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This study was an iaquiry into developing a
failure prediction modél for farming enterprises in the
Fifth Farm Credit District. Financial statement ele-
ments and transformations of these elements were the
variables considered in the model building process us-
ing the discriminant analysis statistical technique.

The Federal Intermediate Credit Bank was
searched to identify farms within the commercial farm
category ($50,000-500,000 value of farm production)
with adequate balance sheet and income statement infor-
mation. This sample was further broken down to include

only those farms with thelr latest financial statement
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date between the years 1981 and March 1986. Farms con-
sldered failures for the study were those that were
foreclosed, bankrupt, unable to obtaln additional bor-
rowings from the Federal Intermediate Credit Baank or
whose loans were classified as bad debts and written-
off by the bank.

Discriminant functions were derived for each of
the three years prior to failure. Each model was vali-
dated by a holdout sample in the year the model was de-
rived and the long range accuracy of the model was as-
sessed by classifying the samples from prior periods.

A final model was developed by using the change in
financial statement ratios for three years prior to
failure and one year prior to failure.

The model one year prior to failure, composed
of the working capital to total asset and net farm in-
come to net worth ratios, classified 66.42%X, 70.65% and
76.67% of the farms accurately one, two and three years
prior to failure, respectively. The two year model
variables were the level of current assets and interme-
diate liabilities while the three year model consisted
only of the intermediate liability variable. The
change-in-ratio model identified the depreciation-to-
value-of~farm-production ratio as the best dis-

criminator between failed and non-falled farms.
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The findings suggest that traditional financial
statement ratios and financlial statement elements alone
may not be able to accurately distinguish between
failed and non-falled farms. Additional factors such

as qualitative data and data not disclosed in the fi-

nancial statements may prove to be good discriminatiag

variables and enhance predictive purposes.
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CHAPTER 1

THE RESEARCH PROBLEM

The agricultural sector of the U.S. economy is
in turmoil. Today's farmer is facing an economic ecri-
sis that may be the most severe in the nation's his-
tory. Another banner harvest is again making people
aware of the financial problems on the farm. These fi-
nancial problems are being felt not only by the farmer
but equally so by the creditor. The resulting shakeout
in the agricultural sector will have a drastic effect
on the Farm Credit System and the farmers it services.
Therefore, this complex situation has elicited the fol-
lowing research into developing a model using financial
statement elements and ratios to predict potential farm

failure.

Agricultural Background

There have been three distinct economic phases
in the United States farming sector over the past 25 to

30 years. A moderate accumulation of new farm wealth



created by capitalized earnings, starting in the late
19508, was the beginning of the first phase. Part of
the earnings came from government programs almed mainly
at production control, as farmers adopted output in-

creasing technologies.1

This was a time period of gen-
erally favorable world wmarkets and farm policies cou-
pled with the use of modern farm machinery, hybrid
seeds, fertilizers, pesticides, and irrigation equip-
ment. The result of this integrated environment was
manifest in the productivity of land being tripled on a
per acre basis.

The second phase came in the 19708 when there
was free market gold and the American economy was pur-
suing an expansionary monetary policy and an uneven
fiscal policy.2 First, OPEC drastically affected farm-
ing with three-fold increases in energy prices. This
increased production cost was accompanied¢ by rising in-
comes for those countries that sold the inputs. The
result was the creation of an enormous demand for U.S.
crop exports. 1In turn, this increased crop prices to

three to four times their previous levels. Government

policy encouraged additional plantings, while lenders

lp.J. Blokland, "A Perspective on the Current
Agricultural Financial Crisis,” Farm Management News
and Views, (May, 1985).

21pid.



and extension personnel strongly recommended

expansion.3

Consequently, in the better crop areas
land prices increased five hundred percent, and demand
for farm machinery accelerated. The earnings nmultiple,
defined as the price—~earnings ratio, rose from 25:1 to
50:1, since farmers were now paying a high price for
land relative to the income return it generated.

All of these events occurred while inflation
increased from 4% to 20%X. Real rates of interest be-
came negative, making it more advantageous to borrow,
and farm debt increased from $60 billion to $170
billion.%

The third phase is manifest in the current
agricultural situation. Preservation of new wealth ac-
cunulated in the 19708 required continuing growth in
earnings. Earnings growth, in turn, could only be sus-
tained by more sales, higher prices or government pro-
grams, which were never accomplished. The grain em-
bargo of the late 19708 severely cut export sales,
which left farmers holding huge amounts of ianventory.
The embargo encouraged countries such as Brazil,

Argentina and Australia to increase contribution to

world grain markets and they rapidly filled the demand

Itbid.

41b1d.



vac;ted by the United States. Today the strong dollar,
coupled with decreased exports, has put the American

farmer in a very precarious situation. Thus, the early
19808 have shown that the present U.S. farm supply-de-

mand relationship cannot sustain the earnings growth of

the 1970s.

Farm Sector Status

From 1950 to 1979 land prices soared twelve-
fold as income from farm assets increased. The associ-
ated capltal gain was more than a half trillion dollars
in the 1970s alone and the average commercial’® farmer
experienced capital gains of about $500,000.6 These
transitory earnings in capital gains were incidental to
farming operations, and were more than three times farm
income for the 1970s. However, from the early 1950s to
the late 19708, annual farm incoue (after interest ex-
pense) fell, on the average, between $15 billion and
$20 billion in 19384 dollars.7 This plunge corresponds
closely to the increase in intereat expense farmers

paid on loans.

SThe average commercial farmer has gross sales
between $50,000 and $500,000.

6Lawrence Shepard, paper presented at the
Western Economic Association Meeting, Anaheim,
California, August, 1985.

T1bid.



In the early 1950s the average annual interest
expense was only 17% (at $2.4 billion), of the average
net income from assets, or $14 billion. However, as
increasingly large proportions of returns to farm as-
sets were needed in order to service debt, the percent-
age average interest expense of average net income from
assets rose to over 50%4. Thus, between the period
1975-79 average interest expense had risen to $13 bil-
lion while average net income from assets was $23 bil-
lfon. The interest expense of farmers 1in constant dol-
lars rose by 60X between the period 1975-79 and the pe-
riod 1980-84, leveling off at $21 billion per year, as
opposed to income from assets that averaged only §19
billion. “The agricultural sector could not physically
service its debt without resorting to additional bor-
rowing or ma;sive transfers from other sectors of the
economy."8 |

Table 1-1 shows the national farm situation in
the 19808 in terms of real returns to assets and eqg-
uity. The income returns to assets, which indicate
profitability, show income after removing an imputed

labor charge for family labor and management to capital

invested in production assets. The real capital gains,

81bid.



or price appreclation, figures portray the wealth ad-
justment on farms. These are real returns to farm land
after adjusting for inflation and land improvements.
The income returns in Table 1-1 are lower than
at any time since the 19508, when this series of
statistics was started. There have ouly been seven
negative years in real capital gains in the entire se-
ries (four of which are included here) and the negative

total returns are unique.

TABLE 1-1 INCOME AND CAPITAL GAIN RETURNS FOR
THE FARMING SECTOR 1980 - 1983

Return as % of Equity Value '

Year Income Real Capital Total
Gains
1980 1.3 -Q.6 0.7
1981 2.1 -9.2 -7.1
1982 1.3 -7.90 -6.5
1983 005 -301 -206
Source:

U.S. Department of Agriculture, Economic Re-
search Service, Economic Indicators of the Farm Sector:
Income and Balance Sheet Statistics, ECIF 2-2
(September 1984).

lThe change in the real value of physical farm
assets (after subtraction of real net investment) plus
the change 1in the real value of curreancy, demand
deposits and farm assets.



Troubled Farms

Intuitively, a crisis exists in the U.S. farm
sector. Without special policies 200,000 of the total
2.2 million farmers either may voluntarily sell out or

be forced out in the next five years.9

Approximately
80% of all farms are financially strong, but the number
of farms experiencing financial difficulties continues
to be abnormally large. Of the total number of farms
in the U.S., 18%X have a debt load exceeding 40%Z of the
value of assets. Farms within this category are con-
gidered to be susceptible to financial problems.
Within this group about 672 were distressed, i.e. un-
able to cover their production expenses, family living
costs and debt principle payments out of current farm
and nonfarm income. These farms hold about 45% of to-
tal farm operator debt. Figure 1 is a representation
of the farm financial condition of all farms by region
as of January 1, 1985.10

While some farmers of all sizes have been expe-

riencing financial stress, these problems have been

most pronounced for family size commercial farms. The

JUnited States Department of Agriculture. "A
Summary Report of the Financial Condition of Family -
S8ize Commercial Farms." Agriculture Information
Bulletin No. 492, Economic Research Service, (January,
1985).

10profit Management, Doane's Agricultural
Report, Vol. 48, 32-5, August 9, 1985.
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vast majority of these farms have gross sales between
$50,000 and $500,000., There are an estimated 679,000
farms in this category; they account for 31 percent of
all farms and 51 percent of all sales of agricultural
products. Those farms with sales over $500,000 are by
no means exempt from financial difficultieq, but often
earn a higher-than-average rate of return on their ag-
sets. They make up a little over one percent of U.S.
farms, supply about one-third of U.S. farm output and
earn three-~fifths of the net farm income. Their earn-
ings are lmpressive despite carrying 20 percent of all
farm debt. The farms with under $50,000 of gross sales
are not in financial difficulty today. They generally
are not profitable but the farm operators are earuning
sufficient money in off-farm jobs to supply the cash
requirements of their farming enterprises. These small
farming concerns constitute #bodt 12 per;ent of U.é;.
farm output.

The seriocusness of the current financial coundi-
tion for family-size commercial farms 1is documented in

detail in The Current Financial Condition of Farmers

- e

and Farm Lenders.ll 0f the 679,000 such units, as

lypited States Department of Agriculture. “"The
Current Financial Condition of Farmers and Farm
Lenders."” Agriculture Information Bulletin No. 490,
Economic Research Service, (January, 1985).




shown in Table 1-2, the USDA reported that:

* 43,000 or 6.3%Z have a debt/asset ratio over 100%
and owe 9.3% of all farm debt.(technically
insolvent)

* 50,000 or 7.4% of the farms have debt/asset
ratios of 70-100% and owe 11.1% of all farm
debt. (extreme financial problems)

* 136,000 or 20X have debt/asset ratios of 40-69%
and owe 25.9% of all farm debt.(serious financial
problems)

* 450,000 or 66.3% have debt/asset ratios under 40%
and owe 17.9% of all farm debt.{no apparent
financial problems)

TABLE 1-2 Number and Proportion of Family Size
Coumercial Farms, January 1985

Family-Size & of F-S % share of all Debt/Asset

Farms Farms Farm Debt Ratio
43,000 6.3 9.3 100
50,000 7.4 11.1 70-100

136,000 20.0 25.9 40-70
450,000 66.3 17.9 under 40
679,000 100, 64 .2

Source:

Agriculture Information Bulletin No. 492,
Economic Research Service, (Jan 1985).

These family-size farms are responsible for 64%
of all farm debt. As stated earlier, family-size farms

represent just under one-third of all farms. Of the
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679,000, slightly over one-third have some type of fi-
nancial problem.(Figure 2)12 The farms that are cur-
rently insolvent or approaching insolvency face the
greatest danger of being forced out of business. Of
the total 229,000 farms under financial stress, 93,000
(or 40%) of these farms are insolvent or face extreme
financial stress. The other 136,000 (or 60XZ) are faced
with less serious financial stress.

While these farms have the most extreme finan-
cial problems, not all face immediate bankruptcy or
foreclosure. Nevertheless, debt adjustment programs
that reduce principal or interest or lengthen payments
are not likely to be sufficient to help those that are
in financial difficulty to survive. Thus, their con-
tinued operation may depend upon their lenders' will-

ingness and ability to carry the borrowers.

Farm Creditors Dilemma

Farm lenders are already feeling the pressures
of poor farm loan performance. The debt owed on all
family-sized commercial farms is almost two-thirds of
all farm debt. Of this two-thirds, an amount just over

66%Z of the debt is in the hands of farmers facing some

lzégriculture Information Bulletin No. 492,
Economic Research Service, (January, 1985).




Figure 2

Number of Family-5Size Commercial Farms
Under Financial Stress, January 1985
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2.2 million Family-size Commercial Farms
Total
679,000

i

§33:

5
A
G

s
r

Under
financial _Insolvent
stress ,.// Extreme
229,000 7"/ tfinencial

y stress

———— Serious
financial
stress

A



13

degree of financial stress, as shown in Figure 3.13 1o
compound the problem for lenders, loan delinquencies
and charge~offs are up substantially, coinciding with
an increase from 106 to 288 in problem agricultural

banks over the past eighteen months prior to January

1985.
Bank failures in the agricultural sector are

running at approximately 10 times the average annual

rate of the 19708, as seen in Table 1-3.

TABLE 1-3 AGRICULTURAL BANK FAILURES

YEAR BANK FAILURES

1984 79

1981-83 100

1970~79 83
Source:

Agriculture Information Bulletin
No. 492, Economic Research Service,

(Jan 1985).

The 79 failed banks represent less than 2% of the 4,077
agricultural banks in the United States. Not only do
the problems of these agricultural banks pose serious

repercussions for local farmers and rural communities,

131pid.



Figure 3

Farm Debt Owed in January 1985

All farms
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but the entire Federal Farm Credit System was in danger
of collapsing. However, this situation has been alle-
viated since the new Farm Bill assures that the govern-
ment will stand behind the securities of the Farm
Credit System. This will help to reduce the riskiness
of new issues and keep the interest rates down for
farmers.

The Farm Credit System is a complex network of
12 regional banks, each of which consists of a land
bank for farm real estate locans; an intermediate credit
bank that makes short-term operating loans, mostly
through production credit assoclations; and a bank for
farm coopetatives-la Other holders of farm debt in-
clude commercial banks, the Farmers Home Administration
(the U.S. Agriculture Department's direct lending arm),
finance companies, insurers and an array of federal
agencies such as the Commodity Credit Corporation.
Table 1l-4 shows the distribution of total farm debt by

lender.

l456hn Penson, Danny Klinefelter and David
Lins, Farm Investment and Financial Analysis,
(Englewood Cliffs, N.J.: Prentice Hall, 1982) p. 203.

15
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TABLE 1-4 DISTRIBUTION OF TOTAL FARM DEBT

LENDER TYPE OF DEBT TOTAL TOTAL

Real Non~Real ¥4 $

Estate Estate

Commercial Banks 4.8 19.1 23.9 51
Farm Credit System 22.8 9.0 31.8 67
Federal Land Bank 22.8 NA 22.8 48
Prod. Credit Assoc NA 8.6 8.6 18
Fed. Intr. Cr. Bank! NA 4 " 1
Farmers Home Admin 4.7 7.2 11.9 25
Life Insurance Co. 5.8 NA 5.8 12
Individuals & Other? 14.1 8.5 22.6 48
Commodity Credit Corp. NA 4.0 4.0 9
TOTALS 52.2 47 .8 100 $212
BILL

Source:

Agriculture Information Bulletin No. 492,
Economic Research Service, (Jan 1985).

1Financial Institutions other than PCA's that
obtain funds from the FICB's.

2Includes Small Business Administration

.The preceding table is depicted in the follow-
ing ple chart (Figure 4) which shows the relative size
of the distribution of all farm debt. The bar chart
(Figure 5) reveals the magnitude of the type of debt
held by the different investors and the exposure of in-

vestors due to declining real estate values, The Farm
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Figure 4 TOTAL FARM DEBT

Corn. Credit
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Figure 5 TYPE OF FARM DEBT
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Credit System, which holds $74 billion in loans, ( of
which $67 billion 1is owed by farmers and ranchers),
will incur a loss for calendar year 1985 due to mount-
ing loan losses. The General Accounting Office pro-
jected that the Farm Credit System will have a loss of
$2.6 billion for the twelve months ending June 30,
1986.15 4 public accounting firm is currently auditing
the System and promptly turned up $6 billion of current
but poorly collateralized loans.1® This situation is
not expected to improve inm the near futuré.

Fundamental farm economics continue to deteriorate at
accelerated rates. Land values continue to erode and
comnodity prices are being driven down with the loss of
export markets due to the high value of the dollar and
expanding foreign competition. The declines in land
value have eroded as much as half of the collateral
backing up loans made at a time of inflated land prices
during the 19708 and early 1980s. Beyond that, the
Farm Credit System is implementing a tighter credit
policy and a currently approved court regulation allows
the Farmers Home Administration to initiate foreclosure

on delinquent loans, ending a two year moratorium on

l5«parm Credit System Loss of $2.6 Billion Seen
by GAO for year ending June 30, 1986," Wall Street
Journal, 7 October 1985.

16“parm Credit System Relies on Accouﬁting that
Hides Bad Loans,” Wall Street Journal, 7 October 1985.




such foreclosures. These potential foreclosures could

force more land into the already glutted land market.

Statement of the Problem

For decades, the criteria by which an agricul-
tural enterprise has been judged were rate of growth
and rate of increase in market share. This perception
views the size of the enterprise as the determining
factor in the judgment of success. Growth allows for
the building of a larger capital base that will return
a higher income in future years. Thus, these criteria
stipulate that the larger a farm becomes, both in phys-
ical size and in growth rate, the more successful the
farm. Yet 1t appears that the total emphasis on suc-
cess (as measured by growth) has excluded completely
the thought of fallure (inability to continue opera-~
tions) and the disastrous consequences that accompany
1t.17 The current farm situation is a combination of
poor management decisions, by both farmer and creditor,
and external economic factors over which they have no
control. However, the uncontrollable external factors
are usually not the cause of failure. The most cited

cause of faillure is management oriented.

17John Argentl, Corporate Collapse - The Causes

20

and Symptoms, (New York, N.Y.: John Wiley and Sonmns,
1976) p. 2.
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Before proceeding, a clarification must be made
for the terms "failure" and "success" for this re-
search., Fallure will be defined as the inability of a
farm to continue its normal activities for the forth-
coming year and success, to the contrary, is the abil-
ity of a farm to continue its normal activities into
the next year.

It 1s not logical for a manager whose business
entity succeeds to accept full credit for such success,
yet, in turn, when the entity fails, for the same man-
ager to place all blame on external factors. The
avoldance of failure has always been as much a part of
the manager's task as the achievement of success. This
task has always been significant, and will be more so
in the future, as the penalties for failure become in-
creasingly more severe.

With the aforementioned task in mind, how can a
manager or creditor determine in which direction an en-
terprise is going? Unfortunately 1t is already too
late for many farmers to ponder direction, since liqui-
dation is the next step the business of many must take.
But what about those concerns that are not in any pre-—
sent significant financial stress? A financial manage-
ment tool for farmers and creditors must be developed
to identify those factors that are indicators of an en-

terprise's future financial position. This research
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will not seek to identify all economic factors that
have an effect on farm financial health, but only those
that are endogenous to the financial statements. Thus
the formal statement of the problem is expressed as
follows:

Can financial elements or ratios, either singularly or
in combination, that are relevant financial indicators,

be developed into a model to predict future farm finan-
clial health?

Justification

The justification for this study is found on
several fronts. Primary justification 18 the lack of
research in the agricultural accounting area. There
are many studies dealing with ratiocs as predictors of
bankruptcy, for example Altman'sl8 study, but there
have been very few applications to the farming sector
of the United States economy. It is felt that this
study would not only benefit the agricultural sector
but also add to the body of accounting knowledge by an-
alyzing the predictive ability of accounting data for

this sector of the economy.

18pdward I. Altman, Corporate Bankruptcy in
America, (Toronto, Canada: D.C. Heath and Company,
1971).
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The second line of justification deals directly
with the farmer. Agricultural producers continually
face production, marketing and financial management de-
cisions affecting the success or failure of their en-
terprises. In the past hard work and mastery of pro-
duction techniques resulted in farming success.
However, iun today's economy, financial management
skills and effective marketing strategles are needed to
ensure success for the farmer. Perhaps, in the future,
financial management skills will determine the differ-
ence between those farms that will continue and those
that will face liquidation.

Farmers must begin to think of their businesses
in terms of assets, liabilities, owner's equity, net
income and cash flow, as well as yleld per acre, pounds
of grain, horsepower rating and fertilizer rates. Low
profit margins, uncertain prices, large capital invest-
ment and intensive use of credit all emphasize the need
for greater concern with financial management. Thus,
this study is justified in its value tc the farmer be-
cause of its potential predictive ability of the farm
enterprise as a going concern. By analyzing his cur-
rent financial situation and incorporating the model's
prediction of the future operations of the farm, the

farm manager can decide on whether or not to continue
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his current operation or the need to make major opera-
tional changes.

Creditors, perhaps more than the farmer, will
find the study a source of valuable information. As
suppliers of credit to farming enterprises, banks have
a vested interest in these businesses. Decisions nmust
be made concerning new and continuing lending activi-
ties to farmers. Therefore it is essential that the
lender have a knowledge of the current financial posi-
tion of the farm and the ability to forsee where it
will be in the future.

Farm experts feel many banks have compounded
thelr potential losses by thelr decisions to continue
financing many essentially insolvent farmers in the
spring of 1985 in hopes that a farm economy turmaround
would bail them out in the fall. Only 5% of all farm-
ers were .denied planting loans in 1985, despite many
farm economists' beliefs that 10% to 15% were not
credit worthy. But now with 1985 farm iancome projected
to drop to about $27 billion from last year's $34.5
billion, even some farmers who were previously not in
financial stress will likely deteriorate to a critical
financlial position. George Norde, presideat of the
First National Bank of Paullina, Towa, said "If you

stuck with farmers who were questionable, you can just
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forget about them paying back their loans.”"l? A farm
bank congsultant based in Kansas, W. H. Shirley, echoed
the previous quote when he said "This fall we're going
to see bad farm loans rising through the roof and the
number of essentially insolvent institutions 1is going
to rise right with 1¢."20 Thus, farm lending insti-
tutions will gain valuable insight into the probability
of the continued existence of their investments af-
forded by this research into the predictability of fu-

ture farm success.

Objectives of the Research

There are two primary objectives of this

research study:

(1) To identify those financial statement ratios and
financial statement elements that would be used
in a model to predict failure for the Alabams,
Louisiana and Mississippi agricultural sector and

(2) To develop and empirically test a model that
predicts future farm financlial health by using
those identlified ratios and elemeunts for the
agricultural sector of Alabama, Louisiana and
Mississippli.

19“Cconmercial Agriculture Banks' Woes from
Falling Farm Economy Intensify,” Wall Street Journal, 5
September 1985.

207444,



Remainder of the Study

Chapter 11 provides an overview of past re-
search performed in the financial distress area.
Chapter III addresses the research methodology while
Chapter IV gives the analysis of the research results.
Chapter V concludes the dissertation by suggesting di-

rections for further research.
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CHAPTER 11

LITERATURE REVIEW

Predicting financial distress has been a recur-
ring research topic over the past fifty years. There
have been many countributors to the literature with
varying methodologies and results. Studies in finan-
cial distress have concentrated mainly on industrial
manufacturers, banks and retailers due to readily ac-
cessible financial statement data. The nonavailability
of multi-year financial statement data for agricultural
enterprises has been a deterrent to model formulation
in efforts to predict failure for this sector of the
economy. Thus studies in this area are limited.

The intent of this chapter is to present the
efforts made to design models to predict fallure. The
voluminous research in the distress area has necessi-
tated the selection of a few studies to be presented
herein. Objectives, methodology, and results of these
studies are reviewed to familiarize the reader with

past research. Many other studies are given a brief
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explanation while others will only be cited in the
footnotes. The contents of this chapter are divided
into early studies, multivariate analysis, specific
firm failure, the impact of specific factors on fallure
prediction, studies improving past models' predictive
abllity and failure studies in the farming sector.

Early Studies

Shortly after the end of the nineteenth century
the first efforts were made to design models to predict

failure.z1

The primary objective of these efforts was
to compare the financial ratios of failed firms to non-
falled firms in order to detect systematic differences
for failure prediction. The examination of char-
acteristics of distressed firms is possible by empiri-
cally testing ratios.

Fitzpatrickzz was one of the first to study the

corporate distress phenomenon. Other researchers such

21y, Lev, Financial Statement Analysis: A New

Approach, (Englewood Cliffs, New Jersey: Prentice Hall,
1974) p. 133.

22p .5, Fitzpatrick, "A Comparison of Ratios of
Successful Industrial Enterprises with those of Failled
Firms,"” Certified Public Accountant, (QOctober, November
and December, 1932).,
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as Mervin23 spd setden?®, found as Fitzpatrick, that
particular ratios of unsuccessful firms deteriorated as
the year of failure approached. Winakor and Smith25
produced evidence that unsuccessful or bankrupt firms
had ratios that were ffequently below the mean value
used for comparison and showed substantial deteriora-
tion as the date of bankruptcy drew near.2% Although
these research studies were weak by design, they did
establish the presence of a systematic difference be-
tween the ratics of bankrupt and non-bankrupt firms.
One of the most cited analyses to distress pre-
diction was performed by Beaver[1966].27 This seminal

work examined 30 financial ratios of a paired sample of

23¢.1. Mervin, "Financing Small Corporations in
Five Manufacturing Industries,” 1926-1936 (New York:
National Bureau of Economic Research, 1942).

24y.1. Seiden, "Trade Credit: A Quantitative
and Qualitative Analysis,"” Tested Knowledge of Business
Cycles, 42nd Annual Report (National Bureau of Economic
Research, 1962).

25¢.H. Winakor, and R.F. Smith, "Changes in
Financial Structure of Unsuccessful Industrial
Companies,” Bulletin No. 51 (Urbana: University of
Illinols Press, Bureau of Economic Research, 1935).

26por additional studies see Saulnier, Halcrow
and Jacoby(1958), and Moore and Atkinson(1961l).

27W. Beaver, "Financial Ratios as Predictors of
Failure,"” in Empirical Research in Accounting: 1966,
Supplement to the Journal of Accounting Research, IV
(71-111).
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79 failed and 79 non-failed firms from 1954~1964. A
univariate model was employed that utilizes a single
accounting—-based variable to distinguish failed firms
from their non-failed counterparts. Beaver conducted
three major empirical experiments: (1) comparison of
mean values, (2) dichotomous classification, and (3)
analysis of likelihood ratios.

Of the 30 ratios that Beaver examined, the data
indicate that three ratios best predict financial fail-
ure: cash flow/total assets, net income/total debt, and
cash flow/total debt. He found that the cash flow to
debt ratio performed best as a signal of impending £fi-
nancial fallure. Table 2-1 contains some of Beaver's
results, which show the percentage of misclassifica-

tiong from a holdout sample and the original sample.
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TABLE 2-1 FRACTION OF SAMPLE MISCLASSIFIED

RATIOS
Years Before
Sample Cash Flow Net Income Cash Flow
Failure Tot. Assets Tot. Debt Tot. Debt Size
1 .10 .15 .13 158
(.10) (.08) (.10)
2 20 «20 .21 153
(.17) (.16) (.18)
3 24 22 .23 150
(.20) (.20) {.21)
4 .28 .26 «24 128
(.26) (.26) (.24)
5 .28 .32 .22 117
(.25) (.26) (.22)

Source:
Beaver (1966, table A-4)

1The first fraction measures misclassification

for the holdout sample; the fraction in parentheses
measures misclassification for the original sample.

Even five years before falling, only 22% of the
firms in either the holdout or the original samples are
misclassified by the cash flow to debt ratio. Thus us-
ing the paired sample design, Beaver demonstrated the

predictive power of financial ratios (accounting data)
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for individual firm failure. 1In a later study Beaver28
observed that changes 1in market prices of stocks were

also good indicators of potential financial distress.

Multivariate Analysis

Altman[1968]29 extended Beaver's univariate
analysis to allow for multiple predictors of failure
(Beaver considered the effects of using one ratio at a
time). Multiple discriminant analysis was employed in
an attempt to develop a linear function of a number of
explanatory variables to classify or predict the value
of a qualitative variable. The initial matched sample
was composed of sixty-six corporatiomns with thirty-
three bankrupt and thirty-three nonbankrupt firms. The
bankrupt group were manufacturers that filed a
bankruptcy petition under Chapter X of the National
Bankruptcy Act during the period 1946-1965. The non-
bankrupt group cecnsisted of a paired sample of manufac~
turing firms chosen on a stratified random basis.

Asset size of all firms in the study ranged between $1-

$25 million.

23". Beaver, "Market Prices, Financial Ratios
and the Prediction of Failure,” Journal of Accounting
Research, (Autumn, 1968) pp. 179-192.

29g.1. Altman, "Financial Ratios, Discriminant
Analysis and the Prediction of Corporate Bankruptcy,"”
Journal of Finance, (September, 1968) pp. 589-609.
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Due to the large number of significant vari-
ables, as indicated in past studies, twenty-~two poten-—
tially significant ratios were compiled for evaluation.
They were classified into five standard ratio cate-
gories, including liquidity, profitability, leverage,
solvency and activity ratios. Altman felt the ratios,
when analyzed within a multivariate framework, would
take on a greater statistical significance than the
conmon technique of sequential ratio comparison. Five
variables of the twenty-two analyzed one period before
bankruptcy were eventually selected to be included in
his final discriminant function. Those five variables
vere:

X1 Working Capital to Total Assets (liquidity)

X2 Retained Earnings to Total Assets (age of firm
and cumulative profitability)

X3 Earnings before Interest and Taxes to Total
Assets (profitability)

X4 HMarket Value of Equity to Book Value of Debt
(financial structure)

X5 Sales to Total Assets (capital turnover rate)

These ratios were used to develop the following
predictive equation:

Z = ,012(X1) + .014(X2) + .033(X3) + .006(X4)
+.999(X5)

The original 33 firms sampled were examined to

determine the overall effectiveness of the discriminant
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model for a five year time period. The model classi-
fied 95 percent of the original 33 bankrupt firm sample
correctly one year before bankruptcy and only 72 per-
cent the second year before bankruptcy. The results of

the five year examination are in Table 2-2.

TABLE 2-2 FIVE YEAR PREDICTIVE ACCURACY OF MDA MODEL

Years Prior to Hits Misses Z Correct
Bankruptcy
18t pa33 31 2 95%
afd  a32 23 9 72%
3Td  ja29 14 15 48%
4th  pa2g 8 20 29%
sth  pa25 9 16 36%
Source:

Altman, E.I., Corporate Bankruptey in America,
(Lexington, Massachusetts; Heath Lexington Books,
1971), p.73.

The reduced sample in years two through five is due to
the fact that several of the firms were in existence
for less than five years.

The findings suggest that the bankruptcy
prediction model is an accurate forecaster of fallure

up to two years prior to bankruptecy and that accuracy



diminishes substantially as the lead time increases.
Altman3® felt the most important conciuéiona of the
trend analysis were:
(1) that all the observed ratios show a deterlor-
ating trend as bankruptecy approaches and (2) the
most serious changes in the majority of these ratios
occurred between the third and second years prior to
bankruptey.

Simultaneous research using multiple discrimi-
nant analysis for failure prediction was performed by
Daniel[1968].31 The objective of the research was to
use conventional financfal statement information which
is generally available to investors to evaluate the fi-
nancial standing of an enterprise with regard to a ten-
dency toward failure by quantitatively classifying
firms on the basis of financial statement variables.
Prediction of tailure rather than the explanation of
the causes was the major emphasis. Daniel employed
simple correlation, factor analysis and stepwise re-
gression to select financial statement data and ratios

which best correlated with failure and non~-failure as

the dependent variable.

301pi4.

31Troy E. Daniel, "Discriminant Analysis for
the Prediction of Business Failures," (Unpublished PhD.
dissertation, University of Alabama, 1968).
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A random sample of 30 publicly held industrial
corporations was used for the derivation of the dis-
criminant function. Firm failure was defined as
bankruptcy: liquidation or merger following periods of
unprofitable operations: substantial losses for three
or more years or normal earnings 1n one year and sub-
stantlal losses in two years: or a deficit inm retained
earnings for three or more years. Non-failure was de-
fined as continuing in business and also providing a
return greater than that available on essentially risk-
less investments.

Forty-six potentially significant variables
were compiled for evaluation to be used in the discrim-
inant function. Thirteen financial statement classifi-
cations and thirty-three generally accepted ratlios were
tested by the three aforementioned statistical methods.
Stepwise regression yielded ten variables at the .005
level of significance, that provided the most signifi-
cant difference between the two groups. Those vari-
ables included in the discriminant functilon were:

X1 Net Profit after Taxes

X2 Long Term Liabilities

X3 Investments/Sales

X4 Sales/Fixed Assets

X5 Net Working Capital/Total Assets

X6 Long Term Liabilities/Total Liabilities

X7 Ret Profit after Taxes/Net Working capital
X8 Long Term Liabilities/Net Working Capital

X9 Investments/Current Assets
X10 Net Working Capital/Net Worth

36



These ratios yielded the following discriminant
function:
Z = 1.82917(X1) - .04798(X2) + .4849(X3)
- .00849(X4) + .27217(X5) - .02593(X6) +
+47031(X7) + .0099(X8) - .07182(X9) +
.15787(X10)
A validation sample of fifty randomly selected
non-fallure firms and fifty firms selected by the fail-
ure criteria were examined to determine the overall ef-~

fectiveness of the discriminant model. The results are

shown in Table 2-3.

TABLE 2-3 ACTUAL AND PREDICTED RESULTS

Actual Qutcome

Failed Borderline Non-failed Total

Predicted Failed 45 20 0 65
Qutcome Non-failed 4 9 22 35

Total 49 2 22 100
Source:

Daniel (Unpublished PhD. dissertation, 1968)
p. 133
In the analysis of the results a firm was considered a
failure if it met the previously mentioned criterion
and a non~failure 1if the firm provided a return greater
than the riskfree rate. Firms that did not clearly be-
long to either group were considered borderline cases.

Only f&ur firms which were predicted to be non-failing

37
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were found to be failures. Daniel concluded after an
analysis of the misclassified firms that some of the
difficulty in clasgification stems from the differences
in rates at which companies move toward failure. Thus
the results of the research confirm that meaningful
conclusions can be drawn on the basilis of "2" values
calculated with the discriminant function.

Meyer and Pifer3? improved previous research by
introducing financial data from mere than one period
prior to failure into the model. They regressed each
financial ratio on time and determined the time trend,
coefficient of variatioun, and shift away from the trend
in the period prior to failure. These data were then
used along with other financial statement data as inde-
pendent variables in a linear probability model. This
method considered the financlial decay process of
bankruptcy in deriving the model coefficients. Even
though this model has produced very good results, the
associated computational burden will only be justified

by a substantial increase in predictive ability.

32paul a. Meyer, and Howard W. Pifer,
"Prediction of Bank Failures,” Journal of Finance,
(September, 1970) pp. 853-868.
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A March 1972 study by Deakin33 proposed an
alternative business failure model to the ones devel-
oped by either Beaver or Altman. He liked Beaver's em-
pirical results for their predictive accuracy and
Altman's multivariate approach for its intuitive ap-
peal. Deakin wanted to capture the best of both prior
studies by employing the 14 ratios Beaver used and to
search for the best linear combination of the ratios
with the greatest predictive abilility. Thirty-two firms
that failed between 1964 and 1970 were matched with
non-failed firus on the basis of industry, asset size,
and year of financial data.

A replication of Beaver's dichotomous classifi-
cation test generated similar results. Using discrimi-
nant analysils, Deakin hoped to improve upon the uni-
variate classification results by linearly combining
the 14 variables for each of the five years prior to
failure. Deakin did not use paired samples to derive
the discriminant function but used a sample of 32
failed firms and a random sample of 32 non-failed firms

drawn from Moody's Industrial Manual for the years

1962-1966. To test the model Deakin classified the

33g.s. Deakin, "A Discriminant Analysis of
Predictors of Business Failure,” Journal of Accounting
Research, (March, 1972) pp. 176-179.




original sample of 64 firms and a holdout sample con-
sisting of 11 falled firms and 23 non-failed firms se-

lected at random from Moody's Industrial Manual.

The total misclassification rate on the origi-
nal sample for the first three years prior were all
less than 5X%. Deakin's results which emphasize accura-
cies based on specific models built for each year prior
to fallure were taken from relatively small samples.

In the fourth and fifth year the groups were less dis-
tinet and the error rates were, according to Deakin,

“probably too high for decieion making purposes.”

Specific Firm Failure

As research progressed many studies focused
upon particular types of business failure. 1In
September of 1972 Edmister3% set forth to develop and
test a number of methods of analyzing financial ratios
to predict the failure of a small business. A business
with a loan from the Small Business Administration
(SBA) was defined as a small loan. The firms used in

the study were borrowers and guarantee recipients from

34g.0. Edmister, "Financial Ratios and Credit
scoring for Small Business Loans,"” Journal of
Commercial Bank Lending, (September, 1971).
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the SBA for the period 1954-1969, Failures were de-
fined as loss borrowers and non-failure as nonloss
borrowers.

Edmister analyzed 19 financial ratios which in-
cluded most of those found to be lmportant in previous
studies. He focused his methodology on testing the
following four hypotheses:

(1) a ratio's level as a predictor of a small business
failure

(2) the three year trend of a ratio as a predictor of
small business failure

(3) the three year average ot a ratloc as a predictor
of small business failure

(4) the combination of the industry relative trend and
the industry for each ratio as a predictor of
small business faillure

A zero-one regression technique was employed
since Edmister believed the regression computer pro-
grams were somewhat better developed. He was intent
upon limiting multicollinearity in his regression equa-
tion and employed an arbitrary stepwise procedure in
which a variable was not permitted to enter the regres-
slon equation 1f its simple correlation coefficient
with an included variable was greater thanm 0.31. A
shortcoming to this arbltrary coefficient cutoff is

that a powerful explanatory variable may be excluded.



Each independent variable was transformed into

qualitative form due to the following rationale es-

poused by Edmister: (l) to prevent extreme values from

unduly affecting estimated parameters, and (2) to per-

mit level and trend variables to be combined into a

single dichotomous variable.

The preceding methodology produced a seven

variable, zero-one linear regression equation:

i =

«951(X1) - .293(X2) - .482(X3) + .277(X4)
-  +452(X5) - .352(X6) - .942(X7)

where

Z =

Xl=

X2=

X3=

X4m

X5=

X6=

the zero-one dependent variable. It equals one
for non-failure and 0 for fallure.

the ratio of annual funds flow to current liabili-
ties. It equals one if the ratlio is less than
0.05, zero otherwise.

the ratlo of equity to sales. It equals one 1if
the ratio is less than .07, zero otherwise.

the ratio of net working capital to sales divided
by the corresponding Robert Morris Associates(RMA)
average ratios. Jt equals one 1f the ratio is
less than -0.02, zero otherwise.

the ratio of current liabilities to equity divided
by the corresponding RMA average ratio. It equals
one if less than .48, zero otherwise.

the ratio of inventory to sales divided by the
corresponding RMA industry ratio. It equals one
if the ratio has shown an upward trend, zero oth-
erwise.

the quick ratio divided by the trend in RMA quick
ratio. It equals one 1if the trend is downward and
level just prior to the lcan and fs less than
0.34, zero otherwise.
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X7= the quick ratio divided by RMA quick ratio. It

equals one 1If the ratio has shown an upward trend,
zero otherwise.

The model classification results had an overall
accuracy of at least 90%. For example, using Z greater
than or equal to .53 to determine non-failure and 2
less than .53 for fallure, all of the failed firms were
classified for an overall accuracy rate of 93%.
Edmister concluded that the predictive ability of ratio
an#lysis depends upon both the choice of analytical
method and the selection of ratios. He found (1) di-
viding a ratio by its representative industry average,
and (2) classifying ratios by quartiles as two useful
methods of analysis. Edmister also stated that no sin-
gle ratio predicts as well as a small group; 1indepen-
dent predictors are superior to nonindependent predic-
tors; and some ratios that are insignificant by them-
selves add important information when combined with
other variables.

Blum [1974]35 developed a model to aid the an~-
titrust division of the Justice Department in assessing
the probability of business fallure fo; merger prosecu-

tion.

35Mark P. Blum, "Failing Company Discriminant
Analysis,” Journal of Accounting Research, Vol. 12, No.
1 (Spring, 1974).




Blum's definition of failure was based upon the
following criteria established in 11tigation36 : (1)
inability to pay debts as they become due; (2) entrance
into bankruptcy proceedings; or (3) an explicit agree-
ment with creditors to reduce debt. If any of the
above conditions are met a firm is deemed a failure.
Blum, like Beaver(l966), selected variables based upon
the concept of a business firm as a reservolr of finan-
cial rescurces with the probability of failure ex-
pressed in terms of expected cash flows. His primary
contribution was the inclusion of ratio trends and
variance(stability over time) as predictors. With
liquidity, profitability and variability as the under-
lying factors of his framework, 12 variables were se-
lected by Blum to measure cash flow parameters.
Twenty-one discriminant functions were derived for a
like number of time ranges of data availability. The
validation tests results concluded that the "middle”
ranges of four, five and six years had higher pre-
dictive accuracy than the other ranges.

The best function was able to correctly clas-
sify approximately 94% of the firms based on financial

ratios computed within a year of failure. Accuracy was

361nternational Shoe v. FTC, U.S. 291 (1930).
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80X two years before failure and 70X thereafter up to
five years before.

Many of the studies reviewed have developed
bankruptcy prediction models using data from large
firms. For example, the average asset size of the
firm's in Altman's 1977 ZETA model was approximately
$100 million and no firm had less thanm $20 million in
assets. However, in 1984 Fulmer, Moon, Graves and
Erwin3’ developed a model using data obtained from
firms that have assets totaling less than $10 million.
The unavailability of data on such small firms has been
a troublesome problem for researchers in attempting to
develop a model. Data for their study were provided by
banks in the Southeast for bankrupt and non-bankrupt
clients. Financial statement data for one year prior
to bankruptcy and two years prior to bankruptcy were
acquired for the study.

Forty potentially significant ratios were ana-
lyzed using the discriminant analysis statistical tech-
nique. A nine-variable model was selected which best
discriminated between the two groups. The bankruptcy
clasgification model includes a liquidity ratio, three

leverage ratios, a profitability ratio and three other

373. Fulmer, J. Moon, T. Gavin and M. Erwin, “A
Bankruptcy Classification Model for Small Firms,"”
Journal of Commercial Bank Lending, (July, 1984) pp.
25-37.
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ratios. Factors that indicate the possibility of going
concern problems were grouped into two main categories.
These categories are financlial and operating problems.

Characteristics that are included in the finan-
cial problem area are liquidity deficiency, equlty de-
ficlency, debt default and shortage of funds.
Characteristics of operating problems are operating
losses, doubtful revenues, legal problems and manage-
ment's control over operations.

The model correctly classified 98% of the firms
one year prior to failure and 81% of the firms two
years prior to failure. The variables included in the
model for small firms are different from those in other
widely used models that are applicable to larger firms.
Both models have measures of liquidity, leverage, ac-
tivity and profitabllity. However, the researchers
feel that within each type of measure different ratios
are useful in classifying large versus small firms as

bankrupt or non-bankrupt.

Specific Factor Studies

Studies in failure prediction moved away from
the simple prediction of failure to research on the im-

pact of specific accounting data and the comparison of
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failure models to human judgment. Ketz38 and Norton
and Smith3? both studied the impact of price level ad-
justed statements on fallure predictiod while other
studies focused vn auditor and creditor predictions of
failure.

Elam's[January 1975]40 study was to determine
if capitalization of (nonpurchase) leases enhanced the
ability of a failure prediction nodel to correctly
classify firma. This was a timely and an important is-
sue as leases have become an ilmportant means of financ-—
ing. A sample of 48 firms with at least one financial
statement prior to failure between the years 1966-1972
was required, with reporting of lease information in
the footnotes of the financial statements. A matched
palr sample was gathered according to (1) fiscal year,
(2) Standard Industry Classification, (3) net sales in

the fifth year prior to bankruptey within the industry

38p, g, Ketz, "The Effect of General Price-Level
Adjustments on the Predictive Ability of Financial
Ratios,” Journal of Accounting Research (Supplement,
1978) pp. 273-84.

39%¢c.L. Norton, and R.E. Smith, "A Comparison of
General Price Level and Historical Cost Financial
Statements in the Prediction of Bankruptcy," The
Accounting Review 54 (January, 1979) pp. 72-87.

40g, Elam, "The Effect of Lease Data on the
Predictive Ability of Financial Ratios,” The Accounting
Review, (January, 1975) pp. 25-43.
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class, and (4) reporting of uncapitalized long-term
leases.
) Gi;en the annual lease payments and lease life
in the footnotes, Elam capitalized the future lease

commitments for each firm using an interest rate of 6%.
The ratio of caplital leases to total assets(leases ex-

cluded) for the study's bankrupt and nonbankrupt groups

are given in the following table.

TABLE 2-4 RATIO OF CAPITAL LEASES TO TOTAL ASSETS

FIRMS # OF YEARS PRIOR TO BANKRUPTCY

1 2 3 4 5

BANKRUPT .197 173 200 «311 «269

NONBANKRUPT .154 .167 .090 .080 .082
Source:

Elam, R., "The Effect 0of Lease Data on the
Predictive Ability of Financial Ratios,” The Accounting
Review (January, 1975) p.31.

Bankrupt firms on the average were leasing quite heav-
ily five years before bankruptcy. This indebtedness
increases, then decreases the next three years. On the
contrary, nonbankrupt firms enter leasing much more
gradually and not to the extent of baankrupt firms.
Single and multivariate analysis were used to
test the hypothesis that lease data do not lmprove the

accuracy of a failure prediction model. Based upon the
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single or multiple ratio test, Elam found that the ef-
fects of capitalized lease data do not significantly
improve the overall classification accuracy of the
model tested.

The study undertaken by Libby [March 1975]"‘1
was designed to determine whether accounting ratios
provide useful information to loan officers trying to
predict business failure. He built upon Deakins' 1972
study by using a subset of the l4-variable set to de-
velop Deakins' model. Loan officers were asked to ana-
lyze the ratios and to predict either "failure" or
"non-failure”. The ugsefulness of this information was
judged on the basis of the accuracy of the loan offi-
cers prediction.

He found that the loan officers' predictive
abllity was superior to random assignment(i.e., failed-
nonfailed) and conciuded the ratio information was uti-
iized correctly by the loan officers. On the basis of
other tests, Libby concluded that (1) there was no sig-
nificant differences between representatives; (2) there
was no significant correlation between predictive accu-
racy and lcan officer characteristics, such as age and
experience; (3) there was no difference in short term,
test~retest reliabllity between user groups; and (&)
there was a uniform interpretation of accounting data

acrogss bankers.
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These conclusions can be misincerpreted since
there was blas as to the information. The loan offi-
cers were told beforehand that one-half of the firms
being analyzed had failed. Another study in 1980 by
Caaey42 found that loan officers who were not informed
about fallure frequencies could only correctly predict
27% of a sample of bankrupt firms.

Deakin®3 extended his 1972 analysis to a 1977
study building upon Libby's contribution to his earlier
model. The extension of the earlier study was twofold:
(1) to provide an indication of the frequency and na-
ture of misclassification of nonfailing companies, and
(2) to compare auditors' opinions with the models pre-
dictive ability.

The sample of the failed group consisted of 63
firms: the 32 companies from his 1972 study and 31

firms (from a 1974 study by Altman and McGough) that

4lg, Libby, "Accounting Ratios and the
Prediction of Failure: Some Behavioral Evidence,”
Journal of Accounting Research, (March, 1975).

420. Casey, "The Effect of Accounting
Information Load on Bank Loan Officer's Prediction of
Bankruptcy,” Journal of Commercial Bank Lending,
(August, 1978).

432. Deakin, "Business Failure Prediction: An
Empirical Analysis,” in E. Altman and A. Sametz, eds.,
Financial Crisis: Institutions and Markets in a Fragile
Environment. (New York N.Y.; Wiley and Sons, 1977).




failed in 1970 and 1971. The non-failed group con-
sisted of 80 randomly selected firms from Moody's

Industrial Manual and matched by year of data. Data

two years prior to fallure was employed, and for each
of 143 firwms, the five-ratio set derived by Libby was
computed.

Using both linear and quadratic multiple dis-
criminant analysis, Deakin classification results were
94.4% and 83.9% respectively. Due to the disparity in
results, Deakin adopted the following fail-nonfail de-
cision rule for his validation tests: (1) classify as
falling 1f both the linear and quadratic function clas-
sify as failing; (2) classify as nonfailing if both
functions classify as nonfalling; and (3) investigate
further if the functions produce conflicting results.

The validation test was applied to 80 firms on
the Compustat 1800 file for the fiscal year 1971. Both
models agreed that 16.29% of the firms(290) had charac-
teristics that were more similar to those of the falled
group than those of the non-failed group.
Characteristics inherent to the non-failed group
amounted to 73.99% (1317 firms) of the sample. The in-
vestigate further group had 9.72% (173 firms) assigned

to that category.
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To verify the models prediction, the 290 failed
firms financial perforumances were scrutinized along
with 100 of the 1,317 firms predicted not to fail. No
further analysis was performed on the "investigate fur-
ther" category. The follow—-up analysis was for a
three—-and-one-half year period from 1972 until June
30,1975, The criterion for judging the predictive ac-
curacy of the model was based upon the failure defini-
tion by which the model was developed. Failure was
narrowly defined as bankruptcy, liquidation or
reorganization. Analyzing the firms under his defini-
tion of failure, only 18 (6.2%) of the 290 firms pre-
dicted to fall were classified correctly. Of the firams
predicted not to fail, none of the 100 firms failed.

A study by Altman and McGough44 described the
relation between the multiple discriminant analysis
prediction of faillure and a auditor's qualification or
disclalmer as to the going concern nature of a firm. A
comparison of the auditors' reports and the statistical
model for classifying failing companies shows the dis-
criminant model results in fewer classification errors

for failing companies. However, the auditors' reports

bbg.1, Altman, and T. McGough, "Evaluation of a
Company as a Going Concern,” Journal of Accountancy,
(December, 1974) pp. 50-57.
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resulted in fewer misclassifications of non-failing
companies. This 1s explained by the costs assoclated
with the auditors' misclassification. If an auditor
classifies a non-failling company as failing this can
result in the loss of the client and can also cause the
firm to fail.

Altman's 1968 discriminant function was em-
ployed to evaluate 34 firms entering bankruptcy since
1970. The model would have predicted 28 of the firms
to be bankrupt candidates based on their last financial
statement. The auditors expressed going concern
problems ian their opinions in only sixteen of the
thircy-four firms evaluated. A sample of 21 firms with
a going concerniproblem as expressed in the auditor's
opinion revealed that six subsequently went bankrupt as
predicted by the MDA model. Seven of the sampled firms
recovered and are no longer recelving a qualified opin-
ion; of these seven, five had MDA scores which would
not have predicted bankruptcy.

Thus, these findings yield strong implications
for the use of multivariate models as a decision making
ald for auditors attempting to assess the going concern

probability of a firm.



lmproving Prediction Models

Continuing research into the prediction of
failure using accounting data has fostered the use of
differing methodologies leading to the improvement of
previous models.

Wilcox [1976]45 focused upon application of the
gambler's ruin model of probability theory to business
risk. His plan was to develop a useful generalization
or model first and then to test it. The classic gam-
bler's ruin problem was adapted to measure business
risk and focused upon net liquidation value(NLV) and
the factors that Eause it to fluctuate. Net liquida-
tion value is a dollar level fed by a liquidity inflow
rate and drained by a liquidity outflow rate. He de-
fined the inflow rate as net income minus dividends and
the outflow rate as the increase in book value of as-
sets minus the increase in the liquidation value of
those asseta. Net liquidating value is also defined as
stet liquidation less total liabilities. The main
concern of the model was with predicting when NLV will

be negative, which often portends bankruptcy.

455 .. Wilcox, "The Gambler's Ruin Approach to
Business Failure," Sloan Management Review, (March,
1976).
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Wilcox contended that his gambler's ruin model
yielded better results when compared with Beaver's and
Altman's models, especially since (1) his did not rep-
resent the result of statistical searching; (2) his
model was tested over a long period of time; during
which inflation had altered typical financial ratios;
and (3) his model was derived from a conceptual frame-
work with implications for the managerial process.
Santomero and Vinso[l977]46 provided an additional
application of the gambler's ruin model using commer-
cial bank data. No real tests of their model are pro-
vided although they do estimate the probability of ruin
of each bank at a future point in time and search for
the time when this probability will be at a maximua.

47 used

IN 1977 Altman, Haldeman, and Narayanan
ZETA, a revised MULDIS(MDA) program, which can analyze
both linear and quadratic functioms. Even though the
old Z-score approach had gained a great deal of re-

spectability and popularity, there were at least five

46, .M, Santomero, and J.D. Vinso, "Estimating
the Probability of Failure of Commercial Banks and the
Banking System,"” Journal of Banking and Finance,
(September, 1977).

47E.I. Altman, R. Haldeman and P. Narayanan,
"ZETA Analysis: A New Model to 1dentlfy Baunkruptcy Risk
of Corporatiouns,” Journal of Banking and Finance,
(June, 1977).
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reasons espoused by the researcher that a new model
could improve upon past structures. They are:

(1) The dramatic change in size and financial profile
of the businesses falling in recent years.

(2) The new model should be as current as possible
with respect to the temporal nature of the data.

(3) Past fallure models concentrate on the broad
classification of manufacturers or on specific
industries.

(4) bata and footnotes to financial statements have
been analyzed to include the most recent changes
in financial reporting standards and accepted ac~
counting practices for the study.

{(5) A new model would enable the researcher to test
and access several of the most recent advances and
still controversial aspects of discriminant
analysis.

The sample consisted of 53 bankrupt firms and a
matched gsample of 58 nonbankrupt eantities for the 1962
~1975 time period. They were matched to the nonfailing
firms by industry and year of data. The firms sampled
are divided almost equally into manufacturers and re-
tailers.

The researcher concluded that the ZETA model
for bankruptcy classification appears to be quite accu-
rate for up to five years prior to fallure. The model
successfully classified well over 90% of the sample one

year prior to bankruptcy and 704 accuracy up to five

years. Even though the statistical properties of



the data indicate that a quadratic structure is8 appro-
priate, the linear structure of the same model outper-
forms the quadratic in tests of model reliability.
Table 2-5 presents the classification accuracy of the
original sample based on data from one year prior to

bankruptcy.

TABLE 2-5 CLASSIFICATION ACCURACY OF 1977 STUDY

Bankrupt Nonbankrupt

Firms Firms Total

Years prior to
bankruptcy Lin Quad Lin Quad Lin Quad
l Original sanle 96.2 94.3 89.7 91.4 92.8 92.8
1 Lachenbruch

validation 92.5 85.0 B89.7 87.9 91.0 86.5
2 Holdout 84.9 77.4 93.1 91.9 89.0 84.7
3 Holdout 74.5 62.7 91.4 92.1 83.5 78.9
4 Holdout 68.1 57.4 89.5 87.8 79.8 74.0
5 Holdout 69.8 46.5 82.1 87.5 76.8 69.7
Source:

Altman, E.I., Corporate Financial Distress,
(New York, N.Y.: Wiley and Sons, 1983) p.l36.

1The method holde out one observation at a
time, estimates the discriminant function based upon
N,+N,-1 observations and classifies the held out
observations. This 18 repeated until all observations
are classified.
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In the Summer of 1977 Moyer48 published a paper
that re-examined the Altman bankruptcy model. The
study focused on some of the technical aspects of the
study as criticized by Joy and Tollefson.%? Moyer
noted that although Altman tested his model's
explanatory power on a holdout sample of firms, the
data for this samnple were drawn from the years used in
the original fit. Because the parameters of the model
could only be estimated when the period was over, the
test does nothing to indicate whether the model has any
predictive accuracy. That test requires the use of pa-
rameters estimated from earlier years in distinguishing
firms that will or will not fail in later years.

Moyer tested the predictive power of the Altman
model when it was applied to a new set of data from
firms during the 1965-1975 time period. Next he re-es-
timated the model parameters and concluded that the
Altman model may have included an excessive number of
variables and that the model's predictive power 1s sub-

stantially less than the original work implied.

48charies Moyer, "Forecasting Financial
Failure: A Re-Examination,” Financial Management,
(Spring, 1977) pp. 1l1-17.

490,.M. Joy, and J. Tollefson, "On the Financial
Applications of Discriminant Analysis,” Journal of
Financial and Quantitative Analysis, Vol. 10, No. 5
{December, 1975).
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The original Altman model when applied to the
data set of larger firms from a different time span has
an overall succeds rate of only 754 as compared to 95%
for the original study. Moyer concluded that the orig-
inal Altman model parameters are sensitive to either
the time span used to develop the model or the firm
sizes which were represented in his original samples,
or both.

The Altman model parameters were next re-esti-
mated to address issues raised by Joy and Tollefson.
Using the stepwise as compared to the direct MDA ap-
proach, i1t was found that somewhat better "explanatory”
power could be obtained from the model if the market
value of equity/book value of debt and sales/total as-
sets variables are eliminated from the model. The
three variable function had a success rate of 90.48%.
For the two years to bankruptecy function the direct
model and the limited three variable stepwise model
have an 83% success rate, indicating agaim that the two
variables eliminated add little to the classification
abllity of the model. This contrasts with Altman's
findings that the sales to total assets variable was
the second most important variable in the model in
terms of contribution to the model's discriminating

abllity.
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In 1981 Scott”? compared several of the leading
empirical models®l in terms of their observed accuracy
to reflect the current state of the art. He then fol-
lowed with a theoretical critique of bankruptcy predic-
tion to his own conceptual bankruptcy framework.

Scott felt 1t was hard to determine which model
discriminated best. The research results of these mod-
els incorporate different data and different procedures
that underlie the test results. Of these multidimen-
sional models, the 1977 Altman ZETA model was deter-
mined to be the most convincing. It had high discrimi-
natory power, is reasonably parsimonious and includes
accounting and stock market data as well as earnings
and debt variables. Scott concluded’? that "though the
models are not based on explicit theory, their success
suggests the existence of a strong underlying
regularity.”

The next aspect of his research was to derive
bankruptcy~prediction formulas from the major

bankruptecy theories. Two of the theories explained the

505, Scott, "The Probability of Bankruptcys: A
Comparison of Eumpirical Predictions and Theoretical
Models," Journal of Banking and Finance, (September,
1981) pp. 317-344.

Slthis study included the empirical work of
Beaver(1967), Altman(1968), Deakin(1972), Sinkey(1975)
and Altman, Haldeman and Narayanan(l1977).

szscott, P 324-
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empirical results the best. Scott's conceptual
bankruptecy framework model includes assumptions regard-
ing (1) imperfect access and (2) perfect access to ex-
ternal capital markets. The major conclusion from the
study was that bankruptcy prediction is both empiri-
cally feasible and theoretically explainable. Although
the overlap between the empirical and theoretical mod-
els is imperfect, it provides empirical support for ex-
isting theory as well as theoretical justification for

the bankruptcy prediction models.?3

Farm Failure Studies

Studies for the farming sector have been very
limited due to the nonavailability of financial data.
However, when studies have been performed the research
wag limited to certain geographical areas. Many of the
studies incorporated qualitative data and data not
disclosed in the financial statements in their model
building process besides financial statement data.

A discriminant model constructed by Bauer and

Jordan[l971]54 analyzed data from Tennessee Production

33other studies to see for this section are
Ohlson(1980), Dambolena and Khoury(l1982), Emery and
Cogger(1982), and Zmi jewski(1984).

54L.L. Bauer, and J.P. Jordan, "A Statietical
Technique for Classifying Loan Applications,”
University of Tennessee Agricultural Experiment Station
Bulletin 476, 1971.
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Credit Assocliations for the period 1958-1969.
Statistical analysis suggested the function should
classify 85% of the cases correctly. Variables which
they found to be significant were: the current ratio,
the debt to asset ratio, reasonable farm value, total
liabilities, marital status, and family living expense
as a portion of total farm expense.

Missouri data were used by Johnson and
Hagan[1973]55 to develop a model that would reduce the
man-hours required by trained analysts to classify
loans into acceptable and problem loan groups. Data
used in the analysis were from 204 acceptable and 68
problem loans. They found loan repayment made plus
marketable inventory divided by loan repayment
anticipated, the current ratio and the debt to asset
ratio to be significant. The model correctly clas~-
gified just over 50% of the non-failed farms and 98% of
the failed farms. The overall classification accuracy

for the model was 62%.

53R, Johnson, and A. Hagan, "Agricultural Loan
Evaluation with Discriminant Analysis,” Southern
Journal of Agricultural Economics, Vol. No. 5 (1973)
PP 57-62.
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A model developed by Dunn and Frey[1976]136 from
the cash grain area of central Illinois also found that
the debt to asset ratio was an important discriminating
variable. Additional variables were: the amount of
credit life insurance, the number of acres owned and
the amount of the note divided by net cash farm income.
The data for the study were taken from applications of
borrowers between 1964 and 1968 who still had loans
outstanding in 1971. Their model correctly classified
90% of the acceptable loans and 60% of the problem
loans.

Alabama Production Credit Association data used
by Hardy and Weed[1980]57 to construct a model cor-
rectly classified 812 of the loans correctly. The
study was designed to develop an objective credit
evaluation technique based upon loan repayment ability
characteristics of farw borrowers. Data used in the
study were collected from all Alabama Production Credit
Associations. Each association president selected a
sample of 40 loans which included both acceptable and

problem loans. Of the total 220 usable observations

56p. Dunn, and T. Frey, "Discriminant Analysis
of Loans for Cash Grain Farms,” Agricultural Finance
Review, Vol. No. 36 (April, 1976).

57y, Hardy, and J. Weed, "“Objective Evaluation
for Agricultural Lending,” Southern Journal of
Agricultural Economics, Vol. No. 12 (1980) pp. 159-163.
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obtained, 145 were classified by the PCA as acceptable
and 77 as problem loans. The two variable model
contained: the debt to asset ratio and the annual loan
repayment anticipated divided by total assets. The
model was only able to c¢lassify 44.8% of the acceptable
loang, however, this was due to a cut-off score that
virtually eliminated Type I errors, resulting in 93.5%
of the problem loans being correctly classified.

An additional study by Hardy and
Patterson[l983]58 was performed on Federal Land Bank
data. A ten percent random sample was taken on loans
closed during 1974 to 1978 from the ¥ifth Farm Credit
District, ylelding a total sample size of 1,980. Of
this sample, 1,765 were classified as good loans, while
216 were in the problem category. Seventy-—-one percent
of the lcans were correctly classified by the final
discriminant model. The model found the debt to asset
ratio and the ratio of loan commitment to net worth to

be the most important discriminating wvariables.

58y, Hardy, and J. Patterson, "An Objective
Evaluation of Federal Land Bank Borrowers,” Highlights
of Agricultural Research, 30:2 (1983).




Summary

This chapter has provided a brief overview of
the previous research in the financial distress area.
Studies have progressed from univariate analysis to
multivariate analysis with the latter yielding reliable
models for fallure prediction. The objective and
methodology of the studies have been diverse but the
empirical results have shown the utility of accounting

data for the prediction of failure.
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CHAPTER III

METHODOLOGY

The methodology used in this research is dis-
cussed in this chapter. Probably one of the most sig-
nificant primary items is the determination of the cri-
teria for identification of a farm as either failed or
non—-failed. The source of data representing the
population, characteristics of the farms, and sample
selection procedures to derive the discriminant func-
tion and evaluating 1ts effectiveness are also pre-
sented. Other sections on the identification of vari-
ables, farm financial statements, ratios, reporting
limitations, statistical procedure, and the evaluation
of the discriminant function are discussed in the re-

mainder of the chapter.
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Definitions of Fallure

The answer to the question, What is a failing
firm? is of prime importance to the research. In order
for the discriminant statistical method to be effective
the group definitions must be distinct and non-overlap-

Unsuccessful business enterprises have been
defined in various ways to depict the formal process
confronting the firm and/or to categorize the economic

problems involved.50

Failure, insolvency, and
bankruptcy have all been used to describe the same phe-
nomenon of ceasing operations even though the three
terms have different meanings. The econoamlc criterion
for tailure signifies that the risk adjusted rate of
return is significantly and continuocusly lower than
gimilar investments. This economic situation makes no
statement regarding the continuance or discontinuance
of the entity. Insolvency is a technical term that ex-
ists when a firm cannot meet 1its current obligations.
This lack of liquidity, also described as insolvency in

the equity sense, may be a temporary condition but usu=-

ally precipitates a formal bankruptcy declaration.

39%g. Eisenbeis, "Pitfalls in the Application of
Discriminant Analysis in Business, Finance and
Economics,” Journal of Finance, (June, 1977) pp. 875-
899.

6OE.I. Altman, Corporate Financial Distress.
{(New York, N.Y.; John Wiley and Sons, 1983) p. 5.




Finally, bankruptcy 1is the act of a formal declaration
by a firm to the court; to either liquidate 1its assets
or to attempt a recovery program. .

Several studies have focused upon the legal
considerations when defining an unsuccessful or failed
bueiness enterprise. Altman (1968) defined his
bankrupt group as those firms that filed a bankruptcey
petition under Chapter X of the national bankruptcy
act., Wilcox (1976) used a Chapter X or XI bankruptcy
petition as his criteria for failure.

Technical definitions of failure were also em-
ployed in past research. Beaver (1967) defined failure
as the inabllity of a firm to pay its financial obliga-
tions while Daniel (1968) used the combination consist-
ing of legal bankruptcy, substantlial losses for three
or more years or nominal earnings in one year and sub-
stantial losses in two years, or a deficit in retained
earnings for threes or more years. Edmister (1972) des~
ignated borrowers that defaulted on loans from the
Small Business Administration as failures for his
study.

Classifying farms into successful and unsuccess-
ful groups presented a formidable task. Many farms
still in business are borrowing from a governmental

agency, the Farmers Home Administration, usually con-

sidered the lender of last resort. These farms would
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possibly cease operations or restructure their debt if
those leading agencies did not make funds available.
Thus, many farms are essentially failures but are dis-
guised as going concerns. Therefore, the approach to
the classification of farms as failed or non-failed
lies in the definition of failure and the subjective
classification of these farms by this definition.
Greater clarity in the segregation of the two groups
translates to an increase in the usefulness of the re-
sults.

The criteria for the classification of a farm
48 a loss borrower (defaulted on loan) or failure in-
clude bankruptcy, foreclosure, the inabllity to obtain
additional borrowings from the Federal Intermediate
Credit Bank (FICB), or classification of the loan 28 a
bad debt and the write-off of the loan by the FICB.
All other farms are considered to be going concerns.

Data was examined for all farms and classifica-
tions were made on the basis of the above criteria. A
farms was classified as a failure as of its last fi-~-
nancial statement date if it met any of the criteria of
the failure definition, otherwise it was classified as

non-failed.
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Data Collection

The primary source of data for the investiga-
tion was the Federal Intermediate Credit Bank data base
for the Alabama, Mississippi and Louisiana district.
The‘Federal Intermediate Credit Banks and their
Production Credit Associations constitute one of the
three major branches of the Farm Credit System. The
Farm Credit System is divided iato twelve geographic
districts with each district being served by a Federal
Land Bank, a Federal Intermediate Credit Baunk and a
Bank for Cooperatives. Production Credit Associations
provide short- and intermediate-term financing with
maturities ranging up to seven years to farmers and
ranchers. These loans are used primarily to finance
operating expenses and purchases of machinery and
equipment.

The data base consisted of approximately ten
thousand two hundred farm loan records for the three
state area. These farms were stratified into three
groups based on the gross sales of farm products sold
each year. This stratification was necessary to limit
the distortion of data of very large and very small
farms.%l The family~sized commercial farm (comprising

the median group) has gross product sales between

6l1bid. p. 105.



71

$50,000 and $500,000. Farm with gross sales below
$50,000 and above $500,000 were not considered for this
study since the family-size commercial farms (hereafter
referred to as commercial farms) are experiencing the

62 The number of farm loan

most financial distress.
records in the &ata base with income statement informa-
tion needed to identify commercial farms varied from
one to three jyears prior to a tailure determination.
Four hundred farm records were identified one year
prior to failure, of which 270 were classified as com-
mercial farms. Two years prior to faillure, 150 cases
had the relevant financial information, of which 92
were commercial farms. Finally, 30 farms (all of which
were commercial) were identified three years before
faitlure. Sixty-four of the 92 cases(70%) two years
prior to fallure were a subset of the 270 cases one
year prior to failure while 23 of the 30 cases(76%)
three years prior to failure were a subset of the 270
year one cases. Only 9 farms contained all three years
of data prior to fallure.

Each farm record contained demographic,

qualitative and quantitative information on the farm.

The borrower's identity was not disclosed.

62ynited States Department of Agriculture,
Agriculture Information Bulletin NO. 492.



72

Balance sheet and income statement data previ-
ously mentioned were also included in the data base for
each farm record. Many of these farm records were
severely lacking in financial statement information for
more than one year. This was expected, however, since
detailed financial information for farming enterprises
has only recently been required. The number of farms
giviag detailed financial data 1is still small but
progress by the FICB is being made to correct this
problem. For example, of the 270 commercial farm
records in the data base one year prior to failure only
9(3.342) farms had complete balance sheet and income
statement data for three consecutive years prior to
their latest financial statements. Income statement
information was the most common lacking element, since
over 100 farms had complete balance sheet information

for a three year period.

Data Base Characteristics

The FICB data base contained 10,233 farm loan
records which were available for use in the study. The
population of farmers was almost equally split among

Alabama, Louisiana and Mississippl borrowers, as shown

in Table 3-1.



TABLE 3-1 BORROWERS BY STATE

Number of

State Farm Records Percent
Alabama 3,083 37.2
Louisiana 3,530 34.5
Mississippi 2,637 25.8
Uncoded 263 2.5
Totals 10,233 100.

The percentage of falled farms was approximately thirty
percent, as seen in Table 3-2. The fallure determina-

tion was made based upon the definition mentioned ear-

lier in this chapter.

TABLE 3-2 DETERMINED FAILURES

Group Frequency Percent

Failure 3,059 30

Non-Failure 7,174 70
Totals 10,233 100

A further breakdown of the data base by the primary
enterprise code for each farm revealed that field
crops, beef and poultry enterprises were the most com-
mon for the three state area. OQOther less numerous en-
terprises were vegetables, pecans, ornamen-
tal/horticulture, dairy, swine, forestry, aquatic and

miscellaneous other products as shown below.
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TABLE 3-3 PRIMARY ENTERPRISE CLASSIFICATION

Number

Enterprise of Farms Percent
Field Crops 3,766 36.8
Vegetables 34 «3
Pecans 24 .2
Orn/Horticulture 63 .6
Beef 2,991 29.2
Dairy 565 5.5
Swine 98 1.0
Poultry 816 8.0
Aquatic 199 1.9
Forestry 444 b.h
Miscellaneous 1,000 9.8
Uncoded 233 2.3

Totals 10,233 100.

Another interesting breakdown (Table 3-4) of
the data base was performed upon the year each borrower
began farming as an occupation. The years 1970-79 had
the greatest influx of beginning farmers for this three
state area. Surprisingly, even with the significant
decline of the farm economy, about 13Z of the farmers

entered the farming occupation during the 1980's.



TABLE 3-4 YEAR BORROWER BEGAN FARMING
Number
Year of Farmers Percent
1980-86 1,359 13.0
1970 79 1,854 18.0
1960-69 1,227 12.0
1950-59 1,166 11{.0
1940-49 655 6.5
1930-39 212 2.0
1920-29 130 1.5
1910-19 56 .3
Uncoded 3,574 35.0
Totals 10,233 100.

Finally the farms were categorized by their

latest balance sheet date (Table 3-5). The majority of

farmers had balance sheet data filed between the 1984

thru March 1986

time period.

The others were scattered

over the 1970 to 1983 time span.

TABLE 3-5 LATEST BALANCE SHEET DATE
Number
Year of Statements Percent
1986 1,389 13.6
1985 4,729 41.8
1984 2,296 22.4
1983 921 9.0
1982 493 4.8
1981 256 2.5
80-70 299 2.9
Uncoded 00 3.0
Totals 10,233 100.
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Types of Data

Farm Financial Statements

The accuracy, reliability, and interpretation
of accounting data are increasingly ilmportant as
agricultural loans grow in size, complexity and degree
of risk.%l Loan decisions must be made based on
historical and projected accounting data furnished by
borrowers. However, as an industry, farm and ranch
firms generally are unsophisticated in their accounting
systems. Most farmers have only a single-entry system
used primarily for income tax purposes. Financial
statements are typlcally prepared by the farm lender
based largely upon the memory of the farmer. This pro~
cess is very time consuming, yilelds minimum information

and ralses questions about informaticn accuracy.6“

63T. Frey, and R. Behrens, Lending to
Agricultural Enterprises. (Boston, Mass.; Bankers
Publishing Company) p. 85.

645 move has been made to use a coordinated set
of financial statements in agriculture for joint use by
lenders and borrowers. These statements, currently
being intergrated into the loan documentation process
by the FICB, incorporate many accounting principles but
do vary on several significant issues from generally
accepted accounting principles, due to the unusual
asset characteristics of agriculture. These coordinated
financlal statements are shown in Appendix A.
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The balance sheet classifications for agricul-
tural concerns are divided into three classes as op-
posed to the two of the traditional format. These
three classes are used for assets and liabilities.
Relative liquidity determines categorization of assets,
while maturity establishes categorization of liabili-
ties. The three categories are current, intermediate
and fixed or long term. The addition of the interme-
diate classification to the traditional format repre-
sents “working” assets that yield services to the busi-
ness over time but are generally used up in a time
frame of 1-10 years. Assets 1n this category include
machinery, equipment, and breeding livestock, along
with retirement accounts, cash value of life insurance,
household goods, and personal effects. The intermedi-
ate liabilities are existing obligations with an origi-
nal maturity of one to tem years, while long term 1lia-
bilities are those with maturities beyond ten years.

Income measurement 1s a complex issue. For a
long time agricultural enterprises used physical obser-
vation or efficiency measures as a proxy for an indica-
tion of net income. There was no intense focus on the
overall measure of performance. Net farm income 1is the

single most 1lmportant measure of performance for a farm
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business.%3 It represeuts a return to laborﬂ equity,
capital and management supplied by the fara family.

Net income, as compared to net farm income, 1is
gimply the excess of revenue over expenses on an‘;fter
tax basis which reflects a combination of farm and non-
farm income. Revenues include cash inflows plus an in-
ventory adjustment while expenses include operating ex~
penses, interest, and depreciation. Adjustments for
current liabilities and gain or loss on capital assets

sold are also required. Sample balance sheets and in-

come statements are presented in Appendix A.

Variables

Worthwhile analysis of financial statements re-
quires identification of significant factors for con-
sideration, evaluation and comparison.66 Significance
depends upon the nature of the guestion to be resolved,
which, in this analysis, was whether or not a farm was
failing.

A determination of significant variables was
necessary to aid in the model classification process.
Balance sheet and income statemeut data were collected

for ;sseasment of the relative significance of items of

65¢, Frey, and D. Klienfelter, Coordinated
Financial Statements for Agriculture. (Skokie,
I11linois; Agrifinance, 1981).

661p1d. p.67.
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financial statement information. The potentially sig-
nificant variables gathered for the study consisted of
financial statement classifications and ratios which
are trénsforgations of these classifications. Many of
the ratios used in the study were unique to farming op-
erations while oéhers were found to be significaat in-
dicators of corporate and farm problems in past re-
search. A listing of the ratios found to be signifi-
cant for selected corporate and farm failure étudies is
located in Appendix B. The trend or yearly change in
all ratios selected as the year of failure approaches

was another variable examined.

Financial Statement Classifications

The financlial statement classifications chosen for
this study were selected on the basis of conventional
classifications for farm operations and the require-
ments for the ratios selected in particular. The
cholce of classifications was important because im-
proper grouping of items can impair or destroy the
significance of the individual items; Information con-
tained in the classifications about the financial posi-
tion of a farm may be significant. An undue nmulti-
plicity of classifications can make the analysis much
more difficult, if not impossible by classifying essen-

tially similar items of different categories and making



the important intercorrelations of variables much less

67

clear. The financial statement classifications used

in this study were:

Current Assets (CA)

Current Liabilities (CL)
Intermediate Assets (IA)
Intermediate Liabilities (IL)
Fixed Assets (FA)

Long Term Liabilities (LL)
Total Assets (TA)

Total Liabilities (TL)

Net Worth (NW)

Net Farm Income (NFI)
Interest Expensé (INT)

Net Income (NI)

Value of Farm Production (VFP)
Operating Expenses (OE)

Depreciation {(DEP)

Two classifications, net nonfarm income and net family
living expense were not used due to the fact that
nearly 90 percent of the cases were missing the neces-

sary data.

67¢.8. Daniel, "Discriminant Analysis for the
Prediction of Business Failure,” (Unpublished PhD. dis-
sertation, University of Alabama, 1968) pp. 71-72.

80
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Ratios

The analysis of financial statements 1is a
compilation and study of relationships and trends.,68
The financial statements are separated into component
parts and each part 1is studied in relation to relevant
items and in relation to the whole. As a tool for
analysis, ratios are measures of the relationships be~-
tween two relevant items. These measures are expressed
as rates or percentages and expedite comparison and re-
duce groups of figures to a form more readily compre-
hended and more easily retained.

Financial ratios are transformations of finan-
clial statement data, usually made by statement users to
ald decision making. These ratios are not intended to
provide definite answers; their real value is derived

69 Therefore, ratios

from the questions they provoke.
are symptoms of the firm's economic condition intended
to guide the analyst in his 1lnvestigation. Thus, the
investigation of potential farm failure should be

facilitated by the use of financial statement ratios

68J.O. Horrigan, editor, Financial Ratio
Analysis. (New York, N.Y.; Arno Press, 1978) p. 5.

69Baruch Lev, Financial Statement Analysis: A
New Approach. (Englewood Cliffs, New Jersey; Prentice-
Hall, Inc., 1974) p. 34.
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since they are barometers of the.financial position and
the results of operations of a farm.

Some of the financial ratios expected to be
slgnificant in this study (see Table 3-6) were those
commonly discussed in the financlal literature and
textbooks and those peculiar to farming operations.7°
Many of the ratios were also chosen due to their
significance in other failure prediction studies.

Since ratios are relative measures, it is hypothesized
that many of the financial ratios significant in indus-
trial failure studies will also be significant for the
model in this study. The basis for making decisions
should come from the accounting data taken from a par-
ticular farm's financial statements. The ratios de-
rived from this year end fair market value data are
usually separated into various classifications of ra-
tios, as seen in Table 3-6. These classifications com-
bine similar relationships and trends that yield fo-
cused information to the analyst about the different

facets of a farm operation.

0jam, p.26.



TABLE 3-6 FINANCIAL STATEMENT RATIOS USED IN THE STUDY

43

LIQUIDITY

Current assets/Current liabilities

Current liabilities/Total Liabilities

Current Assets-Current Liabilities/Intermediate Assets
Intermediate Assets/Intermediate Liabilities

Current Assets-Current Liabilities/Total Assets

SOLVENCY

Total Liabilities/Net Worth

Total Assets/Net Worth

Fixed Assets/Long term Liabilities

Total Liabilities/Total Assets

Current Liabilities/Value of Farm Production
Net Income/Interest

EFFICIENCY

Value of Farm Production/Total Assets
Operating Expenses/Value of Farm Production
Deprecliation/Value of Farm Production
Interest/Value of Farm Production

Value of Farm Production/Current Assets
Value of Farm Production/Intermediate Assets

PROFITABILITY

Net Farm Income+Interest/Total Assets

Net Farm Income/Net Worth

Net Farm Income/Total Assets

Net Income/Current Liabilitiles

Net Farm Income+Interest/Value of farm Production
Net Income/Value of Farm Production

CASH FLOW

Net Income+Depreciation/Value of Farm Production
Net Income+Depreciation/Total Assets

Net Income+Depreciation/Net Worth

Net Income+Depreciation/Total Liabilities

Sources:

Elam, R., The Accounting Review, January, 1975.

Penson, Klienfelter and Lins, Farm Investment
and Financial Analysis. (Prentice-Hall, 1982).
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Limitations of Ratios

When used as tools of financial statement
analysis, ratios are effective only if the items on the
financial statements are accurate and if the analyst
has the ability to choose the appropriate ratios to
fulfill the purpose for which the analysis 1is being

d.71 The extent to which financial statewments

conducte
may be relied upon is an important factor in the analy-
sls. Since judgment and accounting conventions affect
stétements materially, the reliability of financial
statements depends upon the competency and integrity of
those responsible for the compilation in order to gen-
erate meaningful analysis. However, there are some
factors which affect the financial condition and oper-
ating results of businesses that cannot be expressed 1in
. dollar terms. One such factor, managerial ability,
will not be evident in the statements but will have a
definite effect on the financial condition of the farm.
Financlal analysis involves many altermnative
approaches of which ratio analysis 1is only one of sev-
eral means of discerning an understanding about a busi-

negs enterprise from financial data. Ratlos are sta-

tistical tools which, like other statistical devices,

7laorrigan, p. 26.
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must be used within the range of their efficiency to
prevent misuse. Because rétios dare summary statistical
data, it is expedient that the decision maker take into
consideration the possible changes that may be con-
cealed in the summarized data and the resultant change
due to the alteration of two summarized economic vari-
ables.’?2 It is erroneocus to attach a high degree of
reliability or significance to ratio measures, since
the valuation of the elements are based upon assump-
tions and estimates. Their significance lies in their
characteristics as barometers of financlial position and
operations which stimulate questions and lead to points
of inquiry within the analysis. When used in its
proper context, ratio analysis facilitates an under-
standing and determination of a farm's economic posi-
tion.

However, by empirically testing ratios as
predictors of failure, a body of evidence can be gath-
ered that will lead to a better understanding of what
measuree serve the users. This predictive ability only
determines if the particular measure has a significant
correlation with an event and is not intended to be

used as the sole criteria for making decisions.

721p14. p. 6.
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Conversely, the usefulness of ratios should be in-
creased if it can be demonstrated that they reliably

indicate a future event.

Selection of Sample

A search of the population was made to identify
failed farms based on their latest financial statements
between the years 1981 thru March, 1986. Falled farms
must meet the failure criteria as being bankrupt, fore-
closed, unable to¢ obtain additional capital from the
FICB, or written-off as bad debts by the FICB. All
other farms were considered to be non-failed.

The initial intent in selecting cases for use
in this study was to begin with the total population
and then reduce it to include only those coumercial
farms with three or more years of complete, consecutive
financial statement data. The three-year period was
established as a minimum perliod of operation to allow
for a smoothing of disruptive events that.may destroy
the significance of the results. The time restriction
(1981 thru March, 1986) reduced the number of failures,
however, this restriction was necessary to make the
failed and non-failed farms as comparable as possible.

Due to the lack of farms with complete finan-
clal statement data for the three-year period (9

farms), the original sample design was abandoned and
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three samples were taken to obtain cases for each of
the three years prior to a failure determination. This
alternative approach was expected since the FICB data
base operation is in a formative period and the task of
acquiring farm data by the PCA's from their borrowers
is a cumbersome project.

The failed and non-failed farms with complete
data for each specified sample was pooled across years.
For every identified failed farm between 1981-1986
there was at least one non-falled farm for that year.
The financial statements were pooled over the three
years so that no comparison of farm variables would
come from two different economic periods.

The next step was to randomly partition the 270
cases in the year one sample into two subsamples. One
of the subsamples was used to derive the discriminant
function while the other subsample, a hold-out sample,
was used for validation of the discriminant function.’3
The discriminant function for one year prior to failure
was then used to classify the sampled cases two years

and three years before failure. The same procedure was

also used to derive the discriminant function on the

73The hold-out sample 18 used, since, as with
any inferential techrique based upon sample data, the
percent correct prediction tends to overestimate the
power of the classification procedure. This occurs
since validation is based on the same cases used to de-
rive the clagsification function.
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sample of 92 farms two financial statement periods be~-
fore failure, with the fuanction also classifying the 30
farms selected in the sample for three years prior to
failure. The discriminant function for the three year
model was developed using all 30 farms with a valida-
tion sample of 67 farms with the appropriate variables

three years prior to fallure to classify the model.

Clagsification

Once the values of the discriminant function
are estimated, it is possible to calculate discriminant
scores for each of the observations in the sample, or
any farm, and to assign the observations to one of the
groups based on this score. In a multigroup case, re-
sults are shown in a classification chart or accuracy
matrix. Table 3-7 illustrates how the chart is ar-

ranged.
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TABLE 3~7 ACCURACY MATRIX

Predicted Group Membership

Actual Group Failure Non-Failure
Failure H My
Non~Failure My H

H - Hits or correct classification
M - Misses or incorrect classification

Source:

Altman, Corporate Fimancial Distress. p.lll.

The actual group membership is equivalent to the a pri-
ori groupings, and the model attempts to classify these
farms correctly. The H's in Table 3-7 stand for cor-
rect classifications (hits) and the M's stand for
misclassifications (misses). Misclassification can oc-
cur in one of two ways: a falled farm can be incor-
rectly classified as a non—-failure or a non-failed farm
can be misclassified in the failed group. Therefore,
if a null hypothesis was developed for the observations
being classified, such as, the farm is going to fail,
misclassifications would be based upon the incorrect
rejection or iuncorrect acceptance of the null hypothe-
sls. M; represents a Type I error (misclassification

of a failed farm) and M, is a Type II error
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(mnisclassification of a non-failed f&rm). Type 1 er-
rors occur when there 1s a rejection of the null hy-
pothesis (farm is going to fail) when 1t is actually
true and a Type II error is the acceptance of the null
hypothesis (farm is going to fail) when it is actually
false.

The sum of the diagonal elements equals the to-
tal correct hits, and when divided by the total number
of observations classified, yields a measure of the

models success in classifying farms.

Missing Data

Due to the lack of adequate financial statement
data there were some farms selected that had values
missing for some variables. There were a total of fif-
teen financial statement variables for each farm record
to be used in the analysis. Upon inspection of the
data base, two of the variables (net nonfarm income and
net family living expense) were found to have over 90%
of the values missing and were subsequently dropped
from consideration. 1In order to be selected in the
sample a farm record had to contain assets, liabilities
and income statement information for the year under
analysis. Most farm records selected were missing val-
ues on only one of the twelve variables used in the

analysis. The computerized discriminant procedure will



not include a case in the derivation of the discrimi-
nant function with a missing value and it 18 not rea-
sonable to discard all the other useful information
contained in a record simply because it is missing one
variable value.

Therefore, in order to assign values to any
missing data for the farms selected, which were
approximately 10X of the total variables oﬁer all
cases, the sample was stratified by value of farm pro-
duction to appropriate average values f~r the missing
values of variables. This stratification allowed for a
more accurate measurement of a farm's missing value of
a variable so that it would be in accordance with other
farms of similar size. It was assumed that since data
of these farms were taken from a similar time period,
equivalent size operation and from the same industry
(farming), the average values were viable approxima-
tions of a faru's missing values for the particular

strata to which they belong.

Statistical Procedure

Discriminant analysis begins with the desire to
statistically distinguish between two or more groups of
cases. The groups are determined by the particular re-

search situation. The discriminant analysis technique
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is a statistical technique used to classify an observa-
tion into one of several a priori groupings depeundent
upon the observations' similar characteristics. This
method is used primarily to classify and/or make pre-
dictioﬁs in problems where the dependent variables ap-
pear in qualitative form, e.g. fallure or non-fail-

ure.74

To distinguish between groups, a collection of
discriminating variables are selected that measure
characteristics on which the groups are expected to
differ. This technique involves deriving the linear
combination of two (or more) independent variables that
will discriminate best between the previocusly defined
groups. This is achieved by the statistical decision
rule of maximizing the between-group variance relative
to the within-group variance--this relationship is ex-
pressed as the ratlio of the between-group to within-

75 The linear combination for a dis-

group varlance.
criminant analysis is derived from the equation which

takes the following form:

74A1tman p. 59.

75Joseph Hair, Rolph Anderson, Ronald Tatham
and Bernie Grablowsky, Multivariate Data Analysis,
(New York, N.Y.: McMillan Publishing Company, 1984) p.
8§5. The ratios to be used in the model will be chosen
by this method.
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Z o= WXy + WoKp + ... + W X[

where

Z = the discriminant score

W = the discriminant weight

X = the independent variables
This equation, also known as the discriminant functionm,
will yield a single composite discriminant score for
each farm in the analysis. By averaging the discrimi-
nant score for all farms within a particular group the
mean (ceuntroid) is computed. The centroids indicate
the most typical location of an individual farm for a
particular group, and a comparison of the group cen-
troide reveals how far apart the groups are along the
dimension being tested.’®

The distinction between the group centroids al-

lows for the test of statistical signlificance of the
discriminant function. It 1s computed by comparing the
distribution of the discriminant scores for the failed
and non~failed groups. If the overlap
(misclassification of failed and non-failed) in the
distribution 1s small, the discriminant function sepa-
rates the groups well. If the overlap is large, the

function is a poor discriminator between the groups.

761bid. p. 86.
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Once the discriminant function has been de-
rived, two research objectives of this technique ;an be
pursued. These objectives are analysis and classifica-
tion.

The analysis aspect of this technique provides
several tools for the interpretation of data. Auong
these is a statistical test for measuring the success
with which the discriminating variables actually
discriminate when combined into the discriminant
function. Also the weighting coefficients can be in-
terpreted much as in multiple regression and factor
analysis.77

The use of discriminant analysis as a
classification technique comes after the initial compu-
tation. Once a set of variables are found to be satis-
factory discriminators for cases with known group mem-
bership, a classification function can be derived which
will permit the classification of new cases with un-
known membership.

When utilizing a comprehensive list of finan-
cial ratios and elements in assessing a farm's failure

potential, there is reason to believe that some of the

measurements will have a high degree of correlation, or

77William Klecka, "Discriminant Analysis,”
Quantitative Application in the Social Sciences, editor
John L. Sullivan (Beverly Hills, CA.; Sage University
Press, 1980).
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collineatify. with each other. While this aspect
necessitates careful selection of the predictive vari-
ables, it also has the advantage of yilelding a model
with a relatively small number of selected measurements
which has the potential of conveying a great deal of
1nformation.78\ The information might very well in-
dicate differences between groups, but whether or not
the differences are significant and meaningful is a
more important aspect of the analysis. The mulci-
collinearity problem was controlled by the tolerance
level in the SPSS statistical program. The tolerance
of an independent variable being considered for inclu-
sion 18 the proportion of the variance of the variable
not explained by the independent variables already in

the equation.79

The tolerance index has a possible
range of 0 to 1 with a ctolerance of 1 indicatiang no
correlation with the other independent variables. Thus
the tolerance level for the study was set at an
intermediate value of .7 which would indicate that 30%

of the variance of a potential independent variable is

explained by predictors already entered.80 Thisg

73Altman, p. 60.

79N. Nie, €. Hull, J. Jenkins, X. Steinbrenner,
and D. Bent, Statistical Package for the Social
Sciences. (New York, N.Y.; McGraw-Hill Book Company,
1975) p. 364.

801pid, pp. 340-341.



intermediate value of .7, also used in other studies,31
was chosen to eliminate variables which add very little
to the explanatory power of the model.

The primary advantage of multiple discriminant
analysis in dealing with classification problems is the
potential of analyzing the entire variable profile of
the object simultaneously, rather than sequentially ex-
amining its individual characteristics.

In order to derive the discriminant function, a
stepwise procedure was incorporated to eliminate vari-
ables that added little to the discriminating ability
of the function. The stepwise procedure halts when all
the variables are found that contribute to further dis-
crimination. Further analysis is consequently per-
formed upon the selected variables.

Discriminant functions for one, two and three
years prior to failure were derived using all variables
except the ratio trends. Similarly, a discriminant
function was derived using the change in ratios between
one and three yeatrs prior to fallure. The following
criteria were used in the selection of the discriminant

functions:

8lpdmister, pp. 10-23.
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(1) obaservation of the statistical significance of
various alternative functions including deter-
mination the relative contribution of each
independent variable;

(2) observation of the classification accuracy of
the various profiles on the sample to derive
the function and;

(3) judgment of the analyst.

Thus, with the best discriminant function, the
desired outcome of the research was to have a model
that could predict, with a high degree of accuracy,
whether a farm would fail or succeed in the next twelve

months.



CHAPTER 1V

ANALYSIS AND FINDINGS

The results of the wodel building process out-
lined in Chapter III are reported throughout this chap=~
ter. The selection of variables for the model, an ex-
planation of these variables and classification results

are also presented.

Analysis of Models

One Year Prior Model

Most of the potentially useful variables were
eliminated for consideration for inclusion in the one
year prior to failure prediction model by using the
stepwise discriminant analysis statistical technique.

A two variable model was developed which best discrimi-
nates between falled and non-failed farmers. The one
year prior model was developed from 133 farms selected
randomly from the commercial size farm loan sample of

270. Of the 133 farms selected to derive the model, 58
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of the farms were identified as failed and 75 were non-
failed.

After two steps the stepwise discriminant
procedure produced the variables for the model one year
prior to failure. The varliables included in the model
were X; (Working Capital to Total Assets) and X, (Net
Farm Income to Net Worth). The working capital to
total asset ratio was significant at the .0013 level
(1, 131 degrees of freedom) while the net farm income
to net worth variable was significant at the .0007
level (1, 131 degrees of freedom). The Wilks' Lambda
statistic for the function was .893293 and the
Canonical correlation was .326607. The Chi-Square
statistic for the model was 14.669 which was
significant at the .0007 level. This data is
summarized in Table 4-1. The two variable model

yielded the discriminant function of:

Z = .1811643 + 4.876926(X,) + .8158185(X,)

Z = Qverall Score

X, = Working Capital/Total assets -- The working
capital to total asset ratio, frequently found
in failure studies, is a measure of the net
liquid assets of a farm relative to 1its total
capitalization. Working capital is defined as
the difference between current assets and
current liabilicties.
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X, = Net Farm Income/Net Worth =-- This profitability
ratio is comparable to the earnings before
taxes to equity ratio. This ratio ignores
any tax effects.

Ordinarily, a farm experiencing consistent
operating losses or over—capitalization will have
shrinking current assets in relation to total assets.
Of the five liquidity ratios evaluated, net working
capital to total assets proved the most valuable. The
selection of this variable in the model corresponds
with Beaver(66), Altman(68), Daniel(68) and
Deakin's(72) assessment of the working capital/total
asgsets ratlio as a good discriminator.

Net farm income (NFI) is the residual after
subtracting operating expenses from the value of farm
production (VFP). It is the coummonly used pre-tax
return on equity and indicates that the more profitable
farms are likely to be classified as non~failed. This
ratio was also part of the model developed by Fulmer,

Moon, Gavin and Erwin(84) for small industrial firms.
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TABLE 4~1 ONE YEAR PRIOR MODEL

Mean Mean
Variable Coefficient Falled Non~-Failed
x1 4.876926 -.10518 -.00675
xz .815818 ~.07142 .18802
constant .181164
Group Centroids -.39006 .30164

Canonical Correlation 3266607

Wilks' Lambda .8932928
Chi-Square 14.669 (.0007 sig.)
Standardized Unstandardized
Variable Coefficient Coefficlent
xl 83697 4.876926
x2 55902 .815818

Xy = Working Capital/Total Assets

X, = Net Farm Income/Net Worth
Standardized and unstandardized canonical discriminant
function coefficients allow for the assessment of the
contribution made by each variable relative to the
other variables in the model. The value of the
coefficients depend upon a comparison with the other
variables in the function. While the unstandardized

coefficients are used in the discriminant model, both
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sets of coefficients identify variable X; as making the

greater contribution to the model.

Initial Selection

The initial selection of 133 farms to derive
the model, 58 failed and 75 non-failed, was classified
using data coampiled one financial statement prior to
failure. Since the discriminant coefficients and the
group distributicons are derived from this sample, a
high degree of successful classification is usually
expected. This should occur since those 133 farms are
classified using a discriminant function which is based
upon the individual measurements of these farms. The
accuracy matrix for the farms chosen to derive the
mnodel is presented in Table 4-2.

TABLE 4-2 ACCURACY MATRIX -~- ORIGINAL SELECTION
OF 133 FARMS

Number Predicted Membership
Actual Group of Cases Failure Non—-Failure
Failure 58 11 47
(19%) (81%)
Non-Failure 75 3 72
(4%) (96%)

Overall Accuracy 62.41%




The model is oanly accurate in classifying
62.41%X of the farms used to derive the model. Type I
errors proved to be overbearing at 81% while Type II
errors were minute at 4%. The upward blas of this
classification should be remembered while further vali-
dation techniques are appropriate to test the reliabil-

ity ot the model.

Validation Samples

A holdout sample of 137 farwms, 47 failed and 90
non-failed borrowers, were used to validate the dis-
criminant function for ome year prior to failure. An
additional 92 cases were classified using financial
statement data compiled two years prior to fallure to
observe the discriminating ability of the model.
Likewise, 30 farms with data compiled from financial
statements three years prior to failure were also
classified. The results of this classification process

are shown in Tables 4-3 thru 4-5.
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TABLE 4-3 ACCURACY MATRIX -- HOLDOUT SAMPLE

Number Predicted Membership
Actual Group of Cases Failure Non-Failure
Fallure ‘ 47 4 43
(8.5%) (91.5%)
Non-Failure 90 3 87
(3.3%) (96.7%)

Overall Accuracy 66.42%
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TABLE 4-4 ACCURACY MATRIX -- 2 YEARS PRIOR
Number Predicted Membership
Actual Group of Cases Failure Non-Failure
Failure 28 3 25

(10.2%) (89.3%)

Non=-Faillure 64 2 62
(3.1%) (96.9%)

Overall Accuracy 70.652%




TABLE 4-5 ACCURACY MATRIX -- 3 YEARS PRIOR

Nuwmber Predicted Membership
Actual Group of Cases Failure Non-Failure
Failure 9 2 7
(22.2%) (77 .8%)
Non-Failure 21 ‘ 0 21
(.0%) (100%)

Overall Accuracy 76.67%

The Type 1 as compared to the Type II error
rates for the model are either very high or very low.
A trend of the error rates for the one year prior to

failure model is presented in Table 4-6.

TABLE 4-6 TYPE I AND I1 ERROR TRENDS

Samzle Type 1 Type II
Derivation 81.0% 4 .0%
Holdout 91.5% 3.3%2
2 Yr 89.3% 3.1%
3 Yr 77 .8% 0.0%

From a financial statement user's point of
view, it 18 possible that classifying a farm that evean-
tually fails in the non-failed group may be a much more
costly error than classifying a farm that survives as a

potential failure. The cost of not making a loan to a
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current successful repayment customer is based on the
opportunity cost concept. The investor foregoes the
return on the rejected loan but can invest the funds
elsewhere. However, a loau made to an unsuccessful re-
payment customer corresponds in most cases to the net
loss from loan foreclosure. Thus, the user of the
model, knowing the costs of the different types of mis-
classifications, can adjust the model in order to mini-

mize total costs.

Model Two Years Prior

The model developed two annual financial state-
ments prior to failure was verified from a sample of 92
commercial farms. Of the 92 farms selected, 28 were
were deemed failed and 64 non-failed on an a priori ba-
8is. This sample was then randomly split yielding 42
farms to derive the discriminant function, 12 failed
and 30 non-failed, while the remaining 30 farms were
used as a holdout sample to verify the model.

The model derived for two years prior to fail-
ure contained two variables, the level of current as-
sets and ilntermediate liabilities. The models'
Canonical correlation was .4907856 while the Wilks'
Lambda was .7591259. The Chi-Square statistic of
10.748 was significant at the .0046 level. These

statistics are summarized in Table 4-7. The relative
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coné;fbution made to the model, as assessed by the
standardized coefficients, was virtually equal at
«76064 for the current asset variable(X;) and .74663
for the intermediate liability variable (X,;). The

function for this model 1is:

Z = -1.426386 + .3300603-005(%x,) + «1132316-004(X,)

Z = Overall Score

Xy = Current assets ~-- This group of assets repre-
sents cash and near cash items. They are

assets that could be converted to cash without
disrupting the business and are assets that
will be either used up or converted to cash
during the year or the normal operating cycle.
X, = Intermediate liabilities -- These liabilities
are those obligations with an original maturity
of one to ten years.
The financial statement element, current assets, is
usually found to be significant as a part of a ratio
but has not been identified as a variable in a model of
a previous study. Intermediate liabilities are gener-
ally incurred when financing farm machinery and equip-
ment. Although this element has not shown up in other

studies, Daniel(68) reported long term liabilities as a

slgnificant variable in his model.



TABLE 4-7 TWO YEAR PRIOR MODEL

Variable Coefficient
xl +3300603-005
xz .1132316-004
constant -1.426386

e S T L W S D W R MY W W WS T WS W WD

Mean Meau
Failed Non~Failed

$293882 $105653
$117067 $ 64469

A - —————————— ——— ———— —

Canonical Correlation 4907856

Wilks' Lambda .7591295
Chi-Square 10.748 (.0046 sig.)
Standardized Unstandardized
Variable Coefficient Coefficient
X .76064 «.3300603-005
xi «74663 .1132316-004

Xl = Current Assets

XZ = Intermediate Liabilities

An inspection of the variables selected for

this model show that intermediate liabilities are,

the average, over 1.5 times higher for failed farms

than for non~failed farms.

overutilization of borrowed funds to invest in farm ma-

on

This is an indication of an

chinery and equipment. Some of these farms may have

disposed of many of these productive assets but the

fair market value of the property was not sufficient to
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extinguish the debt. On the other hamd, the failed
group sampled had more than double the current assets
of their non-failed counterparts. This number deflates
to 1.5 when all 92 farms are averaged. The dispropor-
tion may Ilndicate a lack of abllity in managing the
day-to-day assets of the farm. There may be over-in-
vestment in growing crops, excess cash on hand, or ex-
cegsive amounts of crop and feed inventory which is not
needed. Whatever the reason for the high level of cur-
rent assets, it is apparent that such levels are not
conducive to successful farming operations two years
prior to failure. The model classified 78.57X of these

farms correctly as presented in the next table.
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TABLE 4-8 ACCURACY MATRIX -- 2 YEARS PRIOR
Number Predicted Membership
Actual Group of Cases Failure Non-Fallure
Failure 12 5 7
(41.7%) (58.3%)
Noun-Failure 30 2 28
(6.7%) (93.3%)

Overall Accuracy 78.57%




The Type 1 error was 58.3% while the Type Il error was
6.7X. The validation sample of 50 farms ylelded an ac-~
curacy rate of 60X (Table 4-9). This 18 substantially
lower than the classification for the farms used to de-
rive the model since there is an upward bias involved
in classifying the farms from which the discriminant
function was derived.

TABLE 4-9 ACCURACY MATRIX -- 2 YEARS PRIOR
HOLDOUT SAMPLE OF 50 FARMS

Number Predicted Membership
Actual Group of Cases Failure Non-Failure
Failure 16 (1} 16
(.0%) (100%)
Non-Failure 34 4 30

(l1.8%) (88.2%)

Overall Accuracy 60.0%

The model was then used to classify the 30
farms three financial statements prior to failure. The
accuracy matrix (Table 4-10) yielded correct predic-

tions on 70X of the farms.
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TABLE 4-10 ACCURACY MATRIX ~-- 2 YEARS PRIOR MODEL
CLASSIFYING FARMS 3 YEARS PRIOR

Number Predicted Membership
Actual Group of Cases Failure Non-Failure
Fallure 9 2 7
(22.2%) (77 .8%)
Non=-Failure 21 2 19
(9.5%) (90.5%)

Overall Accuracy 70.0%

However, the model two years prior is lacking,
like the one year prior model, in its ability to clas-—
slfy correctly the failed farms. The overall Type 1
error rate for the holdout sample and the sample three
years prlor to failure was 92ZX. Very few farmers would
be denied loans 1f the model were used as the sole
criterion for loan decisions. . This presents a trouble-

some problem and is discussed in Chapter V.

Model Three Years Prior

Thirty farms were used to derive the model for
three financial statement periods prior to failure,
consisting of 9 failed and 21 non-failed farms. Since
data was unavailable the fourth year prior to faillure,
the model was validated by using a sample of farms also
three years prior to failure that had the variables in-

cluded in the model. This validation sample consisted
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of 67 farms composed of 16 failed and 50 non-failed
farms.

Only one variable was included in this model to
predict failure. The intermediate liability variable
was again significant in the assessment of farm fail-

ure. The discriminant function for this model 1i1s:

Z = ~-1.058864 + .9943338—005(11)
where
Z = Overall Score

Xl = Intermediate liabilities

This function has a Wilks' Lambda of .8458599 and a
Chi~-Square statistic of 3.5991 which is significant at
the .0578 level. The Canonical correlation is .3926069

ags shown in the following table.



TABLE 4-11 THREE YEAR PRIOR MODEL
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Mean Mean
Variable Coefficient Failed Non~Failed
X, .9943338-005 3107504 $80113
constant -1.058864
Group Centroids .63693 -.26226
Canonical Correlation «3926069
Wilks' Lambda «8458599
Chi-Square 3.5991 (.0578 s8sig.)
Standardized Unstandardized
Variable Coefficient Coefficient

x1 = Intermediate Liabilities

The average amount of intermediate liabilities was over

2 times m&re for failed farms than for non~—failed

farms. This 1s consistent with the analysis of the in-

termedfiate liability variable two years prior to fail-

ure.

Classification accuracy for this model was

73.33%Z while the Type I error was 77.8% and Type II

error was 4.8%, as seen in Table 4-12.
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TABLE 4-12 ACCURACY MATRIX -- 3 YEARS PRIOR MODEL
Number Predicted Membership
Actual Group of Cases Failure Non-Failure
Failure 9 2 7
(22.2%) (77 .8%)
Non~Failure 21 1 20
(4.8%) (95.2%)

Overall Accuracy 73.33%

The validation sample (Table 4-13) of 67 commercial
farms had a classification accuracy of 73.13% but the
Type 1 error rose in spite of an increase in overall
model accuracy.

TABLE 4-13 ACCURACY MATRIX -- 3 YEARS PRIOR
CLASSIFYING A HOLDOUT SAMPLE

Number Predicted Membership
Actual Group of Cases Fallure Non-Failure
Failure 17 2 15
(11.8%) (88.2%)
Non—~Failure 50 | 3 47
{6.0%) (94.0%)

Overall Accuracy 73.13%

A summarization of the three models and their predic-

tive accuracy is presented in Table 4-14.
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TABLE 4-14 SUMMARIZATION OF MODEL CLASSIFICATION
ACCURACY

1l ¥Yr Holdout 2 Yr Holdout 3 Yr Holdout

Year Prior Sample Prior Sample Prior Sample
YR 1 Cases 133 137 92 - 30 -

% Accuracy 62.41 66.42  70.65 -- 76.67 -
YR 2 Cases - - 42 50 30 -

% Accuracy - - 78.57 60.00 70.00 -
YR 3 Cases - - -— - 30 67

Z Accuracy - —-- - - 73.33 73.13

Cases listed under the prior c¢olumn are the
number of cases used to derive the discriminant model.

Change-in-Ratio Model

A final model was developed independent of the
others to identify those variables that would be sig-
nificant by observing the change in ratios from year
three to year one. Only one ratio entered the discrim-
inant equation, that being the change in the deprecia-
tion/value farm production ratio. The function for the

model is:

2 = .04957895 + 27.0108(X,)

Z = QOverall Score

Xy = Depreciation/Value Farm Production -- This
ratio i8s a2 measure of the capitalization as a
percentage of revenue.
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When the change in this ratio i3 negative, it may be
interpreted as a sign of over capitalization or a de-
crease in value of farm productiﬁn. Also as the value
of farm production decreases and there is an increasing
portion of depreciation to the value of farm production
this may be a sign of underutilized equipment. Table
4-15 presents the averages for the financial statement
elements and ratios used in this model one and three
years prior to fallure.

TABLE 4-15 DEPRECIATION AND VALUE OF FARM
PRODUCTION TRENDS

Averages Yr 3 Averages Yr 1
Failed Non-Failed Failed Non-Failed
DEP $ 43218 35138 $ 49055 28964
VEFP $314743 362344 $321659 362847
DEP/VFP 19% 9% 21% 8%

DEP - Depreciation

VFP - Value of Farm Production

The average depreciation to value of farm
production(VFP) ratio in year three for failed farms
was 19 while in year one the same ratio rose to 21%.
In comparison, depreciation as a percentage of value of

farm production was 9% in year three for non-failed



farms and decreased to 8% one year prior to failure.
For this time period the non-failed farmer had an
average of $362,344 of VFP in year three and an average
depreciation allowance of $35,138, while, for one year
prior to failure, the average VFP was $362,847 and the
average depreciation allowance was $28,964. During
this same time frame the failed farmer had $314,743 of
VFP and $43,218 of associated depreciation three years
prior to failure. One year prior to failure these same
farms had VFP of $321,659 and an increasing deprecia-
tion allowance of $49,055.

The increasing level of depreciation for the
failed group may represent the replacement of machinery
and equipment which corresponds to a heavier intermedi-
ate debt burden. The non~failed group did not replace
as many of these assets and effectively utilized their
current machinery and equipament to produce a higher
value of farm production. They were more conservative
than the failed group and more efficient in the use of
their intermediate assets.

The Wilks' Lambda and the Chi-Square statistics
(Table 4-16) were .7892547 and 4.8517 siguificant at
the .0276 level, respectively. The Canonical correla-
tion for the function was .4590701. The failed group
centroid was -.67611 while the non-failed group cen-

trolid was identified at .36059.
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TABLE 4-16 CHANGE IN YEAR THREE TO YEAR ONE
RATIO MODEL :

Mean Mean
Variable Coefficient Failed Non~Failed
constant -4957895-001
Group Centroids -.67611 «36059

—— —— R . D A D S S A S M e e e D - - —— e — A A ST TEL W W A A A b

Canonical Correlation «4590701

Wilks' Lambda ‘ .7892547
Chi-Square 4.8517 (.0276 sig.)
Standardized Unstandardized
Variable Coefficient Coefficient
X, 1.0 27.01080

X; = Depreciation/Value of Farm Production

The 23 commercial farms, 8 fiiled and 15 non-
failed, 1identified with compléte data for year three
and year one were classified using the Lachenbruch
method.82 The classification results as seea in Table

4-16 were comparable to the other models at 69.56%.

827he Lachenbruch classification technique was
used as noted in chapter II for small samples as a
means of validation.



TABLE 4-16 ACCURACY MATRIX ~- CHANGE IN YEAR 3 TO
YEAR 1 RATIOS

Number Predicted Membership
Actual Group of Cases Failure Non-Failure
Fallure 8 1 7
(l12.5%) (87.5%)
Non~Failure 15 0 15
(.0%) (100.%)

Overall Accuracy 69.56%

Again, the Type I error rate is quite large at 87.5%

and the abilicy to identify ounly 12.5% of those farms
that will eventually fail necessitates that the model

be adjusted to reduce these errors.

119



CHAPTER V

SUMMARY, CONCLUSIONS AND
SUGGESTED DIRECTIONS FOR FURTHER RESEARCH

The studys more jmportant findings are high-
lighted in the summary and conclusions presented in
this chapter. Suggested directions for further re-

search are also provided.

Summary of Findings

A review of approximately 10,200 farm records
in a data base provided by the Federal Intermediate
Credit Bank of the Fifth Farm Credit District for ade-
quate data identified 270 usable caues that were in the
commercial farm category one year prior to failure.

For two financial statement periods prior to failure,
92 farms had the relevant data available while only 30
farms were usable three financial statement periods
prior. Farms that were failures, as defined in this
study, were identified in the years 1981 thru March

1986.
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Discriminaut functioans were derived for each of
the three years prior to failure. Each discriminant
model was validated by a holdout sample in the year the
model was derived and the long range accuracy of the
model was assessed by classifying samples from prior
periods. Prior probabilities were used to assign cases
to the failed and non-failed groups after the discrimi-
nant scores were calculated for each farm. Another
model derived independently of the others, was bulilt by
taking the change 1in financial statement ratios from
three years prior to failure and one year prior to
failure. This final model was built in order to iden-
tify those variables that were the best discriminators
due to the increase or decrease of the elements that

compose the ratio.

Year Nne Model

The model developed from farm data one year
prior to failure identified two financial statement ra-
tioe as belng significant discriminators between failed
and non~failed farms. These varlables were working
capital/total assets and net farm income/net worth.

The 133 farms used to derive the model were classified
at a 62.41% accuracy rate. The validation sample of
137 farms had a classification accuracy of 66.42% while

the 92 farms two years prior to failure were classified



by the one year model at a 70.65X%X classification accu-
racy and 76.67%Z for the 30 farms three years prior to
failure.

Type 1 errors were smaller when data from two
and three years prior to failure was used in the model.
These errors declined from 91.5% for the holdout sample
to B89.3% for two years prior and further to 77.8% for
three years prior. Due to the high costs of wmisclassi-
fication for failed farms, neither of these error rates
is acceptable for reducing loan losses and the model

must be adjusted for this shortcoming.

Two Year Model

The level of current assets and intermediate
liabilities were the two variables included in the dis~
criminant model developed from data two years prior ro
failure. The intermediate liabilities for the failed
group were 1.5 times higher than the non-failed group.
Likewise, the failed group had a curreut asset level
over 2 times higher than their non-failed counterpart.

Classification accuracy for the 42 farms used
to derive the model was 78.57Z whereas the holdout sam-
ple of 50 farms had a classification accuracy of only
60X. The classification accuracy was 702 when the 30
farms three years prior to failure were classified with

this model. Type I errors were also large for thias
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model with a 100% error rate for the holdout sample and
a 77.8%4 error rate for the 30 farms classified three

years prior.

Three Year Model

Thirty farms, 9 failed and 21 non-failed were
used to derive the faflure prediction model three fi-
nanclial periods prior to failure. Only one vatiable(
was included in this model to predict failure. The in-
termediate liability variable was again significant as
a discriminator between failed and non-failed farms.
The classification accuracy of this one variable model
was 73.33% for the 30 farms used to derive the model
and 73.13% for a holdout sample of 67 cases. Again,
Type 1 errors were large at 77.8Z for the cases used to
derive the model and 88.27% for the holdout sample.
Table 5-1 presents an accuracy matrix for each model

clasgsifying all cases in each of the three years.
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TABLE 5-1 OVERALL MODEL ACCURACY IN EACH YEAR

Correct Classification
Yr 1 Cases Yr 2 Cases Yr 3 Cases

Models
Year 1 Model 64.5% 70.65% 76.67%
Year 2 Model " 68.00% 70.00%
Year 3 Model - 73.19%

Type I Errors

Rejection of the null hypothesis (a farm is a
failure) when it 1s actually true is referred to as an
error of the first kind or a Type I error.83 No bene-
fit is derived from a model that has a larée overall
clasgsification error resulting from one group. The
purpose of the model is to distinguish between groups,
thus allowing financial statement users the ability to
predict the future viability of farwing operations.
Type I errors occur when there are misclassifications
of failed farms as non-failed. Predicting a future
falled operation to be a successful toncern usually
means the eventual loss of principal and interest to
the investor. However, 1If the model does identify cor-

rectly only one potential borrower as a future failure,

83Robert Schlaifer, Probability and Statistics
for Business Decisions. (New York, N.Y.: McGraw-Hill,
1959) p. 608.




the model has helped to save the investor that prineci-
pal and interest which would have been lost.

The models developed in this study have a very
large Type I error rate as seen in Table 5-2. 1If all
borrowers are classified as non~-failed and some actu-
ally fail, the model yields no benefit to the user. O0On
the other hand, the model to predict failure is not to
be used as the sole criterion in making investment de-
cisions. The score derived from the model is a signal

to the user about that enterprise's future health.

TABLE 5-2 SUMMARIZATION OF MODEL TYPE I ERRORS
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1 Yr Holdout 2 Yr Holdout 3 Yr Holdout

Year Prior Sample Prior Sample Prior Sample
YR 1 Cases 133 137 92 - 30 -—

A Error 81.00 91.50 89.30 - 77.80 --

YR 2 Cases - - 42 50 30 -

4% Error - - 58.30 100.0 77.80 -
YR 3 Cases - - - - 30 67

%Z Error - - - - 77.80 88.20

Cases listed under the prior column are the
number of cases used to derive the discriminant model.

When using the model in order to reduce Type I errors,
which in turn increases Type II errors, a cut—-off score

is established before classifying a farm as failed or
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non-failed. For example, if a cut-off score wat set at
0, farms would be classified as failed or non-failed
dependent upon their score being above or below the
cut~-off score. However, which farms are predicted to
fail or what is the appropriate cut-off level?

Clearly, 1f detection of failures is the sole objec-
tive, one selects a cut-off rate that eliminates Type I
errors. Unfortunately, this leads to high Type II er-
rors since a large amount of scores would fall within
the failed category. Therefore, this optimal cut-off
score could be set subjectively by the user under a de-
cision rule that would yield an acceptable Type I error
while minimizing the non-failed farms that would be in-
correctly classified by this cut-off score. A few al-
ternative cut-off scores for the one year prior to
failure model are shown in Table 5-3. The percent of
failed, non-failed and total farms correctly classified
are contained in the table for each alternate score,
and Figure 6 yields a graphical presentation of this

data.
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TABLE 5-3 ALTERNATE CUT-OFF SCORES -- ONE YEAR
PRIOR MODEL

Cut-0f¢f Percent Correctly (Classified
Score Failed Non-Failed Total
-1o30 8-5 96-7 66-&2
- 060 25-5 86-7 65.69

0.00 48.9 62.0 62.04
.50 80.9 26.7 45.26
.90 91.5 20.0 44.53

1.20 93.6 11.1 39.42

1.50 97.9 5.6 37.23

2.00 97.9 4.4 36.50

The use of an optimal cut-off score to elimi-
nate Type I errors has been used in prior farm failure
studies. Hardy and Weed(1980) classified 8l% of all
farms accurately, but were only able to accurately
classify 44.8%X of the non-falled farms. This was due
to a cut-off point that virtually eliminated Type I er-
rors, classifying 93.5% of the failed farms correctly.
Johnson and Hagan(1973) classified just over 50%Z of the
non~-failed farms correctly and 98% of the failed farms
correctly, while ylelding an overall accuracy of 62%
for the study. Another study by Frey and Dunn(l1976),
classified 90% of the non-failed farms and only 60X of
the failed farms correctly. Therefore the optimal cut-
off score can be set at a point to achieve the user's

goals.
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A method to reduce Type I errors without manip-
ulating the cut~off score involves specifying a range
of scores most commonly misclassified so that they will
be investigated further before a.decision is made. For
example, with a cut-off score of -1.30 for the one year
prior to failure model, the most common range of scores
for misclasseifed failed farms was between -1 and O.
Therefore, when classifying the holdout sample one year
prior to failure, 1if all farms with scores between -1
and 0 were further investigated, a possibility exists
of identifying those farms misclassified as Type I er-
rors. Nineteen misclassified farms possibly could have
been identified for the holdout sample with a score
within this range. If these farms were further inves-
tigated and all were correctly reclassified the Type I
error would fall to 51X and the total classification
accuracy could tise to 80% 1If all non~failed farms were
properly identified. This must be tempered by the
knowledge that some correctly classified nun-failed
farms that have scores within this range may be deniled
loans when investigated further (raising Type II er-
rore). Also, some of the misclassified failed farms
may filter through the screen and be able to borrow

funds.
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Bowever, a combination of both methods could
also be quite useful. Instead of trying to totally
eliminate Type I errors, from both an economic and ad-
ministrative standpoint, a more efficlent objective
would be to maximize the returns by applying a screen-
ing device. This would be accomplished by setting an
appropriate cut-off score to reduce Type I errors and
then investigating a range of scores to try to identify
those non-failed farms misclassified by the cut-off
level. For exauple, 1if the cut-off score was set at 0,
nineteen misclassified failed farms would now be cor-
rectly classified (lowering Type I errors) but twenty-
five non-failed farms would be additionally misclassi-
fied for the one year prior holdout sample. Therefore,
further investigation of those farms within a particu-
lar range of scores may lead to the identification of
some misclassified non-failed farms.

The overall impact of using a cut-off point and
further investigation of farms within a particular
range of scores will result in lower Type I errors,
possibly raise Type II errors and reduce the amount of

loss loans.
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Change—-in~-Ratio Model

A final model using the change in ratios from
year three to year one was developed. The change in
depreciation/value farm production was the only signif-
icant variable for the model. The model classified
69.56% of the 23 farms correctly using the Lachenbruch
technique. Over capitalization, poor machinery and
equipment purchase decisions, and declining farm
production possibly contributed to the significance of

this variable.
Conclusion

This study was performed to investigate the use
of financial statement elements and traditional finan-
cial statement ratios as predictors of farm failure.

In many respects, the study results for the year one
model differed materially from what was anticipated.
Very few variables were incorporated into the model as
discriminators and the accuracy of predicting failure
decreased as the year of failure approached. Variables
not found to be significant in prior farm failure stud-
ies were discriminators for this research.

A failure prediction model for farming enter-
prises developed strictly from financial statement ele-
ments and ratios can possibly be utilized to assess the

future viability of farm operations. Even though the
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models in this study did not yield a classification ac~
curacy that was as high as prior industrial failure
studies, this study was comparable to other farm fail-
ure studies. Four farm failure studies, which incorpo-
rated both financial statement data, qualitative data
and data anot disclosed in the financial statements, had
an overall accuracy of 62, 71, 75 and 85 percent.s4 To
the contrary, this study used only financial statement
elements and ratios and yielded an accuracy one year
prior to failure of approximately 67 percent.

The financial statement ratios found to be sig-
nificant in prior studies were in the liquidity and
leverage categories. Bauer and Jordan found the cur-
rent ratio, total liabilities/total assets ratio, and
the level of total liabilities to be significant. Four
other studies®3 found the debt to total asset ratio to
be a good discriminator. These ratios are consistent
with the findings of this study, since measures of liq~«
uidity (working capital/total assets, current assets,
intermediate liabilities) were also found to be signif-

icant variables in the discriminant models. Besides

847hese studies were by Bauer and Jordan(l971),
Johnson and Hogan(1973), Hardy and Weed(1980), and
Hardy and Patterson(1983).

8530hnson and Hagan(1973), Dunn and Frey(1976),
Hardy and Weed(1980), and Hardy and Patterson(1983).
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measures of liquidity, this study also found a prof-
itability ratio, net farm income/net worth, to be sig-
nificant, whereas prior farm faillure studies did not
indicate profitability measures as good discriminators.

These prior farm fallure studies developed dis~-
criminant models which incorporated qualitative data
and data not disclosed in the financial statements.
Some of these variables were acres owned, credit life
insurance, loan repayment made plus marketable inven-
tory divided by the loan repayment anticipated, and the
locan commitment to net worth measure. This study, as
compared to other farm fallure studies, strictly ob-
served financlal statement elements and ratios as pre-
dictors of farm falilure. The relatively low classifi-
cation accuracies for this study and prior studies do
not strongly support the contention that there are sig-
nificant differences between the financial statements
for farms which will eventually fail and those which
will continue to succeed. The complete and verified
data as seen in the audited financial statements for
the industrial studies as compared to the data used in
this study could also contribute to the classification
differences. As the FICB continues its accumulation of
financial statement data, the accuracy and reliability
of this data will improve and more accurate models

(reducing Type I errors) could be developed.
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The accuracy rate in this study may be an indi-
cation that traditional financial statement ratios and
financial statement elements alone may not be able to
accurately distinguish between failed and non-failed
farms. The addition of qualitative data and data not
presented in the financial statements may prove to be
good discriminating variables for predictive purposes.
Also, the ability of farm operators to secure contiau-
ous financing 1n the past from governmental agencies
over periods of losses without restructuring operations
may explain why the failed and non-failed groups were
more distinet the further they were from failure.
Moreover, the current economic crisis in the farm econ-
omy has necessltated that federal lending agencies
practice more stringent lending procedures, which
should lead to better investment decisions in order to
decrease the number of loss loans. Therefore, future
research in the agricultural area will have access to
more reliable, and more complete, data of farming oper-
ations that are more businesslike due to these changes.

One contribution made by this research is the
awareness provided to financial statement users con-
cerning the utilization of financial statement ratios
and elements in the assessment of the future failure or
success of farming operations. Future models derived

from more complete and reliable data for the prediction
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of failure are a necessity for agricultural lending
agencles, especially if they show a correlation between
the selected varliables aud the future event of failure
or success. Discriminant models derived from financial
statement data, in spite of the shortcomings of farm
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lationships observable on the statements can 6¥uﬁfdé“ e
the basis for drawing valid conclusions about the faras

they represent.

Constraints

Using the relative predictive power of models
created solely from financial ratios, ratio trends and
financial statement elements has the advantage of al-
lowing the research to concentrate directly on those
variables. However, excluding economic indicators and
other useful information may weaken the conclusions.

The farms are stratified over several time pe-
riods and not by the type of farming operation. There
is a geographic limitation since the study only incor-
porates farms from the three state area of Alabama,
Louisiana and Mississippi. Therefore, conclusions
about the research can only be indicative for the Fifth
Farm Credit District of the agricultural economy and

inclusive for all types of farming operations, since no
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specific type of operation was examined. The predic~-
tive ablility of the model was based on farm loans al-
ready in the Federal Intermediate Credit System and may
not be applicable to new loans. This limitation is due
to the fact that data used dealt with existing loans
and no data was used on that portionm of the population
applying unsuccessfully for loans.

The inability to draw concrete comparisons and
conclusions for the three models and classification ac-
curacies between each year is a limiting factor in the
research. This limitation arises due to the unavail-
abllity of an adequate number of farms with complete,
consecutive financlal statement data for a three year
period. The particular type of sample selected to pro-
vide a basls for gathering sufficient data necessitated
the selection of three samples with adequate data for
each year prior to failure. Although the two and three
year samples can be considered a part of the one year
sample, this does not insinuate that these samples were
tepresentative of the one year sample. Therefore, on
the basis of these findings a conclusion can not be
drawn that the one year prior to failure model in-
creased in accuracy two and three years prior to fail-
ure, 8ince all of the farms used one year prior to
failure were not classified in years two and three

prior to failure. Also, it was impossible to conclude
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that one model was more accurate than another model
since the same farms were not used to derive all of the

models.

Observations

Even though there is an inability to compare
models or data between years some observations are
noteworthy. The success rate of the year one model in-
creased 4% when classifying the holdout sample.
However, Type 1 errors also increased for this classi-
fication while Type II errors decreased. The classifi-
cation accuracy increased to 70.65% and 76.67% for
observations two and three years prior to fallure while
both types of errors declined.

The model one year prior seems to be able to
classify farms more accurately the further away farus
are from failure rather than the closer the year of
fallure approaches. This suggests that failed and non-
failed farms are more discernible when failure is more
than a year away. Prior studies, namely Altman's,
found that the failed and non-failed firms were more
similar the further they were from failure and more
distinguishable the closer failure loomed. A possible
explanation for this difference between failed and non-

failed farms may be explained by the differences in the
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fair warket valuation of assets. As a loan officer ob-
serves the deterioration of a farm operation, a more
accurate fair market valuation is presented to estimate
the risk position of the investor. Therefore as the
farms approach failure, a more approximate fair market
value is8 presented which 1is similar to the successful
operations. Thus, the differences further away from
fallure may be due more to data manipulation rather

than to differences between farms.

Directions For Further Research

With the limitations of information imposed by
the nonavailability and incompleteness of financial
statement data from farm operations, further research
s mecesuitated ine the XIIL LA IVSARYOLEON S ROIRTELRN e o st v gt 2 it
models with higher predictive accuracy. Other vari-
ables such as acres owned and loan repayment made to
loan repayment anticipated, not included in the fi-
nancial statements, should be included in the model
building process to test for relationships and discrim-
inating ability that might exist between failed and
non-failed groups. Further research should evaluate
the number of acres owned as a classification of size
instead of the value of farm production generated.

This distinction could possibly yield more differentia-

tion between failed and non-failed groups.
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Alternative statistical methods should also be
evaluated. Quadratic multiple discriminant analysis,
probit and logit quantitative techniques may improve
discrimination and predictive accuracy in furthef stud-
ies. Also a two step procedure of clustering the ob-
servations into variocus groups (not just failed and
non-failed) and then discriminating according to those
groups may help ian diserimination and classification
accuracy.

Finally, further research should focus upon
each state and the primary enterprise classifications
in order to evaluate the differences between models and
variables peculiar to the different types of farming

operations and geographical locations.
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APPENDIX A
SAMPLE FARM BALANCE SHEET

ASSETS

LIABILITIES

CURRENT ASSETS cost
or basis value

CURRENT LIABILITIES cost narket
or basis value

Cash on hand

Savings Account

Hedging Account Equity
Marketable Bonds and Securities
Notes and Accounts Receivable
Livestock to be Sold

Crops and Feed Inventory

Cash Investaent in groving Crops
Supplies

Prepaid Expenses

Other

Total Current Assets

INTERNEDIATE ASSETS

Notes and Accounts Receivable
Machinery and Equigpment

" Lesst Accusulated Depreciation
Breeding Stock

Less: Accumulated Depreciation
Retireaent Account

Cash Value of Life Insurance
Securities not readily Marketable
Personal and Recreational Vehicles
Household Goods and Personal Effects
Other

Total Intersediate Assets

FIXED ASSETS

Contracts and Notes Receivable
Fara Real Estate

Lesss Accumulated Depreciation
Nonfars real Estate

Other

Total Fixed Assets
TOTAL ASSETS

Accounts Payable
Medical and other Personal
Notes Payable
Internediate Notes Payable(current)
Long ters Notes Payable(current)
Estimated Accrued Interest
Estinated Accrued Tax Liability
Accrued Rents and Leases
Contingent Income Tax Liability:
Current Assets
Harketable Securities

Total Current Liabilities

INTERMEDIATE LIABILITIES

Notes Payable
Sales Contracts
Lite Insurance Policy Loans
Other
Contingent Income Tax Liability:
Machinery
Breeding Stock
Securities not Marketable
Retirement Accounts

Total Intermediate Liabilities

LONG TERM LIABILITIES

Nortgage on Farm real estate

Land Contracts

Hortgage on Nonfara Real Estate

Gther

Contingent Income tax Liashility:
Farn real Estate

Total Long Ters Liabilities

TOTAL LIABILITIES
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APPENDIX A
SAMPLE FARM INCOME STATEMENT

REVENLUE:

Crops and Feed — Cash Sales
Crops and Feed — Inventory Change
Livestock and Poultry — Cash Sales
Livestock and Poultry — Inventory change
Breeding Stock — Cash Sales
Breeding Stock - Inventory Change — Raised
Breeding Stock — Inventory Change - Purchased
Livestock and Poultry Products
Custom Work
Governmental Payments and Patronage Dividends
Income from Hedging Transactions
Ad justments in Notes and Accounts Receivable
Gross Revenue
Less Livestock and Poultry Purchased
Less Feed Purchased

VALUE OF FARM PRODUCTION

EXPENSES

Cash Operating Expenses

Expense Adjustment (unused asset)

Expense Adjustment <(unpaid items)

Depreciation

Total Operating Expense

Income from Farm operations

Less Interest Expense

Gain or Loss on Disposal of Intermediate Farm Assets
Gain or Loss on Fixed Farm Asset

NET FARM INCOME

NONFARM INCOME

Operators Off Farm Income

Spouses Wage Off Farm

Interest and Dividends

Gain or Loss on Sale of Nonfarm Asset
Net Income - Other Farms

Net Income — Nonfarm Real estate

NET NONFARM INCOME

Income before Income Taxes and Extraordinary Items
Provision for Income and Social Sec. Taxes
Income before Extraordinary ltems
Extraordinary Items
NET INCOME




Financial Ratios Found Useful In Selected Studies
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1966

1972

1974 1975

Beaver Altman Daniel Daekin Edwister Blum Elam Altsan Fulmer
1968 1968 1972

Net Worth/Total Liabilities

Net_Incons/Total Agsets

Quick Agsets/Current Lighilities

NI + DDA/Total Debt!

Total Debt/Total Asgets

Horking Capital/Total Aygets

5% > [ [3¢ [5¢ [p<

Current Assets/Current Lish.
Quick Assets/Operating Expenses?

» I px Ing jog

EBIT/Total Assets®

fd]es/Total Agsets

Retsined Carningsliotal Assets
Current Assets/Sales

/Sales

NI + DDA/Current Liab.?

Net vorth/Sqles

Current Lish,/Net North

lnvehtory/Sales -

N
3 o fae [ae 2

Quick Assels/Inventory

Quick Flov®

Cyrrent Assety/Total Assets

h + {Total Assets

NI _+ DDA/Sales®

NI + DDA/Total Assets®

Nl/Sales

Operating Incone/Ssles
Net Profit Affer Taxes

Investaents/Sales

Long Ters Lisb,/Total Lish,

Net Profit After Tay/Met Working Cap,

Net Incone/Net Worth

» [pg ibg [0

L4 M

NI + DDA/Net Worth*

Quick Asyets/Total Asyets
+

Current Liab./Total Assets

Sales/Qyick Assets

ts

Long Ters Bebt/Current Asse
Net Incope.Coppon Equity
¢

SE (EBIT/Total Assets)®
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Beaver Altman Daniel Daekin Edwister Blun Elan Altman Fulmer

1966 1968 1968 1972 1972 1974 1973 1917

1984

Log of Int, Coverage ¢ NC/LTD® X
X

Net Horth/Total Assets

Log Total Assets
EBT/Net Worth?
Working Capital/Total Debt

Log EBIT/Interest?®
Long Tera Lisb,

Salea/Fixed basets

Long Tere Liab,/NC

e jue (a8 e [

lmgjmn!__mm.t_ﬁmts

Horking Capital/Net Worth

INI + DDA = Net Income plus depreciation, depletion and amortization.

3Quick Assets/Operating Expenses = Quick Assets minus Cur, Liab./Operating Expenses ainus
depreciation, depletion and amortization,

PEBLT = Earnings before interest and taxes.

*Quick Flov = Cash = Hkt. Sec. + Acc. Rec. + (Annual sales ¢ 12)/ ((CGS - Depreciation +
Selling and Admin. + Interest) + 12],

88t = Standard Error.

&log int. cov. + WC/LTD = Log of interest coverage + Norking capital/Long Ters Debt,

7EBT = Earnings before taxes.
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APPENDIX B

Financial Ratios Found Useful In Selected Farm Studies

Jordan Hagan Frey Heed
1971 1973 1976 1980 1963

Bauer Johnson Dunn Hardy Hardy

k & ] t
Patterson

Current dssets/Carrent Lishilities

Total Liabilities/Total dssets

3 ble Farn Valge

Total tishilities

Marital Status

F ) {Tot,

Debt/Total Assets

LR + Mkt. Inv./LRA

rance

Credit Life [nsuranc

Acres Oyned

Loan Asount/Net Cash Farm Incone

¢
Annyal Loan Reo, Antic./Tot. Assets

Loan Connitaent/Net North

SR + Hkt, Inv./LRA = Loan Repayaent Made + Marketable Inventory divided by Loan Repayaent

Anticipated.
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