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ABSTRACT
The purpose of this study is to determine whether cash flow impacts business failure prediction
using a neural network. Using a matched sample of 114 failed and 114 non-failed manufacturing
firms selected from the Compustat database, accrual-based and cash flow-based neural network
models were developed utilizing financial ratios as input variables. A Z-test was performed to
test for significance of any difference at the 0.05 level between the classification results of the
two models. The accrual-based model correctly classified 92.55% of firms overall in a training
sample and 77.5% of firms overall in a holdout sample. The cash flow-based model correctly
classified 94.15% of firms overall in a training sample and 82.5% of firms overall in a holdout
sample. While the cash flow-based neural network model outperformed the accrual-based neural
network model, results of the Z-test revealed that the difference in classification accuracies
between the two models was not significant. This study does not provide evidence that cash flow
improves business failure prediction.
Keywords: business failure prediction, neural network, Z-Score, accrual-based ratios, cash flowbased ratios
Introduction
Numerous business failure studies have been performed over time using traditional statistical
techniques and financial ratios as input variables. A number of these studies examined whether
cash flow improves the prediction of business failure. More recently, researchers are using neural
networks to perform business failure studies. Kuruppu, Laswad, & Oyelere (2003), show
evidence of the usefulness and efficacy of statistical models such as Altman Z-score discriminant
analysis bankruptcy predictive models to assess client ongoing concern status. As shown in
previous studies, the bankruptcy models consistently outperform auditor’s concerned judgment
in discriminating between bankrupt and non-bankrupt companies.
The use of models will alleviate stress levels and can push organizations to reengineer or merge
before filing for bankruptcy. Wang & Campbell (2010) provide evidence of failure prediction of
various z-score models using China publicly listed companies as test beds. The study shows that
the Wang &Campbell model has the higher overall prediction accuracy than the Altman z-score
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model and also shows the usefulness of using z-score models. Chava & Jarrow (2004) show
bankruptcy prediction with industry effects. The study used an expanded bankruptcy database
where three models, Shumway (2001), Altman (1968) & Zmijewski (1984) were tested. The
Shumway model provided superior results. The authors then demonstrated the importance of the
industry effects in hazard rate estimation. The study divided the industry intofour groups: (i)
finance, insurance, and real estate, (ii) transportation, communications and utilities, (iii)
manufacturing and mineral, and (iv) miscellaneous industries. The hazard rate model confirmed
the industry effects on bankruptcy prediction.
Aziz & Dar (2006) show bankruptcy model findings and substantiate the introduction of artificial
intelligence models in predicting bankruptcy. They show evidence that using artificial
intelligence models perform marginally better than statistical and theoretical models. Multiple
Discriminant Analysis (MDA) and logit models tend to dominate bankruptcy predictive models.
The purpose of this study is to determine whether cash flow improves the business failure
prediction of manufacturing firms using a neural network.
Procedure
The purpose of this research was to determine if cash flow has an impact on the prediction of
business failure. This was accomplished through training, testing, and comparing results of an
accrual-based neural network model and a cash flow-based neural network model. Units of
analysis for this study are financial ratios derived from raw financial data from balance sheets,
income statements, and cash flow statements of both failed and non-failed firms. Raw balance
sheet data used to calculate financial ratios include current assets, current liabilities, total assets,
total liabilities, market value of equity, and retained earnings. Raw income statement data used to
calculate financial ratios include sales and earnings before interest and taxes. Raw cash flow
statement data used to calculate financial ratios include cash flow from operations. Financial
ratios calculated in this study include (a) working capital: total assets, (b) retained earnings: total
assets, (c) earnings before interest and taxes: total assets, (d) market value of equity: book value
of total debt, (e) sales: total assets, (f) cash flow from operations: current liabilities, (g) cash flow
from operations: total assets, and (h) cash flow from operations: total liabilities.
Failed and non-failed firms were selected for analysis to determine if cash flow improves
business failure prediction. The study sample includes 114 failed firms identified for the period
1991 to 2002 and 114 non-failed firms for the same time period. Each failed firm was part of the
manufacturing industry and had financial data available one year prior to failure with an asset
size of $20 million or greater. Each non-failed firm was part of the manufacturing industry, had
an asset size of $20 million or greater, and financial data available the same year as matched
failed firms.
Sample and Data Collection
Standard & Poor’s Compustat Research Insight database is the source of raw financial data used
for this study. Compustat is the preferred source for raw financial data used in earlier studies
performed by researchers (Gentry, Newbold, & Whitford, 1985a; Gombola, et al. (1987);
Ohlson, 1980; Platt & Platt, 1990; Zavgren, 1985). The failed manufacturing firms selected from
Compustat carry SIC codes 2000-3999 and a deletion code of two for bankruptcy. Failed firms
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were matched with non-failed manufacturing firms by industry (SIC code of 2000-3999) and
asset size, randomly selected from Compustat.
Availability of financial data one year prior to failure was a requirement to qualify as a failed
firm in this study. Initially, 118 firms were identified in Standard & Poor’s Compustat based on a
deletion code of two for bankruptcy. Of the 118 failed firms identified, four firms were missing
key balance sheet, income statement, or cash flow statement financial data one year prior to
failure. Those firms were removed from the failed sample, reducing the failed firm sample size
to 114 firms. Total asset size was used to match the sample of non-failed firms to the sample of
failed firms. Total assets for the sample of 114 failed firms one year prior to failure range from a
minimum of $20.474 million to a maximum of $2,345.8 million. The mean total asset size for
failed firms is $146.769 million with a standard deviation of $298.465 million. The range of total
assets for failed firms is $2,325.326 million.
Total assets for the matched sample of 114 non-failed firms range from a minimum of
$19.104 million to a maximum of $2,348.616 million. The mean total asset size for failed firms
is $146.632 with a standard deviation of $298.505 million. The range of total assets for failed
firms is $2,329.512 million.
Descriptive Statistics and Measures of Variables
Descriptive statistics for total asset data are summarized for failed and non-failed firms in Table
1. Financial ratios calculated for this study include (a) working capital: total assets (WC:TA), (b)
retained earnings: total assets (RE:TA), (c) earnings before interest and taxes: total assets
(EBIT:TA), (d) market value of equity: total debt (MV:TL), (e) sales: total assets (Sales: TA), (f)
cash flow from operations: current liabilities (CFFO:CL), (g) cash flow from operations: total
assets (CFFO:TA), and (h) cash flow from operations: total liabilities (CFFO:TL). Descriptive
statistics for financial ratios are summarized in Table 2 for failed firms and in Table 3 for nonfailed firms.
WC:TA compares net liquid assets to the total capitalization of a firm (Altman, 1968). A decline
in current assets compared to total assets is indicative of a firm experiencing operating losses.
The mean of WC:TA for failed firms was found to be less than that for non-failed firms. Fortytwo of 114 failed firms had negative WC:TA compared to only eight non-failed firms.
RE:TA measures cumulative profitability over time (Altman, 1968). Non-failed firms were
found to have a higher mean RE:TA than failed firms. Eighty-six of 114 failed firms had
negative RE:TA versus 43 of 114 non-failed firms.
EBIT:TA measures the productivity of a firm’s assets less the influence of taxes or leveraging
factors (Altman, 1968). Higher EBIT performance translates into a firm’s ability to remain a
viable going concern. More failed firms had a negative EBIT:TA resulting in a negative mean for
this ratio. Seventy-five of 114 failed firms had a negative EBIT:TA compared to only 31 of 114
non-failed firms.
MVE:TL measures how much a firm’s assets can decline prior to insolvency, due to liabilities
exceeding assets (Altman, 1968). Failed firms had a lower average MVE:TL than non-failed
firms, suggesting higher risk for failed firms not to meet total debt requirements. Mean MVE:TL
for failed firms was 0.2899 compared to 0.7873 for non-failed firms.
Sales:TA measures the ability for a firm’s assets to generate sales (Altman, 1968). Therefore, it
would be expected that the mean Sales:TA for failed firms would be less than the mean Sales:TA
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for non-failed firms. Mean Sales:TA for failed firms was 1.306, while the mean Sales:TA for
non-failed firms was 1.223. This result suggests that Sales.
CFFO:CL measures the ability of a firm’s cash flow to cover short-term liabilities. The mean
CFFO:CL for both failed and non-failed firms was negative, suggesting difficulty for all firms to
cover short-term debt. The mean CFFO:CL for failed firms was -.3041, which is more negative
than the mean CFFO:CL of -.0904 calculated for non-failed firms. Eighty-two of 114 failed firms
had negative CFFO:CL compared to 46 of 114 non-failed firms.
CFFO:TA measures the ability of a firm’s assets to generate cash. A negative CFFO:TA mean
of -.1232 for failed firms suggests difficulty in generating cash flow. The mean CFFO:TA for
non-failed firms was positive at 0.0042. Eighty-two of 114 failed firms had negative CFFO:TA
compared to 46 of 114 non-failed firms. CFFO:TL measures the ability of a firm’s cash flow to
cover total debt. The mean CFFO:TL for both failed and non-failed firms was negative,
suggesting all firms were challenged with having adequate cash flow to cover short and longterm debt requirements. Eighty-two of 114 failed firms had negative CFFO:TL compared to 46
of 114 non-failed firms.
Table 1
Descriptive Statistics for Total Assets of Failed and Non-failed Firms ($,
Millions)
Statistic
Failed Firms
Non-failed Firms
Mean
146.769
146.633
Standard of Deviation
298.465
298.505
Range
2,325.326
2,329.512
Minimum
20.474
19.104
Maximum
2,345.800
2,348.616
Table 2
Descriptive Statistics for Financial Ratios of
Failed Firms
Statistic
WC:TA
RE: EBIT: MVE: Sales: CFFO:
CFFO:
TA TA
TL
TA
CL
TA
Mean
.0176
-.7431 -.1573
.2899 1.306
-.3040
.1232
Standard of .3861
1.264 .2814
.9460 .6686
.7589
.2375
Deviation
Range
2.943
9.585 1.703
8.867 3.297
6.473
1.593
Minimum
-2.140
-9.191 -1.409
0.000 0.000
-3.371
-1.266
Maximum 0.803
0.394 0.294 8.867
3.297
3.102
0.327
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Table 3
Descriptive Statistics for Financial Ratios of Non-failed Firms
WC:
RE:
EBIT:
MVE: Sales: CFFO:
CFFO:

CFFO:

TA
.4221
.4900

TA
-.1321
.8936

TA
.0199
.2179

TL
.7873
2.780

TA
1.223
1.601

CL
TA
-.0904 .0042
1.325 .1947

TL
-.1342
1.127

5.397

6.508
–
5.745
0.763

1.297

20.766

16.687

7.908

1.290

7.908

-0.918
0.379

0.001
20.767

0.000
16.687

-5.367
2.541

-0.842
0.448

-5.367
2.541

Maximum -0.584
Minimum 4.813
Hypotheses

The purpose of this study is to determine whether cash flow improves the business failure
prediction of manufacturing firms using a neural network. An artificial Intelligence model is
generated using neural networks. A neural network model based on Altman’s (1968) variables
was compared with a neural network model based on Altman’s (1968) variables combined with
Gilbert’s, Menon’s, & Schwartz’s (1990) cash flow variables to determine the impact of cash
flow on prediction accuracy. The objective is to determine whether cash flow improves the
business failure prediction of manufacturing firms using a neural network model. The following
three hypotheses, stated in null and alternate form, were formulated to support the purpose of this
study:
H01: A neural network model utilizing Altman’s (1968) five accrual-based ratios is not able to
distinguish between failed and non-failed manufacturing firms.
Ha1: A neural network model utilizing Altman’s (1968) five accrual-based ratios is able to
distinguish between failed and non-failed manufacturing firms.
H02: A neural network model utilizing Altman’s (1968) five accrual-based ratios combined with
Gilbert’s, Menon’s, & Schwartz’s (1990) three cash flow-based ratios is not able to distinguish
between failed and non-failed manufacturing firms.
Ha2: A neural network model utilizing Altman’s (1968) five accrual-based ratios combined with
Gilbert’s, Menon’s, & Schwartz’s (1990) three cash flow-based ratios is able to distinguish
between failed and non-failed manufacturing firms.
H03: A cash flow-based neural network model does not predict failure of manufacturing firms
with a higher degree of accuracy than an accrual-based neural network model.
Ha3: A cash flow-based neural network model predicts failure of manufacturing firms with a
higher degree of accuracy than an accrual-based neural network model.
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RESULTS
Hypothesis 1 was tested to determine the business failure prediction accuracy of a baseline
neural network model using Altman’s (1968) five accrual-based financial ratios as input
variables. Financial ratios were calculated for 114 failed and 114 non-failed firms from financial
statement data one year prior to failure from Standard & Poor’s.
The overall sample of firms was split into two groups consisting of 188 firms and 40 firms. The
first group was identified as a training group consisting of 94 failed and 94 non- failed firms in
order for the baseline neural network model to learn to classify patterns (Coats & Fant, 1992).
The baseline neural network model, developed using NeuroShell Classifier, consisted of three
layers that included input nodes, hidden nodes, and an output node. The input nodes were
represented by Altman’s (1968) five accrual-based financial ratios. One output node represented
a classification of failed or non-failed for firms. NeuroShell Classifier assigned an optimal
number of 106 hidden neurons out of a total of 150 hidden neurons trained.
The baseline accrual -based neural network model correctly classified 92.55% of firms in the
training sample, overall, one year prior to failure. The model misclassified 7.45% of firms in the
training sample, overall, one year prior to failure.
The baseline model correctly classified 89 of 94 or 94.68% of failed firms one year prior to
business failure with Type I errors for 5.32% of failed firms classified. Type I errors represent
five of 94 failed firms misclassified as non-failed firms. The model correctly classified 85 of 94
or 90.43% of non- failed firms with Type II errors for 9.57% of non- failed firms classified.
Type II errors represent nine of 94 non-failed firms misclassified as failed firms.
The baseline accrual -based neural network model, developed with NeuroShell Classifier
utilizing a training sample, was tested on a holdout sample of 40 firms. The holdout sample
consisted of 20 failed and 20 non-failed firms. The baseline model consisted of five input nodes,
106 hidden nodes, and one output node. Altman’s (1968) five accrual-based financial ratios for
holdout sample firms were entered into NeuroShell Classifier with enhanced generalization for
results set at 90%. Enhanced generalization smoothes out classification results of the network for
out-of-sample or noisy data. The baseline accrual-based neural network model correctly
classified 31 of 40 or 77.5% of firms in the holdout sample, overall, one year prior to failure.
The model misclassified 9 of 40 or 22.5% of firms overall in the holdout sample.
The model correctly classified 16 of 20 or 80% of failed firms one year prior to failure with
Type I errors of 20%. Type I errors represent four of 20 failed firms misclassified as non-failed
firms. The model correctly classified 15 of 20 or 75% of non-failed firms with Type II errors of
25%. Type II errors represent five of 20 non-failed firms misclassified as failed firms. Training
sample and holdout sample test results for the baseline accrual-based neural network model are
summarized in Table 4
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Table 4
Classification Results for Accrual-Based Neural Network Model One Year Prior to
Business Failure
%
%
Sample Classification
Correctly
Misclassified
Error
Classified
Type
Traini
ng

Overall

Faile
d

92.55

7.45 94.68

5.32

90.43

9.57

Type I
Non-failed
Type II
Holdo
ut

Overall

77.5

22.50

Faile
d

80.0

20.00

Non-failed

75.0

25.00

Type I
Type II
Hypothesis 1 was tested using the holdout sample of 20 failed and 20 non-failed firms. Null
Hypothesis 1 states that the baseline accrual-based neural network is not able to distinguish
between failed and non-failed manufacturing firms non-failed firms, and Null Hypothesis 1
cannot be rejected. When the classification of failed and non-failed firms is not equal, the
baseline neural network model is able to distinguish between failed and non-failed firms and
Null Hypothesis 1 can be rejected.
Test results for Hypothesis 1 indicate the baseline neural network correctly classified 77.5% of
firms overall one year prior to failure. Therefore, the model was able to distinguish between
failed and non-failed firms, resulting in rejection of Null Hypothesis 1 and support of Alternate
Hypothesis 1. The baseline neural network model correctly classified manufacturing firms at a
level greater than 50% one year prior to failure.
Hypothesis 2 was tested to determine the business failure prediction accuracy of a cash flowbased neural network model using Altman’s (1968) five accrual-based financial ratios and
Gilbert’s, Menon’s, & Schwartz’s (1990) three cash flow-based financial ratios as input
variables. Financial ratios were calculated for the same 114 failed and 114 non-failed firms used
to test Hypothesis I from financial statement data one year prior to failure from Standard &
Poor’s.
The overall sample of firms was split into two groups consisting of 188 firms and 40 firms. The
first group was identified as a training group consisting of 94 failed and 94 non- failed firms for
the cash flow-based neural network model to learn to classify patterns (Coats & Fant, 1992). The
cash flow-based neural network model developed, using NeuroShell (2003) Classifier, consisted
of three layers that included input nodes, hidden nodes, and an output node. The input nodes
were represented by Altman’s (1968) five accrual-based financial ratios and Gilbert’s, Menon’s,
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& Schwartz’s (1990) three cash flow-based financial ratios. There was one output node that
represented a classification of failed or non-failed for firms. NeuroShell Classifier assigned an
optimal number of 146 hidden neurons out of a total of 150 hidden neurons trained.
The cash flow-based neural network model correctly classified 94.15% of firms in the training
sample, overall, one year prior to failure. The model misclassified 5.85% of firms in the training
sample, overall, one year prior to failure. The cash flow-based model correctly classified 91 of
94 or 96.81% of failed firms one year prior to business failure with Type I errors for 3.19% of
failed firms classified. Type I errors represent three of 94 failed firms misclassified as non-failed
firms. The model correctly classified 86 of 94 or 91.49% of non- failed firms with Type II errors
for 8.51% of non-failed firms classified. Type II errors represent eight of 94 non-failed firms
misclassified as failed firms.
The cash flow-based neural network model developed with NeuroShell (2003) Classifier,
utilizing a training sample, was tested on the same holdout sample of 40 firms used to test the
baseline accrual-based neural network model. The holdout sample consisted of 20 failed and 20
non-failed firms. The cash flow-based model consisted of eight input nodes, 146 hidden nodes,
and one output node. Altman’s (1968) five accrual-based financial ratios and Gilbert’s, Menon’s
& Schwartz’s (1990) three cash flow-based financial ratios for holdout sample firms were
entered into NeuroShell Classifier with enhanced generalization for results set at 90%. Enhanced
generalization smoothes out classification results of the network for out-of-sample or noisy data.
The cash flow-based neural network model correctly classified 33 of 40 or 82.5% of firms in the
holdout sample, overall, one year prior to failure. The model misclassified 7 of 40 or 17.5% of
firms in the holdout sample, overall. The model correctly classified 18 of 20 or 90% of failed
firms one year prior to failure with Type I errors and Type II errors represent 5 of 20 non-failed
firms misclassified as failed firms. Training sample and holdout sample test results for the cash
flow-based neural network model are summarized in Table 5.
Table 5
Classification Results for Cash Flow-Based Neural Network Model One Year Prior to
Business Failure
________________________________________________________________
Sample
Classification
%
%
Correctly
Misclassified
Error
Training
Overall
94.15
5.85
Failed
96.81
3.19
Type I
Non-failed
91.49
8.51
Type II
Holdout
Overall
82.5
17.5
Failed
90.0
10.0
Type I
Non-failed
75.0
25.0
Type II
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Hypothesis 2 was tested on the holdout sample of 20 failed and 20 non-failed firms. Null
Hypothesis 2 states that the cash flow-based neural network is not able to distinguish between
failed and non-failed manufacturing firms. If the classification of failed and non-failed firms is
equal, the cash flow-based neural network model cannot distinguish between failed and nonfailed firms, and Null Hypothesis 2 cannot be rejected. If the classification of failed and nonfailed firms is not equal, the cash flow-based neural network model is able to distinguish
between failed and non-failed firms, and Null Hypothesis 2 can be rejected.
Test results for Hypothesis 2 indicate the cash flow-based neural network correctly classified
82.5% of firms, overall, one year prior to failure. Therefore, the model was able to distinguish
between failed and non-failed firms, resulting in rejection of Null Hypothesis 2 and support of
Alternate Hypothesis 2. The cash flow-based neural network model correctly classified
manufacturing firms at a level greater than 50%, one year prior to failure.
Hypothesis 3 was tested to determine whether a cash flow-based neural network model
predicted
Table 6
Comparison of Classification Results for an Accrual -Based Neural Network Model and
a Cash Flow-Based Neural Network Model One Year Prior to
Failure
Classification
Accrual Model
Cash Flow Model
Training
Holdout
Training
Holdout
Sample
Sample
Sample
Sample
Overall
92.55%
77.5%
94.15%
82.5%
Failed

94.68%

80.0%

96.81%

Non-failed

90.43%

75.0%

91.49%

90.0%
75.0%

The results show that the cash flow-based neural network model attained higher classification
accuracy for firms, overall, one year prior to failure than the accrual- based neural network
model. The cash flow-based model correctly classified 94.15% of firms overall in the training
sample and 82.5% of firms overall in the holdout sample. The accrual-based model correctly
classified 92.55% of firms overall in the training sample and 77.5% of firms overall in the
holdout sample.
In addition, the results show that the cash flow-based neural network model attained a higher
classification accuracy for failed firms than the accrual-based neural network model one year
prior to failure. The cash flow-based model correctly classified 96.18% of failed firms in the
training sample and 90% of failed firms in the holdout sample. The accrual-based model
correctly classified 94.68% of failed firms in the training sample and 80% of failed firms in the
holdout sample. The percentage of Type I errors was less for the cash flow-based model
compared to the accrual-based model.
Finally, the cash flow-based model attained higher classification accuracy for non-failed firms in
the training sample than the accrual-based model one year prior to failure. Results indicate that
the classification accuracy of non-failed firms in the holdout sample was the same for both
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models. The cash flow-based model correctly classified 91.49% of non-failed firms in the
training sample and 75% of non-failed firms in the holdout sample. The accrual-based model
correctly classified 90.43% of non-failed firms in the training sample and 75% of non-failed
firms in the holdout sample. The percentage of Type II errors for the training sample was less for
the cash flow-based model compared to the accrual-based model. The percentage of Type II
errors for the holdout sample was identical for both models.
A Z-test was performed to test Hypothesis 3 for significance of any differences between
classification results of the accrual-based neural network model and the cash flow-based neural
network model for the holdout sample. Hypothesis 3 was tested at the 0.05 level of significance.
If significant, Null Hypothesis 3 is rejected, indicating a significant difference exists in
classification accuracy between the accrual-based model and the cash flow-based model. If the
Z-value is less than +1.96, it is not considered significant at the 0.05 level. If not significant, Null
Hypothesis 3 is not rejected, indicating no significant difference in classification accuracy
between the accrual-based model and the cash flow-based model.
Results of the Z-test, displayed in Table 7.0, indicate that the difference in overall classification
accuracy one year prior to failure between the accrual-based model and the cash flow-based
model was not significant at the 0.05 level.
Table 7
Z-test Results for Classification Comparison of Accrual-Based Neural Network Model
and Cash Flow-Based Neural Network Model One Year Prior to Failure
for Holdout Sample
Classification Accrual Cash Flow
Z-Value
Significance
Model
Model
Level

Overall
Failed
Non-failed

77.5%
80.0%
75.0%

82.5%
90.0%
75.0%

-0.5601 0.5754
-1.2649 0.7942
0.0000 1.0000

A negative Z-value demonstrates that the cash flow-based model classified with greater
accuracy than the accrual-based model. The statistical results indicate that the difference in
classification accuracies was not significant. For failed firms, the results show that the
difference in classification accuracy one year prior to failure between models was not
significant at the 0.05 level. A negative Z-value shows that the cash flow-based model classified
firms with greater accuracy than the accrual -based model. Statistical results reveal that the
difference in classification accuracy was not significant. For non-failed firms, the results show
that the difference in classification accuracy one year prior to failure between models was not
significant at the 0.05 level. A Z-value of zero shows that the classification accuracy for failed
firms was equal for both models.
Results of the Z-test identify that the difference in classification accuracy between the accrualbased neural network model and the cash flow-based neural network model was not significant
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at the 0.05 level. Therefore, Null Hypothesis 3 is not rejected and Alternate Hypothesis 3 is not
supported. Despite higher classification accuracies, the cash flow-based model was not found
statistically different from the accrual-based model. The test for significance of difference
between two groups shows that no significant difference exists between the accrual-based
model and the cash flow-based model.
The objective was to determine whether cash flow has an impact on business failure prediction.
This was accomplished through training and testing and comparison of results between an
accrual-based neural network model and a cash flow-based neural network model. Hypothesis 1
was tested to determine the business failure prediction accuracy of a baseline neural network
model using Altman’s (1968) five accrual-based ratios as input variables. The accrual-based
model correctly classified 92.5% of firms overall, 94.68% of failed firms, and 90.43% of nonfailed firms in a training sample of 94 failed and 94 non-failed firms, one year prior to business
failure. The model also correctly classified 77.5% of firms overall, 80% of failed firms, and
75% of non-failed firms in a holdout sample of 20 failed and 20 non-failed firms, one year prior
to business failure. The accrual-based model was able to distinguish between failed and nonfailed manufacturing firms, resulting in rejection of Null Hypothesis 1 and support of Alternate
Hypothesis 1. Hypothesis 2 was tested to determine the business failure prediction accuracy of a
cash flow-based neural network model using Altman’s (1968) five accrual-based financial ratios
and Gilbert’s, Menon’s & Schwartz’s (1990) three cash flow-based financial ratios as input
variables. The cash flow-based model correctly classified 94.15% of firms overall, 96.18% of
failed firms, and 91.49% of non-failed firms in a training sample of 94 failed and 94 non-failed
firms, one year prior to business failure. The model also correctly classified 82.5% of firms
overall, 90% of failed firms, and 75% of non-failed firms in a holdout sample of 20 failed and
20 non-failed firms, one year prior to business failure. The cash flow-based model was able to
distinguish between failed and non-failed manufacturing firms, resulting in rejection of Null
Hypothesis 2 and support of Alternate Hypothesis 2. Hypothesis 3 was tested to determine
whether a cash flow-based neural network model predicted business failure with a higher degree
of accuracy than an accrual-based neural network model. A Z-test was performed to test for a
significant difference between the two models at the 0.05 significance level.
Despite higher classification accuracies, the difference between the cash flow-based neural
network model and the accrual-based neural network model was found not to be statistically
significant. Results of the Z-test indicate that the difference in overall classification accuracy one
year prior to business failure between the accrual-based model and the cash flow-based model
was not significant at the 0.05 level. Therefore, Null Hypothesis 3 was not rejected and Alternate
Hypothesis 3 was not supported.
The results of this study demonstrate that the cash flow-based neural network model is a good
predictor of business failure. The cash flow-based model outperformed the accrual-based model
and classification results are comparable to previous neural network failure study results. While
the cash flow-based model achieved a classification accuracy of 94.15% of firms in the training
sample, one year prior to business failure overall, the model did not achieve a perfect training
forecast as in studies performed by Coats and Fant (1992) and Wilson and Sharda (1994).
Holdout sample business failure classification results compare similarly to holdout results
achieved by Coats & Fant (1992), Udo (1993), Wilson & Sharda (1994), Rahimian’s et al.
(1996), and Yang, Platt, & Platt (1999).
http://www.ijsse.org

ISSN 2307-6305

Page | 11

International Journal of Economics and Finance

Vol.1, Issue 3, 2013

The cash flow-based neural network model correctly classified 82.5% of firms in a holdout
sample, overall, one year prior to business failure. Overall classification performance of the cash
flow-based model compared similarly to (a) Wilson’s & Sharda’s (1994) overall classification
range of 82.64% to 96.49%, (b) Rahimian’s et al. (1996) overall classification accuracy of
81.82%, and (c) Yang’s, Platt’s, & Platt’s (1999) overall classification range of 74.0% to 87.0%.
The cash flow-based model correctly classified 90.0% of failed firms in a holdout sample one
year prior to business failure. Classification performance of failed firms of the cash flow-based
model compared similarly to Coats’ & Fant’s (1992) classification accuracy of 91.0% of
distressed firms. Cash flow-based model classification performace surpassed Udo’s (1993)
classification performance of 86.0% of failed firms. The cash flow-based model performed well,
comparatively, for failed firms, minimizing Type I errors that misclassify a failed firm as a nonfailed firm.
The cash flow-based model correctly classified 75.0% of non-failed firms in a holdout sample,
one year prior to business failure. The cash flow-based model classification performance was
inferior to (a) Coats’& Fant’s (1992) classification accuracy of 96.0% for healthy firms and (b)
Udo’s (1993) classification results of 90% for healthy firms. The cash flow model did not
perform well, comparatively, for non-failed firms, with increased Type II errors that misclassify
a non-failed firm as a failed firm.
The business failure classification results of the cash flow-based neural network model also
compared similarly to results of cash flow oriented failure studies. The cash flow-based model
correctly classified 94.15% of firms overall, 96.81% of failed firms, and 91.49% of non-failed
firms in a training sample, one year prior to business failure. The cash flow-based model results
for the training sample outperformed Gentry’s, Newbold’s & Whitford’s (1985a) failed
firms in an estimation sample. The cash flow-based model results also outperformed Gentry’s,
Newbold’s & Whitford’s (1985b) classification results of 83.3% of firms overall, 78.8% of failed
firms, and 87.9% of non-failed firms in an estimation sample.
In addition, the cash flow-based neural network model achieved better results overall on a
training sample than previous cash flow-based failure study overall results on estimation
samples. The cash flow-based model outperformed (a) Casey’s & Bartczak’s (1984)
classification results of 86.0% of firms overall, (b) Gombola’s et al. (1987) classification results
of 85.0% of firms overall, (c) Dambolena’s & Shulman’s (1988) classification results of 74.0%
and 89.0% of firms overall, (d) Gilbert’s, Menon’s & Schwartz’s (1990) results of 81.9% of
firms overall, and (e) Rujoub’s, Cook’s & Hay’s (1995) classification results of 86.36% of firms
overall.
The cash flow-based neural network model achieved higher holdout test classification results
when compared to holdout test results of previous cash flow failure studies. The cash flow-based
neural network model correctly classified 82.5% of firms overall, 90.0% of failed firms, and
75.0% of non-failed firms for a holdout sample, one year prior to business failure. Gentry,
Newbold, and Whitford (1985a) achieved classification results of 71.74% of firms overall,
69.57% of weak firms, and 73.91% of nonweak firms. Gilbert, Menon & Schwartz (1990)
achieved a classification result of 78.3% of firms overall for a holdout sample.
The classification results of the cash flow-based neural network model compared similarly to
Altman’s (1968) classification results. The cash flow-based model correctly classified 94.15% of
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firms overall in the training sample, one year prior to business failure compared to 95.0% overall
for Altman (1968). Altman’s (1968) multiple discriminant model correctly classified 96% of
bankrupt firms and 79% of non bankrupt firms in a secondary sample test. The cash flow-based
model correctly classified 90.0% of failed firms and 75% of non-failed firms in a holdout sample
test.
T able 8
Summary
Testing

of

Hypothesis

Hypotheses
Outcome

H 01 A neural network model utilizing Altman’s
(1968) five accrual-based ratios is not
able to distinguish between failed and
non-failed manufacturing firms.
H 02 A neural network model utilizing Altman’s
(1968) five accrual-based ratios combined
with Gilbert’s, Menon’s & Schwartz’s
(1990) three cash flow-based ratios is
not able to distinguish between failed
and non-failed manufacturing firms.
H 03 A cash flow-based neural network model does
not predict failure of manufacturing firms
with a higher degree of accuracy than an
accrual-based neural network model.

Rejected

Rejected

Accepted

Conclusions
Several key conclusions result from the research performed in this study. First, the results of the
study reveal that an accrual-based neural network model utilizing Altman’s (1968) five accrualbased financial ratios is a good predictor of business failure. The accrual-based model is able to
distinguish between failed and non-failed manufacturing firms one year prior to business
failure. The classification results of this model are only generalizable to publicly traded
manufacturing firms. The question remains whether the model would be a good predictor of
business failure for privately held manufacturing firms or other industries, more than one year
prior to business failure.
Second, the results of the study confirm that a cash flow-based neural network model utilizing
Altman’s (1968) five accrual -based financial ratios and Gilbert’s, Menon’s, & Schwartz’s
(1990) three cash flow-based financial ratios is a good predictor of business failure. The cash
flow-based model also is able to distinguish between failed and non-failed manufacturing firms,
one year prior to business failure. The classification results of this model are only generalizable
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to publicly traded manufacturing firms. The question remains whether this model would also be
a good predictor of business failure for privately held manufacturing firms or other industries,
more than one year prior to business failure.
Third, the results of the study demonstrate that cash flow does not impact business failure
classification using a neural network. While both models were found to be good predictors of
business failure, and the cash flow-based model had a higher classification accuracy than the
accrual-based model, the difference in results is found not to be statistically significant. Toward
classification accuracy compared to the contribution by Gilbert, Menon, & Schwartz, (1990)
cash flow-based financial ratios. This suggests that no one model is able to classify business
failure with considerably increased accuracy over other models. Accrual-based and cash flowbased business failure models were developed using neural networks with financial ratios as
input variables. Both were found to be good predictors of business failure. Because the
difference in results of the two models proved not to be significant, either model can serve as a
financial tool to assist financial managers in manufacturing firms, creditors, and investors and
analysts.
Financial managers are responsible for manufacturing firm financial performance through the
management of balance sheet, income statement, and cash flow financial information. Financial
performance is assessed through comparisons with competition and with published industry
information. In addition, financial managers are concerned with the financial viability of their
firms. The accrual-based or cash flow-based model could be used as a supplemental financial
tool to determine whether the firm’s financial condition is indicative of a failed or non-failed
firm. Depending on results of the analysis, management can take corrective action to adjust
appropriately the firm’s financial condition.
Creditors are concerned with financial viability when making determinations whether to offer
credit to firms. Lending institutions could use the accrual-based or cash flow-based model as an
additional tool to further analyze the financial condition of potential borrowers. The outcome of
the analysis could determine whether or not to lend to potential borrowers or if further analysis is
required before granting credit.
When providing advice and recommendations to investors, financial analysts are concerned with
the financial viability of manufacturing firms. Investors are also concerned with the financial
viability of firms when making investment decisions. In each case, investors and financial
analysts want to avoid Type I errors or firms that are failing but emerge as non-failed firms. The
accrual-based or cash flow-based model can be used as a supplemental financial tool to assist
investors and analysts to assess the viability of manufacturing firms. The outcome of the analysis
could assist in avoiding unfavorable recommendations and investments that lead to potential
financial loss to investors.
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