5% of data) within range [0,10]  

Figure 12 shows the relation between the Debt Ratio and the Forecasted Debt Ratio in the [0,10] range. 

There is a clear trend visible between the relation between the Debt Ratio and the Forecast of the Debt 

Ratio. However, there are data points not on the line from the bottom left to the right top. This is in line 

with expectations since the mean squared error is not zero.  
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However, as discussed earlier, the size of the error seems relatively small since 75.9% of the errors is 

smaller than 1 while the standard deviation of the (real) Debt Ratio is 20.1. It can be observed the standard 

deviation of the Debt Ratio is higher than the standard deviation of the Forecast, which is 14.1. Again this 

is due to outliers. When looking at the largest values of the (real) Debt Ratio and the Forecast, it becomes 

clear that the Debt Ratio has larger values for the top 2, 5, 10, 50 and 100, as shown in Table 10. However, 

the average of the Forecast is marginally greater with 3.63 to 3.44 for the (real) Debt Ratio.  

Table 10. Top n observations of the Debt Ratio and its Forecast 

 
Sum Average 

Top Forecast (Debt Ratio) Debt Ratio Forecast (Debt Ratio) Debt Ratio 

2 2030 4467 1015 2233.5 

5 4500 5627 900 1125.4 

10 6444 7045 644.4 704.5 

50 10813 11243 216.26 224.86 

100 13563 13942 135.63 139.42 

 

Based on the discussion of the error of the Forecast, it can be concluded that the forecast is of sufficient 

quality. Therefore the formulas (9) and (10) will be used to create the Forecast indicators.  

A forecast is made for the current ratio and cash indicators since they are presented in the list of potentially 

useful indicators, as shown in  

Table 7. Furthermore, a forecast is made of the following additional indicators to investigate their potential 

impact: Z-score, debt Ratio, net income/total assets, working capital/total assets and market value/total 

liabilities. The smoothing parameters of these indicators are calculated with the same procedure as 

described above. The resulting smoothing parameters are presented in Table 11. 

Table 11. Optimal parameter values of indicators 

Indicator 𝜶 𝜷 

Debt ratio 0.26 0.50 

Z-score 0.24 0.50 

Net income/ total assets 0.23 0.46 

Working capital/total assets 0.38 0.08 

Market value/total liabilities 0.38 0.32 

Current ratio 0.22 1.00 

Cash 0.56 0.12 

 

Not all observations in the sample set have enough prior observations to apply the above procedure. 

Therefore, these observations would have a missing value are a result of the above procedure. Since a 

substantial (22.5%) part of the observations lack one or two prior observations, deleting these 

observations would result in a substantial loss of data.  
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Therefore, the decision is made to create a forecast based on the available information. This implies that 

if there is only one prior observation, that prior year combined with the current year are used in formulas 

(9) and (10) to generate a forecast. Further, when there are no prior observations available in the data, 

the value of the forecast is equal to the current observation. 

4.2.3.3. Benchmark difference 

As suggested by practitioners, one could gain insight in the performance of a company by looking at the 

difference between that company and other companies in the same sector in the same year. Therefore, 

the formula (11) is formulated that computes the average performance on an indicator within a sector in 

a year. Subsequently, the performance of the company is compared with that average in formula (12). 

 𝐵𝑒𝑛𝑐ℎ𝑚𝑎𝑟𝑘(𝑋𝑦,𝑠) =
∑ (𝑋𝑦,𝐶𝑠(𝑖))𝑛

𝑖=1

𝑛
 

 
(11) 

 
𝐷𝑖𝑓𝑓(𝑋𝑐,𝑦,𝑠) =

𝑋𝑐,𝑦,𝑠

𝐵𝑒𝑛𝑐ℎ𝑚𝑎𝑟𝑘(𝑋𝑦,𝑠)
 

 

(12) 

Where y is the current year, s is the relevant sector, Cs is the set of companies in sector s, n is the number 

of companies in sector s, Cs(i) is the ith company in from the set Cs, c is a company, Xc,y,s is the value of 

indicator X in year y of a company c from sector s. 

Using formula (11) and (12), several indicators have been compared with the relevant benchmarks and the 

fractal difference is computed as suggested by Partner III. To maximize the chance of finding a useful 

indicator, a wide range of indicators is used, at least covering profitability, solvency and liquidity (M J 

Lenard et al., 2000). Therefore, the following indicators have been compared with the relevant 

benchmarks and the fractal difference is computed: Sales/total assets, Z-score, net income/total assets, 

current ratio, debt ratio, market value/total liabilities and working capital/total assets. 

Overall, after creating all these potential indicators, there is one dependent variable (Going Concern 

Opinion) and 41 independent variables with 49’064 observations. Appendix E contains an overview of 

descriptive statistics of these variables. 

4.3. Going concern prediction models 
After all the indicators of the going concern prediction model have been created and the data is prepared, 

going concern prediction models are built. Therefore, suitable predictive analytics techniques are selected 

and an experimental setup is formulated for the generation of the model. Afterwards, various balancing 

methods are being discussed followed by a description of the feature selection, parameter optimization 

and scope optimization methods.  
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4.3.1. Predictive analytics techniques 

The predictive analytics technique that are used, are selected based on prior research and should perform 

well on the business and data mining success criteria as formulated in section 4.1. The most important 

data mining success criteria is performance, which is based on accuracy and Type II error. Important 

business success criteria are: comprehensibility (i.e. how well is the final model understandable), 

justifiability (i.e. is the model based on existing knowledge), accessibility (i.e. how much time is needed to 

use the model) and the relevant timeframe (i.e. does the model make a prediction of the going concern 

opinion in the relevant timeframe, 12 months).  

The criteria justifiability, quality of input data and relevant timeframe are equal for each of the models 

since the input data is verified, all of the indicators are based literature and/or expert knowledge and the 

dependent variable going concern ensure the relevant timeframe is used. Therefore, the models will be 

evaluated on performance, comprehensibility and accessibility. 

In study by Olson, Delen & Meng (2012) the techniques decision tree, support vector machine (SVM) and 

neural network are compared based on accuracy and comprehensibility. They conclude that both neural 

networks as well as decision trees outperform support vector machines based on overall accuracy. In 

addition they state that decision trees are more comprehensible by human users than the other 

techniques (Olson, Delen, & Meng, 2012). Besides the above mentioned techniques, a further analysis of 

the performance of the models found in the literature study of section 3.3 show promising results with 

the use of the Random Forrest technique (Yeh et al., 2014).  

The random forest technique is less comprehensible than decision trees since it consists of multiple trees. 

However, it is still more comprehensible than neural works since they are considered a black box technique 

(Olson et al., 2012).  

The accessibility of these techniques is all high. Once built, these techniques require little computational 

power to predict the going concern decision of a new observations. One of the main reasons is that the 

amount of data associate with the new observation is very limited. Table 12 gives an overview of the 

techniques and their score on performance, comprehensibility and accessibility.  

Table 12. Predictive techniques evaluated on performance, comprehensibility and accessibility. 

Technique Performance Comprehensibility Accessibility 

SVM Medium  Low High 

Decision Tree High High High 

Random Forest High Medium High 

Neural Network High Low High 

 

SVM is not selected since it has suboptimal performance and low comprehensibility. Further, the neural 

network technique is not suitable because it is a black box technology which implies a low 

comprehensibility. The decision tree scores high on all aspects and is therefore suitable.  
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Finally, the random forest score high on performance and accessibility, but only medium on 

comprehensibility. Due to the logical step from the decision tree to the random forest technique, the 

technique is incorporated in this study. Thus, the decision tree and random forest techniques are used to 

create going concern prediction models. Below, these techniques are further described.  

4.3.1.1. Decision Tree 

Generally, the objective of a decision tree is prediction and/or classification by dividing observations into 

mutually exclusive and exhaustive subgroups. The division is based on the levels of particular independent 

variables (i.e. the indicators that have been created in section 0) that have the strongest association with 

the dependent variable (i.e. the going concern opinion). In its basic form, the decision tree approach begins 

by searching for the independent variable that divides (or splits in decision trees terminology) the sample 

in such a way that the difference with respect to the dependent variable is greatest among the divided 

subgroups. A split-point is called a node and the initial split is called the root node. The attribute to split 

on, can be determined by the use of various algorithms (resulting in the selection criterion), each with each 

unique characteristic. At the next stage, each subgroup is further split into sub-subgroups by searching for 

the independent variable based on the selection criterion. This process of splitting usually continues until 

a termination criteria is met. Examples of a termination criteria are the minimum number of observations 

per final subgroup (called leaf and contains a decision of either ‘going concern’ or ‘no going concern’ in 

this study) is reached, the maximum depth (i.e. the number of levels in the tree) is reached or no further 

splitting can produce a sufficient gain in performance. It is not uncommon that the resulting decision tree 

is too large to be meaningful or practical. In such a case, pruning can be applied. This involves removing 

some of the nodes that do not contribute significantly towards reducing the error rate of the decision tree 

(Koh & Low, 2004). 

More information about the tuning of a decision tree is presented in section 4.3.5.1.  

4.3.1.2. Random Forest 

The random forest techniques shares many characteristics with the decision tree technique. In short, a 

random forest is a collection of decision trees which together vote on the most popular class. However, in 

contrast with the trees in the decision tree techniques, the trees in the random forest only have the 

availability of a random selection of attributes to choose from. Thus, first a random selection of attributes 

is made by the algorithm which will be used in the construction of the tree. The size of the subset of 

attributes is determined based on a ratio or estimation function. The further construction of the tree 

happens as described in section 4.3.1.1 (Yeh et al., 2014). 

Each random forest consists of one or more trees. The generalization error for forests converges to a limit 

as the number of trees in the forest becomes large. These trees use a voting strategy to determine the 

classification of the observation (Breiman, 2001; Rapidminer, 2016b). 

More information about the tuning of a random forest is presented in section 4.3.5.2.  
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4.3.2. Experimental setup 

After the data is prepared and apropriate predictive techniques have been selected in the previous 

sections, the going concern prediction models are created and optimized using the following methodology.  

When optimizing the predictive model, it is important to have a good measure of the performance of the 

model. If the entire data sample is used to create and test the model, there is the risk of overfitting the 

model. This implies that the model is trained to fit to the presented data, but might not have similar 

performance on data outside of the sample set. Two frequently used validation techniques to accurately 

assess the predictive performance of a model are the hold-out and cross-validations methods (H. Li & Sun, 

2009). The hold-out method splits the data in a training and a test set. The model is trained on the training 

set and the test set is used to measure the performance of the model. When done correctly, the test set 

is not used in any stage to tune the model. Therefore, it a good measure for the performance. 

Since some form of tuning the model is often needed to reach the best performance, cross-validation is 

often used. K-fold cross-validation splits the sample dataset in k subsets of equal size. Afterwards, each 

subset in turn is used for testing and the remainder for training. The performance is averaged over all the 

k tests. The most often used validation method is 10-fold cross-validation since extensive experiments 

have shown that this is the best choice to get an accurate estimate (Wilbik, 2015). When the sample 

dataset is sufficiently large, a combination of these methods can be applied. This makes it possible to 

optimize the model using the 10-fold cross-validation method. Afterwards, the obtained model can be 

tested on the hold-out set to ensure independent data is used to validate the performance of the 

prediction model (Wilbik, 2015). In this study, the data available after preprocessing contains 49’064 

observations which is sufficient use the latter method. 

The sample set which is the result of section 4.2, is split in a validation & training set and a test set. Since 

there is a logical temporal sequence of the data, the characteristic will be used as a split criteria. The goal 

of the final prediction model is to make a prediction of the going concern opinion of the auditor based on 

current and historical data of the company. Therefore, no data will be used for the training of the model 

which originates after the occurrence of the test data. Consequently, the final test set is composed of last 

complete financial years, 2014 and 2015. This implies that the model is based purely on data from prior to 

the test set. The data of fiscal year 2016, 162 observations, are omitted since most companies have not 

completed the financial year 2016 at the time of data collection. The test set consists of 1’933 companies 

with a total of 3’692 observations. 10.1% of these observations have a going concern opinion. Therefore, 

the training and validation set consist of years 2000-2013. 

A 10-fold cross-validation method is applied on the training & validation set to improve the model (Shmueli 

& Koppius, 2011). The final training and validation set consist of 5’700 companies with 45’210 

observations. 13.6% of these observations has a going concern opinion. Therefore, a balancing technique 

should be used. Furthermore, feature selection will be applied to reduce the number indicators in order 

to improve the generalizability of the model. In addition, the parameters of the predictive techniques and 

the scope of the training and validation set will be optimized.  

The applied experimental setup is visualized in Figure 13.  
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Figure 13. Experimental setup 

4.3.3. Balancing 

Martens et al. (2008) discusses various balancing techniques used in prior research. Firstly, the matched 

sample technique, in which for every company with a going concern opinion, a non-going concern 

company is chosen which is as similar as possible (e.g. same sector, same issuance year, similar total 

assets). Secondly for a balanced sample, the number of non-going concern companies is also equal to the 

number of going concern companies. However, these non-going concerns companies are chosen randomly 

among all available companies. Further, full sample method is mentioned in which all available companies 

are used. 

In this study, several balancing methods are applied for the creation of the models. The resulting 

performance of these models are evaluated and discussed in chapter 5. Two versions of the balanced 

sample method are implemented with the additional condition that the number of observations is 

balanced per year (i.e. the same number of going concern observations as non-going concern observations 

are present in the sample for each year). This results in a 50-50 balanced training & validation set of 12’266 

observations. Since in reality, the percentage of going concern observations is significantly lower than 50, 

the balancing might lead to a model that overestimates the likelihood of a going concern opinion. 

Therefore, an additional balancing method is used in which, again stratified per year, a 40-60 balance is 

created between going concern (40%) and non-going concern (60%) observations. The resulting set 

contains 15’332 observations. Finally, the full training & validation set, 45’210 observations, is used to 

train models. The performance of each of these balancing models is discussed in section 5.1.2.  
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4.3.4. Feature selection 

Since the number of potentially important variables is substantial, a feature selection method might be 

useful to increase the final prediction performance (Tsai, 2009). Particularly, it reduces the chance of 

overfitting the data. In order to find the optimal subset of attributes which lead to the best (cross validated) 

performance, an exhaustive search of the search space is a necessary procedure (Pudil, Ferri, Novovicova, 

& Kittler., 1994). However, this approach is in most practical applications, including this study, 

computationally prohibitive. Since there are 41 independent variables of which every combinations could 

potentially be the optimal subset, there are 41! possible subsets. This results in an gigantic search space 

of 3.35*1049 possible variable combinations.  

In prior research, several feature selection techniques have been applied which overcome this problem. 

For instance, a one-way ANOVA (Kirkos, Spathis, Nanopoulos, & Manolopoulos, 2007; H. Li & Sun, 2009; 

Soumya & Deepika, 2016), selection by domain analyst (Mansingh, Rao, Osei-Bryson, & Mills, 2013), 

Stepwise Discriminant Analysis (Salehi & Fard, 2013) and other techniques have been used.  

This study will contribute to the literature body by applying a different feature selection method which is 

frequently used in other fields, the Sequential Forward Selection (SFS) algorithm. The SFS algorithm is a 

bottom-up search procedure which starts with an empty feature set and gradually ads features selected 

by an evaluation function until a stopping criteria is met. In this study, the evaluation function is the 

performance (based on 10-fold cross validation) of the model. The stopping criteria is set to ‘without 

increase’. This implies that the algorithm continues until the performance did not increase in the iteration. 

At each iteration, the feature to be included in the feature set, is selected among the remaining available 

features of the feature set, which have not been added to the feature set. Therefore, the new extended 

features set should produce a higher performance compared with the addition of any other feature 

(Marcano-Cedeño, Quintanilla-Domínguez, Cortina-Januchs, & Andina, 2010). To reduce the chance of 

stopping at a local optimal, a speculative round is added. This implies that the algorithm is allowed to 

consecutively ignore the stopping criteria once. 

4.3.5. Parameter optimization 

To optimize the performance of the applied predictive analytics techniques, several parameter settings 

need to be optimized (Kohavi & John, 1995). These parameters differ per technique. Comparable with the 

parameter optimization of the Forecast technique of section 4.3.4, these parameters can be optimized by 

expert knowledge or by taking a data driven approach. In this study a data driven approach is applied by 

optimizing the parameters one by one. The precise procedure is described in the pseudocode below. 
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1. Define Parameter set P 

2. For each parameter p in P:  

{Define search space pss of p} 

3. Set all p in P to default settings 

4. For each parameter p in P: 

{For each setting s in pss: 

{change parameter p to s, 

use Sequential Forward Selection to find optimal feature set, 

Calculate performance} 

Find setting smax with maximal performance of parameter p 

Set parameter p to smax} 

5. End  

The procedure implies that for each technique, first the set of parameters and possible search space is 

defined. In the initial state, all the parameter are set to the default settings. Subsequently, one parameter 

is optimized while keeping the others constant and iterating over the possible setting in the search space. 

The performance of each possible setting of the parameter is tested by using the optimal feature set. This 

feature set is found by applying sequential forward selection as discussed in section 4.3.4. The 

performance of each setting is compared and the optimal values is selected based on the accuracy and 

type II error. The tested parameter is set to the optimal value and the next parameter is altered to find the 

optimal setting. This process continues until all the optimal values of the parameters are found. This 

procedure is applied to find the optimal settings for the decision tree and random forest techniques as 

discussed below.  

The search space of the parameters is defined by applying a grid structure as is common in parameter 

optimization (Bergstra & Bengio, 2012). This implies that the search space is constructed such that the 

settings cover the area the most likely contains the optimum. The spacing between the points in the grid, 

the settings, can take various forms such are linear or exponential. Both the range and spacing of the 

search space are defined based on explorative searches and a comparison between the data mining 

problem and the parameters. 

For the numerical search spaces, in contrast to the categorical search spaces, it is checked whether the 

found optimal setting is not the lowest or highest setting in the search space. Since it could be an indication 

that optimal setting is not yet found. If an optimal setting is the minimum or maximum setting, the search 

space is expanded in the relevant direction. Further, if there is a large difference between the performance 

of different settings of a parameter surrounding the optimal setting, more settings are added to further 

optimize the parameter. For the categorical search spaces, all the available options in the Rapidminer 7.2 

software are evaluated.  
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4.3.5.1. Decision Tree 

The basics of the decision tree technique have already been explained in section 4.3.1.1. However, there 

are some parameter which can be tuned to change some of the characteristics of the decision tree. In this 

section, the optimal parameter setting is determined based on the procedure as explained in section 4.3.5. 

The following five parameters of the decision tree technique are optimized: selection criterion, maximal 

depth, minimal leaf size, confidence and minimal gain (Rapidminer, 2016a). The creation of the search 

space is also discussed in section 4.3.5.  

The selection criterion determines the base on which attributes are selected for splitting in a node. The 

considered settings (search space) are: Gini_index, Gain_ratio, Information_gain and Accuracy. A related 

parameter which is optimized is the minimum gain. The gain of a node is calculated before splitting and 

the node is only split if its gain is greater than the minimal gain. A high minimum gain leads to a small tree 

since only a few attributes can produce a sufficient gain when split. The advantage of a small tree is that it 

is easy understandable and well generable, however it might score low on accuracy. In contrast, a large 

tree is less comprehensible and has a serious risk of overfitting, but it most likely has a high within-sample 

accuracy. The search space is defined as: 0.01, 0.05, 0.075, 0.1, 0.125 and 0.25. 

Further, two termination criteria will be optimized, maximum depth and minimal leaf size. Maximal depth 

is used to determine the size of the tree, i.e. the maximum number of levels of the tree. A small maximal 

depth leads to a small tree and vice versa, with consequences as discussed earlier. The search space is 

defined as follows: 1, 5, 10, 20, 30 and 40. The minimal leaf size refers to minimal size of the final subgroup. 

Similar to the maximum depth does a small minimal leaf size lead to a risk of overfitting, while a large 

minimal leaf size can lead to poor performance. The considered search space is: 1, 2, 3, 4, 5, 6, 7 and 10.  

The final parameter has to do with pruning (i.e. the removal of nodes that do not add discriminative power 

to the decision tree). The confidence parameter specifies the level used for the error calculation of pruning. 

The considered settings are: 0.01, 0.05, 0.1, 0.25 and 0.5.  

The search space and optimal values of these parameters are as shown in Table 13. 

Table 13. Search space and optimal value of the decision tree parameters. 

Parameter Search space Optimal 

Selection criterion Gini_index; Gain_ratio; Information_gain; Accuracy Gini_Index 

Minimal gain 0.01; 0.05; 0.075; 0.1; 0.125; 0.25 0.075 

Minimal leaf size 1; 2; 3; 4; 5; 6; 7; 10; 25 5 

Maximal depth 1; 5; 10; 20; 30; 40; 50 20 

Confidence 0.01; 0.05; 0.1; 0.25; 0.5 0.25 

 

The setting with the best performance is selection as optimal. Hereby, the performance is defined as 

maximal accuracy and/or minimal type II error in line with the data mining success criteria. When the 

setting with the maximal accuracy is not the setting with the minimal type II error, a comparison is made 

on both aspects. The setting with the best combination is selected as optimal value. The results of the 

optimization are presented in Appendix F.  
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4.3.5.2. Random Forest 

The basics of the random forest technique have already been explained in section 4.3.1.2. However, there 

are some parameter which can be tuned to change some of the characteristics of the random forest. In 

this section, the optimal parameter setting is determined based on the procedure as explained in section 

4.3.5. The following seven parameters of the random forest technique are optimized: selection criterion, 

maximal depth, minimal leaf size, confidence, minimal gain, voting strategy and number of trees 

(Rapidminer, 2016b). The creation of the search space is discussed in section 4.3.5.  

The parameters selection criterion, maximal depth, minimal leaf size, confidence, minimal gain are equal 

to the parameters of the decision tree and will not further be discussed. More information can be found 

in section 4.3.5.1.  

The final categorization of the observations in made based on a voting strategy of all the trees in the forest. 

The used voting strategy has a big impact on the final categorization decision since the weighing of the 

votes determines the final decision. The considered voting strategy are: Confidence and Majority. A 

confidence strategy implies that the class with the highest accumulated confidence is selected. In contrast, 

using a majority strategy, the class which is predicted by the majority of the trees is selected. 

The final parameter is the number of trees used in the forest. A high number of trees decreases the 

generalization error and decreases the comprehensibility. In addition, it increases the computation time 

needed for both the creation of the model and the classification of new observations. The considered 

search space is defined as: 5, 10, 25, 50, 75, 100 and 150 trees (Breiman, 2001; Rapidminer, 2016b; Yeh et 

al., 2014).  

The search space and optimal values of these parameters are as shown in Table 14.  

Table 14. Search space and optimal value of the random forest parameters. 

Parameter Search space Optimal 

Selection criterion Gini_index; Gain_ratio; Information_gain; Accuracy Gini_Index 

Minimal gain 0.01; 0.05; 0.075; 0.1; 0.125; 0.25 0.075 

Minimal leaf size 1; 2; 3; 4; 5; 6; 7; 10; 25 5 

Maximal depth 1; 5; 10; 20; 30; 40; 50 20 

Confidence 0.01; 0.05; 0.1; 0.25; 0.5 0.25 

Voting strategy Confidence; Majority Confidence 

Number of trees 5; 10; 25; 50; 75; 100; 150  50 

 

4.3.6. Predictive models creation 

As defined in the experimental setup, after the parameters of the predictive analytics techniques have 

been optimized, the final models are built. Since two techniques and three balancing methods are used, 6 

final model are created. The performance of these models is evaluated in chapter 5. 

The final models are created using the decision tree and the random forest algorithms in Rapidminer 7.2, 

using the parameter setting as shown in Table 13 and Table 14.  
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4.3.6.1. Decision tree models 

Using the three balanced training and validation sets, three decision tree models are created. Because of 

the size of these models, they are moved to Appendix G. 

4.3.6.2. Random forest models 

Based on the three balanced training and validation sets, three random forest models are created. Since 

random forest models contain 50 trees each, the resulting models are not presented in the appendix of 

this study. They are available from the author on request.  
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5. Evaluation & Discussion 
The six final models that have been created in the previous chapter are evaluated based on the data mining 

and business success criteria as defined in section 4.1 in line with the CRISP-DM methodology to determine 

the quality of the models. Further, the robustness of the models is evaluated. Moreover, the most 

important going concern indicators in the models will be discussed. Finally, the overall quality of the model 

is assessed.  

5.1. Assessment of data mining success criteria 
The models are evaluated on the following data mining success criteria: overall accuracy, Type I and Type 

II errors, recall, precision, the ROC curve and AUC. The performance of the six models is shown in Table 15. 

In addition, the ROC-curves are presented in Appendix H. The evaluation will be based on a comparison 

between the two predicative analytics techniques and the applied balancing methods. In addition, some 

general remarks will be provided.  

Table 15. Performance of the decision tree and random forest models 

 

In Table 15, the following abbreviation are used: True Negative (TN), False Negative (FN), False Positive 

(FP), True Positive (TP), Area Under Curve (AUC), Going Concern opinion (GC) and Non Going Concern 

opinion (NGC).  

5.1.1. Predictive analytics techniques 

The performance of the two predictive analytics techniques, decision tree and random forest, are very 

similar in this study. All of the criteria differ only marginally. The only criteria on which one technique 

consistently outperforms the other is the AUC. In this aspect the random forest technique scores 

marginally better in all models. In all other aspects, for each technique there is at least one model that 

outperforms the other models of the other technique. These results are in line with the classification made 

in Table 12 where both techniques scored high on performance.  

5.1.2. Balancing methods 

When analyzing the characteristics of the various models, the effect of the balancing methods quickly 

becomes clear. The 50-50 balancing method results in model with a higher AUC, lower overall accuracy, 

higher Type I error and lower Type II error than a model created without applying a balancing method. 

These performance characteristics can be explained by the following rationale.  

Technique Balance 
method 

TN FN FP TP AUC Accuracy Type I 
error 

Type II 
error 

Recall 
GC 

Precision 
GC 

Recall 
NGC 

Precision 
NGC 

Decision 
Tree 

50-50 3148 24 172 348 0.979 94.67% 4.66% 0.65% 93.55% 66.92% 94.82% 99.24% 

Random 
Forest 

50-50 3137 21 183 351 0.989 94.45% 4.96% 0.57% 94.35% 65.73% 94.49% 99.34% 

Decision 
Tree 

60-40 3186 37 134 335 0.974 95.34% 3.63% 1.00% 90.05% 71.43% 95.96% 98.85% 

Random 
Forest 

60-40 3212 39 108 333 0.987 95.99% 2.92% 1.06% 89.52% 75.51% 96.75% 98.80% 

Decision 
Tree 

None 3291 92 29 280 0.933 96.70% 0.79% 2.49% 75.27% 90.61% 99.13% 97.28% 

Random 
Forest 

None 3280 89 40 283 0.967 96.48% 1.08% 2.41% 76.08% 87.62% 98.80% 97.36% 
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The 50-50 balancing method results in a higher percentage of going concern opinions than the original 

sample set and also than the test set. Because the model is trained on this balanced set, the model 

overestimates the chance of an observation receiving a going concern opinion. Therefore, when the model 

is used to classify the going concern decision of the observations of the test set, the model is more likely 

to (falsely) classify an observation as going concern, (false positive) true positive, than to (falsely) classify 

an observation as non-going concern, (false negative) true negative. This in turn results in a relatively high 

percentage type I error and a relatively low percentage of type II error. Moreover, since the non-going 

concern class is bigger than the going concern class in the test set, a tendency towards type I error results 

in a relatively low overall accuracy. Finally, since the ROC curve (and therefore the AUC) is oriented from 

the positive class (going concern), it will be higher if the true positive is higher. As discussed, the true 

positive is higher for the 50-50 balanced models. Thus, the resulting AUC will be higher compared to 

unbalanced models.  

The precision and recall values follow the same rationale. That is, since the chance of going concern is 

overestimated in the 50-50 balanced models, the number of false positives rises. This in turn results in a 

lower precision GC and lower recall NGC. In contrast, a lower number of false negatives is associated by a 

higher precision NGC and higher recall GC.  

The 60-40 balanced models perform somewhere in the middle of the 50-50 balanced models and the 

unbalanced models on all data mining success criteria. 

5.1.3. General remarks 

As discussed in section 4.1.4.1.1, the most important data mining success criteria are overall accuracy and 

Type II error. All of the models presented in this study perform well on these criteria. The power of the 

models becomes clear when they are compared to the performance of other models in literature. The 

average accuracy of the models presented in the article pool as shown in Appendix A is 86.32% with a 

standard deviation of 9.07%. Unfortunately, most articles do not report their type II error rate. However, 

the articles who do report the type II error have an average type II error of 8.86% with a standard deviation 

of 5.21%.  

5.2. Assessment of business success criteria 
The six created models are further evaluated on the following business success criteria as defined in 

section 4.1.4.1.2 in line with the CRISP-DM methodology: comprehensibility, justifiability, quality of input 

data, accessibility and relevant timeframe. The criteria justifiability, quality of input data and relevant 

timeframe are equal for each of the models. They will be discussed below followed by a separate 

discussion of the differences between the predictive analytics techniques. This section is concluded with 

some general remarks.  

First, justifiability is the extent to which the induced model is in line with existing domain knowledge. Since 

all of the used indicators are based on relevant literature and/or expert knowledge, the justifiability of the 

models is excellent. Further, the quality of the input data is good for all the models since the quality of the 

used data is controlled for by using a high quality database and in addition manually check the correctness 

of 10 observations as discussed in section 4.2.1.2.  
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The use of the relevant timeframe is ensured by the construction of the dependent variable, the going 

concern opinion, which covers the 12 months as defined by ISA 570 (ISA 570, 2016).  

5.2.1. Predictive analytics techniques 

Besides the business success criteria as discussed above, the models are evaluated based on their 

comprehensibility and accessibility. Comprehensibility is the degree towards which the models is 

understandable. Partner I indicated that a complex prediction model is no problem as long as the 

underlying concepts are understandable. A strong advantage of the decision tree compared to the random 

forest technique is the comprehensibility which is high for decision trees (Kotsiantis, 2013). In contrast, 

the comprehensibility of a random forest is lower because of the complex structure of 50 (in this study) 

trees (Breiman, 2001). The required time to use the model is very limited for both models. Therefore, the 

accessibility is high for both models. An aspect that could influence the accessibility of the models is the 

way the model is implemented. For example, an implementation which is cumbersome to use and 

complicated to interpret might discourage the use of the model. Even though, the same model in a 

different implementation would yield great results. 

5.2.2. General remarks 

Based on the above discussion, it can be concluded that all models perform well on all business success 

criteria with the restriction of the limited comprehensibility of the random forest technique. Thus, all 

models could be used in the field, however, the use of decision tree models is preferred based on the 

comprehensibility.  

5.3. Model robustness  
In the creation of the presented models, several datamining decisions have been made. It is interesting to 

evaluate the effect these decisions have on the performance of the model. After all, the goal of a model is 

to find and model a relation between concepts, not an accidental relation between data points. Therefore, 

the robustness of the models is evaluated. As discussed, a strong performing model is the model created 

with the decision tree technique based on the 50-50 balanced training & validation set. Since the data 

mining decisions are made in the creation of the model, the 10-fold cross-validation performance of this 

model is evaluated. In addition, to evaluate the impact on the robustness of the model, the performance 

of the created models is further evaluated on the test set. Followed is an evaluation of the robustness of 

the training & validation scope, the parameters used in the technique and the use of information from 

prior years. Further, the impact of the removal of observations with the headquarter outside of the USA 

and financial institutions is evaluated. The impact of the chosen predictive analytics technique and the 

applied balancing method is omitted here since this is already discussed in section 5.1 and 5.2.  

5.3.1. Scope robustness  

During the data collection, a scope of the used data was defined. i.e. which years are used for the creation 

and testing of the model. Since the accounting and auditing rules and regulation evolve and new insights 

are constantly gained, it is likely that there is some variance in the way in which auditors assess the going 

concern status of a company. This implies that the used scope for the creation of the model might have an 

impact on the performance of the model. 
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To investigate the impact of the scope, the performance, i.e. accuracy and Type II error, is calculated when 

applying the decision tree technique with the optimized parameters on the 50-50 balanced training & 

validation set with a varying scope. The scope is varied by changing the start year while keeping the end 

year constant. Further, the end year is varied while keeping the start year constant. In addition, the 

performance of the model is calculated when only a single year is used to create and cross-validate. The 

results are shown in Figure 14. 

 

  
Figure 14. Performance Decision Tree with varying scope using 50-50 balanced data 

As depicted Figure 14a, the accuracy clearly rises when the start year is increased from 2000 until 2002. In 

the same period, the Type II error decreased as well. When the end year is decreased, it is clear that the 

accuracy follows a downwards trend and the Type II error a upwards trend. Figure 14a further shows an 

optimal value for both accuracy and Type II error based on 10-fold cross validation when the years 2012-

2013 are used to create the prediction model. However, this also implies that the size of the training & 

validation set has decreased to 876 observations of the original 12’266 observations in the 50-50 balanced 

set. This might lead to overfitting and therefore a decrease in generalizability. In contrast, a scope of 2004-

2013 results in a training & validation set of 9’312 observations. As such, the scope 2002-2013 is seen as 

more favorable and will be used in this study.  
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A possible reason for the increase in performance between the 2000-2013 and the 2002-2013 scope is the 

scandals surrounding the energy giant Enron and the results it had on one of the biggest Certified Public 

Accounting firms, Arthur Andersen (Carey, Kortum, & Moroney, 2012; Socol, 2010). This resulted in the 

issuance of the International Financial Reporting Standard 1 (IFRS 1) which is issued in June 2003 and 

applies for financial statements for a period beginning on or after 1 January 2004 (IAS Plus, 2016).  

In addition, there is an interesting negative spike in the performance in the year 2008. As the performance 

of a model can be viewed as a measure for the consistency of the underlying data (in addition to degree 

in which a technique is able to retrieve these patterns), a lower performance is an indicator for less 

structured relation between the independent and the dependent variables. This disruptions of the internal 

consistency could be the result of the global financial crisis which caused numerous companies to go 

bankrupt.  

For the sake of argument, models are created applying the decision tree technique based on the 50-50 

balanced training & validation set using the scope 2002-2013 and 2012-2013. The results are shown below 

in Table 16 with the addition of the original 50-50 model with the scope 2000-2013.  

Table 16. Performance of decision tree models based on varying scope. 

Scope TN FN FP TP AUC Accuracy Type I Type 
II 

Recall 
GC 

Precision 
GC 

Recall 
NGC 

Precision 
NGC 

2000-
2013 

3148 24 172 348 0.979 94.69% 4.66% 0.65% 93.55% 66.92% 94.82% 99.24% 

2002-
2013 

3149 29 171 343 0.96 94.58% 4.63% 0.79% 92.20% 66.73% 94.85% 99.09% 

2012-
2013 

3124 22 196 350 0.959 94.10% 5.31% 0.60% 94.09% 64.10% 94.10% 99.30% 

 

Although varying the scope of the training & validation set has an impact on the performance of the 10-

fold cross-validation, there seems to be very little impact on the performance when the model is tested 

on the test set. The accuracy and the type II error are largely similar. Thus, despite the interesting 

observations about the internal consistency of the data in various years, there seems to be very little effect 

on the performance of the final model.  

5.3.2. Robustness of technique parameter settings 

In section 4.3.5, the parameters of the applied predictive analytics techniques are optimized. The 

intermediate results of the performance of these models are presented in Appendix F for the 50-50 

balanced decision tree model. The results show that most parameter settings result in similar 

performances, the differences are marginal. However, there are some exceptions. For instance, when the 

maximum depth of a model is very limited, the accuracy drops. The accuracy decreases since only one or 

two indicators can be used to predict the going concern decision as opposed to a maximum of 20 in the 

final model. A smaller, but noticeable, decrease in accuracy is visible when the minimum gain is set. A 

minimum gain which is to small results in a decrease of the accuracy with several percentage points. 

Overall it can be concluded that the model is very robust to the parameter settings of the techniques. Al 

long as they stay within certain extremes.  
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5.3.3. Robustness of timely information  

The final 50-50 decision tree model uses information from the current year (the year over which the 

prediction of the going concern decision is made) and previous years. Several indicators make use of 

information prior to the current year, these include: Loss over several years, going concern opinion in prior 

year, the trend of several indicators and the forecasted values of several indicators. To investigate the 

impact it would have if this information is not available, feature selection is applied on the remaining 

indicators. The resulting indicators are used to create a decision tree model which is consequently tested 

on the test set.  

The feature selection resulted in the following indicators in order of importance: Altman Z-score, FirmSize, 

market value/total liabilities, working capital/total assets, net income/total assets and current ratio. As 

will be later shown in section 5.4, these indicators are comparable with the indicators used in the final 50-

50 balanced decision tree model. On the aspect of performance, the newly created model loses some 

terrain. Although the type II error is comparable, even slightly better, the accuracy decreases from 94.69% 

to 92.63%. Since this is still better than the average accuracy of models used in prior research (86.32%) it 

could be argued that the model is even fairly robust on the use of information from prior years and 

performs well.  

Overall, it can be concluded that the created model is very robust to changes. However, when extreme 

parameters are used, the performance could drop.  

5.3.4. Impact of NoneUSA and GIS observations filter 

During the data preparation, section 4.2, the observations which have a headquarters outside of the USA 

have been removed as well as the observations from the financial sector (GIS-code 4010-4040) to increase 

the internal consistency of the data. However, this further decrease the generalizability of the model. To 

test the effect of these observations on the performance of the model, three decision tree models are 

created based on three new 50-50 balanced sample sets. In one sample set, only the financial institutions 

are filtered, in the following sample set only the observations with a headquarter outside of the USA are 

filtered and finally, both the financial institutions and the observations with a headquarter outside of the 

USA are included in the sample set. For the creation of the model, the same parameters and indicators are 

used as the original 50-50 balanced decision tree model. The performance of these models is compared 

with the performance of the original decision tree model based on the 50-50 balanced data. The 

performance are shown in Table 17. 

Table 17. Performance of models with and without headquarter in the USA and GIS filter. 

Removed TN FN FP TP AUC N Accuracy Type I Type II Recall GC Precision GC 

NoneUSA & GIS 3148 24 172 348 0.979 3692 94.69% 4.66% 0.65% 93.55% 66.92% 

GIS 3506 34 250 439 0.962 4229 93.28% 5.91% 0.80% 92.81% 63.72% 

NoneUSA 3201 32 179 349 0.977 3761 94.39% 4.76% 0.85% 91.60% 66.10% 

No filter 3586 38 238 449 0.961 4311 93.60% 5.52% 0.88% 92.20% 65.36% 

 

 



49 
 

In Table 17, removed NoneUSA & GIS indicates the final model in which the observations with a 

headquarter from outside the USA and GIS codes between 4010-4040 (financial institutions) are removed. 

In the same respect, NoneUSA indicates that the observations with a headquarter from outside the USA 

are removed and GIS indicates that the financial institutions (GIS codes between 4010 and 4040) are 

removed. 

As illustrated in Table 17, the final, NoneUSA & GIS, model outperforms all other models on all metrics. 

However, all models still perform well. It can be observed that especially the removal of the observations 

with a headquarter outside of the USA increases the performance of the model. This is in line with 

expectations as it increases the internal consistency. The filtering of the financial institutions observations 

from the sample set seems to have very limited impact on the per performance of the model.  

Although the model including the observations with a headquarter from outside of the USA still performs 

well, no statement can be made on the generalizability of this model since more than 90% of the 

observations has a headquarter in the USA.  

5.4. Important going concern indicators  
An aspect of interest of the model, is the indicators used in the final model. The relative importance of the 

going concern indicators are discussed using two methods: features selection and the depth in the decision 

tree models.  

5.4.1. Important indicators according to feature selection 

Since the features selection method that is applied selects the indicators with the highest added value first 

and adds indicators one by one in the order of prediction power, this sequence can be used to rank the 

relative importance of the indicators. This applied both for the decision tree and the random forest. Table 

18 shows which indicators are selected using the feature selection method and their relative position to 

the other indicators, ‘1’ illustrates the first position, each higher number has a subsequently lower 

predictive power.  

Table 18. The relative importance of the indicators in the models 

 
50-50 Balanced  60-40 Balanced  Unbalanced 

Indicator DT RF DT RF DT RF 

Altman Z-score 1 1 1 1 
  

Going concern in prior year 2 2 2 2 1 1 

Working capital/total assets 3 5 3 3 
 

2 

Net income/total assets 4 4  4 
  

Market value/total liabilities 5 7 5 
 

7 
 

Firm size 6 
 

 5 
  

Loss (2 year) 7 
 

 
   

Forecast(net income/total assets) 8 
 

 
   

Forecast(market value/total liabilities) 9 
 

 
   

EBIT/total assets 
  

4 
 

4 3 

Loss (3 year) 
  

6 
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50-50 Balanced  60-40 Balanced  Unbalanced 

Indicator DT RF DT RF DT RF 

Forecast(working capital/total assets) 
  

 
 

2 
 

Retained earnings/total assets 
    

3 
 

Debt Ratio 
    

5 5 

Parent organization 
    

6 
 

Diff(net income/total assets) 
    

7 
 

Trend(net income/total assets) 
    

8 
 

Trend(Z-score) 
    

9 
 

Trend(current ratio) 
    

10 
 

Forecast(debt ratio) 
    

11 
 

Net worth/total liabilities 
    

12 4 

Trend(cash) 
    

13 
 

Current ratio 
 

3 
    

Cash 
 

6 
    

Trend(debt ratio) 
 

8 
    

 

In Table 18, RF stand for random forest and DT stand for decision tree. These represent the technique used 

to create the model.  

As depicted in Table 18, several indicators stand out for their relatively high rank in the prediction models. 

These include, the Altman Z-score, the going concern opinion of last year and indicators for liquidity, 

profitability and solvency (or leverage). Furthermore, the transformations of the ratios, Forecast(), Trend() 

and Difference(), are discussed below.  

The Altman Z-score indicator is clearly a good indicator for the going concern opinion. For one, since it is 

a prediction model for bankruptcy itself. Interestingly, the indicator performs very well for the 50-50 and 

60-40 balanced models. In contrast, in the unbalanced T&V set model, only a variation of the Z-score (the 

trend) is used in the model on the 9th position. An explanation can be found in the construction of the Z-

score. For the creation of the model, Altman used 33 bankrupted companies and 33 healthy companies in 

his sample (Altman, 1968). Therefore, the model is biased towards the 50-50 sample. 

As can be expected, the going concern opinion is a good indicator for the going concern opinion the 

following year. In addition to the status of a company slowly changing, is the auditor already aware of the 

possible risk of a going concern. 

When looking at the other indicators completing the top 5 of each model, it becomes clear that the liquidity 

status of a company is a strong indicator since it is present in the top of all models. It seems that the most 

suited indicator is the ‘working capital/total assets’ ratio (and the corresponding Forecast) followed by the 

‘current ratio’ and ‘retained earnings/total assets’.  

Furthermore, all models have a measure of profitability (also called productivity or return on assets) that 

quickly follows the liquidity measure. The indicators ‘net income/total assets’ and ‘EBIT/total assets’ are 

both largely present on the 4th position giving the impressing that they have similar prediction power.  
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Moreover, solvency indicators seem to complete the top 5 for most models. Here, there are several 

indicators that appear to be able to predict the going concern opinion. These are: ‘market value/total 

liabilities’ (and the corresponding Forecast), ‘debt ratio’ and ‘net worth/total liabilities’. 

In addition, the transformations of the ratios, Forecast(), Trend() and Difference(), appear to have less 

prediction power of the going concern opinion than the untransformed ratios, since they are listed lower. 

An exception to this rule is the Forecast(working capital/total assets) in the unbalanced decision tree 

model. Thus, although they have added value, they are selected by the feature selection after all, the 

transformations of the ratios seem to have limited additional predictive power over the original ratios. 

5.4.2. Important indicators according to the decision tree depth 

An additional method that can be used to analyze the relevant importance of the indicators is to 

investigate in which level (i.e. the depth) of the decision tree in which they appear for the first time. Since 

the decision tree method selects the attribute which has the best predictive power for the dependent 

variable, this structure can be used to describe the relative importance of the model. A downside of this 

method is the inability to practically apply it to random forest models because of large number of trees 

(50 in this study). Table 19 shows an overview of the position in which the indicator appears for the first 

time for each of the three decision tree models. It is therefore possible that several indicators appear on 

the same depth (e.g. 3).  

Table 19. Relative importance of the going concern indicators in the decision tree models 

Indicator 50-50 Balanced  60-40 Balanced  Unbalanced 

Altman Z-score 1 2 
 

Going concern in prior year 2 1 1 

Working capital/total assets 3 2 
 

Net income/total assets 3 
  

Market value/total liabilities 4 3 3 

Firm size 3 
  

Forecast(net income/total assets) 6 
  

Forecast(market value/total liabilities) 6 
  

EBIT/total assets 
 

3 2 

Loss (3 year) 
 

6 
 

Forecast(working capital/total assets) 
  

2 

Retained earnings/total assets 
  

4 

Debt Ratio 
  

2 

Diff(net income/total assets) 
  

6 

Trend(net income/total assets) 
  

8 

Trend(Z-score) 
  

5 

Trend(current ratio) 
  

4 

Forecast(debt ratio) 
  

9 

Trend(cash) 
  

9 
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Similar to the prior analysis, are the most important indicators the going concern opinion of the auditor 

last year and the Altman Z-score. Again the Z-score is not present in the unbalanced model. Also, the most 

important indicators (i.e. which are present in the best 4 levels) can be categorized in the indicators types 

as shown in Table 20. 

Table 20. Alternative representation of the important indicators 

Indicator 
type 

50-50 Balanced 60-40 Balanced Unbalanced 

Profitability Net income 
/total assets 

(3) EBIT/total assets (3) EBIT/total assets (2) 

    
Retained earnings/total 

assets 
(4) 

Liquidity Working capital 
/total assets  

(3) Working capital 
/total assets 

(2) Forecast(working capital 
/total assets) 

(2) 

     Trend(current ratio) (4) 

Solvency Market value 
/total liabilities  

(4) Market value 
/total liabilities 

(3) Market value 
/total liabilities 

(3) 

    
Debt ratio (2) 

General Going concern 
in prior year  

(2) Going concern in 
prior year 

(1) Going concern in prior 
year 

(1) 

Z-score  (1) Z-score  (2) 
  

Firm Size (3)     

 

The number between brackets represent the depth in which the indicators appeared first in the decision 

tree. All indicator types are represented in all the models. Thus it seems that the going concern opinion is 

formed based on a combination of all these indicator types: profitability, liquidity, solvency and general 

characteristics.  

Overall, the Altman Z-score and the going concern opinion in the prior year have the most prediction 

power for the going concern opinion. In addition, the liquidity, profitability and solvency ratios are good 

indicators for the going concern decision of the auditor, in that order of importance.  

5.5. Quality of the models 
In the above sections, the models are evaluated based on the data mining success criteria and the business 

success criteria. Further, the robustness tested and the important going concern indicators are identified.  

Based on this, it can be concluded that all models perform well both from a data mining and business 

perspective. The most important data mining success criteria for this study, accuracy and type II error, 

outperform most models in prior research which have an average accuracy of 86.32% with a standard 

deviation of 9.07%. A clear difference in these metrics can be observed between the three training and 

validation balancing methods applied in this study. If the application of the model is an early warning 

system for potential going concern risks, a 50-50 balanced model would perform best. Further, all models 

perform well on the business success criteria. However, since the decision tree is more comprehensible 

than the random forest, this seems to be the preferred technique. 
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Furthermore, the robustness of the models is controlled for by evaluating the performance of the models 

when suboptimal settings and conditions are applied. The models appeared to be resistant to changes in 

the used timeframe for the training of the model (the scope), the use of parameter settings of the 

predictive analytics techniques and the inability to use information from prior years. Further, the impact 

on the performance of the model of incorporating financial institutions in the sample set seems to be 

small. In addition, the performance of the model seems to decrease if the headquarters of the 

observations are in various countries compared to when they are in one country.  

Finally, justifiability of the model (i.e. the extent to which the induce model is in line with existing domain 

knowledge) is further confirmed by investigating the relative importance of the indicators in the model. In 

line with literature, the following financial ratio types are present, in order of importance: liquidity, 

profitability and solvency (J. H. Chen, 2012).  
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6. Conclusion 
This chapter presents the conclusions of this study, succeeded by practical implications which follow from 

these conclusions. Concluding, the limitations of this study will be discussed and suggestions for further 

research are made. 

6.1. Conclusion 
The goal of this study was to investigate to what extent the going concern decision can be predicted with 

the use of predictive analytics. Therefore, the known going concern indicators were identified by 

combining expert knowledge with theory from scientific literature with the additional condition that the 

information should be available on the financial statement. The combination of interviews with 

practitioners from leading certified public accountant companies and a structured literature study resulted 

in the list of going concern indicators, as presented in Table 21, which were further used for the creation 

of the predictive models. 

Table 21. Indicators of going concern decision 

Indicator 

Current ratio (Liquidity) [current & forecast]  Benchmarks & development of competitors 

Cash [over time & forecast] Trend analysis 

Loss [over time] Firm size 

Revenue [over time] Retained earnings/total assets (Profitability) 

Net Debt/EBITDA (Leverage ratio) Net worth/total liabilities 

Parent company (Organizational structure) Gross profit ratio 

Interest Coverage (Solvency ratio) Net Income/total assets (Profitability; ROA) 

Debt Ratio (Leverage; Solvency ratio) EBIT/total assets (Profitability; ROA) 

Altman Z-score Working capital/total assets 

R&D expenses Going concern in prior year 

 

Based on these indicators, six data driven going concern prediction models have been created. These 

models are created based on three balancing methods which balance the proportion of going concern 

observations in the training and validation set (50-50 balanced, 60-40 balanced and no applied balancing 

method). Per balancing method, two predictive analytics techniques, decision tree and random forest, 

have been applied to create a total of six models. 

All these models perform well on the constructed business success criteria: comprehensibility, justifiability, 

quality of input data, accessibility and use of relevant timeframe. Further, the robustness of these models 

is controlled for by evaluating the performance of the models when suboptimal settings and conditions 

are applied. The models appeared to be resistant to changes in the used timeframe (i.e. the number of 

years) for the training of the model, the use of parameter settings of the predictive analytics techniques 

and the inability to use information from prior years. 
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Overall, all created models perform well on the data mining success criteria: overall accuracy, Type I and 

Type II errors, recall, precision, ROC curve and AUC. Dependent on the application, an early warning system 

or a decision tool, the models DT_50-50 (decision tree model based on the 50-50 balanced training and 

validation set) and DT_Unbalanced (decision tree model based on the unbalanced training and validation 

set) have the best performance with an accuracy of 94.67% and 96.70% and a type II error of 0.67% and 

2.49%, respectively. As such, they outperform almost all models presented in prior research.  

Concluding, the created predictive analytics models are well able to predict the going concern decision of 

the auditor. 

6.2. Practical implications  
The outcomes of this study result in some recommendations and practical implications which apply to the 

field. 

First, since there currently is no adequately comprehensive way to evaluate the going concern status of a 

company, it is hard to measure whether the going concern opinion of an auditor is correct. Therefore, a 

formal definition should be formulated such that, looking back, the decision of the auditor can be 

evaluated. As a result, entities that rely on the auditor’s opinion, such as investors, will be better informed. 

In addition, better prediction models could be built based on this information, which in turn could further 

improve the going concern assessment by the auditor. 

Further, based on evaluation of the models, it can be concluded that the models created with predictive 

analytics are well able to predict the going concern opinion of the auditor. Therefore, these models could 

aid the auditor in the going concern assessment. The two main applications of these models are as early 

warning system and as decision tool. 

As early warning system, an application is intended which is able to identify companies with potential 

going concern risks in the risk assessment phase of the process as outlined in section 2.3. It is suggested 

that the auditor runs the model using the financial data, if the model predicts a going concern opinion, 

extra attention to the going concern risks should be paid. The most suitable model for this application 

would be the decision tree model based on the 50-50 balanced training and validation set (DT_50-50). For 

this application, it is important that the chance of missing a going concern risk is as low as possible, which 

implies that the model minimizes the type II error while keeping a good overall accuracy. The DT_50-50 

model has an excellent type II error of 0.65% (less than 1 in 150 observations is classified as non-going 

concern while it should be going concern) while keeping a good overall accuracy of 94.67% (which is higher 

than almost all models from prior research). While the random forest techniques yielded almost identical 

performance results, the decision tree techniques is selected for its comprehensibility. 

In contrast, the prediction model could be used to decide whether a company should receive a going 

concern opinion, i.e. as decision tool. Then, the aim would be to maximize the accuracy of the decision. 

Therefore, the decision tree model based on the unbalanced training and validation set (DT_Unbalanced) 

would be most suitable. It has an accuracy of 96.7%, which is well over the average accuracy of models 

presented in prior research (86.32%).  
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However, since a substantial number of potentially useful indicators are not used in the creation of the 

model and the accuracy is not 100%, it would be advised not to use the model as a final decision tool, mere 

as a decision support tool.  

Thus, the most suitable application of the model is the application of the (DT_50-50) model as an early 

warning system which would aid the auditor in identifying companies that have a potential going concern 

risk. However, both the decision to perform additional procedures as the final going concern decision 

should be made by the auditor. The professional judgment of the auditor will remain the most important 

decision tool since it could incorporate additional information not available to the model. However the 

information on which the professional judgment is based could be improved by the additional use of 

(these) predictive analytics models.  

6.3. Limitations & further research 
The findings should be interpreted in light of potential limitations, which in turn point toward avenues for 

future research.  

Although this study already shows promising results for the prediction of the going concern decision, these 

classifications should not be misinterpreted in stating that the model equally predicts the ‘actual’ going 

concern status of the company, i.e. the ability of a company to continue its operation for the foreseeable 

future. Since the model is built to predict the final decision of the auditor, it could be that the model is 

partially built on wrong decisions of the auditors. Therefore, further research should investigate what solid 

metric can be used to measure the ‘actual’ going concern status. These decisions should then be used for 

the training of the model. 

However, there is an advantage of the models which are based on a large number of observations in 

contrast to the professional judgment of the auditor. The professional judgment of the audit is based on a 

combination of a learned theoretical framework and the experience in the field. This view is further 

strengthened in the interviews where each auditor mentioned several overlapping indicators, but in 

addition some extra indicators which where relevant in prior cases. The models are also built on a 

theoretical framework, but do not rely on one auditor’s experience. They utilize the collected experiences 

of all the auditors’ opinions in the sample set.  

Despite the extensive effort put into optimizing several parameters and settings, it cannot be guaranteed 

that the optimal setting is found. Therefore, it could be that the performance of the model could be further 

improved. However, since the model already performs well in the prediction of the going concern decision, 

it is unlikely that the conclusion of this study should be changed. 

A further point that might be discussed is the impact that random selection methods have on the result of 

this study. For instance, on the creation of various balanced training and validation sets. Since a random 

selection method is applied, it could be that the model is performing better or worse than it would do on 

average. In future research, this should be investigated by creating and testing models which are based on 

various randomly balanced (50-50 or 60-40) sets.  
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A similar argument could be made for the creation of the random forest models. Since they are also 

partially based on a random selection aspect. The selected optimal feature set by the feature selection 

method could be sub-optimal by the effect of random variations in creation of the trees of the forest and 

therefore in the performance of the random forest model. This effect could also be measured by creating 

several models and testing the average performance and robustness on this aspect. However, an effort is 

already made in this study to decrease the impact of the random variation by applying a 10-fold cross-

validation method within the feature selection procedure. 

A limitation to the generalizability of this study is the exclusive use of observations with their headquarter 

in the USA. As a result, the potential impact of external factors which are not incorporated in this study 

have been decreased. However, it might also result in a decrease in the applicability of the models on 

observations of other countries. As discussed, the performance of the model does decrease when 

observations with the headquarter outside of the USA are incorporated in the sample. This study can be 

used as a strong base to create new models with the use of the new data, following the methodology as 

outlined. 

Although this study already shows promising results with the use of information obtained from financial 

statements, future research should investigate the extent to which the performance of the models could 

be improved with the use of additional data. A list of potentially useful indicators is presented in  

Table 7. In particular, the addition of market information and the bank contract covenants seem to be 

important indicators according to all interviewed practitioners. 

The current result of the models is a classification of the going concern opinion based on financial data. 

Although this is already a promising result which could aid the auditor in the going concern assessment, 

future research should investigate the possibility of also indicating the area of concern according to the 

model. For instance, the model should indicate that the main reason for issuing a going concern opinion is 

the low liquidity (e.g. low working capital/total assets) of the company. 

In addition, further research should investigate which observations are wrongly classified using the current 

model. Consequently, case studies could identify additional conditions that apply on these cases to further 

understand the indicators for issuing a going concern opinion. 

There might be more applications possible for similar prediction models. Further research might 

investigate the use of these prediction models as a measurement tool for the internal consistency of the 

going concern decision. The rationale here is that the degree to which a model is able to classify the 

observations correctly is a measurement for the consistency of the data and therefore of the decisions 

made based on the available data. 
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Finally, during the creation of the models, additional interviews with practitioners resulted in the 

identification of two additional indicators: Equity and EBITDA Margin. Descriptive statistics and formulas 

for these indicators are presented in Appendix I. Due to time limitations, these indicators are not used to 

create the final models as presented in section 4.3.6 since it would require reperforming most of the 

optimization and evaluation work. Therefore, six new models are created using the optimized parameter 

settings which resulted from section 4.3.5.  

The models with the addition of these indicators show promising results. The performance including a 

brief discussion are presented in Appendix J. Also, the resulting decision trees are presented in Appendix 

K and because of their size the random forest models are only available upon request by contacting the 

author. Further research is needed to investigate the effect of these indicators on for instance the 

robustness.  
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Decision Sciences 

Martens, David; 
Bruynseels, 
Liesbeth; Baesens, 
Bart; Willekens, 
Marleen; 
Vanthienen, Jan 

2008 WOS Predicting going concern opinion 
with data mining 

Decision Support 
Systems 

Mayew, William J; 
Sethuraman, Mani; 
Venkatachalam, 
Mohan 

2015 WOS MD&A Disclosure and the Firm's 
Ability to Continue as a Going 
Concern 

Accounting review 

Mckee, Thomas E; 
Greenstein, Marilyn 

2003 WOS Rough sets bankruptcy prediction 
models versus auditor signaling rates 

Journal of 
forecasting 



66 
 

Auteur Year Search 
engine 

Article title Journal 

Mokhatab Rafiei, F.; 
Manzari, S. M.; 
Bostanian, S. 

2011 Additional 
Search 

Financial health prediction models 
using artificial neural networks, 
genetic algorithm and multivariate 
discriminant analysis Iranian 
evidence 

Expert Systems 
with Applications 

Parng, Yuh-Jiuan M; 
Fu, Chung-Jen 

2011 Additional 
Search 

Detecting firms with going-concern 
risk based on the industry affiliation, 
corporate governance 
characteristics, and financial 
performance 

African Journal of 
Business 
Management 

Salehi, Mahdi; Fard, 
Fezeh Zahedi 

2013 Additional 
Search 

Data Mining Approach Using 
Practical Swarm Optimization ( PSO ) 
to Predicting Going Concern : 
Evidence from Iranian Companies 

Journal of 
Distribution 
Science 

Soumya, S B; 
Deepika, N 

2016 Additional 
Search 

Data Mining With Predictive 
Analytics for Financial Applications 

International 
Journal of 
Scientific 
Engineering and 
Applied Science 

Sun, Lili 2007 Springer A re-evaluation of auditors' opinions 
versus statistical models in 
bankruptcy prediction 

Review of 
Quantitative 
Finance and 
Accounting 

Yeh, Ching-Chiang; 
Chi, Der-Jang; Lin, 
Yi-Rong 

2014 WOS Going-concern prediction using 
hybrid random forests and rough set 
approach 

Information 
Sciences 

 

Table 22, shows the articles in the article pool used in the literature study of section 3.3. The search engine 

column shows the origin of the articles. WOS indicates that an article is found with the Web Of Science 

search engine, IEEE indicates IEEE Electronic Library and Springer indicates the Springer search engine.  
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Appendix B. Interview auditors outline 
In order to sufficiently cover the indicators used by practitioners, interviews are conducted with 

practitioners from leading companies in the field. A semi-structured interview type is chosen since it 

provides the interviewee with the flexibility to give broad answers while keeping enough structure to make 

sure all the important topics are covert (D. Cooper & Schindler, 2005). 

The questions below have been verified by a practitioner and a scientist. 

The goals of the interview(s) are to answer the following questions: 

1. What are the general topics surrounding the going concern (GC) opinion?  

2. Which indicators and/or data do practitioners use to predict going concern decisions? 

3. Which data can be used to predict going concern decisions? 

4. What determines the quality of a going concern decision prediction model? 

For that, the following questions are asked during the interview. The number in the square brackets ‘[]’ 

refer to the goals which they are related to.  

1. Demographics 

1.1. Function & department: 

1.2. Years in function & in the field: 

1.3. What is your role in the GC decision process? [1] 

 

2. GC decision process 

2.1. How would you describe the process of determining the GC opinion? [1] 

2.2. Is the flowchart below correct (Figure 15 & Figure 16)? [1] 

 

3. Data/indicators used 

3.1. What is the role of the (example) questions as stated in ISA570 (Appendix B.1)? [2] 

3.2. What (data) sources are used to answer these questions? [2] 

3.3. What ADDITIONAL (data) sources would you like to use to determine the GC opinion? [2] 

3.4. Are there other (data) sources used to determine the GC opinion? [2] 

3.5. What is the (public) availability of these (data) sources? [3] 

 

4. Prediction model quality 

4.1. What aspects determine the quality of the model? And in which order in importance? [4] 

4.2. What criteria are used to evaluate the performance/quality of the GC decisions of your 

organization? [4] 

4.3. What aspects of the GC decision process can the model have the most potential impact? [4] 

 



68 
 

 

Figure 15. Flowchart of GC decision process [NL] 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 16. Flowchart of GC decision process [ENG] 
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Appendix B.1 Appendix of the interview outline & discussion 
 
Table 23. Event or condition which could lead to a going concern (ISA 570, 2016) 

Event or condition Sources 

Financial 

Net liability or net current liability position. ISA 570.A3 

Fixed-term borrowings approaching maturity without realistic prospects of renewal or 
repayment; or excessive reliance on short-term borrowings to finance long-term assets. 

ISA 570.A3 

Indications of withdrawal of financial support by creditors.  ISA 570.A3 

Negative operating cash flows indicated by historical or prospective financial statements. ISA 570.A3 

Adverse key financial ratios.  ISA 570.A3 

Substantial operating losses or significant deterioration in the value of assets used to 
generate cash flows 

ISA 570.A3 

Arrears or discontinuance of dividends.  ISA 570.A3 

Inability to pay creditors on due dates. ISA 570.A3 

Inability to comply with the terms of loan agreements.  ISA 570.A3 

Change from credit to cash-on-delivery transactions with suppliers. ISA 570.A3 

Inability to obtain financing for essential new product development or other essential 
investments. 

ISA 570.A3 

Operating 

Management intentions to liquidate the entity or to cease operations. ISA 570.A3 

Loss of key management without replacement.  ISA 570.A3 

Loss of a major market, key customer(s), franchise, license, or principal supplier(s). ISA 570.A3 

Labor difficulties. ISA 570.A3 

Shortages of important supplies.  ISA 570.A3 

Emergence of a highly successful competitor. ISA 570.A3 

Other 

Non-compliance with capital or other statutory or regulatory requirements, such as 
solvency or liquidity requirements for financial institutions. 

ISA 570.A3 

Pending legal or regulatory proceedings against the entity that may, if successful, result 
in claims that the entity is unlikely to be able to satisfy. 

ISA 570.A3 

Changes in law or regulation or government policy expected to adversely affect the 
entity. 

ISA 570.A3 

Uninsured or underinsured catastrophes when they occur. ISA 570.A3 

 

Discussion of the answers of the interviews.  

Contrary to expectation, did the list of (example) questions as stated in ISA.570 (as shown in  

Table 23) have a very limited role in the determination of the going concern status of a company. It was 

assumed that these events or conditions would form some form of base on which the going concern 

opinion would be determined. However, during the interviews it become clear the awareness of this list is 

limited. Therefore, question 3.2 is changed to “What (data) sources are used to determine the going 

concern opinion? [2]” 
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Appendix C. Example of fiscal year Compustat. 

 

Figure 17. Example of Financial year modification by Compustat (Compustat, 2016) 
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Appendix D. Companies checked to determine the quality of the data 
Table 24. Financial statements checked 

Filing year CIK Company 

2014 1491525 Greenhouse Solutions, Inc. 

2001 19252 CHAPARRAL RESOURCES INC 

2003 32878 ENERGY CONVERSION DEVICES INC 

2005 725394 DALRADA FINANCIAL CORP 

2010 58592 4Licensing Corp 

2012 919013 WAVE SYSTEMS CORP 

2004 66895 MISSISSIPPI CHEMICAL CORP /MS/ 

2002 928064 FEATHERLITE INC 

2015 356590 TREE TOP INDUSTRIES, INC. 

2013 739878 KID BRANDS, INC 

 

The quality of the data of the Compustat and Audit Analytics is determined by checking the correctness of 

the data of the above companies. The following attributes are controlled for: Going concern opinion, total 

assets and net income (loss). The checks are performed on 8-9-2016 by looking at the 10-K or 10-KSB filings 

using the EDGAR search engine (SEC, 2016). 
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Appendix E. Descriptive statistics 
Table 25 shows the descriptive statistics of the going concern opinion and the all the indicators used to 

predict the going concern decision. The figures below are based on the sample set which is the result of 

the joining of the Compustat and Audit Analytics databases, the cleaning and filtering as described in 

section 4.2.2. It shows the data in the range 2000 and 2016.  

Table 25. Descriptive statistics of the used data in the scope of 2000-2016 

Variable N Missing Min Max Mean Std. Dev. Database 

Going Concern 49064 0 0 1 0.133 0.339321 
Audit 

Analytics 

Going Concern in prior year 49064 0 No Yes 0.115 0.31876 
Audit 

Analytics 

Parent company 49064 0 No Yes 0.007 0.084397 
Audit 

Analytics 

Benchmark(current ratio) 49064 0 0.517 26.165 3.248 2.052069 Compustat 

Benchmark(debt ratio) 49064 0 0.492 41.338 3.772 2.845003 Compustat 

Benchmark(market value/total liabilities) 49064 0 0.097 1669.392 18.944 88.40758 Compustat 

Benchmark(net income/total assets) 49064 0 -952.977 15.256 -5.88 52.79966 Compustat 

Benchmark(sales/total assets) 49064 0 0.196 10.865 1.191 0.480525 Compustat 

Benchmark(working capital/total assets) 49064 0 -120.15 0.477 -3.56 10.51819 Compustat 

Benchmark(Z-score) 49064 0 -1642.57 963.215 -52.69 138.6767 Compustat 

Cash 49064 0 -0.156 53528 184.907 902.8211 Compustat 

Current assets 49064 0 -0.168 124712 827.885 3648.563 Compustat 

Current liabilities 49064 0 0 80610 562.54 2689.736 Compustat 

Current ratio 49064 0 -4 4928.571 3.248 25.21057 Compustat 

Debt ratio 49064 0 0 4928.571 3.772 31.84293 Compustat 

Diff(current ratio) 49064 0 -2.716 232.615 1 2.350415 Compustat 

Diff(debt ratio) 49064 0 0 216.293 1 2.524472 Compustat 

Diff(market value/total liabilities) 49064 0 0 287.757 1 4.382697 Compustat 

Diff(net income/total assets) 49064 0 -2309.12 8507.159 1 46.13038 Compustat 

Diff(sales/total assets) 49064 0 -0.218 173.35 1 1.808318 Compustat 

Diff(working capital/total assets) 49064 0 -1035.21 1956.938 1 26.87371 Compustat 

Diff(Z-score) 49064 0 -8269 6287.88 1 72.14581 Compustat 

EBIT 49064 0 -27630 71230 246.398 1548.548 Compustat 

EBIT/total liabilities 49064 0 -23957.5 8.785 -1.83 115.163 Compustat 

EBITDA 49064 0 -23630 81730 356.218 2027.661 Compustat 

EBITDA margin 49064 0 -12906 358.211 -5.868 125.3834 Compustat 

Firm size 49064 0 0 12.764 5.098 2.517073 Compustat 

Forecast(cash) 49064 0 -0.156 35462.94 179.502 849.0207 Compustat 

Forecast(current ratio) 49064 0 -1.24 4928.571 3.363 27.45667 Compustat 

Forecast(debt ratio) 49064 0 0 4928.571 3.972 33.03339 Compustat 

Forecast(market value/total liabilities) 49064 0 0 94633.84 18.186 570.4556 Compustat 

Forecast(net income/total assets) 49064 0 -43679.9 1208 -4.602 347.2777 Compustat 

Forecast(working capital/total assets) 49064 0 -10661.1 1 -2.69 73.33858 Compustat 

Forecast(Z-score) 49064 0 -83924.6 40415.25 -40.75 1141.318 Compustat 

Gross profit 49064 0 -23253 128432 740.765 3753.462 Compustat 

Gross profit/sales 49064 0 -12906 358.211 -3.944 116.8375 Compustat 

Loss_1year 49064 0 0 1 0.442 0.496624 Compustat 

Loss_2year 49064 0 0 1 0.331 0.470693 Compustat 

Loss_3year 49064 0 0 1 0.261 0.439133 Compustat 

Market value 49064 0 0.001 626550.4 3061.817 16579.23 Compustat 
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Variable N Missing Min Max Mean Std. Dev. Database 

Market value/total liabilities 49064 0 0 188244 18.944 980.1531 Compustat 

Net debt/EBITDA 49064 0 -4833.25 108585 3.539 526.7341 Compustat 

Net income (loss) 49064 0 -98696 53394 123.819 1266.048 Compustat 

Net income/total assets 49064 0 -130077 1208 -5.88 624.8176 Compustat 

Net worth/total liabilities  49064 0 -1 4927.571 2.776 31.84256 Compustat 

Retained earnings 49064 0 -102362 389427 534.159 6539.618 Compustat 

Retained earnings/total assets 49064 0 -134863 12.117 -39.24 1031.631 Compustat 

Revenue 49064 0 -0.656 483521 2292.733 12313.85 Compustat 

Sales 49064 0 -0.656 483521 2292.733 12313.85 Compustat 

Sales/total assets 49064 0 -0.255 365 1.191 3.163939 Compustat 

Total assets 49064 0 0 349493 2579.814 11744.49 Compustat 

Total liabilities 49064 0 0 226798 1552.024 6942.098 Compustat 

Trend(cash) 49064 0 -55.442 5401 3.659 56.08018 Compustat 

Trend(current ratio) 49064 0 -133.235 40906.49 3.344 262.827 Compustat 

Trend(debt ratio) 49064 0 0 17646.84 2.684 121.4172 Compustat 

Trend(net income/total assets) 49064 0 -9475.34 2313549 112.017 15015.42 Compustat 

Trend(revenue) 49064 0 -0.014 8844.353 2.829 87.66243 Compustat 

Trend(Z-score) 49064 0 -570286 11540.58 -61.923 5369.963 Compustat 

Working capital 49064 0 -33780 74854 265.346 1603.024 Compustat 

Working capital/total assets 49064 0 -25968.5 1 -3.56 149.3214 Compustat 

Z-score 49064 0 -213823 112927.1 -52.69 1786.57 Compustat 

  

There are some aspects that are worth mentioning. Firstly, there is a very select number of observations 

that have negative current assets and/or negative cash. These amounts have been verified by checking the 

10KSB/10K filing in EDGAR (SEC, 2016) and proved correct. Finally, the values of sales are equal to the 

values of revenue. This is because these contain the same information and can be seen as a synonym for 

the same indicator. They are both present since revenue is a single variable indicator and sales is a variable 

used in the sales/total assets indicator. 
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Appendix F. Parameter optimization for the Decision tree technique 
Table 26. Parameter optimization for the decision tree technique 

Criterion Min 
gain 

Min 
leaf 
size 

Max 
Depth 

Confe
dence 

TN FN FP TP AUC Total Accuracy Type I 
error 

Type II 
error 

Recall 
GC 

Precision 
GC 

Recall 
NGC 

Precision 
NGC 

Gain Ratio 0.1 2 20 0.25 5575 554 558 5579 0.939 12266 90.93% 4.55% 4.52% 90.97% 90.91% 90.90% 90.96% 

Information 
Gain 

0.1 2 20 0.25 5602 543 531 5590 0.949 12266 91.24% 4.33% 4.43% 91.15% 91.32% 91.34% 91.16% 

Gini Index 0.1 2 20 0.25 5642 577 491 5556 0.946 12266 91.29% 4.00% 4.70% 90.59% 91.88% 91.99% 90.72% 

Accuracy 0.1 2 20 0.25 5081 355 1052 5778 0.891 12266 88.53% 8.58% 2.89% 94.21% 84.60% 82.85% 93.47% 

Gini Index 0.01 2 20 0.25 5543 628 590 5505 0.886 12266 90.07% 4.81% 5.12% 89.76% 90.32% 90.38% 89.82% 

Gini Index 0.05 2 20 0.25 5593 542 540 5591 0.918 12266 91.18% 4.40% 4.42% 91.16% 91.19% 91.20% 91.17% 

Gini Index 0.075 2 20 0.25 5574 505 559 5628 0.935 12266 91.33% 4.56% 4.12% 91.77% 90.96% 90.89% 91.69% 

Gini Index 0.1 2 20 0.25 5642 577 491 5556 0.946 12266 91.29% 4.00% 4.70% 90.59% 91.88% 91.99% 90.72% 

Gini Index 0.125 2 20 0.25 5595 547 538 5586 0.954 12266 91.15% 4.39% 4.46% 91.08% 91.21% 91.23% 91.09% 

Gini Index 0.15 2 20 0.25 5168 407 965 5726 0.907 12266 88.81% 7.87% 3.32% 93.36% 85.58% 84.27% 92.70% 

Gini Index 0.25 2 20 0.25 5128 421 1005 5712 0.893 12266 88.37% 8.19% 3.43% 93.14% 85.04% 83.61% 92.41% 

Gini Index 0.075 1 20 0.25 5559 519 574 5614 0.28 12266 91.09% 4.68% 4.23% 91.54% 90.72% 90.64% 91.46% 

Gini Index 0.075 2 20 0.25 5574 505 559 5628 0.935 12266 91.33% 4.56% 4.12% 91.77% 90.96% 90.89% 91.69% 

Gini Index 0.075 3 20 0.25 5567 456 566 5677 0.947 12266 91.67% 4.61% 3.72% 92.56% 90.93% 90.77% 92.43% 

Gini Index 0.075 4 20 0.25 5582 471 551 5662 0.953 12266 91.67% 4.49% 3.84% 92.32% 91.13% 91.02% 92.22% 

Gini Index 0.075 5 20 0.25 5577 430 556 5703 0.956 12266 91.96% 4.53% 3.51% 92.99% 91.12% 90.93% 92.84% 

Gini Index 0.075 6 20 0.25 5607 478 526 5655 0.958 12266 91.81% 4.29% 3.90% 92.21% 91.49% 91.42% 92.14% 

Gini Index 0.075 7 20 0.25 5581 476 552 5657 0.958 12266 91.62% 4.50% 3.88% 92.24% 91.11% 91.00% 92.14% 

Gini Index 0.075 10 20 0.25 5558 456 575 5677 0.962 12266 91.59% 4.69% 3.72% 92.56% 90.80% 90.62% 92.42% 

Gini Index 0.075 5 1 0.25 4291 4295 1842 1838 0.5 12266 49.97% 15.02% 35.02% 29.97% 49.95% 69.97% 49.98% 

Gini Index 0.075 5 2 0.25 5255 1087 878 5046 0.84 12266 83.98% 7.16% 8.86% 82.28% 85.18% 85.68% 82.86% 

Gini Index 0.075 5 5 0.25 5669 613 464 5520 0.949 12266 91.22% 3.78% 5.00% 90.00% 92.25% 92.43% 90.24% 

Gini Index 0.075 5 10 0.25 5586 500 547 5633 0.956 12266 91.46% 4.46% 4.08% 91.85% 91.15% 91.08% 91.78% 

Gini Index 0.075 5 20 0.25 5577 430 556 5703 0.956 12266 91.96% 4.53% 3.51% 92.99% 91.12% 90.93% 92.84% 

Gini Index 0.075 5 30 0.25 5577 430 556 5703 0.956 12266 91.96% 4.53% 3.51% 92.99% 91.12% 90.93% 92.84% 

Gini Index 0.075 5 50 0.25 5577 430 556 5703 0.956 12266 91.96% 4.53% 3.51% 92.99% 91.12% 90.93% 92.84% 

Gini Index 0.075 5 20 0.01 5577 430 556 5703 0.956 12266 91.96% 4.53% 3.51% 92.99% 91.12% 90.93% 92.84% 

Gini Index 0.075 5 20 0.05 5577 430 556 5703 0.956 12266 91.96% 4.53% 3.51% 92.99% 91.12% 90.93% 92.84% 

Gini Index 0.075 5 20 0.1 5581 441 552 5692 0.954 12266 91.90% 4.50% 3.60% 92.81% 91.16% 91.00% 92.68% 

Gini Index 0.075 5 20 0.25 5577 430 556 5703 0.956 12266 91.96% 4.53% 3.51% 92.99% 91.12% 90.93% 92.84% 

Gini Index 0.075 5 20 0.5 5555 435 578 5698 0.956 12266 91.74% 4.71% 3.55% 92.91% 90.79% 90.58% 92.74% 

Gini Index 0.075 5 20 0.75 5555 435 578 5698 0.956 12266 91.74% 4.71% 3.55% 92.91% 90.79% 90.58% 92.74% 
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Appendix G. Decision tree models 
Using the tree balanced training and validation sets, tree decision trees are created. The models below 

are presented using the output of Rapidminer Decision tree algorithm.  

Decision tree based on the 50-50 balanced training and validation set 
Z-score > 0.335 

|   GC_Y-1 = ? 

|   |   FirmSize > 2.607 

|   |   |   WC/TA > -0.100 

|   |   |   |   Market Value/TL > 0.053 

|   |   |   |   |   NI/TA > -0.034: false {false=495, true=9} 

|   |   |   |   |   NI/TA ≤ -0.034 

|   |   |   |   |   |   WC/TA > 0.110: false {false=151, true=20} 

|   |   |   |   |   |   WC/TA ≤ 0.110 

|   |   |   |   |   |   |   FirmSize > 4.389 

|   |   |   |   |   |   |   |   FirmSize > 5.498: false {false=8, true=0} 

|   |   |   |   |   |   |   |   FirmSize ≤ 5.498 

|   |   |   |   |   |   |   |   |   FirmSize > 4.937: true {false=1, true=4} 

|   |   |   |   |   |   |   |   |   FirmSize ≤ 4.937: false {false=7, true=1} 

|   |   |   |   |   |   |   FirmSize ≤ 4.389 

|   |   |   |   |   |   |   |   Market Value/TL > 10.780: true {false=0, 

true=6} 

|   |   |   |   |   |   |   |   Market Value/TL ≤ 10.780 

|   |   |   |   |   |   |   |   |   NI/TA > -0.106: false {false=4, true=2} 

|   |   |   |   |   |   |   |   |   NI/TA ≤ -0.106: true {false=3, true=8} 

|   |   |   |   Market Value/TL ≤ 0.053 

|   |   |   |   |   WC/TA > 0.096: true {false=0, true=13} 

|   |   |   |   |   WC/TA ≤ 0.096: false {false=5, true=5} 

|   |   |   WC/TA ≤ -0.100 

|   |   |   |   NI/TA > -0.008: false {false=7, true=3} 

|   |   |   |   NI/TA ≤ -0.008: true {false=5, true=45} 

|   |   FirmSize ≤ 2.607 

|   |   |   NI/TA > 0.004 

|   |   |   |   FirmSize > 1.855: false {false=20, true=0} 

|   |   |   |   FirmSize ≤ 1.855 

|   |   |   |   |   Z-score > 3.653 

|   |   |   |   |   |   Market Value/TL > 17.217: true {false=1, true=4} 

|   |   |   |   |   |   Market Value/TL ≤ 17.217: false {false=7, true=1} 

|   |   |   |   |   Z-score ≤ 3.653: true {false=1, true=5} 

|   |   |   NI/TA ≤ 0.004 

|   |   |   |   WC/TA > 0.007 

|   |   |   |   |   NI/TA > -0.230: false {false=18, true=8} 

|   |   |   |   |   NI/TA ≤ -0.230: true {false=16, true=60} 

|   |   |   |   WC/TA ≤ 0.007: true {false=2, true=89} 

|   GC_Y-1 = No 

|   |   NI/TA > -0.139 

|   |   |   Market Value/TL > 0.104 

|   |   |   |   WC/TA > -0.168: false {false=3902, true=63} 

|   |   |   |   WC/TA ≤ -0.168 

|   |   |   |   |   Market Value/TL > 0.763 

|   |   |   |   |   |   FirmSize > 3.593: false {false=20, true=0} 

|   |   |   |   |   |   FirmSize ≤ 3.593: true {false=2, true=3} 

|   |   |   |   |   Market Value/TL ≤ 0.763 

|   |   |   |   |   |   WC/TA > -0.221: false {false=4, true=2} 

|   |   |   |   |   |   WC/TA ≤ -0.221: true {false=3, true=13} 
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|   |   |   Market Value/TL ≤ 0.104 

|   |   |   |   WC/TA > -0.082 

|   |   |   |   |   Market Value/TL > 0.010 

|   |   |   |   |   |   FirmSize > 3.966 

|   |   |   |   |   |   |   Forecast(MV/TL) > 0.069: false {false=31, true=1} 

|   |   |   |   |   |   |   Forecast(MV/TL) ≤ 0.069 

|   |   |   |   |   |   |   |   WC/TA > 0.085: false {false=4, true=1} 

|   |   |   |   |   |   |   |   WC/TA ≤ 0.085: true {false=2, true=3} 

|   |   |   |   |   |   FirmSize ≤ 3.966: false {false=4, true=4} 

|   |   |   |   |   Market Value/TL ≤ 0.010: true {false=1, true=6} 

|   |   |   |   WC/TA ≤ -0.082: true {false=0, true=14} 

|   |   NI/TA ≤ -0.139 

|   |   |   Market Value/TL > 0.267 

|   |   |   |   FirmSize > 2.313 

|   |   |   |   |   WC/TA > 0.063: false {false=360, true=36} 

|   |   |   |   |   WC/TA ≤ 0.063 

|   |   |   |   |   |   FirmSize > 4.787: false {false=25, true=6} 

|   |   |   |   |   |   FirmSize ≤ 4.787 

|   |   |   |   |   |   |   FirmSize > 4.599: true {false=0, true=5} 

|   |   |   |   |   |   |   FirmSize ≤ 4.599 

|   |   |   |   |   |   |   |   FirmSize > 3.590: false {false=8, true=3} 

|   |   |   |   |   |   |   |   FirmSize ≤ 3.590 

|   |   |   |   |   |   |   |   |   NI/TA > -0.197: false {false=4, true=1} 

|   |   |   |   |   |   |   |   |   NI/TA ≤ -0.197 

|   |   |   |   |   |   |   |   |   |   FirmSize > 3.124: true {false=0, 

true=8} 

|   |   |   |   |   |   |   |   |   |   FirmSize ≤ 3.124 

|   |   |   |   |   |   |   |   |   |   |   WC/TA > -0.055: true {false=2, 

true=7} 

|   |   |   |   |   |   |   |   |   |   |   WC/TA ≤ -0.055: false {false=4, 

true=2} 

|   |   |   |   FirmSize ≤ 2.313 

|   |   |   |   |   Forecast(NI/TA) > -0.257 

|   |   |   |   |   |   Z-score > 2.177 

|   |   |   |   |   |   |   FirmSize > 1.813 

|   |   |   |   |   |   |   |   Market Value/TL > 5.444: true {false=2, 

true=3} 

|   |   |   |   |   |   |   |   Market Value/TL ≤ 5.444: false {false=5, 

true=0} 

|   |   |   |   |   |   |   FirmSize ≤ 1.813: false {false=14, true=0} 

|   |   |   |   |   |   Z-score ≤ 2.177: true {false=2, true=5} 

|   |   |   |   |   Forecast(NI/TA) ≤ -0.257 

|   |   |   |   |   |   WC/TA > 0.887: false {false=5, true=0} 

|   |   |   |   |   |   WC/TA ≤ 0.887 

|   |   |   |   |   |   |   FirmSize > 1.922 

|   |   |   |   |   |   |   |   Forecast(NI/TA) > -0.456: true {false=1, 

true=4} 

|   |   |   |   |   |   |   |   Forecast(NI/TA) ≤ -0.456 

|   |   |   |   |   |   |   |   |   NI/TA > -0.995: false {false=10, true=1} 

|   |   |   |   |   |   |   |   |   NI/TA ≤ -0.995: true {false=3, true=5} 

|   |   |   |   |   |   |   FirmSize ≤ 1.922 

|   |   |   |   |   |   |   |   NI/TA > -1.913 

|   |   |   |   |   |   |   |   |   WC/TA > 0.358: true {false=4, true=23} 

|   |   |   |   |   |   |   |   |   WC/TA ≤ 0.358 

|   |   |   |   |   |   |   |   |   |   Forecast(MV/TL) > 32.592 

|   |   |   |   |   |   |   |   |   |   |   FirmSize > 1.350: true {false=3, 

true=5} 
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|   |   |   |   |   |   |   |   |   |   |   FirmSize ≤ 1.350: false {false=8, 

true=0} 

|   |   |   |   |   |   |   |   |   |   Forecast(MV/TL) ≤ 32.592: true 

{false=2, true=9} 

|   |   |   |   |   |   |   |   NI/TA ≤ -1.913: true {false=0, true=12} 

|   |   |   Market Value/TL ≤ 0.267 

|   |   |   |   Market Value/TL > 0.060 

|   |   |   |   |   WC/TA > -0.133 

|   |   |   |   |   |   FirmSize > 4.380 

|   |   |   |   |   |   |   NI/TA > -0.267 

|   |   |   |   |   |   |   |   Market Value/TL > 0.104: false {false=14, 

true=1} 

|   |   |   |   |   |   |   |   Market Value/TL ≤ 0.104: true {false=2, 

true=3} 

|   |   |   |   |   |   |   NI/TA ≤ -0.267: true {false=3, true=6} 

|   |   |   |   |   |   FirmSize ≤ 4.380: true {false=5, true=12} 

|   |   |   |   |   WC/TA ≤ -0.133: true {false=1, true=15} 

|   |   |   |   Market Value/TL ≤ 0.060: true {false=2, true=37} 

|   GC_Y-1 = Yes: true {false=74, true=497} 

Z-score ≤ 0.335 

|   GC_Y-1 = ? 

|   |   WC/TA > -0.015 

|   |   |   NI/TA > -0.516 

|   |   |   |   Market Value/TL > 0.020 

|   |   |   |   |   Z-score > -12.501 

|   |   |   |   |   |   WC/TA > 0.070: false {false=50, true=15} 

|   |   |   |   |   |   WC/TA ≤ 0.070 

|   |   |   |   |   |   |   FirmSize > 4.978: false {false=8, true=2} 

|   |   |   |   |   |   |   FirmSize ≤ 4.978 

|   |   |   |   |   |   |   |   Market Value/TL > 0.551 

|   |   |   |   |   |   |   |   |   WC/TA > 0.021: true {false=1, true=4} 

|   |   |   |   |   |   |   |   |   WC/TA ≤ 0.021: false {false=4, true=2} 

|   |   |   |   |   |   |   |   Market Value/TL ≤ 0.551: true {false=0, 

true=7} 

|   |   |   |   |   Z-score ≤ -12.501: true {false=0, true=8} 

|   |   |   |   Market Value/TL ≤ 0.020: true {false=0, true=13} 

|   |   |   NI/TA ≤ -0.516 

|   |   |   |   Z-score > -6.686 

|   |   |   |   |   Market Value/TL > 0.852 

|   |   |   |   |   |   Market Value/TL > 3.413 

|   |   |   |   |   |   |   FirmSize > 2.935: false {false=4, true=4} 

|   |   |   |   |   |   |   FirmSize ≤ 2.935: true {false=2, true=21} 

|   |   |   |   |   |   Market Value/TL ≤ 3.413 

|   |   |   |   |   |   |   Market Value/TL > 1.409: false {false=12, true=5} 

|   |   |   |   |   |   |   Market Value/TL ≤ 1.409: true {false=2, true=5} 

|   |   |   |   |   Market Value/TL ≤ 0.852: true {false=1, true=21} 

|   |   |   |   Z-score ≤ -6.686: true {false=3, true=72} 

|   |   WC/TA ≤ -0.015: true {false=26, true=545} 

|   GC_Y-1 = No 

|   |   NI/TA > -0.474 

|   |   |   WC/TA > -0.078 

|   |   |   |   Market Value/TL > 0.240: false {false=371, true=86} 

|   |   |   |   Market Value/TL ≤ 0.240 

|   |   |   |   |   NI/TA > -0.083 

|   |   |   |   |   |   NI/TA > 0.031: true {false=1, true=5} 

|   |   |   |   |   |   NI/TA ≤ 0.031: false {false=19, true=4} 

|   |   |   |   |   NI/TA ≤ -0.083 
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|   |   |   |   |   |   Market Value/TL > 0.167: false {false=6, true=4} 

|   |   |   |   |   |   Market Value/TL ≤ 0.167: true {false=7, true=31} 

|   |   |   WC/TA ≤ -0.078 

|   |   |   |   NI/TA > -0.009 

|   |   |   |   |   Forecast(MV/TL) > 1.681: true {false=1, true=9} 

|   |   |   |   |   Forecast(MV/TL) ≤ 1.681 

|   |   |   |   |   |   Z-score > -0.550: false {false=8, true=0} 

|   |   |   |   |   |   Z-score ≤ -0.550 

|   |   |   |   |   |   |   FirmSize > 2.547 

|   |   |   |   |   |   |   |   WC/TA > -0.335: false {false=3, true=2} 

|   |   |   |   |   |   |   |   WC/TA ≤ -0.335: true {false=0, true=8} 

|   |   |   |   |   |   |   FirmSize ≤ 2.547: false {false=9, true=1} 

|   |   |   |   NI/TA ≤ -0.009 

|   |   |   |   |   Z-score > -7.370 

|   |   |   |   |   |   WC/TA > -0.172 

|   |   |   |   |   |   |   WC/TA > -0.118 

|   |   |   |   |   |   |   |   WC/TA > -0.105 

|   |   |   |   |   |   |   |   |   Market Value/TL > 0.476: false {false=3, 

true=3} 

|   |   |   |   |   |   |   |   |   Market Value/TL ≤ 0.476: true {false=1, 

true=9} 

|   |   |   |   |   |   |   |   WC/TA ≤ -0.105: true {false=0, true=9} 

|   |   |   |   |   |   |   WC/TA ≤ -0.118 

|   |   |   |   |   |   |   |   Forecast(NI/TA) > -0.023: true {false=1, 

true=4} 

|   |   |   |   |   |   |   |   Forecast(NI/TA) ≤ -0.023: false {false=8, 

true=3} 

|   |   |   |   |   |   WC/TA ≤ -0.172: true {false=11, true=130} 

|   |   |   |   |   Z-score ≤ -7.370 

|   |   |   |   |   |   Z-score > -10.198: false {false=5, true=0} 

|   |   |   |   |   |   Z-score ≤ -10.198 

|   |   |   |   |   |   |   NI/TA > -0.294: false {false=5, true=4} 

|   |   |   |   |   |   |   NI/TA ≤ -0.294: true {false=0, true=6} 

|   |   NI/TA ≤ -0.474 

|   |   |   FirmSize > 3.368 

|   |   |   |   WC/TA > 0.036 

|   |   |   |   |   Market Value/TL > 1.010 

|   |   |   |   |   |   Z-score > -4.911 

|   |   |   |   |   |   |   Forecast(MV/TL) > 7.431 

|   |   |   |   |   |   |   |   Forecast(MV/TL) > 9.721: false {false=15, 

true=2} 

|   |   |   |   |   |   |   |   Forecast(MV/TL) ≤ 9.721: true {false=2, 

true=5} 

|   |   |   |   |   |   |   Forecast(MV/TL) ≤ 7.431: false {false=40, true=3} 

|   |   |   |   |   |   Z-score ≤ -4.911 

|   |   |   |   |   |   |   Forecast(MV/TL) > 4.268 

|   |   |   |   |   |   |   |   Forecast(NI/TA) > -1.116: true {false=6, 

true=16} 

|   |   |   |   |   |   |   |   Forecast(NI/TA) ≤ -1.116: false {false=5, 

true=1} 

|   |   |   |   |   |   |   Forecast(MV/TL) ≤ 4.268: false {false=16, true=3} 

|   |   |   |   |   Market Value/TL ≤ 1.010 

|   |   |   |   |   |   Forecast(NI/TA) > -0.462 

|   |   |   |   |   |   |   WC/TA > 0.311: false {false=6, true=1} 

|   |   |   |   |   |   |   WC/TA ≤ 0.311 

|   |   |   |   |   |   |   |   Forecast(NI/TA) > -0.312: true {false=1, 

true=4} 
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|   |   |   |   |   |   |   |   Forecast(NI/TA) ≤ -0.312: false {false=3, 

true=2} 

|   |   |   |   |   |   Forecast(NI/TA) ≤ -0.462: true {false=3, true=19} 

|   |   |   |   WC/TA ≤ 0.036: true {false=14, true=97} 

|   |   |   FirmSize ≤ 3.368: true {false=96, true=529} 

|   GC_Y-1 = Yes: true {false=67, true=3310} 

 

Decision tree based on the 60-40 balanced training and validation set 
GC_Y-1 = ? 

|   WC/TA > -0.095 

|   |   EBIT/TA > -0.359 

|   |   |   Market Value/TL > 0.072 

|   |   |   |   EBIT/TA > 0.009: false {false=755, true=15} 

|   |   |   |   EBIT/TA ≤ 0.009 

|   |   |   |   |   WC/TA > 0.053: false {false=297, true=51} 

|   |   |   |   |   WC/TA ≤ 0.053 

|   |   |   |   |   |   EBIT/TA > -0.001: true {false=3, true=26} 

|   |   |   |   |   |   EBIT/TA ≤ -0.001 

|   |   |   |   |   |   |   EBIT/TA > -0.057 

|   |   |   |   |   |   |   |   EBIT/TA > -0.043 

|   |   |   |   |   |   |   |   |   Market Value/TL > 0.288: false {false=11, 

true=1} 

|   |   |   |   |   |   |   |   |   Market Value/TL ≤ 0.288: true {false=2, 

true=3} 

|   |   |   |   |   |   |   |   EBIT/TA ≤ -0.043: false {false=9, true=0} 

|   |   |   |   |   |   |   EBIT/TA ≤ -0.057 

|   |   |   |   |   |   |   |   Market Value/TL > 9.677: true {false=0, 

true=8} 

|   |   |   |   |   |   |   |   Market Value/TL ≤ 9.677 

|   |   |   |   |   |   |   |   |   WC/TA > 0.012: true {false=2, true=12} 

|   |   |   |   |   |   |   |   |   WC/TA ≤ 0.012 

|   |   |   |   |   |   |   |   |   |   Z-score > -1.350 

|   |   |   |   |   |   |   |   |   |   |   EBIT/TA > -0.085: true {false=1, 

true=4} 

|   |   |   |   |   |   |   |   |   |   |   EBIT/TA ≤ -0.085 

|   |   |   |   |   |   |   |   |   |   |   |   WC/TA > -0.008: false 

{false=6, true=0} 

|   |   |   |   |   |   |   |   |   |   |   |   WC/TA ≤ -0.008 

|   |   |   |   |   |   |   |   |   |   |   |   |   WC/TA > -0.021: true 

{false=2, true=3} 

|   |   |   |   |   |   |   |   |   |   |   |   |   WC/TA ≤ -0.021: false 

{false=5, true=0} 

|   |   |   |   |   |   |   |   |   |   Z-score ≤ -1.350: true {false=1, 

true=5} 

|   |   |   Market Value/TL ≤ 0.072 

|   |   |   |   Market Value/TL > 0.010 

|   |   |   |   |   EBIT/TA > 0.014 

|   |   |   |   |   |   WC/TA > 0.136: true {false=2, true=5} 

|   |   |   |   |   |   WC/TA ≤ 0.136: false {false=8, true=1} 

|   |   |   |   |   EBIT/TA ≤ 0.014: true {false=4, true=12} 

|   |   |   |   Market Value/TL ≤ 0.010: true {false=0, true=24} 

|   |   EBIT/TA ≤ -0.359 

|   |   |   Z-score > -6.604 

|   |   |   |   WC/TA > 0.309 

|   |   |   |   |   EBIT/TA > -0.652 
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|   |   |   |   |   |   Z-score > -1.557: false {false=40, true=8} 

|   |   |   |   |   |   Z-score ≤ -1.557 

|   |   |   |   |   |   |   WC/TA > 0.533: false {false=4, true=1} 

|   |   |   |   |   |   |   WC/TA ≤ 0.533: true {false=2, true=6} 

|   |   |   |   |   EBIT/TA ≤ -0.652: true {false=27, true=43} 

|   |   |   |   WC/TA ≤ 0.309: true {false=29, true=74} 

|   |   |   Z-score ≤ -6.604: true {false=11, true=88} 

|   WC/TA ≤ -0.095 

|   |   EBIT/TA > 0.025 

|   |   |   Market Value/TL > 0.699 

|   |   |   |   EBIT/TA > 0.113: true {false=5, true=6} 

|   |   |   |   EBIT/TA ≤ 0.113: false {false=15, true=1} 

|   |   |   Market Value/TL ≤ 0.699 

|   |   |   |   WC/TA > -0.122: false {false=3, true=3} 

|   |   |   |   WC/TA ≤ -0.122: true {false=1, true=26} 

|   |   EBIT/TA ≤ 0.025: true {false=44, true=581} 

GC_Y-1 = No 

|   Z-score > 0.312 

|   |   Market Value/TL > 0.107 

|   |   |   WC/TA > -0.164 

|   |   |   |   EBIT/TA > -0.193: false {false=6213, true=102} 

|   |   |   |   EBIT/TA ≤ -0.193 

|   |   |   |   |   WC/TA > 0.064 

|   |   |   |   |   |   EBIT/TA > -0.865 

|   |   |   |   |   |   |   Market Value/TL > 0.957: false {false=338, 

true=34} 

|   |   |   |   |   |   |   Market Value/TL ≤ 0.957 

|   |   |   |   |   |   |   |   EBIT/TA > -0.322: false {false=9, true=4} 

|   |   |   |   |   |   |   |   EBIT/TA ≤ -0.322: true {false=1, true=6} 

|   |   |   |   |   |   EBIT/TA ≤ -0.865 

|   |   |   |   |   |   |   WC/TA > 0.317: true {false=18, true=23} 

|   |   |   |   |   |   |   WC/TA ≤ 0.317: false {false=9, true=1} 

|   |   |   |   |   WC/TA ≤ 0.064 

|   |   |   |   |   |   Z-score > 1.647 

|   |   |   |   |   |   |   WC/TA > 0.006 

|   |   |   |   |   |   |   |   Market Value/TL > 24.606: true {false=0, 

true=6} 

|   |   |   |   |   |   |   |   Market Value/TL ≤ 24.606: false {false=4, 

true=2} 

|   |   |   |   |   |   |   WC/TA ≤ 0.006: false {false=12, true=4} 

|   |   |   |   |   |   Z-score ≤ 1.647: true {false=3, true=15} 

|   |   |   WC/TA ≤ -0.164 

|   |   |   |   EBIT/TA > 0.028 

|   |   |   |   |   Market Value/TL > 0.524: false {false=23, true=1} 

|   |   |   |   |   Market Value/TL ≤ 0.524 

|   |   |   |   |   |   WC/TA > -0.221: false {false=4, true=1} 

|   |   |   |   |   |   WC/TA ≤ -0.221: true {false=2, true=3} 

|   |   |   |   EBIT/TA ≤ 0.028 

|   |   |   |   |   WC/TA > -0.255 

|   |   |   |   |   |   Z-score > 0.724 

|   |   |   |   |   |   |   EBIT/TA > -0.041: false {false=6, true=2} 

|   |   |   |   |   |   |   EBIT/TA ≤ -0.041: true {false=3, true=8} 

|   |   |   |   |   |   Z-score ≤ 0.724: true {false=1, true=6} 

|   |   |   |   |   WC/TA ≤ -0.255: true {false=3, true=23} 

|   |   Market Value/TL ≤ 0.107 

|   |   |   EBIT/TA > -0.008 

|   |   |   |   WC/TA > -0.091 
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|   |   |   |   |   Loss_3Y = ?: false {false=12, true=4} 

|   |   |   |   |   Loss_3Y = No: false {false=34, true=1} 

|   |   |   |   |   Loss_3Y = Yes 

|   |   |   |   |   |   Market Value/TL > 0.032: false {false=6, true=1} 

|   |   |   |   |   |   Market Value/TL ≤ 0.032: true {false=1, true=5} 

|   |   |   |   WC/TA ≤ -0.091: true {false=1, true=13} 

|   |   |   EBIT/TA ≤ -0.008 

|   |   |   |   WC/TA > -0.028 

|   |   |   |   |   Market Value/TL > 0.060 

|   |   |   |   |   |   Market Value/TL > 0.074: true {false=3, true=5} 

|   |   |   |   |   |   Market Value/TL ≤ 0.074: false {false=6, true=0} 

|   |   |   |   |   Market Value/TL ≤ 0.060 

|   |   |   |   |   |   Market Value/TL > 0.034: true {false=0, true=12} 

|   |   |   |   |   |   Market Value/TL ≤ 0.034 

|   |   |   |   |   |   |   EBIT/TA > -0.073: false {false=5, true=5} 

|   |   |   |   |   |   |   EBIT/TA ≤ -0.073: true {false=2, true=8} 

|   |   |   |   WC/TA ≤ -0.028: true {false=2, true=27} 

|   Z-score ≤ 0.312 

|   |   WC/TA > -0.175 

|   |   |   EBIT/TA > -0.591: false {false=759, true=257} 

|   |   |   EBIT/TA ≤ -0.591 

|   |   |   |   Z-score > -6.861 

|   |   |   |   |   WC/TA > 0.400 

|   |   |   |   |   |   EBIT/TA > -0.724: false {false=24, true=4} 

|   |   |   |   |   |   EBIT/TA ≤ -0.724 

|   |   |   |   |   |   |   Market Value/TL > 17.054 

|   |   |   |   |   |   |   |   Z-score > -3.324: false {false=3, true=3} 

|   |   |   |   |   |   |   |   Z-score ≤ -3.324: true {false=0, true=5} 

|   |   |   |   |   |   |   Market Value/TL ≤ 17.054 

|   |   |   |   |   |   |   |   WC/TA > 0.502 

|   |   |   |   |   |   |   |   |   Z-score > -5.373: false {false=13, true=7} 

|   |   |   |   |   |   |   |   |   Z-score ≤ -5.373: true {false=2, true=7} 

|   |   |   |   |   |   |   |   WC/TA ≤ 0.502: false {false=10, true=2} 

|   |   |   |   |   WC/TA ≤ 0.400: true {false=25, true=55} 

|   |   |   |   Z-score ≤ -6.861: true {false=57, true=234} 

|   |   WC/TA ≤ -0.175: true {false=94, true=423} 

GC_Y-1 = Yes: true {false=202, true=3807} 

 

Decision tree based on the full training and validation set 
GC_Y-1 = ? 

|   Forecast(WC/TA) > -0.149 

|   |   EBIT/TA > -0.538 

|   |   |   Debt Ratio > 0.481: false {false=4342, true=193} 

|   |   |   Debt Ratio ≤ 0.481 

|   |   |   |   Forecast(WC/TA) > 0.806: false {false=3, true=2} 

|   |   |   |   Forecast(WC/TA) ≤ 0.806: true {false=6, true=42} 

|   |   EBIT/TA ≤ -0.538 

|   |   |   RE/TA > -6.666: false {false=251, true=116} 

|   |   |   RE/TA ≤ -6.666 

|   |   |   |   Forecast(WC/TA) > 0.243 

|   |   |   |   |   Diff(NI/TA) > 1.911 

|   |   |   |   |   |   Debt Ratio > 4.556: false {false=5, true=3} 

|   |   |   |   |   |   Debt Ratio ≤ 4.556: true {false=2, true=17} 

|   |   |   |   |   Diff(NI/TA) ≤ 1.911 

|   |   |   |   |   |   RE/TA > -9.224: false {false=16, true=2} 
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|   |   |   |   |   |   RE/TA ≤ -9.224 

|   |   |   |   |   |   |   Forecast(WC/TA) > 0.470 

|   |   |   |   |   |   |   |   EBIT/TA > -1.116: false {false=6, true=1} 

|   |   |   |   |   |   |   |   EBIT/TA ≤ -1.116: true {false=3, true=5} 

|   |   |   |   |   |   |   Forecast(WC/TA) ≤ 0.470: true {false=1, true=7} 

|   |   |   |   Forecast(WC/TA) ≤ 0.243 

|   |   |   |   |   Debt Ratio > 1.190: true {false=1, true=33} 

|   |   |   |   |   Debt Ratio ≤ 1.190 

|   |   |   |   |   |   Forecast(WC/TA) > -0.053: true {false=2, true=13} 

|   |   |   |   |   |   Forecast(WC/TA) ≤ -0.053: false {false=5, true=5} 

|   Forecast(WC/TA) ≤ -0.149 

|   |   Forecast(WC/TA) > -0.516 

|   |   |   EBIT/TA > 0.008 

|   |   |   |   Market Value/TL > 0.149: false {false=49, true=9} 

|   |   |   |   Market Value/TL ≤ 0.149: true {false=6, true=10} 

|   |   |   EBIT/TA ≤ 0.008: true {false=85, true=170} 

|   |   Forecast(WC/TA) ≤ -0.516: true {false=55, true=379} 

GC_Y-1 = No 

|   EBIT/TA > -0.612 

|   |   Market Value/TL > 0.094: false {false=32034, true=571} 

|   |   Market Value/TL ≤ 0.094 

|   |   |   Trend(Current Ratio) > 0.704 

|   |   |   |   EBIT/TA > -0.025: false {false=271, true=35} 

|   |   |   |   EBIT/TA ≤ -0.025 

|   |   |   |   |   Market Value/TL > 0.049 

|   |   |   |   |   |   Forecast(WC/TA) > 0.117: false {false=30, true=2} 

|   |   |   |   |   |   Forecast(WC/TA) ≤ 0.117 

|   |   |   |   |   |   |   Forecast(DebtR) > 1.141 

|   |   |   |   |   |   |   |   Debt Ratio > 1.460: false {false=5, true=0} 

|   |   |   |   |   |   |   |   Debt Ratio ≤ 1.460 

|   |   |   |   |   |   |   |   |   RE/TA > -0.016: false {false=4, true=1} 

|   |   |   |   |   |   |   |   |   RE/TA ≤ -0.016 

|   |   |   |   |   |   |   |   |   |   Trend(Z-score) > 0.827: false 

{false=3, true=2} 

|   |   |   |   |   |   |   |   |   |   Trend(Z-score) ≤ 0.827: true {false=0, 

true=13} 

|   |   |   |   |   |   |   Forecast(DebtR) ≤ 1.141 

|   |   |   |   |   |   |   |   Diff(NI/TA) > 0.642: true {false=3, true=4} 

|   |   |   |   |   |   |   |   Diff(NI/TA) ≤ 0.642: false {false=13, true=0} 

|   |   |   |   |   Market Value/TL ≤ 0.049 

|   |   |   |   |   |   Trend(Z-score) > 0.915 

|   |   |   |   |   |   |   Trend(NI/TA) > 3.544: true {false=2, true=3} 

|   |   |   |   |   |   |   Trend(NI/TA) ≤ 3.544: false {false=16, true=3} 

|   |   |   |   |   |   Trend(Z-score) ≤ 0.915 

|   |   |   |   |   |   |   Diff(NI/TA) > 0.095 

|   |   |   |   |   |   |   |   Market Value/TL > 0.027 

|   |   |   |   |   |   |   |   |   EBIT/TA > -0.091: true {false=2, true=9} 

|   |   |   |   |   |   |   |   |   EBIT/TA ≤ -0.091: false {false=6, true=3} 

|   |   |   |   |   |   |   |   Market Value/TL ≤ 0.027: true {false=2, 

true=23} 

|   |   |   |   |   |   |   Diff(NI/TA) ≤ 0.095 

|   |   |   |   |   |   |   |   Trend(Z-score) > 0.755: true {false=0, true=5} 

|   |   |   |   |   |   |   |   Trend(Z-score) ≤ 0.755: false {false=10, 

true=3} 

|   |   |   Trend(Current Ratio) ≤ 0.704 

|   |   |   |   Trend(Z-score) > 0.883 

|   |   |   |   |   Forecast(WC/TA) > -0.267 
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|   |   |   |   |   |   EBIT/TA > -0.237: false {false=19, true=1} 

|   |   |   |   |   |   EBIT/TA ≤ -0.237: true {false=3, true=5} 

|   |   |   |   |   Forecast(WC/TA) ≤ -0.267: true {false=4, true=11} 

|   |   |   |   Trend(Z-score) ≤ 0.883 

|   |   |   |   |   Debt Ratio > 0.147 

|   |   |   |   |   |   Market Value/TL > 0.063 

|   |   |   |   |   |   |   Forecast(WC/TA) > -0.244 

|   |   |   |   |   |   |   |   Trend(Cash) > 0.580 

|   |   |   |   |   |   |   |   |   EBIT/TA > -0.038: true {false=4, true=5} 

|   |   |   |   |   |   |   |   |   EBIT/TA ≤ -0.038: false {false=6, true=0} 

|   |   |   |   |   |   |   |   Trend(Cash) ≤ 0.580: true {false=2, true=7} 

|   |   |   |   |   |   |   Forecast(WC/TA) ≤ -0.244: true {false=0, true=5} 

|   |   |   |   |   |   Market Value/TL ≤ 0.063 

|   |   |   |   |   |   |   Forecast(WC/TA) > 0.099 

|   |   |   |   |   |   |   |   Forecast(DebtR) > 1.188: false {false=3, 

true=3} 

|   |   |   |   |   |   |   |   Forecast(DebtR) ≤ 1.188: true {false=0, 

true=5} 

|   |   |   |   |   |   |   Forecast(WC/TA) ≤ 0.099: true {false=1, true=55} 

|   |   |   |   |   Debt Ratio ≤ 0.147: false {false=6, true=0} 

|   EBIT/TA ≤ -0.612: false {false=961, true=545} 

GC_Y-1 = Yes 

|   Debt Ratio > 0.947 

|   |   EBIT/TA > -0.029: false {false=253, true=155} 

|   |   EBIT/TA ≤ -0.029: true {false=419, true=1153} 

|   Debt Ratio ≤ 0.947: true {false=157, true=2499} 
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Appendix H. ROC-curves of the decision tree and random forest models 

  

a) Decision tree, 50-50 balanced b) Random forest, 50-50 balanced 

  
c) Decision tree, 60-40 balanced d) Random forest, 60-40 balanced 

  
e) Decision tree, unbalanced f) Random forest, unbalanced 

Figure 18. ROC-curves of the decision tree and random forest models 
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Appendix I. Descriptive statistics & formulas of the new indicators 
Below, the descriptive statistics and formulas of the new indicators are shown in Table 27 and Table 28, 

respectively. For the descriptive statistics, the same filtering and clearing methods have been applied as 

discussed in section 4.2.2.  

Table 27. Descriptive statistics of new indicators 

Variable N Missing Minimum Maximum Mean Std. Dev. Database 

EBITDA margin 49064 0 -12906 358.211 -5.868 125.3834 Compustat 

Equity 49064 0 -25560 181064 1027.789 5343.363 Compustat 

 

Table 28. New indicators with the related formula’s 

Indicator Formula  

Equity Total assets - total liabilities 

EBITDA Margin EBITDA/revenue 
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Appendix J. Performance of the new models including the additional indicators 
Based on the data mining success criteria of section 4.1.1, the performance of the models will be discussed. 

The business success criteria of section 4.1.2 will be the same as discussed in section 5.2 and therefore 

they will not be discussed here. 

Table 29 shows the performance of the six new models including the additional indicators Equity and 

EBITDA margin. 

Table 29. Performance of the new models including the additional indicators 

 

The performance of the models is very similar as the performance of the final models as discussed in 

section 5.1. The most interesting part of these models becomes visible when used indicators are 

investigated. In line with the analysis in section 5.4, is the relative importance of the indicators determined 

by following the order in which the indicators are selected by the feature selection algorithm. The results 

are shown in Table 30. 

  

Technique 
Balancing 
method 

TN FN FP TP AUC Accuracy 
Type I 
error 

Type II 
error 

Recall 
GC 

Precision 
GC 

Recall 
NGC 

Precision 
NGC 

Decision 
Tree 

50-50 3149 25 171 347 0.974 94.69% 4.63% 0.68% 93.28% 66.99% 94.85% 99.21% 

Random 
Forest 

50-50 3129 26 191 346 0.989 94.12% 5.17% 0.70% 93.01% 64.43% 94.25% 99.18% 

Decision 
Tree 

60-40 3172 25 148 347 0.967 95.31% 4.01% 0.68% 93.28% 70.10% 95.54% 99.22% 

Random 
Forest 

60-40 3207 33 113 339 0.988 96.05% 3.06% 0.89% 91.13% 75.00% 96.60% 98.98% 

Decision 
Tree 

None 3300 98 20 274 0.93 96.80% 0.54% 2.65% 73.66% 93.20% 99.40% 97.12% 

Random 
Forest 

None 3281 89 39 283 0.974 96.53% 1.06% 2.41% 76.08% 87.89% 98.83% 97.36% 
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Table 30. The relative importance of the indicators in the models 

 
50-50 Balanced  60-40 Balanced  Unbalanced 

Indicator DT RF DT RF DT RF 

Equity 1 1 1 1   

Going concern in prior year 3 3 2 2 1 1 

Net income/total assets  5 3 3   

Forecast(Net income/total assets) 2 2  6   

Working capital/total assets 4 4 4 5   

Market value/total liabilities 6 10   15 4 

Loss (1 year)     7  

EBIT/total assets 5 6  7 4  

Loss (3 year) 7      

Forecast(working capital/total assets)  11   2 2 

Retained earnings/total assets     3  

Debt Ratio     5  

Parent organization   5    

Trend(net income/total assets)     9  

Trend(Z-score)     10  

Trend(cash) 8      

Current ratio  7  4   

Cash  12     

EBITDA Margin  8 7   3 

Diff(market value/total liabilities)  9  8   

Revenue    6  8  

Diff(Z-score)     6  

Net Debt/EBITDA     11  

Forecast(cash)     12  

Diff(sales/TA)     13  

Trend(revenue)     14  

 

Similar to the final models, do all the new models include at least one of the following indicator types: 

profitability, liquidity, solvency and general indicators. Even the random forest model based on the 

unbalanced training & validation set which only uses 4 indicators has indicators that represent these 

indicator types. 

An interesting observation is that the Altman Z-score seems to be replaced by the Equity in all models 

without substantially changing the performance of the models.  
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Appendix K. New decision tree models 
Using the tree balanced training and validation sets, tree decision trees are created. The models below 

are presented using the output of Rapidminer Decision tree algorithm.  

New decision tree based on the 50-50 balanced training and validation set 
Equity > 6.394 

|   GC_Y-1 = ? 

|   |   Forecast(NI/TA) > -0.031: false {false=499, true=18} 

|   |   Forecast(NI/TA) ≤ -0.031 

|   |   |   WC/TA > -0.001 

|   |   |   |   Forecast(NI/TA) > -0.727 

|   |   |   |   |   Market Value/TL > 0.232: false {false=192, true=42} 

|   |   |   |   |   Market Value/TL ≤ 0.232 

|   |   |   |   |   |   Forecast(NI/TA) > -0.162 

|   |   |   |   |   |   |   EBIT/TA > -0.030 

|   |   |   |   |   |   |   |   Market Value/TL > 0.040 

|   |   |   |   |   |   |   |   |   Equity > 83.575: false {false=5, true=0} 

|   |   |   |   |   |   |   |   |   Equity ≤ 83.575: true {false=2, true=4} 

|   |   |   |   |   |   |   |   Market Value/TL ≤ 0.040: true {false=0, 

true=5} 

|   |   |   |   |   |   |   EBIT/TA ≤ -0.030: false {false=8, true=0} 

|   |   |   |   |   |   Forecast(NI/TA) ≤ -0.162: true {false=2, true=11} 

|   |   |   |   Forecast(NI/TA) ≤ -0.727 

|   |   |   |   |   WC/TA > 0.556: false {false=8, true=4} 

|   |   |   |   |   WC/TA ≤ 0.556 

|   |   |   |   |   |   Equity > 23.735: true {false=0, true=15} 

|   |   |   |   |   |   Equity ≤ 23.735 

|   |   |   |   |   |   |   Equity > 10.651 

|   |   |   |   |   |   |   |   Forecast(NI/TA) > -1.355: true {false=1, 

true=4} 

|   |   |   |   |   |   |   |   Forecast(NI/TA) ≤ -1.355: false {false=4, 

true=1} 

|   |   |   |   |   |   |   Equity ≤ 10.651: true {false=1, true=11} 

|   |   |   WC/TA ≤ -0.001 

|   |   |   |   Equity > 184.973: false {false=4, true=4} 

|   |   |   |   Equity ≤ 184.973: true {false=8, true=90} 

|   GC_Y-1 = No 

|   |   EBIT/TA > -0.268 

|   |   |   WC/TA > -0.168 

|   |   |   |   Market Value/TL > 0.123: false {false=4174, true=127} 

|   |   |   |   Market Value/TL ≤ 0.123 

|   |   |   |   |   Forecast(NI/TA) > -0.045 

|   |   |   |   |   |   Trend(Cash) > 0.821: false {false=32, true=1} 

|   |   |   |   |   |   Trend(Cash) ≤ 0.821 

|   |   |   |   |   |   |   Forecast(NI/TA) > -0.010: false {false=4, true=2} 

|   |   |   |   |   |   |   Forecast(NI/TA) ≤ -0.010: true {false=0, true=6} 

|   |   |   |   |   Forecast(NI/TA) ≤ -0.045 

|   |   |   |   |   |   EBIT/TA > -0.059 

|   |   |   |   |   |   |   WC/TA > 0.123 

|   |   |   |   |   |   |   |   WC/TA > 0.248: true {false=2, true=3} 

|   |   |   |   |   |   |   |   WC/TA ≤ 0.248: false {false=7, true=0} 

|   |   |   |   |   |   |   WC/TA ≤ 0.123 

|   |   |   |   |   |   |   |   Market Value/TL > 0.062: true {false=0, 

true=8} 

|   |   |   |   |   |   |   |   Market Value/TL ≤ 0.062 
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|   |   |   |   |   |   |   |   |   Forecast(NI/TA) > -0.077: true {false=3, 

true=7} 

|   |   |   |   |   |   |   |   |   Forecast(NI/TA) ≤ -0.077: false {false=4, 

true=2} 

|   |   |   |   |   |   EBIT/TA ≤ -0.059: true {false=1, true=15} 

|   |   |   WC/TA ≤ -0.168 

|   |   |   |   Forecast(NI/TA) > 0.042: false {false=13, true=1} 

|   |   |   |   Forecast(NI/TA) ≤ 0.042 

|   |   |   |   |   EBIT/TA > 0.063: false {false=4, true=1} 

|   |   |   |   |   EBIT/TA ≤ 0.063 

|   |   |   |   |   |   Market Value/TL > 0.748 

|   |   |   |   |   |   |   EBIT/TA > -0.035: false {false=4, true=1} 

|   |   |   |   |   |   |   EBIT/TA ≤ -0.035: true {false=1, true=6} 

|   |   |   |   |   |   Market Value/TL ≤ 0.748 

|   |   |   |   |   |   |   Forecast(NI/TA) > -0.155: true {false=0, true=43} 

|   |   |   |   |   |   |   Forecast(NI/TA) ≤ -0.155 

|   |   |   |   |   |   |   |   WC/TA > -0.266: false {false=3, true=3} 

|   |   |   |   |   |   |   |   WC/TA ≤ -0.266: true {false=1, true=13} 

|   |   EBIT/TA ≤ -0.268 

|   |   |   WC/TA > 0.080 

|   |   |   |   EBIT/TA > -0.717 

|   |   |   |   |   WC/TA > 0.652: false {false=85, true=1} 

|   |   |   |   |   WC/TA ≤ 0.652 

|   |   |   |   |   |   Equity > 49.894 

|   |   |   |   |   |   |   Trend(Cash) > 1.453 

|   |   |   |   |   |   |   |   Trend(Cash) > 1.726: false {false=5, true=0} 

|   |   |   |   |   |   |   |   Trend(Cash) ≤ 1.726: true {false=2, true=3} 

|   |   |   |   |   |   |   Trend(Cash) ≤ 1.453: false {false=43, true=2} 

|   |   |   |   |   |   Equity ≤ 49.894: false {false=87, true=52} 

|   |   |   |   EBIT/TA ≤ -0.717 

|   |   |   |   |   Market Value/TL > 20.559 

|   |   |   |   |   |   Equity > 9.918: false {false=17, true=2} 

|   |   |   |   |   |   Equity ≤ 9.918: true {false=2, true=6} 

|   |   |   |   |   Market Value/TL ≤ 20.559 

|   |   |   |   |   |   Loss_3Y = ? 

|   |   |   |   |   |   |   EBIT/TA > -1.117 

|   |   |   |   |   |   |   |   Forecast(NI/TA) > -0.613: true {false=3, 

true=4} 

|   |   |   |   |   |   |   |   Forecast(NI/TA) ≤ -0.613: false {false=6, 

true=0} 

|   |   |   |   |   |   |   EBIT/TA ≤ -1.117: true {false=1, true=8} 

|   |   |   |   |   |   Loss_3Y = No: true {false=2, true=8} 

|   |   |   |   |   |   Loss_3Y = Yes 

|   |   |   |   |   |   |   Forecast(NI/TA) > -1.134: true {false=3, true=43} 

|   |   |   |   |   |   |   Forecast(NI/TA) ≤ -1.134 

|   |   |   |   |   |   |   |   WC/TA > 0.296: true {false=2, true=9} 

|   |   |   |   |   |   |   |   WC/TA ≤ 0.296: false {false=3, true=2} 

|   |   |   WC/TA ≤ 0.080 

|   |   |   |   Equity > 107.037: false {false=5, true=4} 

|   |   |   |   Equity ≤ 107.037 

|   |   |   |   |   Market Value/TL > 13.018: false {false=3, true=3} 

|   |   |   |   |   Market Value/TL ≤ 13.018: true {false=8, true=69} 

|   GC_Y-1 = Yes: true {false=62, true=343} 

Equity ≤ 6.394 

|   GC_Y-1 = ? 

|   |   Forecast(NI/TA) > 0.002 

|   |   |   WC/TA > -0.086 



90 
 

|   |   |   |   WC/TA > 0.128 

|   |   |   |   |   Equity > 3.135: false {false=15, true=1} 

|   |   |   |   |   Equity ≤ 3.135 

|   |   |   |   |   |   EBIT/TA > 0.125: false {false=7, true=1} 

|   |   |   |   |   |   EBIT/TA ≤ 0.125 

|   |   |   |   |   |   |   Equity > 0.379 

|   |   |   |   |   |   |   |   Equity > 1.898: true {false=1, true=4} 

|   |   |   |   |   |   |   |   Equity ≤ 1.898: false {false=5, true=1} 

|   |   |   |   |   |   |   Equity ≤ 0.379: true {false=1, true=5} 

|   |   |   |   WC/TA ≤ 0.128: false {false=20, true=1} 

|   |   |   WC/TA ≤ -0.086: true {false=2, true=30} 

|   |   Forecast(NI/TA) ≤ 0.002 

|   |   |   WC/TA > 0.007 

|   |   |   |   Forecast(NI/TA) > -0.248 

|   |   |   |   |   Market Value/TL > 0.196 

|   |   |   |   |   |   WC/TA > 0.030: false {false=21, true=5} 

|   |   |   |   |   |   WC/TA ≤ 0.030: true {false=2, true=3} 

|   |   |   |   |   Market Value/TL ≤ 0.196: true {false=1, true=13} 

|   |   |   |   Forecast(NI/TA) ≤ -0.248: true {false=28, true=151} 

|   |   |   WC/TA ≤ 0.007: true {false=27, true=583} 

|   GC_Y-1 = No 

|   |   Forecast(NI/TA) > -0.047 

|   |   |   WC/TA > -0.154 

|   |   |   |   EBIT/TA > -0.673 

|   |   |   |   |   Trend(Cash) > 0.335: false {false=224, true=12} 

|   |   |   |   |   Trend(Cash) ≤ 0.335 

|   |   |   |   |   |   Market Value/TL > 5.247: true {false=1, true=4} 

|   |   |   |   |   |   Market Value/TL ≤ 5.247: false {false=11, true=4} 

|   |   |   |   EBIT/TA ≤ -0.673: true {false=1, true=4} 

|   |   |   WC/TA ≤ -0.154 

|   |   |   |   Trend(Cash) > 1.253: true {false=1, true=13} 

|   |   |   |   Trend(Cash) ≤ 1.253 

|   |   |   |   |   EBIT/TA > -0.047 

|   |   |   |   |   |   Market Value/TL > 0.145: false {false=11, true=1} 

|   |   |   |   |   |   Market Value/TL ≤ 0.145: true {false=2, true=6} 

|   |   |   |   |   EBIT/TA ≤ -0.047: true {false=2, true=8} 

|   |   Forecast(NI/TA) ≤ -0.047 

|   |   |   WC/TA > -0.016 

|   |   |   |   EBIT/TA > -0.361 

|   |   |   |   |   Market Value/TL > 0.148: false {false=154, true=52} 

|   |   |   |   |   Market Value/TL ≤ 0.148 

|   |   |   |   |   |   Equity > -275.400 

|   |   |   |   |   |   |   WC/TA > 0.060 

|   |   |   |   |   |   |   |   WC/TA > 0.247: false {false=5, true=4} 

|   |   |   |   |   |   |   |   WC/TA ≤ 0.247: true {false=2, true=14} 

|   |   |   |   |   |   |   WC/TA ≤ 0.060: false {false=9, true=3} 

|   |   |   |   |   |   Equity ≤ -275.400: true {false=0, true=11} 

|   |   |   |   EBIT/TA ≤ -0.361 

|   |   |   |   |   Trend(Cash) > 0.901 

|   |   |   |   |   |   EBIT/TA > -0.958 

|   |   |   |   |   |   |   WC/TA > 0.192 

|   |   |   |   |   |   |   |   Trend(Cash) > 2.035 

|   |   |   |   |   |   |   |   |   WC/TA > 0.633: false {false=5, true=1} 

|   |   |   |   |   |   |   |   |   WC/TA ≤ 0.633 

|   |   |   |   |   |   |   |   |   |   Market Value/TL > 21.343: false 

{false=4, true=2} 



91 
 

|   |   |   |   |   |   |   |   |   |   Market Value/TL ≤ 21.343: true 

{false=4, true=14} 

|   |   |   |   |   |   |   |   Trend(Cash) ≤ 2.035: false {false=28, true=6} 

|   |   |   |   |   |   |   WC/TA ≤ 0.192 

|   |   |   |   |   |   |   |   Trend(Cash) > 3.496: false {false=4, true=4} 

|   |   |   |   |   |   |   |   Trend(Cash) ≤ 3.496: true {false=3, true=20} 

|   |   |   |   |   |   EBIT/TA ≤ -0.958: true {false=14, true=59} 

|   |   |   |   |   Trend(Cash) ≤ 0.901: true {false=20, true=139} 

|   |   |   WC/TA ≤ -0.016: true {false=93, true=483} 

|   GC_Y-1 = Yes: true {false=79, true=3464} 

 

New decision tree based on the 60-40 balanced training and validation set 
GC_Y-1 = ? 

|   Equity > 3.883 

|   |   NI/TA > -0.032 

|   |   |   Revenue - Total > 0.370 

|   |   |   |   WC/TA > -0.156: false {false=770, true=13} 

|   |   |   |   WC/TA ≤ -0.156 

|   |   |   |   |   EBITDA Margin > 0.052: false {false=6, true=0} 

|   |   |   |   |   EBITDA Margin ≤ 0.052: true {false=1, true=5} 

|   |   |   Revenue - Total ≤ 0.370: true {false=2, true=5} 

|   |   NI/TA ≤ -0.032 

|   |   |   WC/TA > -0.001 

|   |   |   |   NI/TA > -0.517: false {false=280, true=53} 

|   |   |   |   NI/TA ≤ -0.517 

|   |   |   |   |   WC/TA > 0.527 

|   |   |   |   |   |   EBITDA Margin > -9.044: false {false=25, true=6} 

|   |   |   |   |   |   EBITDA Margin ≤ -9.044: true {false=2, true=5} 

|   |   |   |   |   WC/TA ≤ 0.527 

|   |   |   |   |   |   EBITDA Margin > -2.838 

|   |   |   |   |   |   |   WC/TA > 0.087 

|   |   |   |   |   |   |   |   NI/TA > -0.727 

|   |   |   |   |   |   |   |   |   NI/TA > -0.611: true {false=3, true=4} 

|   |   |   |   |   |   |   |   |   NI/TA ≤ -0.611: false {false=10, true=0} 

|   |   |   |   |   |   |   |   NI/TA ≤ -0.727 

|   |   |   |   |   |   |   |   |   Equity > 16.773 

|   |   |   |   |   |   |   |   |   |   NI/TA > -1.270: true {false=0, true=7} 

|   |   |   |   |   |   |   |   |   |   NI/TA ≤ -1.270: false {false=3, 

true=3} 

|   |   |   |   |   |   |   |   |   Equity ≤ 16.773 

|   |   |   |   |   |   |   |   |   |   Equity > 9.749: false {false=7, 

true=0} 

|   |   |   |   |   |   |   |   |   |   Equity ≤ 9.749: true {false=4, true=5} 

|   |   |   |   |   |   |   WC/TA ≤ 0.087: true {false=1, true=10} 

|   |   |   |   |   |   EBITDA Margin ≤ -2.838: true {false=4, true=24} 

|   |   |   WC/TA ≤ -0.001 

|   |   |   |   Equity > 184.973 

|   |   |   |   |   Revenue - Total > 629.774: true {false=2, true=3} 

|   |   |   |   |   Revenue - Total ≤ 629.774: false {false=5, true=1} 

|   |   |   |   Equity ≤ 184.973: true {false=21, true=108} 

|   Equity ≤ 3.883 

|   |   WC/TA > 0.007 

|   |   |   NI/TA > -0.248 

|   |   |   |   Equity > 0.155 

|   |   |   |   |   EBITDA Margin > -0.188: false {false=48, true=7} 
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|   |   |   |   |   EBITDA Margin ≤ -0.188: true {false=4, true=5} 

|   |   |   |   Equity ≤ 0.155 

|   |   |   |   |   EBITDA Margin > 0.093: false {false=9, true=2} 

|   |   |   |   |   EBITDA Margin ≤ 0.093 

|   |   |   |   |   |   NI/TA > -0.078: true {false=0, true=9} 

|   |   |   |   |   |   NI/TA ≤ -0.078 

|   |   |   |   |   |   |   Equity > -45.532: false {false=3, true=2} 

|   |   |   |   |   |   |   Equity ≤ -45.532: true {false=1, true=4} 

|   |   |   NI/TA ≤ -0.248: true {false=30, true=133} 

|   |   WC/TA ≤ 0.007: true {false=48, true=593} 

GC_Y-1 = No 

|   NI/TA > -0.275 

|   |   WC/TA > -0.168: false {false=6759, true=233} 

|   |   WC/TA ≤ -0.168 

|   |   |   NI/TA > -0.009 

|   |   |   |   WC/TA > -0.353: false {false=33, true=5} 

|   |   |   |   WC/TA ≤ -0.353 

|   |   |   |   |   Revenue - Total > 34.230: true {false=2, true=8} 

|   |   |   |   |   Revenue - Total ≤ 34.230 

|   |   |   |   |   |   EBITDA Margin > -0.031: false {false=11, true=2} 

|   |   |   |   |   |   EBITDA Margin ≤ -0.031: true {false=2, true=6} 

|   |   |   NI/TA ≤ -0.009: true {false=32, true=111} 

|   NI/TA ≤ -0.275 

|   |   WC/TA > 0.127 

|   |   |   NI/TA > -0.779: false {false=514, true=141} 

|   |   |   NI/TA ≤ -0.779 

|   |   |   |   Equity > 21.842: false {false=51, true=16} 

|   |   |   |   Equity ≤ 21.842: true {false=104, true=202} 

|   |   WC/TA ≤ 0.127: true {false=200, true=595} 

GC_Y-1 = Yes: true {false=202, true=3807} 

 

New decision tree based on the unbalanced training and validation set 
GC_Y-1 = ? 

|   Forecast(WC/TA) > -0.149 

|   |   EBIT/TA > -0.538 

|   |   |   Debt Ratio > 0.481: false {false=4342, true=193} 

|   |   |   Debt Ratio ≤ 0.481: true {false=9, true=44} 

|   |   EBIT/TA ≤ -0.538 

|   |   |   Forecast(Cash) > 2.660 

|   |   |   |   Market Value/TL > 0.849: false {false=165, true=32} 

|   |   |   |   Market Value/TL ≤ 0.849 

|   |   |   |   |   Debt Ratio > 3.944: true {false=0, true=5} 

|   |   |   |   |   Debt Ratio ≤ 3.944 

|   |   |   |   |   |   Forecast(Cash) > 14.442: false {false=9, true=2} 

|   |   |   |   |   |   Forecast(Cash) ≤ 14.442 

|   |   |   |   |   |   |   RE/TA > -1.580: true {false=0, true=5} 

|   |   |   |   |   |   |   RE/TA ≤ -1.580: false {false=6, true=5} 

|   |   |   Forecast(Cash) ≤ 2.660 

|   |   |   |   RE/TA > -6.666: false {false=91, true=75} 

|   |   |   |   RE/TA ≤ -6.666 

|   |   |   |   |   Market Value/TL > 94.498 

|   |   |   |   |   |   Forecast(Cash) > 0.226: false {false=5, true=0} 

|   |   |   |   |   |   Forecast(Cash) ≤ 0.226: true {false=5, true=8} 

|   |   |   |   |   Market Value/TL ≤ 94.498: true {false=11, true=70} 

|   Forecast(WC/TA) ≤ -0.149 
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|   |   Forecast(WC/TA) > -0.516 

|   |   |   EBIT/TA > 0.008 

|   |   |   |   Market Value/TL > 0.149 

|   |   |   |   |   Forecast(Cash) > 0.028 

|   |   |   |   |   |   Market Value/TL > 0.507: false {false=38, true=2} 

|   |   |   |   |   |   Market Value/TL ≤ 0.507 

|   |   |   |   |   |   |   Loss_1Y = No: false {false=6, true=0} 

|   |   |   |   |   |   |   Loss_1Y = Yes: true {false=3, true=4} 

|   |   |   |   |   Forecast(Cash) ≤ 0.028: true {false=2, true=3} 

|   |   |   |   Market Value/TL ≤ 0.149 

|   |   |   |   |   ND/EBITDA > 8.102: false {false=4, true=2} 

|   |   |   |   |   ND/EBITDA ≤ 8.102: true {false=2, true=8} 

|   |   |   EBIT/TA ≤ 0.008: true {false=85, true=170} 

|   |   Forecast(WC/TA) ≤ -0.516: true {false=55, true=379} 

GC_Y-1 = No 

|   EBIT/TA > -0.612 

|   |   Market Value/TL > 0.094: false {false=32034, true=571} 

|   |   Market Value/TL ≤ 0.094 

|   |   |   EBIT/TA > -0.012 

|   |   |   |   Forecast(WC/TA) > -0.111: false {false=227, true=26} 

|   |   |   |   forecast(WC/TA) ≤ -0.111 

|   |   |   |   |   Diff(S/TA) > 0.583 

|   |   |   |   |   |   Trend(Z-score) > 1.071: false {false=17, true=4} 

|   |   |   |   |   |   Trend(Z-score) ≤ 1.071 

|   |   |   |   |   |   |   EBIT/TA > 0.049 

|   |   |   |   |   |   |   |   ND/EBITDA > 7.319: false {false=4, true=1} 

|   |   |   |   |   |   |   |   ND/EBITDA ≤ 7.319: true {false=3, true=9} 

|   |   |   |   |   |   |   EBIT/TA ≤ 0.049: true {false=1, true=17} 

|   |   |   |   |   Diff(S/TA) ≤ 0.583: false {false=21, true=3} 

|   |   |   EBIT/TA ≤ -0.012 

|   |   |   |   Trend(Z-score) > 0.673 

|   |   |   |   |   Market Value/TL > 0.027 

|   |   |   |   |   |   Diff(Z-score) > 0.052 

|   |   |   |   |   |   |   EBIT/TA > -0.237 

|   |   |   |   |   |   |   |   Trend(revenue) > 0.969: false {false=13, 

true=2} 

|   |   |   |   |   |   |   |   Trend(revenue) ≤ 0.969 

|   |   |   |   |   |   |   |   |   EBIT/TA > -0.059: true {false=0, true=6} 

|   |   |   |   |   |   |   |   |   EBIT/TA ≤ -0.059: false {false=11, true=5} 

|   |   |   |   |   |   |   EBIT/TA ≤ -0.237: true {false=2, true=6} 

|   |   |   |   |   |   Diff(Z-score) ≤ 0.052 

|   |   |   |   |   |   |   ND/EBITDA > -19.300 

|   |   |   |   |   |   |   |   Trend(Z-score) > 0.824: false {false=40, 

true=1} 

|   |   |   |   |   |   |   |   Trend(Z-score) ≤ 0.824 

|   |   |   |   |   |   |   |   |   Forecast(WC/TA) > -0.017: false {false=11, 

true=1} 

|   |   |   |   |   |   |   |   |   Forecast(WC/TA) ≤ -0.017: true {false=2, 

true=4} 

|   |   |   |   |   |   |   ND/EBITDA ≤ -19.300: true {false=2, true=3} 

|   |   |   |   |   Market Value/TL ≤ 0.027 

|   |   |   |   |   |   Revenue - Total > 105.535 

|   |   |   |   |   |   |   RE/TA > -0.316: false {false=5, true=5} 

|   |   |   |   |   |   |   RE/TA ≤ -0.316: true {false=1, true=16} 

|   |   |   |   |   |   Revenue - Total ≤ 105.535: false {false=10, true=4} 

|   |   |   |   Trend(Z-score) ≤ 0.673 

|   |   |   |   |   Forecast(WC/TA) > 0.104 
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|   |   |   |   |   |   Forecast(WC/TA) > 0.364: true {false=1, true=5} 

|   |   |   |   |   |   Forecast(WC/TA) ≤ 0.364 

|   |   |   |   |   |   |   Debt Ratio > 1.013: false {false=18, true=4} 

|   |   |   |   |   |   |   Debt Ratio ≤ 1.013 

|   |   |   |   |   |   |   |   RE/TA > -1.277: true {false=2, true=7} 

|   |   |   |   |   |   |   |   RE/TA ≤ -1.277: false {false=4, true=1} 

|   |   |   |   |   Forecast(WC/TA) ≤ 0.104 

|   |   |   |   |   |   Forecast(WC/TA) > -0.147 

|   |   |   |   |   |   |   Market Value/TL > 0.060 

|   |   |   |   |   |   |   |   Debt Ratio > 0.918 

|   |   |   |   |   |   |   |   |   Revenue - Total > 59.635: true {false=1, 

true=8} 

|   |   |   |   |   |   |   |   |   Revenue - Total ≤ 59.635: false {false=4, 

true=2} 

|   |   |   |   |   |   |   |   Debt Ratio ≤ 0.918: false {false=6, true=0} 

|   |   |   |   |   |   |   Market Value/TL ≤ 0.060: true {false=8, true=34} 

|   |   |   |   |   |   Forecast(WC/TA) ≤ -0.147: true {false=1, true=29} 

|   EBIT/TA ≤ -0.612: false {false=961, true=545} 

GC_Y-1 = Yes 

|   Debt Ratio > 0.947 

|   |   EBIT/TA > -0.029: false {false=253, true=155} 

|   |   EBIT/TA ≤ -0.029 

|   |   |   ND/EBITDA > 0.621 

|   |   |   |   Forecast(Cash) > 0.849 

|   |   |   |   |   Market Value/TL > 0.783 

|   |   |   |   |   |   RE/TA > -7.182: false {false=120, true=41} 

|   |   |   |   |   |   RE/TA ≤ -7.182 

|   |   |   |   |   |   |   EBIT/TA > -0.505 

|   |   |   |   |   |   |   |   RE/TA > -21.509 

|   |   |   |   |   |   |   |   |   RE/TA > -8.973: true {false=3, true=4} 

|   |   |   |   |   |   |   |   |   RE/TA ≤ -8.973: false {false=19, true=1} 

|   |   |   |   |   |   |   |   RE/TA ≤ -21.509: true {false=2, true=8} 

|   |   |   |   |   |   |   EBIT/TA ≤ -0.505 

|   |   |   |   |   |   |   |   Diff(Z-score) > 0.114: true {false=3, true=25} 

|   |   |   |   |   |   |   |   Diff(Z-score) ≤ 0.114 

|   |   |   |   |   |   |   |   |   Trend(NI/TA) > 1.163: false {false=8, 

true=2} 

|   |   |   |   |   |   |   |   |   Trend(NI/TA) ≤ 1.163: true {false=4, 

true=10} 

|   |   |   |   |   Market Value/TL ≤ 0.783 

|   |   |   |   |   |   Revenue - Total > 80.309 

|   |   |   |   |   |   |   Diff(S/TA) > 0.786: true {false=2, true=6} 

|   |   |   |   |   |   |   Diff(S/TA) ≤ 0.786: false {false=5, true=0} 

|   |   |   |   |   |   Revenue - Total ≤ 80.309: true {false=0, true=21} 

|   |   |   |   Forecast(Cash) ≤ 0.849 

|   |   |   |   |   Debt Ratio > 9.002 

|   |   |   |   |   |   Forecast(WC/TA) > 0.243: false {false=5, true=0} 

|   |   |   |   |   |   Forecast(WC/TA) ≤ 0.243: true {false=3, true=4} 

|   |   |   |   |   Debt Ratio ≤ 9.002 

|   |   |   |   |   |   Market Value/TL > 1.841 

|   |   |   |   |   |   |   Revenue - Total > 5.024: false {false=9, true=2} 

|   |   |   |   |   |   |   Revenue - Total ≤ 5.024: true {false=2, true=31} 

|   |   |   |   |   |   Market Value/TL ≤ 1.841: true {false=1, true=40} 

|   |   |   ND/EBITDA ≤ 0.621: true {false=233, true=958} 

|   Debt Ratio ≤ 0.947: true {false=157, true=2499} 

 


