
 65 

  

                                      Alexandria Journal of Accounting Research 
                                      Issued by the Accounting Department, Third Issue, Sep, 2025, Vol. 9 

 
 

 

Comprehensive Income and Financial Distress Prediction   

An Applied Study of Egyptian Listed Companies  

 

 

 

 

 

 

Abstract 

Purpose- This study investigates whether integrating comprehensive income (CI) 
variables into Altman’s Z-score models through artificial neural networks (ANNs) improves 
financial distress prediction for Egyptian listed firms.  

Design/methodology/approach- Using a sample of 83 Egyptian listed firms (581 
firm-year observations) covering the period 2016–2022, we incorporated CI variables to 
Altman’s original (1968) and revised (1983) Z-score models.  

Findings- The proposed models improved the prediction of financial distress accuracy 
of Altman's models by 1.5% and 1.2%, respectively. Type I error rate is 2.45% and 3.35% 
lower for both Altman's models.  

Practical implications- The proposed distress prediction models are effective in 
evaluating credit risk for stakeholders, including banks and other financial organizations. 
Utilizing such algorithms, they might discern enterprises having an elevated danger of default 
in their lending judgments.  

Originality/value- This work contributes to the literature in different aspects. First, it 
provides the first empirical evidence in the Egyptian context for integrating CI variables with 
Altman’s Z-score models through ANN techniques. Second, it demonstrates the impact of 
economic volatility on companies’ performance in emerging markets. 

Keywords: Bankruptcy; Financial failure; Other comprehensive income (OCI); 
Artificial neural networks (ANN); Altman’s Z- score, Egypt. 
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دراسة تطبيقية على الشركات المدرجة الدخل الشامل والتنبؤ بالتعثر المالى: 
 بالبورصة المصرية

 

 ملخص البحث
تبحث هذث اهدراسد ثيها إثاهكادهدثا هتغثرهغ ا ثخد هدرثال هدرذثاغ هاثتهبإثاا هدر  بث ههدف الدراسة: 

 هبثثار ر خهدرإثثارتهبثثار ر خهدرإثثارتهار إثثا هغثثشهلثث اهدرذثثباا هدرررثثب يهد مثثا ان يه  حدثثشهغثثشهدر  بثث
 رلذخدا هغ خهدرإار يهدرإاسجيهاتهدربوسميهدرإرخيي.

غ حظثي هاثتهدرر ثخنهغثشهه135شثخديه ه37با  خادمهن  يهغشهدرذخدا هبلاث ههمنهجية الدراسة:
-Z،هتثثدهتغثثرهغ ا ثثخد هدرثثال هدرذثثاغ هاثثتهبإثثواجتهدر  بثث هباررذثث هدرإثثارتهار إثثا ه6166ه-6152
Scoreه .5637إرااه  هودر إوا هدر5623بإوا ه ه

تذثث خهب ثثالرهدراسد ثثيهكرثثتهذ هدر إثثاا هدرإن خحثثيهت حدثثشهتشثثيهدر  بثث هباررذثث هدرإثثارتههنتااا ا الدراسااة:
ه%2.45نلثثثثتهدر ثثثثثودرتلهوترإثثثث هنلثثثثثتهتخرثثثث  هلاثثثثث هدر ثثثثو هداواهب دثثثثثبيهه%1.2وه%1.5ب دثثثثبيه

هرك هدر إواج ش.ه%3.35و

ارتهدرإن خحثثيهاثثتهتإ  ثثكهدرذثثخدا هتدثثاذدهبإثثاا هدر  بثث هبثثار ر خهدرإثثالتطبيقااات العمليااة للدراسااة: 
در ثثتهرثثاذااهاد هلاثثخهغ كدذثثاهرل خلثثاهنثثشه ثثادتهدر كدغاتاثثا،هدإثثاهتدثثاناهدرب ثثو هودرإ  دثثا هدرإار ثثيه

هدالخىهايهتن  دهغخاطخهد ل إا .

ت دثثادهذثث اهدراسد ثثيهاثثتهداتب ثثا هغثثشهنثثانهجودبثثى.هذثث اهدراسد ثثيهذثثتههالقيمااة البحثيااة للدراسااة:
درإرثثخييهدر ثثتهتنثثامهترثث  رهنلثثتهتوسهغ ا ثثخد هدرثثال هدرذثثاغ هاثثتهتحدثث شهداورثثتهاثثتهب لأثثيهدانإثثااه

در  بثثث هبثثثار ر خهدرإثثثارتهغثثثشهلثثث اهد ثثث خادمهدرذثثثباا هدرررثثثب يهد مثثثا ان ي،هدإثثثاهذباثثثاهتراثثث هذ ثثثخه
هدر نلبا هد ش رات يهنلتهذتدءهدرذخدا هاتهد ش رات ا هدر اشلأي.

رثثال هدرذثثاغ هدالثثخى،هدرذثثباا هدرررثثب يهد اثث  ،هدررذثث هدرإثثارت،هب ثثوتهدالكلمااات الماتاةيااة: 
هد ما ان ي،هغرخ.

ه
ه
ه
ه
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1. Introduction 

For many years, the risk of financial distress—and the potential for 
bankruptcy—has been a major concern for corporate stakeholders. Financial 
distress occurs when firms are unable to generate sufficient cash flows to cover 
debt commitments, despite maintaining viable strategies and operations 
(Altman, et al., 2019). Distress costs affect a firm's debt price and capital 
structure and company's restructuring choices. Scholars distinguish between 
direct costs (e.g., legal and administrative expenses) and indirect costs (such as 
reputational loss and operational disruption) when analyzing financial distress 
(Warner, 1977; Ang, et al., 1982; Altman, 1984; Branch, 2002), which makes 
accurate financial distress prediction models essential. 

Although financial distress prediction has been widely studied since the 
foundational research of Beaver (1966) and Altman (1968), researches that 
considering comprehensive income (CI) on financial distress prediction- 
particularly in Egypt- remains scare. This gap motivates our study, which 
investigates whether incorporating comprehensive income (CI) variables 
improves the accuracy of financial distress prediction. 

Altman’-score models (1986, 1983) remain widely applied because it 
combines multiple financial ratios to predict bankruptcy risks. However, these 
models rely on financial and operational measures that exclude the effect of 
other economic variables reflected in comprehensive income, and that 
combining comprehensive income with these models can enhance its 
prediction accuracy. The Financial Accounting Standards Board (FASB, 
1985) defined comprehensive income as the total change in a company’s 
equity during a period that comes from recognized transactions and economic 
events, but not from interactions with owners in their shareholder role. 
Dhaliwal et al. (1999) argued that CI is a broader measure of performance 
than net income since it reflects all non-owner related changes in net assets. 

To address this, we extend Altman Z-score model (1968) and Z’’-Score 
model (1983) by integrating CI variables and applying artificial neural 
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networks (ANNs) to listed firms on EGX covering 2016- 2022. Egyptian 
firms face a volatile environment, with sharp fluctuations in inflation, 
exchange rates, and capital flows that make financial ratios unstable 
(Abdelraouf & Muharram, 2024). This in turn, makes Egyptian firms 
vulnerable to financial distress and in need for more sophisticated and accurate 
financial distress prediction models. 

In developing the proposed models, 581 sample observations were 
divided into training and testing sampling. Variables of (Altman, 1968, 1983) 
and CIs variables are the input units of the neural network models. The 
distress prediction models are established, with one input layer containing five 
input nodes for Benchmark Model 1, eight input nodes for Proposed Model 
1, four for Benchmark Model 2, and seven for Proposed Model 2. 

For benchmark model 1, the testing data has an estimated accuracy rate of 
91.3% with an 8.7% error rate. However, the accuracy rate significantly 
increased to 92.8%, and the error rate decreased to 7.2% when using 
comprehensive income variables combined with Altman, 1968 variables 
(Proposed model 1). Compared with the benchmark model 1, the proposed 
model 1’s accuracy increased by 1.5%.  

Additionally, for benchmark model 2, the tested data had a prediction 
accuracy of 92.1% with a 7.9% error rate. The accuracy rate significantly 
increased to 93.3%, and the error rate decreased to 6.7% by combining 
comprehensive income variables with Altman, 1983 variables (Proposed 
model 2). Compared with the benchmark model 2, the proposed model 2’s 
accuracy increased by 1.2%. 

This study contributes by introducing a more effective framework for 
distress prediction, offering early warning signals for corporations and 
regulators while supporting banks, rating agencies, and financial institutions in 
credit risk assessment. 

To carry out our purpose, this work has the following structure: Section 2 
will discuss the review of literature and hypotheses development. Section 3 
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will present the study methodology. Section 4 will provide the empirical 
analysis and discussion, while Section 5 will discuss the study’s conclusion. 

2. Theoretical Framework and Literature Review  

2.1 Classic Models of Financial Distress Prediction 

Empirical research into predicting financial distress is extensive. It has a 
wide range of explaining factors and methodological approaches. Because of 
the lack of a unifying theory, numerous models for the prediction of financial 
distress have been created and put to the test by researchers since Beaver's 
pioneering study (Beaver, 1966), which applied univariate discriminant 
analysis to predict credit risk.  

(Altman, 1968) was the first to predict bankruptcy through the multiple 
discriminant analysis with its Z-score model. This model showed to obtain 
better prediction than Beaver,1966 model.  

In the 90s, with the computer technology advancing so rapidly, some 
artificial intelligence methods started to be popular for prediction financial 
distress. (Bell, 1997) was the first applying artificial neural networks for 
predicting financial distress. In this study, Bell (1997) compared the obtained 
results with ANN and logit regression showing that ANN methodology was 
superior.  

Another technique used to predict financial distress is the data mining. 
(Chen & Du, 2009) stated that data mining techniques present satisfactory 
results in predicting financial distress, although neural networks gets better 
predictions than data mining. 

2.2 Comprehensive Income as financial distress predictors  

CI combines net income with other comprehensive items such as 
unrealized securities gains, foreign currency translation adjustments, derivative 
valuation changes, and pension liability adjustments (Anderson, et al., 2023). 
According to (Larson, et al., 2018), Comprehensive income (CI) is comprised 
of two components: the accruals component, which represents the differences 
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between changes in common equity and changes in cash balances; and the 
cash flow component, defined as the difference between earnings (calculated 
as the sum of comprehensive income and stock compensation expenses, less 
preferred dividends) and the accrual component of cash flow. 

(Rahmi, et al., 2023) claim that macroeconomic conditions greatly impact 
the profits or losses recognized across all four categories, including variations 
in overall market prices and currency exchange rates. Thus, the four 
components provide extraneous noise to the income metric when estimating 
future market-adjusted company performance or evaluating managerial 
efficiency. However, if the aim is to forecast bankruptcy, the four items 
excluded from net income may have a more significant impact. 

Numerous studies have examined the ability of comprehensive income to 
forecast future earnings. According to (Bratten, et al., 2016), fair value 
adjustments included in OCI can forecast profitability during the 2007–2009 
financial crises, while the study of (Lee, et al., 2020) revealed that OCI is 
positively associated with future earnings, as net unrealized gains/losses on 
available for sale (AFS) investment securities are positively associated with 
future earnings, while other parts of OCI show insignificance. In the same 
context (Anderson, et al., 2023) confirm that analysts should incorporate OCI 
components because of their forecasting ability for core earnings. 

As per (Rahmi, et al., 2023), the prediction models use a variety of OCI, 
accrual, and cash flow types, but none of them integrates accruals with 
comprehensive income and cash flow components and then incorporates 
them into financial ratios to predict distress. 

Based on the theoretical perspective, it showed that using comprehensive 
income in predicting financial distress still in its early stages. In addition, no 
prior study has combined CI with Altman’s Z-score models in the Egyptian 
context using ANNs.  
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3. Methodology 

3.1 Justification for Artificial Neural Networks (ANNs) 

Methodology 

This study applies ANNs because they do not rely on rigid statistical 
assumptions, can accommodate nonlinear relationships, and have been shown 
to deliver high predictive performance (Aydin, et al., 2022).  

Additionally, ANNs work especially well in this context. According to 
(Lohmann & Ohliger, 2017), the relationships among distress predictors are 
also non-linear, and artificial neural networks (ANNs) are more adept than 
conventional statistical models at capturing these intricate relationships. In 
addition, because the Egyptian Exchange hosts a relatively small number of 
firms, ANNs are useful because they work well without making large-sample 
assumptions. Because of these characteristics, ANNs are a reliable tool for 
predicting Egypt's financial distress. 

3.2 Models Variables Definition 

The dependent variable, financial distress, is a variable with a binary value 
which equal 1 if the firm is financially distressed and 0 otherwise. 

We compare the two benchmark models with the proposed models using 
the same classifier to assess the incremental power of comprehensive income 
variables in predicting financial distress. The benchmark model variables of 
the Altman Z-Score model for public firms (1968) and Altman revised Z-
Score (1983), and the proposed model variables are a combination of Altman 
(1968) and (1983) and CIs variables are trained by artificial neural networks 
(ANN). 

The definitions of these variables are presented in Appendix Table AI. 

3.3 Data and Sample Selection 

Our initial sample consists of all the firm-years in the fiscal year 2016-
2022. The sample's financial data are obtained from the Egyptian Stock 
Exchange website (https://www.egx.com.eg/). 

https://www.egx.com.eg/ar/homepage.aspx
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Panel A of Table II describes our sample selection and Panel B describes 
the distribution of financial distress firms in our sample by year. 

The study considers the firm as “distressed” when it meets at least two of 
the following conditions: 

(1)  It has negative working capital; and/or, 

(2)  It has negative operating cash flow; and/or 

(3)  It has a negative net income in the last three years. 

Table II: Sample selection and sample distribution 
 

Panel A: Sample Selection 

Firm-year observations  

Total of firm-year observations from 2016 to 2022 1,554 

Less: Companies among financial and investment companies (329) 

Less: Financial information required to perform the study period is not 

available 
(644) 

Number of selected sample 581 

Panel B: Distribution of Financial Distress Firms by Year 

Fiscal year 
Number of firms 

Percentage of Distress Firms 
Distress Non-Distress 

2016 11 72 13.25% 

2017 7 76 8.43% 

2018 10 73 12.05% 

2019 9 74 10.84% 

2020 15 68 18.07% 

2021 10 73 12.05% 

2022 10 73 12.05% 
 

3.4 Measurement of models’ performance  

The model performance was measured using a confusion matrix. A 
confusion matrix provided in Appendix Table AII gives valuable information 
about the performance of the classifier by comparing actual and predicted 
classes (Kohavi & Provost, 1998). The study also used performance measures – 
Appendix Table AIII- such as overall accuracy, error rate, sensitivity, 
specificity, precision, and F-measure (Delen, et al., 2013), to assess model 
efficacy. 
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Type I and II errors were employed to identify the misclassification errors 
in class prediction.  

In our study, Type I error identified distress firm as non-distress, while 
Type II error misclassified a non-distress firm as distressed. 

3.5 Descriptive Statistics 

The descriptive statistics in Table III are employed to examine each 
relevant variable. We provide the sample mean, median, and standard 
deviation for all variables categorized by firm condition (distress or non-
distress). In the univariate analysis, we illustrate the differences in means, 
which indicate the discriminatory power of variables. Furthermore, we 
illustrate the differences in standard deviation, which represents the stability of 
a variable; the lower the differences in standard deviation, the higher the 
stability of the variable. The p-value of variables indicates that distress and 
non-distress firms exhibit significant differences in 6 out of 9 variables. 

Table III: Descriptive Statistics 
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4. Empirical Results and Discussion 

4.1. Artificial Neural Networks (ANN) Models 

To test the predictive accuracy of 4 models, each data set is split into two 
subsets: training set and testing (holdout) set. The training subset is used to 
train the prediction models. The testing (holdout) subset is used to test the 
model’s prediction performance for data that have not been used to develop 
the classification models. To ensure the reliability and validity of the 
predictive models-for each set of data- a training subset and testing subset, 
consisting of 90% and 10% of the data, respectively. The training subset is 
used to “teach” the artificial neural network (ANN) how to recognize 
patterns and relationships between financial and comprehensive income 
variables and financial distress outcomes. By exposing the model to the 
majority of the data, it can optimize its parameters and minimize classification 
errors. The testing subset, which consists of previously unseen data (10%), is 
reserved to evaluate the model’s predictive performance and generalizability. 
This separation prevents overfitting—a situation where the model performs 
well on the training data but fails to accurately predict new or unseen cases. 
Using a 90/10 split balances the need for sufficient data to train the ANN 
while preserving enough independent observations to objectively test its 
accuracy, error rates, and robustness. 

We take variables from (1968, 1983) and CIs variables as input units for 
the neural network models. The distress prediction models are developed 
with a single input layer, including five input nodes for Benchmark Model 1, 
eight for Proposed Model 1, four for Benchmark Model 2, and seven for 
Proposed Model 2. Hidden layers employed the hyperbolic tangent 
activation, while the output layer applied a softmax function to classify firms. 
The architecture of the 2-layer neural network is shown in Figure I. 
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Figure I: The two-layer neural network four models 
 

4.2. Accuracy comparison 

Table IV presents the classification results of both estimated (training) 
samples and testing samples. Proposed Model 1 and 2 of training sample 
surpassed Benchmark Model 1 and 2 dues to the former models incorporating 
both comprehensive income variables alongside Altman’s original model 
(1968) and his revised model (1983), whereas Benchmark Model 1 and 2 
utilized only Altman’s original model (1968) and his revised model (1983) 
alone. 

We evaluated the prediction efficacy of all four models using the testing 
sample.  Proposed Model 1 in the testing sample had an overall predictive 
accuracy Proposed Model 1 and 2 in the testing sample exhibited overall 
prediction accuracy of 92.8% and 93.3%, respectively. The overall predictive 
accuracy in this study improves by 1.2% to 1.5% for both proposed models, 
aligning with the findings of (Rahmi, et al., 2023). No prior studies have 
examined financial distress utilizing both comprehensive income variables 
alongside Altman’s original model (1968) and his revised model (1983) in the 
Egyptian setting and, therefore, we were unable to compare our findings.  
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4.3. Sensitivity vs. specificity trade-off 

Table V and Figure II provide the results different neural networks models 
using different performance measures. We found specificity, precision and F-
measure of Proposed Model 1 and 2 to perform better than Benchmark 
Model 1 and 2. We also found that sensitivity ratio, which is reflects the 
percentage of actual distress cases correctly classified as such, fell by 0.66 to 
1.98 in the Proposed Model 1 and 2 compared by Benchmark Model 1 and 2 
meaning that the effectiveness of Proposed Model 1 and 2 for distress 
prediction might be more inadequate than Benchmark Model 1 and 2, which 
indicate that Proposed Model 1 and 2 performance is good. 

4.4. Error analysis 

Evaluating misclassification errors is critical, since incorrect predictions 
can impose significant financial or strategic costs on firms. Table VI and 
Figure III compare the performance of different neural networks models 
based on error rate, Type I and II errors. Our findings suggest that Proposed 
Model 1 and 2 outperformed Benchmark Model 1 and 2 with minimum error 
rate and Type 1 error but higher Type II error. 

4.5. Variables Importance 

According to the previous results, it is more accurate for predicting 
distress when comprehensive income components, such as accruals and cash 
flows, are combined with (Altman, 1968 and 1983) variables. We run a 
variable importance test to ascertain the relative importance of the variables in 
our model. As indicated in Figure IV, the cash flow component of 
comprehensive income (CI3) is one of the highest measures of importance 
(0.137) in predictive performance. Also, in Figure V, a proxy for 
comprehensive income (CI1) has the highest measure of importance (0.227) in 
terms of predictive performance. 
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These results suggest that comprehensive income, which captures the 
firm’s exposure to macro-risks and micro-risks, is important for predicting 
financial distress. 

Table IV: Confusion Matrix for Neural Networks Models           

for Training and Testing Samples 

 
Table V: Comparison of Neural Networks Models by Using 

Performance Measures of Testing Samples 
 

Performance 

measures 

Benchmark 

Model 1 

Proposed 

Model 1 

Benchmark 

Model 2 

Proposed 

Model 2 

Sensitivity (%) 98.23 97.57 98.28 96.30 

Specificity (%) 44.78 60 47.69 73.13 

Precision (%) 92.29 94.43 93.09 96.09 

F-measure (%) 95.17 95.97 95.61 96.19 
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Figure II: Comparison of Neural Networks Models                        

by Using Performance Measures 
 

 

Table VI: Comparison of percentage of overall error, Type I and 

II error in neural networks models for testing samples 
 

Overall, Type I and II 

errors in models (%) 

Benchmark 

Model 1 

Proposed 

Model 1 

Benchmark 

Model 2 

Proposed 

Model 2 

Error rate 8.7 7.2 7.9 6.7 

Type I error 8.35 5.90 7.42 4.07 

Type II error 26.67 28.21 25.8 34.69 
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Figure III: Comparison of percentage of overall error, Type I and 

II error in neural networks models 
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Figure V: Variables importance rank of the Altman, 1968 

variables and CIs 
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Figure IV: Variables importance rank of the Altman, 1983 

variables and CIs 
 

5. Conclusion 
This study empirically provides evidence for using comprehensive income 

to predict financial distress among Egyptian-listed firms. Comprehensive 
income variables were combined with Altman’s original (Altman, 1968) and 
revised (Altman, 1983) financial distress prediction models to examine their 
effect on the accuracy of distress prediction. 

The proposed models improved the prediction of financial distress 
accuracy of Altman's models by 1.5% and 1.2%, respectively. Type I error rate 
is 2.45% and 3.35% lower for both Altman's models. 

The study offers two primary contributions: (1) it illustrates that the 
incorporation of CI variables significantly enhances the predictive accuracy of 
financial distress models in the Egyptian context; and (2) it presents a 



Dr. Mohamed Ahmed Saleh, Dr. Yasmine Magdy Ragab                     Comprehensive Income and Financial……. 
 

 

87 
 

methodological innovation by integrating CI-enhanced Z-scores into an 
ANN framework. 

This study not only enhances the scholarly literature on distress prediction 
but also holds significant relevance for stakeholders, including banks and 
financial institutions. For banks, applying CI-enhanced ANN models 
strengthens credit risk management by providing earlier warning signals of 
borrower distress, reducing default rates, and improving loan pricing and 
provisioning. These models also support stress testing and portfolio 
monitoring under volatile economic conditions. For financial regulators -such 
as securities authorities, central banks, and supervisory- such models enhance 
early warning systems, enabling proactive supervision and timely intervention 
before distress escalates. By capturing broader macroeconomic risks through 
comprehensive income, regulators can better safeguard financial stability and 
maintain market confidence.  

While this study provides novel insights into the role of comprehensive 
income in enhancing financial distress prediction, several limitations open 
avenues for further investigation. First, the sample size was confined to 581 
firm-year observations of listed companies, which may restrict the 
generalizability of the findings. Future studies could expand the scope to 
include small and medium-sized enterprises (SMEs) and unlisted firms, as 
these entities are often more vulnerable to financial distress and their early 
detection carries significant policy and practical implications. Moreover, 
addressing class imbalance through paired samples or re-sampling techniques 
would strengthen the robustness of predictive accuracy. 

Second, methodological refinements may offer richer insights. Employing 
panel data techniques could capture firm-level dynamics over time and 
account for unobserved heterogeneity. Additionally, hybrid approaches that 
combine artificial neural networks with alternative machine learning 
techniques such as random forests, gradient boosting, or support vector 
machines may yield stronger comparative results. Future research could also 
enhance interpretability by applying explainable AI methods (e.g., SHAP or 



Dr. Mohamed Ahmed Saleh, Dr. Yasmine Magdy Ragab                     Comprehensive Income and Financial……. 
 

 

87 
 

LIME) to clarify the relative influence of input variables, thus increasing the 
practical usefulness of these models for regulators and practitioners. 

Finally, extending the variable set and context of analysis represents 
another promising direction. Incorporating non-financial and ESG-related 
measures, such as governance structures, board diversity, and environmental 
performance, would test whether broader sustainability indicators improve 
predictive accuracy beyond financial ratios. Including macroeconomic 
indicators—such as exchange rate fluctuations, interest rates, or inflation—
would also reflect the impact of Egypt’s volatile environment. Cross-country 
comparative studies, particularly between emerging and developed markets, 
could further validate the external applicability of CI-enhanced ANN models 
and provide valuable benchmarks for international regulators, banks, and 
investors. 
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Appendix 
 

Table AI: Variables Definition                                                            

(Altman and Comprehensive Income Variables) 
 

 

Variables Definitions 

Z1 Working Capital to Total Assets Ratio 

Z2 Retained Earnings to Total Assets Ratio 

Z3 Earnings before Interest and Taxes to Total Assets Ratio 

Z4 Market Capitalization of Equity to Book Value of Total Liabilities 

Z5 Sales to Total Assets Ratio 

Z”1 Working Capital to Total Assets Ratio 

Z”2 Retained Earnings divided by Total Assets 

Z”3 Earnings before Interest and Taxes divided by Total Assets 

Z”4 Equity Book Value/ Total Liabilities Book Value 

CI1 

Proxy of comprehensive income 

[(Comprehensive income + Stock compensation expenses) - Preferred 

dividends)] 

CI2 
Accrual component of comprehensive income 

[Change in equity– Change in cash] 

CI3 Cash flow element of comprehensive income [C1- C2] 
 

Table AII: Confusion Matrix for Predicting Financial Distress 
 

 

Actual 
Predicted 

Distress Observation Non-Distress Observation 

Distress observation True negative (TN) False positive (FP) 

Non-Distress observation False negative (FN) True negative (TP) 
 

Table AIII: List of Performance Measures 
 

Performance measures Formula 

Overall accuracy (TP+TN)/(TP+TN+FP+FN) 

Sensitivity (TP)/(TP+FN) 

Specificity (TN)/(TN+FP) 

Precision (TP)/(TP+FP) 

F-measure 2 × [(Precision × Sensitivity)/ (Precision + Sensitivity)] 

Error rate (1- overall accuracy) 

Type I error 

(Number of distress observations classified as non-

distress)/ (Number of observations classified as non-

distress) × 100 

Type II error 

(Number of non- distress observations classified as 

distress)/ (Number of observations classified as distress) × 

100 
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