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Stochastic Properties of Cross~Sectional Financial Data

Chi-wen Jevons Lee¥

I. Introduction

Financial data may be viewed as random variables which imperfectly
reveal information about a firm's financial and operational activities. In
order to infer that information from cross-sectional financial data, we
need to identify characteristics about the underlying stochastic processes
generating these data.

Cross-sectional financial data can be affected by many systema&ic
factors. For example, a firm's current assets generally depend on its
size, its industry's credit practice, the nature of its output market, its
current debts, ete. 4s a result, cross-sectiénal financial data are not
identically and independently disbributed (IID). If the data are not IID,
the underlying stochastic processes cannot be directly identified. How-
ever, certain statistical tools can be applied to abstract important
Systematic factors, in which case the refined data should be approximately
IID.1 This will then allow us to identify the underlying stochastic
process from the refined data.

This paper has two objectives. First, I explore the underlyiing
stochastic process of financial data to build a statistical foundation for
financial statement analysis. Second, following the lead of Lev and Sunder
(1979), I then develop regressional approaches to achieve control over the
systematic factors affecting cross-sectional financial data.2

The remaining sections of the paper are as follows. In Section 11, 1

further discuss the relationship between IID and normality of cross-

segtional financial data and then suggest four models which might achieve



.
factorial control for financial statement analysis. Section III provides a
description of the methodology and the data for the tests. Section IV

contains the empirical findings; the conclcuding remarks are in Section V.

II. Models of Factorial Control

Deakin (1976) first tested for normality of cross-sectional financial
ratios, but did not explore why we should expect normality from cross-
sectional financial data. Moreover he did not make a distinction between
normality of cross—-sectional financial data and normality of the stochastic
process that generates financial data., He simply collected a large group
of samples and tested their normality assuﬁptions. The null hypothesis of
normality was consistently rejected from sample to sample. But since the
cross-sectional financial ratios in Deakin's study were not Ilﬁ, his tests
of normality were not very meaningful,

In this section I derive four models of factorial control. If these
models properly control the important systematic factors, the refined data
will be approximately IID. A normality test applied to these data then

reveal the underlying stochastic properties of cross-sectional financial

data.

Let the random variable Yi be the financial data of firm i, where a

tilde "_." indicates randomness. Assume that Yi is generated by a joint
] ~

stochastic process with a set of random variables, Si' and that the inter-

sect of Si for all 1 1is neither an empty set nor equal to the union set.

-~

Hence Y. are not IID across all i. Let ny be the random noise so that

~ ~ ~

(1) ng = Y, -E(Y | S
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where E(. | +) is the conditional expectation. If all the systematic

factors in the set Si have been properly controlled for, the random

noises ng will, by definition, be IID.3

The accounting data in financial statements are aggregates in the
sense that each item in the income statement summarizes numerous
independent accounting entries occurring during an accounting period and
each item in the balance sheets represents the intégration of many entries
over the life of the business entity, According to the Central Limit
Theorem, therefore, the random noise in the accounting numbers should be
approximately normal, in which case n{ should be approximately IIDN (IID
and normal) for all i.

Unfortunately, we do not have full knowledge about all of the elements

in each set of Si . So in practice we can only work with a subset Hic: Si'

Also since we cannot specify the functional form of the conditional
expectation E (ii | gi)’ we must estimate it with some factorial control
model E (Yi | Hi). Let ;i be the ex post refined data such that
(2) o; = ¥, = E (¥, HD.
Then unless (1) the factorial control model is reasonably correct, (2)

the subset Hi includes most of the important systematic factors, and (3)

the data in Yi and Hi are large enough to afford a good estimate, the

~

refined data 8y will not be IID. As a result, the test of normality on
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N could be rejected even if the underlying stochastic process were

Gaussian. Hence the validity of the test of normality depends on the
quality of factorial control. The test of normality is a Jjoint test of IID
of the refined cross-sectional financial data and the normality of the
underlying stochastic process.

Size and industrial identification seem to be the two important proxy
variables for systematic factors. The effect of firm size on accounting
numbers is rather obvious in that the magnitude of-accounting numbers of a
larger firm should be greater. Beyond that obvious effect, size can also
stand for leadership, economy of scale, market power, political influence,
etc. Although we do not precisely understand the theoretical under-
pinnings, empirical evidence does indicate that size matters.5 Similarly,
there are numerous commonalities in accounting techniques, production
technologies, and socio-economic constraints for firms in the same
industry. Hence, we need some industrial factor as a proxy for all those
varlables. The control for industrial factors is attained here through a
mechanical blocking. The industrial "block" is grouped according to its
Standard Industrial Classification (S,I.C.).

The financial ratio is the most parsimonious way of controlling for
systematic factors. The ratio is often neutral with respect to size, and
there is often a close correlation between the numerator and denominator.
For example, the optimal inventory level is closely related %o targéted
sales, so‘the inventory turnover ratio can indicate a firm's inventory
poliecy and at the same time be homogeneous across firms.

Model 1 asserts that the financial ratios in each industry are

approximately IID,
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~

(3) 8; = ﬂYi / Xi), Model 1,

According to Lev and Sunder (1979), we can regard Xi in Model 1 as the
control variable for Yi. Then Model 1 implies that the systematic factors
embodies in Xi have variance=-shifting as well as mean-shifting effects on
the stochastic process. If the systematic factors embodied in Xi have only
mean-shifting effects, then Model 2 would be a better approach to factorial

control.,

~

(4) 8, = Yi -fa+b XiI. Model 2,

where the term within parentheses represents the systematic effect. Model

3 incorporates features of both Models 1 and 2.

(5) Ei = (Y, 7 X)) - le +d (1 7xi)1, Model 3.

Since the denominator of a financial ratio contreols for other things
in addition to size, it usually does not provide a perfect control for
size. Hence, wWe can select variable Zi (e.g., assets) as a size variable

and have Model 4,

~

(6) g, = (Y, ; Z.) - [e + f (X, 7 2.1, Model 4,
i i i i i

Model 4 implies that the size effect is multiplicative and the effect
embodied in Xi is additive., Without a strong theoretical basis, I will
proceed in manner of moving from the simplest to the more complicated
models in order to test the hypothesis that the refined data would be

approximately IIDN. More formally, the hypothesis to be tested is:

Hypothesis: 0y ~ IIDN, for all i . I, where I is the class of firms in the
6
same S,I.C. industry.
Since a test of normality in cross-sectional financial data will be a

Joint test of the quality of factorial control and the normality of under-
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lying stochastic process, rejection of the null hypothesis of normality
will require that we further improve the factorial control and repeat the
tests. If the null hypothesis of normality in cross-sectional financial
data is consistently rejected over all possible models that control for
systematic factors, then ﬁe can infer that the underlying stochatic process

is not Gaussian.

III. Methodology and Data

In this section, I briefly describe the statistieal methods of the
tests of homoscedasticity and normality. The nature of sample data are
also discussed here.

Test for heteroscedasticity may be classified into two groups: non-
constructive tests and constructive tests. Nonconstructive tests are
primarily designed to establish the presence or absence of heterqscedas—
ticity without providing information about the nature of the heteroscedas-
ticity. Constructive tests are designed to determine the particular
specification of heteroscedasticity. Since I am more concerned with the
presence than the nature of heteroscedasticity, I adopted a widely used
nonconstructive test--the Goldfeld-Quandt F-test.7

The Goldfeld-Quandt (1965) F-test is based on separate regressions of
the subsamples after omitting a specified number ¢ of the middle
observations.8 The test involves the following steps: (1) order the
independent variables, e.g., X, in eq. (&, 1/ Xi) in eq. (5), and
(Xi/Zi) in eq. (6), from low to high; (2) omit 15% of the middle
observations; (3) fit the equation to the two subsamples; and (4) let S,

and 82 denote the sum of the squared residuals from the two regressions.

The test statistic f is:



{n f =2 ——— .

Under the null hypothesis of homoscedasticity, f 1is generated by an
F-distribution with (n-c-4)/2 and (n-3-4)/2 degrees of freedom, where n is
the number of items in the total sample.

The Kolmogarov-Smirnov (K-3) test was used to examine normality. An
alternative method would have been the chi-square test. According to
Massey (1951) and Lilliefors (1967), the K-S test has at least two major
advantages over the chi-square test:

(1) It can be used with small sample sizes, where the validity of the
- chi-square test would be questionable;

(2) It often appears to be a more powerful test than the chi-square
test for any sample size.9

The K-S test procedure determines the maximﬁm difference between the
theoretical cumulative distribution F(g) and the sample cumulative
distribution 3(p), i.e.,

(8) D = Max | F(g) = S(g) | ,
]

where g's are the sample residuals from each ordinary least-square
estimation of eqs. (4)-(6). The theoretical normal distribution is derived
from the sample mean (always zero) and sample standard deviation of g's.

If the value of D exceeds the critical value in the table, the hypothesis
of normality is rejected.

The validity of the K-3 test depends on homogeneity apd independency
(i.e., IID) of the refined data. If the nature of any dependency of the
refined data is known, it is possible to develop a better factorial control
to eliminate dependency. In the case of time series, sample autocorrela-

tion functions can be used to estimate intertemporal dependency. Weiss
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(1978) demonstrates that with knowledge of sample autccorrelation
functions, one can empirically derive corrections for the K-S statistics.

The sample sizes under 4-digit S.I.C. codes in Compustat Files can be
small. The ten industries selected for this study were chosen in order to
have at least 25 observations for each. Financial institutions were

omitted since some of the ratios used here were not apporpriate for that

class of firms. Table 1 lists the ten industries selected and the sample

size for each,

Insert Table 1 Here.

The data base was drawn from the Compustat Expanded Annual Industrial
File for the five years: 1961, 1965, 1970, 1975 and 1980. The sample size
in each industry grew over the last two decédes,‘so th e lower bound of the
sample size range in Table 1 often turned out to be the sample size of
1961, and the upper bound that of 1980. The "Expanded" file has less
survivorship bias than the alternative, Merged Annual Industrial File.
Because homogeneity is an important condition for normality to be detected
in cross-sectional financial data and "survivorship bias" implies a higher
degree of homogeneity, the choice of the Expanded file runs aéainst the
null hypothesis of normality. According to Dun and Bradstreet (1976}, the
failure rate of operating concerns is less than one percent for all indus-
tries, so the choice of data file should have little effect on any
resulting conclusions,

Five ratios were chosen for analysis: (1) current asset/current
liabilities, (2) cash flow/total debt, (3) total debt/total assets, (4)

quick assets/net sales and (5) net income/net sales. These five ratios are
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popular among practitioners and researchers.10 Ratios (1), (2) and (4)
relate to short term liquidity, whose optimal level is a well studied
subject in Economics {e.g., Tobin (1958)]. Although we may not know the
optimal levels of these three ratios, we generally admit some optimal level
does exist. Ratio (3) is a reflection of long term liquidity and (5) is an

index of profitability.

IV. Empirical Results

A, Factorial Control and Tests of Normality

The empirical work begins with data of minimum refinement and moves
toward models which increase factorial control, After each stage of
control design, I test the null hypothesis of normality in the
cross-sectional data. If there is a clear trend that increased control
leads to inncreased normality of the refined data, then the underlying
Stochastic process should be approximately Gaussian.

Since Deakin (1976) did an extensive study of normality of financial
ratios, his empirical findings serve as a starting point of my explora-
tion.11 Deakin applied the chi-square test to a set of five financial
ratios for each of the 19 years between 1954 and 1972. His null hypothesis
was that the cross-sectional financial ratios of the U.S. economy are
distributed normally. The null hypothesis was rejected 79 times out of 94
tests.12 All 15 exceptions occurred with one ratio, total debt/total
assets. He also tested for normality after transforming the ratios into
their square roots and logarithms and got similar results. This empirical
evidence can be attributed either to (1) the lack of appropriate factorial
control, or (2) the absence of normality in the underlying stochastic

process, or (3) both. ‘Using the more powerful K-S test for this study, I

repeated his tests using five years of data (1961, 1965, 1970, 1975, 1980).
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The results of Deakin's and my tests are reported in the second and third
columns, respectively, of Table 2. All of my 25 tests rejected the null
hypothesis of normality, indicating that, the K-S test is indeed more
powerful than Deakin's chi-square tests. The 15 "exceptions" in Deakin's

study did not. stand up to the K-S test.13

Insert Table 2 Here.

Proceeding, I attempted to control industrial factors first. As a
trial run, I applied the tests to the data of 1975. Factorial control was
assessed at two levels, first using the less stringent 3.I.C. 2-digit code
and then the more stringent 4-digit code. A total of 22 S.I.C. 2-digit
industries and 10 S.I.C. 4-digit industries Qere chosen. Although more
S.1.C. U-digit industries exist than S.1.C. 2-digit industries, most of
them had to be eliminated because of small sample size.M The result of
K-S tests are reported in the fourth and fifth columns of Table 2.
Although'normality is still absent from the evidence, the data do move in
that direction as control is increased. This is somewhat encouraging and
suggests further benefit from a reiterative testing process,

After blocking the data according to the 5.I.C. 4-digit éode, the data
were then refined according to the four models deseribed in Section ITI.
Models 1, 2 and 3 use univariate factorial control and Model 4 uses
bivariate factorial control, where the size effect is specifically
controlled by the variable Zi. Models 1 and 2 are mutually exclusive,
whereas Models 3 and 4 add more factorial control to Model 1. Consequent-
ly, we would expect to better detect the presence of normalifty from the

data refined by Model 3 and 4 than from those refined by Model 1. Since
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Model 1 can control both mean-shifting and variance-shifting factors, but
Model 2 can control only for mean-shifting factors, the performance of
Model 2 may be less than that of Model 1.15 The empirical evidence in

Table 3 strongly supports these conjectures,

Ingert Table 3 Here,

Each entry in Table 3 indicates the number of rejections at the 5%
significant level of 50 tests_(for five years and ten industries). Three
versions of Model 4 were employed, using total assets, net sales, and total
debts as control variables for size in 4-a, 4-b and 4-c respectively.
Total assets is the best stock measurement of size, and net sales is the
best flow measurement; total debts are inferior to both. If the size
effect is a crucial systematic factor, then the data refined by either
Model 4a or 4b should outperform those refined by Model 4c, This is
supported by the evidence in Table 3, Model Y4a is not applicable to the
ratio of total debts/total assets, because when total assets stands for
both Xi and Zi in eq.(6), Model Ha reduces to Model 1. For similar

reasons, four other "n.a.'s" appear in Table 3,

Insert Table U4 Here,

Table 4 reinforces the empirical evidence in Table 3. 4 regressional
approach to factorial control can perfectly account for the ex post mean-
shifting effect since the refined data (i.e., the regression residuals)
will always have a zero mean by construction. Therefore, the relative

strength of factorial control of the five regression models will be based

[}
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on their ability to control for the systematic effect on variance--i.e.,
their ability to bring about homoscedasticity. The joint evidence in
Tables 3 and % strongly indicates that the issues of homoscedasticity and
normality are closely related., By attaining homoscedasticity best, the
data refined by Model Y4a also show the strongest evidence of normality. In
contrast; Model 2, which can only control for the mean-shifting effect,

leaves the refined data with strong heteroscedasticity and hardly any trace

of normality.

Insert Table 5 Here.

Since Model 3 is more general than Model 1, we would expect the data
refined by Model 3 to show stronger evidence of normality than those
refined by Model 1. Althoﬁgh the results in Table 3 are consistent with
that asserticn, there is not much difference between these two sets of
refined data. Indeed, a test of the marginal contribution of factorial
control of Model 3 over Model 1 for explanation, where d is the co-
efficient of (1/Xi) in Model 3, resulted in no significant improvement in
over 50% of the 250 cases - see Table 5. Although the bivariate regres-
sional control outperforms the simple ratio control design in.terms of data
refinement, parsimony still makes financial ratio analysis useful. Finan-
cial ratio analysis is simple to apply and easy to understand; however,
when a more sophisticated analysis ig needed, bivariate regressional
control, such as Model #a, will achieve better results,

B. Absence of Normality

Whereas the above tests indicate that the better the data are refined,

the more they demonstrate normality, the disturbing fact remains that 22.5%



13-

of the tests rejected the null hypothesis of normality even after the data
were refined by the besL model--i.,e,, Model 4a. I now investigate the
possible reasons for the absence of normality,

One possibility is the artificiality of the industrial blocking used
in this paper. The S.I.C. code is based on the nature of the product-
cutput instead of the nature of the firm. As a result, the industrial
blocking may not adequately control industrial effects in all cases. Firms
which sell similar products may still adopt different accounting methods,
be under different regulations, and may engage in different markets, etc.
One way to test for the impact of these factors is to determine whether the

results of the normality tests are independent of the industrial cate-

gories, Table 6 provide evidence for this explanation.

" Insert Table 6 Here.

Table 6 cross-tabulates the results of normality tests in terms of
industry and financial data. It demonstrates that the industrial blocking
by S.I.C., U4-digit codes is more approriate to some industries than to
others. If 3.I.C, codes were equally appropriate to all industrial
blockings, then the chance of rejecting normality should be ihdependent of
induétrial blocks. This statement applies to the data refined by any of
Model 1 to He because none of these models deals with the industrial
factors. Consequently, the cross-industrial presence of normality in data
refined by Model 1 should be independent of those refined by Model 4a (4b
for TD/TA).16 On the other hand, if S.I.C. codes are more appropriate for
some industrial blockings than for others, as we suspect to be the case in

Table 6, then for those heterogeneous industries the probability 6f reject-
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ing normality is high for both Model 1 and Model 4, and for those homo-~
geneous industries it is low for both Model 1 and Model 4. Consequently,
there should be a high correlation between the rejections of normality from
the data refined by Model 1 and the data reined by Model 4, The Pearson
Correlation between the last two columns is 0.877, which is significant at
0.1% level. I also derive a similar conclusion from the ANOVA test. The
details of ANOVA are given in the Appendix.

Another possible explanation for the absence of normality is that the
underlying economic activities of accounting numbers may be different
across firms. Hence the refined data are not IID. The Pearson Correlation
between Model 1 and Model 4 according to the last row of Table 6 is 0,839,
The evidence suggests that tﬁe quality of factorial cont;ol varies with the
nanture of accounting numbers., The Pearson Correlation between Model 1 and
Model Y4 according to the 50 entries (5 X 10) of Table 7 is 0.547. The
evidence indicates that the results of normality tests depend on the joint
effect of inappropriate industrial blocking and the different nature of

accounting numbers,

Insert Table 7 Here.

The last possible explanation for the rejection of over 22% of the
normality tests is the instabiliity of the economic environment. The
economy of the 1960s was characterized by stable growth; the annual
inflation rate was hovering about zero with small variances, the real GNP
grew at a steady rate of 4% per annum, the unemployment rate was steady at
4%, and the supply of natural resources was relatively certain. The

economic harmony and tranquility of the '60s turned into chaos and tumult
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in the '70's. The inflation rate surged to double digits, the unemploymnet
rate soared to as far as 9%, and the supply of nature resources was no
longer certain., The drastie change of economic environment forced firms to

17 The effect of these factors is shown

undertake a series of ad justments.
in Table 7. The evidence indicates less universal presence of an equilib-
rium financial and operational activities across firms in the tumultuous
'70s than in the tranquil '60s, The Pearson Correlation of the lst two
columns in Table 7 is 0.906, which indicates that the normality of

accounting numbers strongly depends on the general economic environment.

C. Ergodicity of Financial Data: A Digressﬁon

The sample size for each statistical test in this paper is rather
small, varying from 26 to 95. In practice, factorial control by statisti-
cal blocking tends to résult in small sample problems. One way to increase
the sample size so as to increas the power of statistical inference is to
pool the time-series and cross-sectionall data together. A meaningful
pooling requires the ergodicity in data.18 A necessary condition for
ergodicity is that the autocorrelation approaches zero at a sufficiently
fast rate when the time lag increases. Table 8 examines this necessary

condition for ergodicity.

Insert Table 8 Here,

Since the data refined by Model Y4a have the highest probability of
presenting normality, I used Model 4a to refine the data for the test of
ergodicity. The second cloumn of Table 8 shows the autocorrelations at a

lag of five years, and the third column shows a lag of ten years, The
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refined data are autocorrelated even after a long time lag. Hence, pooling
" the time=-series and cross-sectional daﬁa is not feasible for my study.

This high autocorrelation is attributable to the nature of accounting
numbers on the balance sheet. Each item on the balance sheet is a stock
variable which is an integration of flows over the whole history of the
business entity. Another possible explanations the 3luggishness of the
adjustment of the underlying economic activities. In my other paper

(1983a), I develop a rigorous stochastic model to discuss this issue.

VI. Qoncludiq&;ﬁemarks

The test of norﬁality in cross-sectional financial data is a joint
test of the normality in the underlying stochastic process and the homo-
geneity and independency of the cfoss—seétional data., Hence a meaningful
test requires an effort to refine the cross-sectional data so as to attain
the properties of-IID.

I developed a set of models to control important systematic facto;s.
After the cross-sectional financial data were refined by each model, I
tested normality of the refinedAdata focusing on whether a higher degree of
IID gives rise to a stronger presence of normality. If homogeneity and
independency of the c¢ross-sectional financial data is attained, the
presence of normality in the cross-sectional data would imply the presence
of normality in the underlying stochastic process.

The empirical evidence displayed a clear pattern that the better the
control over the systematic factors, the more the refined data approach
normality. This control was achieved using industrial blocking and
adjusting for Size. Unfortunately, the results also indicated that a
substantial amount of the tests (22+%) rejected normality, suggesting the

need to control other.factors.

13
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ferhaps the most promising approach would be to control general
economic conditions since thése can affect the homogeneity of cross-
sectional financial data. In a turbulent economic environment, firms must
scramble for optimal financial and operational policies in order to cope
with the resulting changes. Unless adjustment costs and information costs
are trivial, all firms will not adopt the same financial and operational
activities, With heterogeneous financial and operational activities, the
refined cross-sectional financial data will still not be IID and will not
demonstrate the presence of normality. My empirical evidence shows that
cross-sectional financial data demonstrate less presence of normality in

the turbulent '70s than in the tranquil '60s.,
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TRBLE 1
SAMPLE DATA
Sample
$.I1.C. Code . . Size Range

1311 Crude Petroleum and Natural Gas : 28=35
2200 Textile Mill Products 27-60
2300 Apparel and other Textile Products 33-87
2811 Petroleum Refining - 35-33
3310 3last Furnace and Easig Steel 2roducts 45-34
3879 Electronic Componants 28=85
3714 Motor Vehicle Parts and Accassories 34-49
4511 Certified Air Transportation 26-30
4911 Electric Services ' 63-64
5311 Department Stores 28=-49

Data Scource: Compustat Expanded Industrial Fila.
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TASLE 2: THE NORMALITY OF FINANCIAL RATIOS

—

. x 2 .
HO: CYi/XiI‘h N{g, o), for all i¢€I.

Financial Deakiﬁ's K-S test | S.I.C. 2-digit | S.I.C. 4-digixz
. Raticsé! aesulté/ Reéultsf Industriesg! Indust:iasg/
ca/cL 19 (100%) | 5 (100%) 21 (954} 8 (80%)
cF/TD n.a. S (L00%) 22 (100%) 8 (80w)
D/ TA 4 (21v) 5 (100%) 22 {100%) 9 (90%)
 QA/NS 19 (100%) S (100%) 21 (95%) 7 (70%)
NI/NS a.a. S (100%) 21 (95%) - 4 (40%)

E-/C:A: Current Assets , CL: Current Liabilities , CF: Cash Flow ,
TD: Total Debt , TA: Total Assets , QA: Quick Assets ,
NS: Net Sales , NI: Net Incomg -

5/

= Each entry in this table indicates the number and the proportien {(in
brackets) of tests that reject the null hypothesis of ncrmality. All

the tests in this paper are reportad at 5% significance level. Deakin
applies chi-square test to the whole Compustat data of 1954 %o 1572

(19 vears). He does not study CF/TD and NI/NS. However, he examines
another two ratios: CA/TA and NI/TA which are nox rzeported here.

Except for 15 years of TD/TA data, all Deakin's tests have rejected the
null hypothesis.

</

~ We apoly the K-35 tests to the whele Compustat cata for each of five
vears (1961, 1365, 197Q, 1873, 1980).

E/We apply the X-S tasts to the data of 22 5.I.C. 2-digit industries

in 1975,

e/

= The K-S tests are applied to the data of 10 §.I.C. 4-digic industries
in 197S.
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TABLE 3: MARGINAL CONTRIBUTION OF FACTORAL CONTROL

QF MODEL 3 OVER MCDEL 1

Number of Rejections at 5% Level
Financial Ratios Qut ¢f 50 Tests
CA/CL 24
cT/TD 28
TD/TA 32
QR/NS 15
NI/NS 16
1l9 _
Total 330 47.6%
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TABLE 2: INTIRTEMPCRAL INDEDENDENCY CF ACCCOUNTING DATA
Current Asset/Currant Liabil-:iesgf
Paarson Correlation Pearson Correlation
Industzy 1980:1875 1880Q:1870
1311 0.50 6.21"
2200 0.74 Q.49
230Q 0.8Q - Q0.52
2911 0.42 C.4%
3310 Q.76 0.52
3679 0.61 0.32"
37l4l 0.65 Q.68
- 4511 0.18" 0.3
4911 0.31 0.21
5311 0.73% 0.83

a . . . =

— The accounting data have heen refined by model 4a. Tach
entry indicates the Fearscn Correlazion between tha data
2f two different periods.

2/

= The null hypcothesis of no correslation cannot be rejectad
at 5% significance level.
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Appendix
THE EFFECTS OF INDUSTRIAL FACTORS AND ECCNOMIC ENVIRCNMENT
QY THE NORMALITY OF ACCOUNTING NUMBERS:
AN ANQVA TEST
In this appendix, we plan to test the following three null hypotheses:
HO{T): After blocking the data according to the S.I.C. 4-digit code, the

pregence of normality in the refined data is independent of the

industrial block.

Hy(2): Assumptions 2 and 3 apply equally well to all five accounting numbers

under study. Consequently, the presence of nermality in the refined

data is independent of the category of the accounting number.

Hg(3): Assumptions 3 and 4 apply equally well to all the time periods.
Consequently, the presence of normality in the refined data is

iﬁdependent of the time period.

In this study, we have done 1,250 tests which are generated by one test
each on ten industries, five categeories of accounting numbers, five vears, and
five models.’ We assume that there are no interactions among these four
classificationsg, since normality is an ex ante property of data and these four
classifications are chosen ex post by us. We cannot think of "any reasons for
the presence -of the interaction.

Since the entry in our ANOVA test is the binomial proportion, the
variance of each entry depends on the magnitude of the proportion.

Consequently, the variance is not constant for all.entries. To mitigate this

Ithere are six models available for factorial control, but not every one
of them is applicable to all the accounting numbers. On the average, we have
five models for each category of accounting numbers.
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probleﬁ, we can take an arcsin transformation of the proportion as follows:
Angle = Arxcsin YProportion -

After the transformation, each entry of our ANOVA test is an angle which has
an approximately constant variance. The results of ANCOVA tests are given in

Tables A3 and Ad.
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TABLE Al

S.I.C. 4-Digit Code and Nommality¥

Industry CA/CLQ/ CF/TDE/ l TD/THQ/ QA/NSS/ NI/NSE/ Tozal
1311 27  (90w) le (64%) 19  (95%) 25  (10C%)| 14 (56%) 101 ‘(Sl%)
2200 15 (soa) | 13 (52%) | 15 (75%) | 14 (52%) 3 (36%) | 66 (53%)
2300 22 (73%) | 2L (84%) [ 1S (75%) | 13 (42%) | 16 (B4%) | 87 (70%)
2911 18 (60%) -| 11 (44%) | 13 (65%) | 17 (68%) | 12 (48%) | 71  (57%)
3310 18 (60%) | 13 (52%) | 17 (85%) | 22 (88%) . 17 (68%) | 87 (70%)

3679 14 (47%) | 17 (68%) | 11 (55%) | 15 (60%).] & (24%) | &3 (50%)
3714 11 (37%) | 12 (48%) | 15 (75%) | 11 (44n) | 10 (40%) | 59 (47%)
4511 7 (23%) 5 (20%) g (45%) 8 (32%) 5 (20%) | 34 (27%)
4911 ls‘.(sox) 10 (40%) | 13 (65%) | 10 (40%) S (20%) | 53 (42%)
5311 10 (33%) | 11 (44%) 6 (30%) 5 (20%) 5 (20%) | 37 (30%)
Total |157 (52%) |129 (52%) |[133 (67%) |140 (56%) | 99 (40%) [638 (53%)

a/ ‘
= Each entry of this table indicates the number and proportion of tests

rejecting

b/

the null hypothesis of normality at 3% significance lewvel.

~ Number of tests in each entry is 30, & (models) X § (years).
c
= Number of tests in each entry is 23, $ (models) X § (years).

~ Number of tests in each entxy is 20, 4 (models) X 5 (years).
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TABLE AZ

a/

Year ca/cry /¥ o/ oanss | wr/msE Total

1980 | 25 (42%) | 23 (46%) | 24 (s0%) | 27 (54%) | 15 (30%) 1114 (46%)
1975 | 41 (68%) | 30 (60%) | 33 (83%) | 33 (86%) | 22 (44%) |159 (64s)
1970 | 43 (72%) | 33 (66%) | 31 (78%) | 29 (S3%) | 20 (40%) 156 (623)
1965 | 25 (42%) | 26 (523) | 28 (70%) | 26 (52%) | 24 (48%) |129 (52%)
1961 | 23 (38%) | 17 (34%) | 17 (40%) | 25 (S0%) | 18 (36%) |100 ' (40%)
Total|157 ' (52%) [129 (52%) [133 (67%) {140 (S6%) | 99 (40%) |638 (53%)

a L .
.<—/Eacn entry of this

rejecting

13-/b‘h.xml:ez‘:

.e/.

= Numker

of

of

a/ :
= Number of

the null
tests in
tests in

tests in

table indicates the number
hypothesis of normality at

each entxry

each entry

each entry

is 80, 6 (models) x 10 {industries).

and proportion of tasts
5% significance level.

is 50, 5 (models) X 10 (industries).

is 40, 4 (models) X 10 {industries).



ANQVA:

Source of variation.

Main effacts
IND
RALIC
Explained

Residual

Total

Source of variaticn

¥ain effects
YEAR
RATIO

Explained

Residual

Total

e 30 -

TABLE A3
Sum of
Sgquares af
7152.395 13
5662.928 g
1489.467 4
7152.398 13
2372.750 36
9525.145 49

TABLE A4

ANOVA: Year and

Sum of
Sguares

13596.347
747.830
648.518

13%6.247
343.914

1740.262

16

24

Industries (Ind) and Ratio

Mean
Squars

550.184
629.214
372.367
550.184

§5.910

194.3581

Ratio

Scuare
174.543
186.957
182.12%
174.543
21.495

72.511

w0

w

"™

. 348
.547
.650

. 348

I

.120
.698
.543

.120

Significance
of F
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Footnotes

*Associate Professor, University of Pennsylvania. This paper has
benefitted from comments by participants of workshops at the University of
Chicago, University of Pennsylvania, Columbia, NYU, MIT, SUNY/Buffaloc and
the Sixth International Symposium of Multivariate Analysis. John Plaxton
has contributed significantly as a research assistant. The incisive and
insightful comments of Jim Patell, Nick Dopuch, Nick Gonedes, Richard
Leftwich and Ro Verrecchia have greatly improved this paper. I take
responsibility for any errors that remain,
1If all the systematic factors have been properly controlled, the
refined data are white noises which by definition are IID.

2A1though the spirit of our study is very similar to that of Lev and
Sunder (1979), i.e., we all try to find a rigorous methodology to analyze
financial data, our focus is rather different. While Lev and Sunder are
concerned with the industrial norm properties, I am more interested in the
preperties of refined individual data. This difference in focus will
become clear in Section II.

3

Hence, the systematic factors are defined as those variables in set

~

.Si which cause the heterogeneity and dependency across Yi'

uAfter all the systematic factors have been controlled, the refined
data would be pure white noise and cross-sectionally independent. However,
in reality, it is impossible to control all the systematic factors, and the
refined financial data can be cross-sectionally and interemporally corre-
lated, When the assumption of independency is violated, the test of
normality is not conclusive; the test results should be interpreted
descriptivelly, not conclusively. However, because the controls for _
systematic factors are much more extensively and carefully exerted in this
paper than in Deakin's (1976) work, our test of normality should be more
conclusive,

5For example, all that Watts and Zimmerman (1978) demonstrated was
that the size of a firm is an important factor on the advocacy of account-
ing standard. Their model was one of many possible interpretations of the
empirical evidence of size-effect,

Lee and Hsieh (1983) argued that the size effect and the industrial
effect on the choice of inventory accounting methods reflect the underlying
differences in production-investment opportunity sets.

6We'assume the industrial effect has been appropriately controlled by
the 3.I.C. classifiecation,

7Bey and Pinches (1980) give a comprehensive survey on the test
methodology pertinent to heteroscedascity.
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8Our sample size varies from case to case. - Instead of omitting a
constant number of data, we omit the middle 15% of the sample data.
Therefore, the value of ¢ depends on the sample size.

9In Section IV, we do find that the K-S test is much more powerful
than the chi-square test.

1OFor‘ example, see Beaver (1966), Altman (1968), Libby (1975), Abdel-
Khalik and Al-Sheshia (1980), and Ohlson (1980)}.

11Deakin is aware of the systematic factor of industrial faectors, but
he devotes most of his effort to investigating the normality without
controlling such an effect,

12Ther'e are no data for the 1954 test on the ratio of Current
Assets/Total Assets. Hence the number of tests is 5 x 19 = 1 = 04,

13Only three years of our study overlap with Deakin's (1961, 1965,
1970}, among which 19654 and 1970 are the "exceptions," i.e., the null
hypothesis of normality on Total Debts/Total Assets ratios are not rejected
at the 5% significance level in 1965 and 1970.

14The 22 8.1.C. 2-digit industries are 13, 20, 22, 23, 27, 28, 29, 30,
33, 34, 35, 36, 37, 38, 39, 49, 50, 51, 53, 54, 60 and 73. A deseription
and list of firms can be found in the Compustat Manual (1981). The ten
S5.I.C., 4=digit industries have been discussed in Section IV.

15A priori, neither model dominates the other. Model 1 does not exert
perfect control for either the mean-shifting or the vraiance-shifting
factors. If only the mean-shifting factors are present, Model 2 can do a
perfect job.

16In short, we just call it Model Y4 in those analyses related to Tables
6 and 7.

"ysing Quandt-Likelihood Ratio and Brown-Dubin-Evans test, Lee (1983b)
demonstrated significant increase in structural shift in makret equations
(CAPM) during the '70s. The financial market structure in the '70s is less
stable in the '60s.

18For a rigorous account of ergodicity, see Hannon (1970, p. 201)}.
Foster (1978) has also found a high autocorrelation in financial ratios.
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