


 7

 
 
 
 
 
 
 
 
 

Determining the Ability of Firms to Use Debt to Finance Operations: A 
Theoretical and Pragmatic Approach to Financial Analysis and Strategic 

Decision Making 
 

Alec Johnson 
University of St. Thomas 

 
Boris Nenide 
Fintel, LLC 

  
Robert W. Pricer 

University of Wisconsin – Madison 
 
 
     This study presents findings that will allow managers to determine if given levels of debt capital 
will likely lead to financial distress, and presents new tools for evaluating standard financial 
statements to predict the actual loan payment performance of firms - a good indication of financial 
stability or distress.  The approach presented allows managers to estimate the amount of debt a 
firm can safely service and match this with strategic and operating plans.  In addition, if adopted 
by commercial loan lenders, this technique could potentially increase the amount of money made 
available to firms, because it provides a measure for understanding the amount of debt a firm can 
safely handle.  A two-step analysis has been applied to a large sample of commercial loan clients, 
using data supplied by a large national bank, with a remarkable ability to predict actual loan 
performance.  If this approach is applied by business managers or commercial lenders, decisions 
regarding new debt will be made based on a better understanding of risk of non-payment, and 
fewer failures should result.  This would also give managers confidence to take on loans needed 
for business expansion, while keeping those firms who cannot meet loan payment performance 
from taking on damaging debt. 
 
INTRODUCTION 
 
     Recent research has found that under-capitalization is an indicator of financial success and that 
over-capitalization can actually lead to inferior firm financial performance and even failure (Pricer, 
2002).  In the strategic decision-making process regarding appropriate levels of debt capitalization, 
a technique is needed to assist managers to determine if given levels of debt will lead to firm 
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prosperity or to financial distress.  By using new techniques for measuring the ability of firms to 
service commercial debt, it is possible to determine if debt capital is appropriate or not.  The 
management decision-making technique presented in this paper has been developed on a solid 
foundation of previous theory and research in the fields of strategy, accounting and finance.  
Beginning with Beaver’s (1966) finding that standard accounting data can predict the financial 
performance of firms, a number of the following studies have been designed to demonstrate the 
predictive value of various techniques for estimating actual firm financial performance.  The 
ability to accurately predict firm financial performance for varying levels of debt capitalization is 
important when managers are developing strategic and operating plans and determining how these 
will be financed.  At the same time, more accurate predictions of loan service probability for firms 
could reasonably be expected to result in more positive decisions by commercial lenders for loans, 
as risk would be substantially reduced.  This paper presents an innovative technique for accurately 
predicting loan payment performance of firms and this can be calculated using various levels of 
debt. 
     In an attempt to identify a reliable predictor of future financial performance for varying levels 
of debt capitalization for managers, this study was designed to apply standard financial measures 
along with an innovative cash liquidity technique using loan application financial data that allowed 
for prediction to be compared with subsequent actual firm financial performance.  The prediction 
ability of each of the techniques was then measured against the actual loan payment performance 
of the applicants and unexpectedly, none of the traditional techniques reported in the literature was 
shown to be reliable predictors of actual loan payment performance of businesses.  Loan payment 
performance is an obvious measure of financial stability or financial distress. 
     A review of the literature describing methods for predicting financial performance and loan 
payment ability shows that these techniques have become much more complex over time.  The 
papers on this subject indicate that the more researchers know about predicting loan payment 
performance, the greater the number of subjective and objective variables a given model is likely 
to have.  For example, systems of evaluating financial and loan payment performance include such 
methodologies as “Inductive Learning” (Shaw and Gentry, 1988), “Artificial Intelligence” 
(Guilfoyle, 1987), “Knowledge Based Decision Systems” (Stohr, 1986), “Polytomis Probit 
Analysis” (Dietrich and Kaplan, 1982, “Recursive Learning” (Marais, Patell and Wolfsen, 1984, 
and “The Fair Issac” credit scoring model (Asch, 1995).  These are just a few of the techniques 
found in the literature and the list could go on for many pages.  It is important to realize that each 
of these papers attempts to help explain and systematize the financial and loan payment 
performance process.  The systems used by financial institutions to predict loan payment 
performance fall under the heading of “Expert Systems” (Duchessi, Shawkey and Seagle, 1988) 
and they include knowledge of experienced loan officers, along with standard finance and 
accounting analysis techniques.  These techniques include Altman’s Z Score (Altman, et al, 1977), 
Moody’s RiskCalc (Kocagil, A. E., et al, 2002), Fair Issac FICO Credit Scoring Model (Yan, 
2000), and the KMV Private Firm EDF Model (Bohn, 2002).  Unfortunately, very few of these 
systems have proven to be reliable in predicting the financial and loan payment performance of 
businesses. 
     To illustrate, Altman’s commonly used Z Score uses a regression model that was developed 
using a small sample of manufacturing firms, and was random in a prediction comparison with 
other techniques (Pricer and Johnson, 1995).  Moody’s RiscCalc is a slightly modified version of 
their public company analysis model, and, while critical of Altman’s Z Score, it uses the same 
methodology, (Kocagil, A. E., et al, 2002; Altman, 1977). Fair Isaac’s FICO Score uses traditional 
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analysis measures, but most businesses fall into a range that does not indicate good or bad financial 
performance and even this is not accurate, (Yan, 2000).  These examples are representative of 
traditional and commonly used financial performance and loan payment prediction systems that 
uniformly are inconsistent and usually inaccurate. 
     While many of the common financial performance and loan payment prediction systems appear 
to be complex, the variables contained in them are very easy to understand and apply when taken 
individually.  In addition, while many authors contend that objective measures or evaluation 
systems should be used in place of subjective or biased assessment methods (Hyndman, 1995) for 
loan payment performance prediction, others argue that these techniques cannot be applied to 
smaller businesses in any event (Malhorta, Malhorta and McLeod, 1994). 
     As previously mentioned, when the systems and techniques used for predicting financial 
performance and loan payment prediction are viewed closely, it is common to find the individual 
variables contained in them to be easy to understand and apply.  For example, one system (Shaw 
and Gentry, 1988) presents an 80 variable model that includes financial leverage ratios as one 
measure.  Under this model, low risk businesses have low financial leverage ratios (little debt to 
equity) and high-risk businesses have high financial leverage ratios (much debt to equity).  While 
this follows common accounting belief, this simplistic use of a variable does nothing to lead to an 
accurate prediction of financial performance, or of eventual loan payment performance.  For 
example, a business with high financial leverage, but which earns substantially more on borrowed 
funds than the cost of the funds, is likely to be in a position to make loan payments and remain 
financially viable even on a high level of debt to equity.  Similarly, a business with low financial 
leverage, but which earns less on borrowed funds than the cost of money, is likely to have 
difficulty in making loan payments even though debt is small compared with equity.  This 
illustrates the point that most of the variables used in financial performance and loan payment 
prediction models suffer from the tendency to be general and too simplistic to be of value in 
estimating the financial performance and loan payment performance of a given business. 
     The practice of predicting financial performance and loan payment ability has evolved to the 
point where many U.S. and European banks, and some managers of large firms, are using complex 
evaluation systems to help speed and reduce the error in making business loans or debt capital 
decisions.  These systems, which appear to be the wave of the future (Strischek, 1995), are 
generally beyond the understanding of most business managers and commercial loan officers who 
are being asked to accept the numeric “rating” of a complex system that is most typically 
computerized.  Remarkably, none of these financial performance and loan payment prediction 
systems has demonstrated that reliable appropriate debt level or loan decisions can be made using 
them.  Yet in the absence of more reliable approaches to assessing financial performance and loan 
payment performance, these unreliable systems are increasingly being used by managers to 
determine debt levels for their firms, and by commercial banks in the loan approval process.  With 
the inability of current systems to accurately predict the financial performance of a firm and the 
ability of firms to meet loan payment obligations, it was decided to test some of the underlying 
variables of these commonly used systems, as well as new techniques, to see if they individually, 
or in combination, accurately evaluate loan applications of businesses as a measure of financial 
performance prediction. 
 
THEORETICAL FOUNDATION 
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     While systems for estimating financial performance and loan payment ability of firms have 
become increasingly complex, the individual objective variables used in the models are based on 
financial and ratio analysis techniques that are generally accepted as being valid measures by those 
working in the areas of strategy, finance, and accounting.  This field is generally recognized as 
having started with accounting liquidity measures identified in the landmark study of Beaver 
(1966).  Beaver tested the ability of 30 standard accounting ratios, four of them cash flow based, to 
predict the future failure of firms, thus providing a measure of future financial performance.  These 
standard ratios were tested on a sample of 79 failed and 79 non-failed firms.  Beaver concluded 
that ratios, especially those that measure cash flow coverage of debt, could predict the failure of a 
firm as early as five years in advance.  Altman (1981) attempted to improve conventional ratio 
analysis by using multivariate analysis on a sample of manufacturing firms, 105 bankrupt and 
2,058 non-bankrupt firms.  Ohlso (1980) concluded from his research that firm size was directly 
related to bankruptcy with smaller firms being more likely to become bankrupt than larger ones.  
Zavgren, using a sample of 45 bankrupt and 45 non-bankrupt firms, identified seven variables that 
were used to predict the failure of businesses.  Deaken (1972) advanced the research of Beaver and 
Altman by including the fourteen important variables identified by Beaver with the multivariate 
methodology used by Altman.  Using a sample of 32 failed and 32 non-failed firms, Deakin found 
that cash flow coverage of total debt was important for predicting bankruptcy.  Blum (1974) also 
used a failed versus non-failed model in his research and found that cash flow coverage of debt 
was important to predicting bankruptcy for a firm. 
     All of the preceding early studies can be faulted for using a bankruptcy proxy for negative 
financial performance and for the use of mixed or heterogeneous samples of failed versus non-
failed firms in their research design.  Also, an examination of the measures used in the prediction 
models causes concern.  For example, Altman’s famous Z Score for predicting the bankruptcy of a 
firm substitutes book value of equity (owners equity) for the original model variable of market 
value of equity for privately owned (privately held) businesses.  This variable is given weight in Z 
Score calculation and there is no evidence to suggest that book value of equity is in any way 
equated with the market equity value of a firm.  In addition, Altman’s research was conducted on a 
sample of manufacturing firms and it is not certain that his results, if valid, extend to other 
industries.  Even with the limitations of these early studies, they have provided the theoretical 
framework for much of the current research in the field of determining appropriate debt to equity 
capitalization structures for firms, and for predicting future financial performance. 
     Following the preceding landmark studies, additional research was conducted in an attempt to 
validate the use of financial ratios to predict the future financial performance of businesses.  Some 
of the better-known studies include Altman, Haldeman and Narayanan (1977), Norton and Smith 
(1979), and Mensah (1983).  In the 1980’s, research in the area of predicting future financial 
performance of firms focused primarily on cash flow following the study of Largay and Stickney 
(1980) of the financial failure of W. T. Grant.  This study found that liquidity ratios and measures 
of cash flow from operations were the best predictor of the future success of a business.  However, 
the conclusions of this study were questioned by the research findings of Casey and Bartczak 
(1984 and 1985).  Using a sample of 30 bankrupt firms, with another 30 bankrupt firms held out of 
the study for validation purposes, and 165 non-bankrupt firms, with an equal number of non-
bankrupt firms held out for validation purposes, the authors found that standard accrual measures 
were better for predicting firm failure than cash flow measures.  This study may explain why many 
loan analysis systems today are heavily weighted with accrual, rather than cash flow variables. 
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     In another often-cited study, Gentry (1985) used a sample of 33 bankrupt and 33 non-bankrupt 
firms to determine if cash flow measures could be used to predict bankruptcy for a business.  This 
study was expanded two years later (Gentry, Newbold and Whitford, 1987) by testing the ability of 
both accrual and cash flow measures to predict business failure with inconclusive results.  Aziz, 
Emmanuel and Lawson, (1988) also combined accrual and cash flow variables in an attempt to 
predict firm failure.  Unfortunately, the results of their validating holdout group cast doubt on their 
findings.  In a departure from the past practice of using either accrual or cash flow measures to 
predict future financial performance of businesses, Pricer and Johnson (1995) theorized that it was 
necessary to use both in accurately predicting future financial performance.  Using a sample 
financial data submitted with 157 performing and 48 non-performing loans, this study 
demonstrated that cash flow measures are needed to predict short-term financial performance and 
accrual measures for long-term financial performance. 
     While the research presented is not exhaustive, it does represent the work that has been done in 
the field of using financial information to predict the future financial performance of a firm.  The 
importance of these studies is illustrated by the inclusion of their variables, both accrual and cash 
flow, in the comprehensive loan analysis systems used by many commercial lenders today. 
     This research can be questioned as having any real predictive value for the future performance 
of businesses.  First of all, most of the studies cited attempts to find financial variables that predict 
the bankruptcy of a business, and this approach may not be transferable to operating firms.  
However, future poor financial performance and bankruptcy are two different situations, and many 
businesses may have financial problems, such as not meeting loan payment obligations, without 
going into formal bankruptcy.  In addition, of importance but seldom acknowledged, almost all of 
the financial performance prediction studies violate underlying needed conditions of the statistic 
being used to measure significance.  For example, multivariate discriminate analysis requires that 
predictor variables be randomly drawn and normally distributed and linear multivariate 
discriminate analysis assumes equal matrices of variance and covariance.  With financial ratios not 
being normally distributed, the findings of significance of many studies might be questioned.  
Also, most of the studies were conducted on samples that were not drawn randomly, and of such a 
small size that effective comparisons could not reasonably be made.  Other errors, to name just a 
few, include combining firms selected over many years, combining firms from many industries (or 
from one industry and generalized to others), and combining businesses without regard to size, 
industry or geographic location.   A study by Lau (1987), attempted to correct many of these 
errors.  However, so many other errors were included in her study that many have discarded the 
results.) 
     The most recent work in this area has focused on using new, innovative statistical methods to 
predict bankruptcy, and non-financial determinants of bankruptcy.  One area of study showing 
modest success is in the field genetic programming and rough sets.  Rough set theory is a tool for 
studying imprecision, vagueness, and uncertainty in data analysis. It focuses on discovering 
patterns, rules, and knowledge in large pools of data.  
     McKee and Lensberg (2002) and McKee (2003) used rough set and genetic programming to 
predict bankruptcy on publicly traded U.S firms.  A second stage model achieved 80% prediction 
accuracy on a validation sample.  Laitinen and Laitinen (2000) used Taylor’s Expansion 
techniques in logistic regression to show that prediction accuracy is increased in simple financial 
ratio bankruptcy prediction models with prediction accuracy rates between 60% and 75% 
(different time period models).  Another technique, not yet well developed, is the use of neural 
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     The application of these measures of financial performance to loan application financial data 
did not find any single technique that could be reliably used to predict loan payment performance.  
Two of the methods, Return on Asset Investment minus the Cost of Debt (6) and Net Balance 
Position (7), were very good at predicting non-performing loans, but with too many Type II Errors 
(predicting that loans would be non-performing when they were performing) resulting. 
     These techniques that represent the approaches suggested by the literature were next tried in 
combination to determine if better prediction results could be achieved.  One combination did 
significantly improve the predicting ability of performing and non-performing loans in total.  This 
was a two-step process as follows: 
 

Step 1: Apply Return on Asset Investment Minus Cost of Debt to the total first 
sample.  Those applications with a positive spread of one percent or more 
were predicted to be performing; the remaining were considered to be non-
performing pending the second step application. 

 
Step 2: Apply Net Balance Position to the remaining applications considered to be 

non-performing.  If NBP is positive, the loan would be changed and 
predicted to be performing.  (NBP is not applied to those loans predicted as 
being performing in Step 1, they remain predicted as being good.) 

 
     With this two-step process, Type I Errors (predicted as being performing when non-
performing) were almost eliminated; but Type II Errors (predicted as non-performing when 
performing) remain at a relatively high level.  The Type II Errors (predicting a performing loan 
as non-performing) increases if NBP is applied to the Step 1 applications that were predicted as 
being performing loans. 

a. 48 Non-Performing Loans, 46 were predicted accurately, and 2 were predicted (Type I 
Errors) as being performing, when they were non-performing. 

 
b.  157 Performing Loans, 112 were predicted accurately, and 45 were predicted               

                  (Type II Errors) as being non-performing, when they were performing. 
 
     The two-step process appears to accurately predict almost all of the non-performing loans.  
While this result is important, and an improvement on techniques currently used by managers and 
commercial lenders, there is concern that publishing this result might lead to the implementation of 
this two-step process by a managers who would not take on new debt that could be serviced, or by 
commercial lenders with the result that some potentially good loans to firms would not be made.  
While there would be benefit from the use of this approach in that some businesses would not take 
on debt they could not serve, many others businesses would either not assume needed debt 
financing or would be denied needed operating or expansion capital.  Unfortunately, no other 
combination of these techniques improved the ability to eliminate Type II Errors (predicting 
performing loans as being non-performing).  Perhaps it is this inability that leads many commercial 
loan lenders to make subjective decisions, using rating and scoring system as file documentation. 
 
The Solution 
     As the ability of NBP to predict loan payment performance was being analyzed to better 
understand its ability to predict non-performance, the solution to the Type II Error (predicting a 
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good loan as bad) dilemma was discovered.  Net Balance Position is a “static” measure of liquidity 
as balance sheet figures are used in its calculation.  When NBP is calculated using financial 
statements provided at the time of loan application, the infusion of new debt is not taken into 
consideration.  However, if Net Balance Position is recalculated by simply adding the new debt to 
liquidity, a false cash position is achieved because planned uses of funds are not included. 
     One of the reasons the first sample loan files is only 205 is that the these loan application files 
included projected financial statements that allowed for a “dynamic” liquidity position to be 
calculated.  Using information available at the time of the loan application, a projected Nine-Step 
Net Balance Position was calculated as follows: 
 

Step 1: From Current (time of loan, not adjusted for new funds) Balance Sheet, add 
Owner’s Equity and Interest-Bearing Debt.  This equals Capital Available. 

 
Step 2: Subtract Net (after depreciation) Fixed Assets from Capital Available.  This 

equals Working Capital Available. 
 
Step 3: Determine Working Capital Needs as follows: Average Accounts 

Receivable + Average Inventory – Accounts Payable and Accruals.  This 
equals Working Capital Required. 

 
Step 4: Subtract Working Capital Required (Step 3) from Working Capital 

Available.  This equals Current (time of application) Net Balance Position. 
 
Step 5: Determine Operating Cash Flow as follows: Projected Sales for Next 

Operating Period – Projected Cost of Goods Sold – Projected Operating 
Expenses + Operating Period Depreciation and Amortization (non-cash 
expenses) – Selling and Administrative Expenses – Difference in Average 
Accounts Payable2 - Difference in Average Inventory3 + Difference in 
Accounts Payable and Accruals4. 

 This equals Operating Cash Flow. 
 
Step 6: Determine Investment Outflows as follows: Planned Capital Expenditures + 

Planned R&D Expenditures + Loan Principal Repayments + Other Planned 
Expenditures, equals Investment Outflows. 

 
Step 7: Determine Investment Inflows as follows: New Debt + New Equity, equals 

Investment Inflows. 
 
Step 8: Determine Ending Cash Position as follows: Operating Cash Flow (Step 5) – 

Investment Outflow (Step 6) + Investment Inflow (Step 7), equals Ending 
Cash Position. 

                                                 
2 Subtract difference from existing accounts receivable to projected accounts receivable if an increase is anticipated.  Add the differences between 
existing accounts receivable and projected accounts receivable if a reduction is anticipated. 
3 Subtract the difference between existing inventory and projected inventory if an increase is anticipated.  Add the difference between existing 
inventory and projected inventory if a reduction in inventory is anticipated. 
4 Add difference between existing and projected accounts payable and accruals if an increase is anticipated.  Subtract the difference in accounts 
payable and accruals if a decrease is anticipated. 
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Step 9: Determine New Net Balance Position as follows: Ending Cash Position 
(step 8) – subtract if negative – subtracted from Net Balance Position (Step 
4), equals New Net Balance Position. 

 
     When this nine-step process was applied to the loan application data in the first sample, it 
proved to be a remarkably accurate predictor of actual loan performance.  While this is a new and 
non-traditional approach, it is supported by the literature in those studies finding that cash liquidity 
measures are best for predicting the future financial performance of a business.  It appears that this 
approach can be used by managers to determine if additional debt financing is appropriate for a 
firm, and by loan officers to determine if a commercial loan should be approved.  This would help 
direct needed debt capital infusions into businesses that would be likely to service new loans 
successfully, thus creating additional jobs and wealth.  At the same time, businesses unable to 
service new loans would be alerted to this fact, and, as a result, would not have an unrealistic debt 
burden to contend with.  This should lead to fewer business failures and also give business 
managers in marginal businesses an alert that might allow them to take action to strengthen a 
business. 
     When applied to the first sample business loan application data, predictions were made using 
the Nine-Step Net Balance Position of zero or positive for performing loan and a negative Nine-
Step Net Balance Position predicting non-performing loans. 

 
a. 48 Non-Performing Loans, 47 were accurately predicted, and 1 was predicted (Type I 

Error) as being good, when it was bad. 
 
b. 157 Performing Loans, 155 were accurately predicted as being performing, and 2 were 

predicted (Type II Errors) as being non-performing, when they were performing. 
 
The results obtained by applying different prediction techniques to the sample of loan application 
as described above are summarized in Table 1. 
 

TABLE 1 
LOAN REPAYMENT PREDICTION RESULTS PRODUCED BY DIFFERENT TECHNIQUES 

 
Prediction Technique Good 

Loans 
Approved 
(N=157) 

Good Loans 
Incorrectly 
Rejected 
(Type II 
Error) 

Bad Loans 
Rejected 
(N=48) 

Bad Loans 
Incorrectly 
Approved 

(Type I 
Error) 

Altman’s Z-Score 86 71 23 25 
Basic Cash Flow Divided By Total Debt 95 62 32 16 
Current Ratio 91 66 35 13 
Quick Ratio 84 73 34 14 
Financial Leverage 88 69 22 26 
Spread between ROAI and Cost of Debt 112 45 44 4 
NBP 118 39 44 4 
Two-Step NBP/ROAI Process 112 45 46 2 
Nine-Step NBP/ROAI Process 155 2 47 1 
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     While the Nine-Step Net Balance Position appears to be complex and cumbersome at first 
reading, it is actually very simple in its application.  The major problem with its use is financial 
data available for the next operating year.  Because this process is not traditional, it is important to 
carefully consider the mechanisms employed to understand why it is an accurate predictor of loan 
payment performance.  This approach is supported by the literature in those studies that found cash 
flow measures to be good predictors of the future financial performance of a firm.  Other studies 
found that cash flow was not a reliable predictor of future financial performance, and this is 
because they did not take into consideration changing cash sources and uses for the coming 
operating period.  These could significantly alter the financial performance of a business.  The 
strength of this technique is that it measures cash liquidity of a loan applicant after a projected 
operating period - the period of time when loan payments may be made.   
     The results of this study were given to a commercial loan manager of a large national bank for 
review and comment.  The manager was intrigued by the results and thought the study was of 
value.  However, the manager, who had many years of commercial lending experience at several 
major banks, was not convinced that this, or any other prediction study, would be of use to 
commercial lenders.  Specifically, the manager indicated that lending decisions were made largely 
on a subjective or intangible basis, with financial information review used as a check to verify a 
decision (and for loan file documentation).  Further, the manager felt that commercial loan 
decisions were made on a very “conservative” basis, with loans only made to businesses that were 
obviously good loan risks. 
     To seek to determine if the techniques developed in the study might in fact be of use to bank 
commercial lenders, this large national bank agreed to provide a second sample of 150 loan 
application files for analysis.  The data provided was not sufficient enough to allow for the Nine-
Step Net Balance Position to be applied, but it was adequate for the Two-Step Process previously 
discussed to be used.  Without knowing which loans were good or bad, the same two-step process 
was as described above. 
     The sample of 150 loan application financial statements only had 17 non-performing loans and 
133 performing loans.  When the actual performance of the loans was revealed, the loan manager 
explained that the 17 loans were all the bad ones that could be found, indicating the conservative 
nature of loan approvals and why commercial loan officers with the large national bank felt that 
predicting analysis techniques would not be of value to commercial lenders.  The predictions were 
made and these compared with the bank commercial credit analysts decisions as summarized in 
Table 2. 
 

TABLE 2 
LOAN REPAYMENT PREDICTION RESULTS PRODUCED BY TWO-STEP PROCESS 

COMPARED WITH COMMERCIAL CREDIT ANALYSTS 
 

Prediction Technique Good Loans 
Approved 
(N=133) 

Good Loans 
Incorrectly 
Rejected 
(Type II 
Error) 

Bad Loans 
Rejected 
(N=17) 

Bad Loans 
Incorrectly 
Approved 

(Type I 
Error) 

2-Step NBP/ROAI Process 127 6 14 3 
Bank's Credit Analysts 121 12 8 9 
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     The two-step process was more accurate in predicting loan payment performance than was the 
judgment of commercial loan officers of the sample analyzed.  The reason for this performance is 
supported in the literature, although researchers have missed this previously.  The literature was 
divided, with some findings indicating cash flow measures as being accurate predictors of future 
financial performance using a given sample.  With another sample, accrual accounting ratios were 
found to be superior measures for predicting loan payment performance.  It is likely that both are 
accurate to a degree, with cash flow measures predicting immediate and short-term loan payment 
performance, while accrual measures (operating performance) provide a better prediction of long-
term loan payment performance.  The combination of the two provides a more accurate prediction 
of future financial performance, and this finding is consistent with the literature. 
     While the Nine-Step Net Balance Position technique appears to be the best process for 
predicting the future financial performance of a firm, it does require projected information about 
future sources and uses of cash for businesses.  This data is not always available and the Two-Step 
Process is a relatively reliable technique for predicting future financial performance when this 
information is not available. 

 
LIMITATIONS 
     One of the major limitations of this study was the conservative definition of non-performing 
loan payment performance.  The standard for non-performance was established as two 
consecutively-missed monthly loan payments or two payments missed in a twelve-month period.  
While this is a measure of cash flow problems, it is recognized that many of the defined non-
performing loans will eventually be repaid and the businesses will continue to operate 
successfully.  The definition probably resulted in a measure of the early financial distress of a 
business, and this is obviously difficult to detect.  However, it is precisely this kind of 
measurement that will be most useful to managers when determining appropriate debt capital 
levels to employ, and to commercial lenders when making loan application decisions. 
     Another major limitation of this research is the non-randomness of the selection of firms in both 
samples.  This is a common problem associated with financial performance prediction studies, and 
this, along with the disadvantage of not being able to match performing and non-performing 
businesses, make the use of statistical analysis inappropriate.  For this reason, tests of significance 
could not be used, and instead, the ability to predict loan payment performance was measured by 
the ability to predict with no statistical significance test being made.  Because sample assumptions 
could not be met by this research (and by most other financial performance prediction studies) 
generalizations cannot be reliably made to the general population of businesses.  The samples were 
also geographically limited, coming from the Midwest, and they did not include any large or 
publicly traded firms.  The techniques recommended in this paper will need to be applied to a large 
number of loan applications to verify its usefulness in predicting loan payment performance.  
Based on the findings of this study, it is expected that the results would be similar to those 
presented. 

 
CONCLUSIONS 
 
     This study found that the Nine-Step Net Balance Position technique is a very accurate predictor 
of loan payment performance when applied to a sample of 205 businesses, 48 with non-performing 
loans, and 157 with performing loans.  This technique required projected data on sources and uses 
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of cash.  In the absence of this projected data, the Two-Step Process (Return on Asset Investment 
minus Cost of Debt and Net Balance position) is a better predictor of loan payment performance 
than are bank loan officers.  Both of these techniques appear to be valid for managers to use to 
determine if additional debt capital can reasonably be serviced, and for making debt capital 
decisions. 
     For making loan application decisions, the situation is more difficult.  It is possible to use the 
Two-Step Process, or several other measures discussed in this paper, to predict most potential non-
performing loans.  However, there is a problem in that a large number of performing loans are 
identified as being non-performing in the process.  Another way to state this is that if the 
measurement for performance is set high enough, only performing loans will meet this measure.  
Unfortunately, this use of such a measure will result in many managers deciding not to take on 
needed debt capital, and potentially a large number of loans not being made. 
     The Nine-Step Net Balance Position technique appears to be effective because it measures the 
projected cash liquidity position of a firm, the very period where loan payments are to be made.  
This would suggest that the Nine-Step Net Balance Position technique should be applied at the 
beginning of each year after a loan has been made to predict if loan payments are likely to be made 
during each operating year.  Also, this technique has the advantage of including the new debt in the 
capital structure of the firm, and the impact this will have on the future financial performance of 
the business.  While projected financial figures might be questioned, they appear to provide a 
remarkably accurate basis for predicting loan payment performance, and they clearly provide a 
better prediction than existing financials at the time of loan application.  The projected figures 
might be reliable because banks might have been careful in accepting only sound figures in the 
loan application file. 
       The application of the Nine-Step Net Balance Position by business managers might lead to a 
self-selection process where applications for new debt capital would only be made by those firms 
likely to be able to make loan payments.  In addition, if commercial loan officers use the Nine-Step 
Net Balance Process when making loan application decisions, this should lead to better 
commercial loan portfolio performance.  This in turn should lead to an increase in funds available 
from commercial lenders for businesses.  This additional debt capital should lead to business 
expansion with added wealth creation and job creation. 
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