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IMPROVED FORECASTING THROUGH THE DESIGN OF
HOMOGENEQUS GROUPS*

EDWIN J. ELTON AND

The purpose of this paper is both to
discuss the need to disaggregate econom-
ic data into meaningful groups in order
to better understand and forecast the
future course of economic phenomena,
and to illustrate with a specific example
that such disaggregation can lead to im-
proved results.

The reasons for placing ohservations
into homogeneous groups has already
been documented by the authors but
will be reviewed briefly in the first sec-
tion of this paper.! The next section will
be concerned with the general procedure
for grouping observations. The remain-
der of the paper will discuss in some de-
tail the improvement in forecasting ahil-
ity that comes from a specific application
of grouping procedures to the problem
of forecasting earnings per share for a
large group of manufacturing concerns.
Forecasts prepared on the basis of sta-
tistically grouped data will be compared
with forecasts made on data grouped on
traditional industrial criteria as well as
with forecasts prepared by mechanical
extrapolation techniques.

THE HETEROGENEITY QF
HOMOGENEQUS GROUPS

In this section we will discuss the rea-
sons for grouping observations and will
show that the grouping of cbservations
is not unique but rather is determined

*The research for this paper was supported by
grants from the Institute for Quantitative Research
in Finance and by TTAA-CREF. We would like to
thank Steve Replen for computational assistance.

tAssociate professors of finance at the Graduate
School of Business, New York University.

MARTIN ]J. GRUBERT

by the general objective in grouping and
the specific problem under study.

The reasons for grouping observations
fall into two categories: (a) to isolate
homogeneous units that should act alike,
and (b) to isolate units which should
have the same structural relationship
between two or more variables.

Although, as the discussion below will
make clear, these reasons are not mu-
tually exclusive, nevertheless this dichot-
omy serves a useful purpose in under-
standing why we group.

THE NEED FOR HOMOGENEOUS GROUPS

One often tries to form groups of ho-
mogeneous units that have had or will
continue to have the same value for one
ot more variables. For example, the SIC
industrial codes can be viewed as form-
ing groups of firms which are homoge-
neous with respect to end product.

The SIC codes have also been used to
group firms for purposes of security and
portfolio analysis. Security analysts typi-
cally evaluate a stock by comparing its
performance against other stacks in the
same industry. For example, a company
may be judged to be a good buy when
its price-earnings ratio is low compared
with the average price-earnings ratio for
its industry. The assumption being made
is that the price-earnings ratio for an
industry is a good predictor of the price-
earnings ratio of each stock in the indus-

! Edwin J. Elton and Martin J. Gruber, “Homao-
geneous Groups and the Testing of Economic Hy-

potheses,” Journal of Financial and Quantitative
Anelysis 4 (January 1970): 581-602.
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try. Similarly, the typical portfolio man-
ager who attempts to obtain risk diversi-
fication by buying stocks from different
industries is acting as if he believed that
the SIC industrial classifications were
homogeneous with respect to market
risk.

The second reason for forming homo-
geneous groups is to find a sample of
ohservations (firms) within which the
same structural relationship between
two or more variahles exists. There are
two related conditions under which the
failure to properly select a sample can
result in the misspecification of the re-
lationships between two or more vari-
ables.

The first is where an omitted variable
is correlated with both the dependent
variable and one or more independent
variables.? The failure to hold the effects
of an omitted variable constant will re-
sult in biased regression coefficients,
biased correlation coefficients, and both
regression and correlation coefficients
which are extremely sample sensitive.?

The problem of omitted variables has
been recognized by several authors, and
the solution accepted has often been to
accept SIC industrial classification as a
suitable metric for homogeneity (regard-
less of the variable with respect to which
homogeneity was being sought). For ex-
ample, Modigliani and Miller restricted
their study of the effect of financial risk
on the cost of capital to one industry in
an. attempt to hold business risk con-
stant.* Similarly, many of the early stud-

2 Often the omitted variable cannet be included

in the regression equation because it cannot he specl-
fied exactly.

aFor 2 full explanation of the source of bias, see
Elton and Gruber {n. 1 above).

+ F. Modigliani and M. Miller, “The Cast of Cap-
ital, Caorparation Finance, and the Theory of In-

vestment," American Economic Review 48 (June
1958): 261-97.
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ies of dividend policy on cost of capital
or stock price felt that they could elimi-
nate omitted variable bias by restricting
their study to a single industry.?

The second case where homogeneous
groups are needed is where the magni-
tude or sign of a relationship between
twa variables can be affected by the val-
ue a third variable takes on. For example,
suppose we were examining a sample of
firms which finance their investments
solely from internally generated funds.
Then, one would expect a positive rela-
tionship between stock price and payout
for firms which earned a low return on
their marginal investment and a negative
relationship for firms which earned a
high. return. Pooling the data could re-
sult in a multiple regression which found
no relationship bhetween payout and
price, although in fact two very different
relationships were present.

Once again, the way to avoid the prob-
lem of nenhomogeneous relationships
has typically been to accept SIC indus-
trial classification as a suitable metric
for homogeneity and so to confine regres-
sion analysis to data within one industry.
This has been the practice in almost all
stock-pricing and cost-of-capital models.

These three reasons for grouping over-
lap to a considerable extent. For exam-
ple, one may try to find a group of firms
which are homogeneous with respect to
risk so that security analysts can ignore
risk in their analysis and so that port-
folio managers can treat the group as one
firm in determining appropriate diversi-
fication. Second, if risk is difficult to
measure, then one may try to find a
grouping that allows the relationship
between the two other variables to be
studied (e.g., stock price and growth)

5See, e.g., Myron Gordon, The Investinent, Fi-

nancing, and Valualion of the Corporation (Home-
wood, IiL.: Richard D. Irwin, Inc., 1962},
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without having to worry about the effect
of risk. On the other hand, if a measure
of risk can be found, one might consider
entering it into the regression equation
as a second independent variable (rather
than confining the study to a homoge-
neous risk group) unless the relationship
between stock price and growth changes
for different levels of risk. If it does
change, we should group for the third
reason. outlined above.

HOMOGENEITY AND TRADITIONAL
INDUSTRY GROUFPINGS

Both the practice of security and port-
folio analysis and the empirical testing
of theory in finance has been based on
either implicit or occasionally explicit
groupings of firms. The groupings em-
ployed by almost all authors have been
the same—SIC industrial classification.
In other words, the assumption has been
made that classification by end product
is a suitahle technique for grouping in
almost all studies in finance.® But we
have a host of evidence that grouping by
industries is not particularly suitable for
most of the purposes for which it is em-
ployed. Let us review some of the evi-
dence.

As mentioned earlier, industry group-
ings are often used as a basis for compar-
ative analysis by the security analyst.
For example, the analyst will typically
compare price-earnings (P/E)} ratios for
a stock with the typical P/E ratio for
the industry. Breen has tested the prof-
itability of buying high-growth low-P/E-
ratio stocks.” His study defined low P/E
ratios both in absolute terms and rela-

¢ See, e.g., ibid.; Ronald Wippetn, “Financial
Structure and the Value of the Firm," Jfournal of
Pinance 21 (December 1966): 615-33; F. D. Arditti,
“Risk and the Required Return on Equity,"” Journal
of Finance 12 (March 1967): 19-36; and Martin J.

Gruber, The Determinants of Comman Stock Prices
{College Park : Pennsylvania State University, 1971},
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tive to the industry average P/E ratio.®
Buying stocks with low P/E ratios rela-
tive to the industry means yielded a low-
er rate of return than buying stocks with
a low P/E ratio relative to the overall
means. This indicates that using tradi-
tional industries as a homogeneous
group did not aid in formulating a strat-
egy to produce high rates of return. This
does not indicate that a proper grouping
did not exist, but it does indicate that
the SIC industrial classifications were
not appropriate.

Similar conclusions can be drawn with
respect to portfolio analysis. Coben and
Pogue attempted to see if introducing
industry effects into the Sharpe model
could improve portfolic performance.?
Sharpe assumed that the interrelation-
ships between the price movements of
stocks could be expressed in terms of
their movement with an index of general
stock-price movement. Cohen and Pogue
added a second influence—the maove-
ment of stocks with their respective in-
dustrial average.!® Cohen and Pogue’s
model did not outperform Sharpe’s sim-
ple market model, indicating that no

T William Breen, “Low Price-Earnings Ratios

and Industry Relatives," Financial Analyst Journal
24, no. 4 (July/August 1968): 125-27.

4 Gince differences in growth rates were adjusted
fer in the Breen study, we can consider differences
in P/E ratios as due to risk plus market imperfec-
tions. Adjustment by the industry-average P/E can
be viewed as an attempt to correct for risk differen-
tials between industries.

98ee K. Cohen and J. Pogue, “An Empirical
Fvaluation of Alternative Portfolio Selection Mod-
els,”" Journal of Business 40, na. 1 {January 1967):
163-93; and William Sharpe, A Simplified Model
for Partfolio Analysis,” Management Seience 9, no. 2
(January 1963): 277-93.

18 Cohen and Pogue actually tested two tnodels.
In the first model, the industrial averages were as-
sumed to he uncorrelated except for their comman
movernent with the averall market, In the second,
the industrial averages were assumed to have co-
vatiance above that due to movements with the
general market.
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new information was gained by viewing
stocks as members of traditional indus-
tries.!!

We can also question the use of in-
dustrial classification as a method of
holding certain variables constant. In
finance, the most common variahle re-
searchers desire to hold constant is busi-
ness risk. Wippern has used an analysis
of variance to test differences in the sta-
bility of net operating income (his mea-
sure of business risk} within and between
industries.” He found that there was
virtually no difference and concluded
that his testing “provides clear evidence
that industry groups do not provide an
adequate hasis on which to insure homo-
geneity of basic business uncertainty.”
If, in fact, an industry was a homoge-
neous risk class, then the relationships, as
hypothesized by Modigliani and Miller,
between cost of capital and financial
risk should be reasonably stable across
samples of firms from the same industry.
Keenan has demonstrated the extreme
sample sensitivity of the Modigliani and
Miller models with small random changes
in a one-industry sample, indicating
clearly that the industries he tested are
not homogeneous risk classes.!? A differ-
ent homogeneous group must be found
in order to hold business risk constant.™

The normal solution to the problem

I Bepjamin King (“Market and Industry Fac-
tors in Stock Price Behavior,” Journal of Business
39 [January 1966]: 139-90) provides evidence that
traditional industrial groupings explain part of the
historical variability in the firms' rate of return.
The results of his study suggest that seme tradition-

al industrial grouping might be appropriate for port-
falio selection.

12 See Wippern {n. 6 above),
1B M. Keenan, “Toward a Positive Theory of

Equity Valuation® (Ph.D. diss., Carnegie Institute
of Technology, 1967).

4], Friend and M. Puckett, “Dividends and
Stock Prices,” American Foonemic Review 54 (Sep-
tember 1964): 656-82.
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of holding the effect of omitted variables
constant has been to introduce additional
variables (as proxies of the previously
omitted variable) into the regression
equation. Problems can still arise be-
cause some variable correlated with both
the dependent and one or more indepen-
dent variables has been omitted or be-
cause the nature of the relationship be-
tween some of the variables changes as
the magnitude of an included variable
changes. Such problems would be evi-
denced by extreme sensitivity of the re-
gression parameters to changes in the
sample,

Keenan has used analysis of covari-
ance in examining the models presented
by Barges, Benishay, Gordon, and Mo-
digliani and Miller.’® In this study, Kee-
nan has shown that the parameters of all
the models which he tested are so ex-
tremely sample sensitive that the remov-
al of one or two firms from the sample
can change the sign of the regression
parameter even when all firms in the
sample are drawn from the same uni-
verse. A similar result is contained in
Durand when he demonstrates that a
stock-pricing model can yield statisti-
cally significant differences in param-
eters when it is estimated across geo-
graphical subsectors of an industry.!®

The purpose of this section has heen
both to show the necessity of finding
homogeneous groups of ohservations and
to demonstrate that one particular

15 See Keenan (n. 15 above); Alexander Barges,
The Effect of Capital Structure on the Cost of Capilal
{Englewood Cliffs, N.].: Prentice-Hall, Inc., 1963);
H. Benishay, “Determinants of Variahility in Earn-
ings Price Ratios of Corporate Equities” (Ph.D.
diss., University of Chicago, 1960); Gardon {n. 8
above); and Modigliani and Miller (n. 4 above).

1€ David Durand, Bank Stock Prices and the Bank
Capitel Problem, Wational Bureau of Economic Re-
search, Qccasional Paper no. 54 {(New York: Na-
tional Bureau of Econamic Research, 1957).
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grouping (specifically that based on SIC
industrial classification) is not an appro-
priate grouping for all purposes. The
grouping of observations that is appro-
priate for any study depends on the ob-
jective of the study and the nature of the
process under investigation. One must
first decide on why one wants homoge-
neous groupsand then, with that objective
in mind, select a variahle or group of vari-
ahles with respect to which homogene-
ity is desired. For example, in seeking a
group of firms which are homogeneous
with respect to business risk, one might
well be content to find firms which have
had the same amount of variation in
past operating earnings.’ This, rather
than industrial classification, should be
the basis of grouping.

In the next section of this paper, we
will discuss the way hamoageneous groups
of observations can he formed once a set
of variables with which homogeneity is
desired has been selected. We will then
present a case study that illustrates the
improvement in forecasting ability which
can be obtained through the use of group-
ing techniques.

AN ALTERNATIVE METHOD OF FORM-
ING HOMOGENEOUS GROUPS

An alternative to grouping on the ba-
sis of traditional industries is to group on
the basis of a variable or set of variables
which are deemed relevant for the prob-
lem under study. If ¥ variables are cho-
sen as relevant for grouping, each firm
can be viewed as a point in N-dimen-
slonal space. The distance between firms
can be measured by simple Euclidean
distance and firms grouped according to
their distance from other points® This
grouping can be accomplished by using
cluster analysis, which, in its present

1?7 Assuming such variation is a proxy far the ba-
sic uncertainty associated with earnings.

THE JOURNAL OF BUSINESS

state of development, consists of 4 group
of heuristics for partitioning points in
N-dimensional space into groups. The
clustering algorithm used in this study
combines points which are close together,
in order to minimize the sum of the
squared distance between each point and
its group centroid.’®

In order for this process to yield rea-
sonable groupings, the method of mea-
suring interpoint distances in the N-di-
mensional space must be meaningful.

If we locate all irms in N-dimensional
space and clustered on the basis of the
Euclidean distance between firms, then
the groups that would result would de-
pend on the scale of the original variables
and the extent of their orthogonality.
For example, the squared distance be-
tween two points is:

N
Dy = ;(Pji — Pui)?, (1)

where (1) D;;, = the Euclidean distance
firms j and &, and (2) P;; = the value of
variable 7 for firm j. If two variahles P,
and P, are perfectly correlated, then it
is obvious from (1) that their influence
is counted first as Py — P and then as
P — Pja, or double counted. The great-
er the correlation of P, with other vari-
ables, the greater the effect of the com-
mon influence.

Further, from (1) it is obvious that
the scale of the data influences the dis-
tance measure. If each P, is in units of
thousands rather than millions, then the

14 We will take up the problem of using Euclid-
ean distance in the unadjusted N-dimensional space
shartly.

12 Other objective functions assumed are maxi-
mization of the squared distance between group
centroids and the minimization of average squared
distance between all points within a group. These
are equivalent to the one in the text. See Elton and
Gruber (n. 1 ahove) for proofs of the equivalence as

well as for a discussion of clustering techniques
which. assume different abjective functions.



IMPROVED FORECASTING

influence of P, is 1,000-fold higher.

Unfortunately, in most ecorlomic prob-
lems, the variables are multicollinear and
the scaling of the variables is arbitrary.
It would be very undesirable if multi-
collinearity and the scaling of variables
affected final groupings.

Fortunately, a technique exists for
decomposing a set of wvariables (axes)
into a new set of variables that are hoth
orthogonal and insensitive to the unit of
original measurement. The first step is to
perform a principal components anal-
ysis of the correlation matrix of the raw
data. This produces a new set of vari-
ables (axes) which are a linear transfor-
mation of the original variables and
which are uncorrelated with each other.
The new variables (axes) are ordered by
their ability to account for the original
joint variation in the data. That is, the
first principal component explains the
greatest amount of variation of the orig-
inal data. These new variables now de-
fine an N-dimensional space in terms of
orthogonal directions.?

The value of any new variable for any
firm can be found by simply multiplying
the relevant factor loadings by the nor-
malized value of the original variables
for the firm* By repeating this proce-
dure for each new variable, we can lo-
cate any firm in an orthogonal N-dimen-
sional space.

However, the distances defined in the
principal components space will still be

% One may use the information produced by the
principal components analysis to decrease the di-
mensionality of the space in which firms are exam-
ined. The first P components where P < N may
explain so much of the original variation (e.g., 99
percent or more) that one is willing to assume that
these P dimensions capture the relevant differences
between firms,

21 There is one set of factor loadings for each new
variable. The values of each original variable are
normalized across all irms to 2 mean of zero and 2
standard deviation of one.
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determined by the amount of correla-
tion in the original data, despite the fact
that the space is defined in terms of or-
thoganal dimensions. The variance of
the values of any new variable will be a
function of the ability of that compo-
nent to account for the original joint
variation in the data. The more highly
correlated the original variables, the bet-
ter a particular component can account
for original variance, and so the larger
the interpoint distances will be in that
dimension. This again would result in
the double counting of correlated vari-
ahles and is likely to lead to the over-
powering of important firm differences.
To overcome this problem, one need
only divide each new variable by its stan-
dard deviation {eigen value) across all
firms.* This will produce a set of firm
measurements and differences which are
hoth insensitive to the correlation and
scale of the original variables and so can
he used to group firms.»

FORECASTING EARNINGS—
AN APPLICATION

This section illustrates the application
of grouping techniques to a particular
problem and shows that these techniques
can improve forecasting ability. The par-

22 This procedure can be simplified by dividing
the eigen vectors by the eigen values before comput-
ing factar scores. For tore rigorous proof of the
analysis in this section, see Donald Farrar, “Multi-
variate Measures of Profile Similarity for the Ob-
jective Stratification of Economic Data™ {(warking
paper, Alfred P. Sloan School of Management,
M.IT., 1968).

% Tf all adjusted principal components are used
to group firms, one can pick up and misinterpret
large amounts of random ncise from the last few
compenents {which usually explain very little of the
variance in the original data). To overcome this
problern, one will usually use a number of principal
camponents which is smaller than the pumber of
variables included in the analysis. There is no op-
timum way ta decide on the number of components
to use and the ultimate justification for our choice
must rest with the usefulness of our results.
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ticular problem we chose to study was
the forecasting of earnings per share for
industrial corporations.

This problem was selected for several
reasons:

1. Almost every wvaluation and cost
of capital model reported in the litera-
ture employs an earnings or earnings-
growth variable.* Furthermore, the re-
sults of these models have proven to he
extremely sensitive to the way the earn-
ings or growth variable was defined.

2. We had already explored a series of
more naive techniques for forecasting
earnings per share, and so a bench mark
existed against which to judge the re-
sults of this study.®

3. We felt that the determinants (fore-
casts) of earnings per.share were not
homaogeneous across all companies and
that improvement in forecasts would re-
sult from the substitution of statistical
grouping techniques for groupings hased
on final product.

The first steps which had to be taken
in the study were the selection of criteria
with respect to which we wished our
groups to be homogeneous and the selec-
tion of a set of variables which could be
used to forecast earnings per share with-
in each group.

These are not really independent prob-
lems. We felt that earnings per share
could be forecast by relating the change
in earnings per share to corporate vari-
ables. The definition of the wvariables
used to predict earnings per share are
included in Appendix B. In general, this
list includes measures of the type and
size of sources of funds (e.g., 1, 2, 3, 4},

* Benishay (n. 15 above); Gordon (n. 5 above};

Gruber (n. 6 above); Modigliani and Miller (n. 4
above); Wippern (n. 4 ahove).

% See Edwin J. Elton and Martin J. Gruber,
“Earnings Forecasters and Esxpectational Data,”
Management Science (in press).
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measures of uses of funds (e.g., 11, 12),
measures of profitability (eg., 14, 20),
measures of historical growth rates (e.g.,
15, 16, 17), and measures of liquidity
(e.g., 6, 7, 18).2 While these variables
should, in general, be good predictors of
earnings per share, the way in which
different firms responded to change in
any variable might differ. For example,
a decrease in profitability for a firm with
a cyclical earnings pattern may mean a
very different thing from a decrease in
profitability for a firm which has dem-
onstrated a steady growth in earnings.

We wanted to place firms into groups
which had had the same earnings-growth
pattern over time. This was done he-
cause we felt that, if firms have demon-
strated the same pattern of growth over
time (management reacted the same way
to changes in economic condition), then
differences in such things as profitability
or liquidity would be likely to trigger the
same reaction on management’s part and
so have the same effect on future earn-
ings.

Having decided on the variables to
use in forming homogeneous groups for
the purpose of forecasting, the next step
was to design our basic sample.

The sample could have been formed
by randomly selecting a predetermined
number of firms.* However, it was de-
sirable to have a large sample of firms
from each of several traditional indus-
tries so that {a) the dispersion of firms

26 The particular definition of an influence (such
as profitability) that we use is, of course, somewhat
arhitrary. The actual list of definitions was obtained
from standard defnitions reported in the literature
and frem the suggestions made by officers of thirty
large financial institutions. These suggestions were
made after hearing the research proposal on which
this study was hased.

¥ Qur universe is biased in favor or large firms,
since we restrict it to firms included on the compu-
stat tape.
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from traditional industries across our
homogeneous groups could be studied,
and () we could compare forecasts
based on assuming that each traditional
industry is a homogeneous group with
forecasts based on our pseudoindustries
(statistically homogeneous groups). To
accomplish this, stratified sampling was
employed.®® We selected nine large four-
digit-industry classifications at random
from among those included on the com-
pustat tape and included all firms with a
suitable history from each of these tradi-
tional industries.®® Sixty-one additional
firms were then selected at random from
the compustat tape. These firms were
included so that we could examine
whether they would cluster with tradi-
tional industries or segments of tradi-
tional industries or whether they would
remain as outliers. Qur final sample con-
sisted of 180 firms representing forty-
four industries. Qur sample classified by
both traditional and pseudoindustry is
presented in Appendix A.

The next step in the study was to find
homogenecus groups of firms. Annual
growth rates in earnings per share were
computed using earnings-per-share data
for the years 1948-63.% This gave us
fifteen growth rates for each of our L80
companies. Principal components anal-
ysis was then performed on the correla-

# All irms for which the compustat service did
not record earnings in one ar more years from 1953
to 1966 or which reported negative earnings from
1953 to 1962 were eliminated from the sample, This
was done so that the final results could be compared
with the outcome from mechanical techniques re-

ported in Elton and Gruber (n. 25 above). This also
biases our sample in favor of large, stahle firms.

# This meant that the probability of a firm heing
selected in the first part of our sample was a function
of the number of firms in the industry to which it
belonged.

3 Data for the years 19464, 1965, 1946 are not
used in the analysis, for the clustering patterns ob-
tained are to be used to test forecast accuracy for
these years.
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tion matrix of the raw data. The results
of the principal components analysis
(both eigen vectors and eigen values)
are reproduced in Appendix C. As can be
seen from the eigen values in Appendix
C, the first eleven principal components
accounted for 88 percent of the variation
of the raw data, while the next four only
accounted for 16 percent. The decision
was made to cluster the data in terms of
eleven orthogonal axes (principal com-
ponents).3 As discussed earlier, if prin-
cipal component scores for each company
were computed simply by multiplying
the eigen vector {principal component
loadings) for each component by the
standardized growth rates for each com-
pany, the resultant scores would still be
a function of the amount of correlation
in the raw data. To correct this, each of
the first eleven principal components
was standardized by dividing its eigen
vector by the square root of its eigen
value (which is the same as the standard
deviation of the principal component
scares on that component). The resul-
tant standardized principal component
loadings are displayed in Appendix D,
The principal component scores were
calculated for each firm in terms of
these standardized principal component
loadings. We now had a score for each
firm on each of eleven standardized
principal components.® We viewed each

% The decision as to how many of the principal
components to preserve must, to same extent, be
arbitrary. Preserving all components standardized
ta upit variance would pick up and magnify the
large amount of random fluctuations contajned in
the last few principal components. Using too few

principal components would ignore important di-
mensions of the ariginal data.

2We can express this analytically as follaws.
Let &G; stand for the vector of standardized growth
rates for firm 4 over time; F; stand for the vector of
principal component loadings for camponent § (the
eigen wvector for companent §}; and k;, the eigen
value for compaonent j. Then the standardized prin-
cipal components loadings in Appendiz D are de-
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of the 180 firms as a point in eleven di-
mensional orthogonal space and employed
clustering techniques to group them in
terms of Euclidean distance. Specifically,
we grouped firms by sequentially com-
bining a firm (or a previously formed
group) with the firm or group to which it
was closest in terms of Euclidean dis-
tance. This sequential process was con-
tinued until further aggregation in-
volved a “large” change in within-group
distances. At this point, there were ten
groups. The composition of the groups
we obtained are presented in Appendix
A,

THE FORECAST PROCEDURE

Having obtained pseudoindustries, we
are now ready to examine the usefulness
of these groupings for forecasting pur-
poses and to answer the specific question,
“Do these grouping techniques yield
better forecasts than aggregation along
traditional industry lines?”

The first step in the experimental de-
sign was to. select the method for fore-
casting earnings per share within each
group. The specific procedure adopted
involved running a cross-sectional, step-
wise regression within each group and
using the regression equations to esti-
mate future earnings. In running the
regression, the dependent variable was
defined as the change in earnings be-
tween the end of 1960 and 1961; while
the independent variables were those
presented in Appendix B, calculated as
of the end of 1960. Independent vari-
ables were added to the regression until
no excluded variables were statistically
significant at the 1 percent level.®

rived from the raw principal component loadings in
Appendix C by calculating F;/),. Furthermore, the
principal component score of firm i on component §
{ar the location of firm ¢ in the jth dimension) is
equal ta G.Fi/N.
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The regression equations which meet
the above criteria differed both across
pseudoindustries and traditional indus-
tries. Most equations contained some
measure of sources of funds (1, 2, 3, or 4),
profitability (14 or 20), and/or past
growth rates (15, 16, 17). Though the
measure of each of these influences which
entered the forecasting equation differed
from one industry to the next, each en-
tered with a plus sign. This is what one
would expect since the higher the profita-
bility, the higher the historic growth
rate; or the more funds raised by a firm,
the higher one would expect future
growth to be. All of the regressions had
statistically significant coefficients of
determination, Hawever, the perfor-
mance of the models should be deter-
mined by their forecasting ability {which
we discuss below) rather than by their
R2,

After establishing the parameters of
the regression equation, we forecast the
value of earnings for 1964. This forecast
was prepared by calculating the value of
the independent variables as of 1963,
substituting in the regression equations
discussed above and adding the esti-
mated change in earnings to the actual
earnings for 1963.%

9 Alternative procedures might be used for es-
tablishing the best forecasting equations. However,
since our emphasis is on establishing the usefulness
of pseudoindustries and since a large number of
forecasting equations had to be established for

pseudoindustries (ten) and for traditional industries
fnine), we felt such a procedure was justified.

# The question may arise as to why we estimated
earnings for 1964 rather than for 1962. Most of the
independent variables used in our regressions were
constructed in terms of three-year averages of data
(in order to damp out random fluctuations). If we
had recalculated the independent variables as of
1961 in order to forecast for 1962, twao out of three
of the observations used in constructing the in-
dependent variables would be the same as those
used in running the regression. To avoid this prob-
ler, the period ending in 1963 was used in defining
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The next step was to select a proce-
dure for comparing forecast techniques.
I't was desirable both to select an external
criterion against which our forecasts
could be compared and to set up a pro-
cedure for analyzing the statistical sig-
nificance of results.

In an earlier study we compared nine
techniques for forecasting earnings, us-
ing mechanical extrapolation techniques
against each other and against analysts’
estimates.® The results of this study
showed that one technique dominated

the other mechanical techniques at a -

statistically significant level. Further-
more, the performance of this technique,
an exponentially weighted moving aver-
age with an arithmetic trend, could not
be differentiated from the performance
of the security analysts at the three
large financial institutions studied (see
Appendix E).* Forecasts using this
technique should be & useful bench mark
against which to judge the performance
of our within-group regression.

the independent variables, If this gap in time intro-
duces a bias, it should increase the inaccuracy of
our regression results rather than work in favor of
our results.

# The sample for this earlier study was identical
with the sample used in this study, The nine forecasts
were prepared in the following manner: (1) the pre-
vious year's earnings plus the previous year’s change
in earnings; (2) a four-year moving average; (3) a
moving average of optimum length; (4) a linear
regression on time; (5) a log linear regression on
time; {6) an exponentially weighted moving average
with an arithmetic growth trend; (7} an exponen-
tially weighted moving average with a geomet-
ric growth trend; (8) the same as (6) except an
arithmetic growth in the trend was added; (9} the
same as (7) ercept a geometric growth in the trend
was added. See Elton and Gruber (n. 25 ahave) for
a fuller description of the results and a detailed de-
scription. of the procedure used to determine opti-
mum weights for the exponential weighting,

3 The results of the camparison of the mechani-
cal extrapolation technique with the forecasts of se-
curity analysts are contained in Appendiz E. The
test used to analyze possible statistical differences
in the forecasts is discussed in the next several para-
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In order to measure differences in the
performance of our three forecasting
techniques (the exponentially weighted
moving average with an arithmetic
trend, regressions within traditional in-
dustries, and regressions within pseudo-
industries), we examined the frequency
functions of the differencesin the squared
error between various pairs of forecasts.
As an example, consider the determina-
tion of the frequency function used to
compare the exponential with the re-
gression within traditional industries.
One observation determining this fre-
quency function would be the squared
error in the exponentially weighted fore-
cast for company A minus the squared
error for the regression forecast for com-
pany A. When we repeated this for all
possible companies, we have one frequen-
cy function from which we can judge the
comparative performance of the two fore-
casting techniques. If the frequency func-
tion had all positive or all negative values
then this would indicate that one tech-
nique always had a lower squared error
than a second technique and that domi-
nance existed. Given the size of our sam-
ple, this would be unlikely to occur.
What could and did happen was that
some frequency functions had mostly

graphs of the text. None of the differences hetween
analysts’ forecasts and the mechanical forecasts
were statistically significant. Several comments are
in order concerning the analysts’ estimates. The
analysts' estimates come from three financial insti-
tutions. These Institutions were not selected at ran-
dom; rather, we would expect them to be among
those institutions that had praduced the best earn-
ings prajections. The investment-advisory service
was selected after analysts in a number of Onancial
institutions indicated that this was the service in
whose projections they placed the greatest faith.
Furthermore, the ather two institutions represented
the only ones among those contracted which were
willing to expose their forecasts to rigorous testing.
Since this had potential repercussions within their
awn. firms, this indicated some confidence in their
projections.
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positive or negative values and had a
mean significantly different from zero.
When the mean is significantly different
from zero, we can state that it is highly
unlikely that the techniques being com-
pared forecasted equally well, and we
will say that one technique is dominated
by a second.¥

The first comparisons we made were
over all firms for which we had either
type of within-industry forecast. Since
neither the classifications by SIC indus-
trial code nor by pseudoindustries in-
cluded all firms in our sample (nor did
the two classifications include the same
firms), we could not directly compare
pseudoindustry forecasts with forecasts
using SIC industrial classifications. In-
stead, we compare forecasts based on re-
gressions within traditional industry
groupings against mechanical forecasts
for the same firms and forecasts based on
regressions within our pseudoindustries

4 From the central limit thearem, we can state
that the distribution of the mean of our frequency
functions is normally distributed with mean equal
ta the mean of the frequency function and standard
deviation equal to the standard deviation of the
frequency functian divided by the square raot of the
number of observations. That the frequency func-
tions under question were derived from differencing
two variables should not bother the reader. The
central limit theorem states that, as the number of
observations increases, the distribution of the mean

is normally distributed, no matter what the original
frequency function.
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against mechanical forecasts for these
firms.*® The results are shown in table 1.
The forecast prepared using regression
analysis within pseudoindustries out-
performs the mechanical forecast at the
S percent level of significance. On the
other hand, the forecast prepared using
regression analysis within traditional in-
dustries is outperformed by the mechani-
cal technique at the(.1 percent level, The .
results indicate the dominance of pseudo-
industry forecasts over both mechanical
forecasts and forecasts prepared on the
hasis of traditional industries.

There is some possibility that these
results arose because of differences in the
pattern of earnings between firms which
were selected as members of pseudo-
industries and firms which were members
of traditional industries. For example,
mechanical techniques might just werk
better for those firms that are membhers
of traditional industries than they do
for those firms that are not members of
traditional industries but are members
of pseudoindustries. To avoid this possi-
bility, tests were repeated on only those
firms which had been grouped as mem-
hers of both traditional industries and

3 Only SIC industries and pseudoindustries with
five or more firms were included in preparing fore-
casts. Extremely small industries waould not allow

enough degrees of freedom far the regressian anal-
ysis.

TABLE 1
FORECAST COMPARTSON—ALL FIEMS
Mean Difference Standard Significance Level
Forecasting Techniques Compared in Squared Error Error of the Mean
{a-b)™ of Mean Difference { %)
a) Farecasts based on traditional
industry groupings 0. 8366 . 2360 0.1
b) Mechanical forecasts
o) Forecasts based on pseudoindustries _
b) Mechanical forecasts B 0.0907 <0445 3

#Tf the number is negative, technique a dominates technique b,
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pseudoindustries.* The results (reported
in table 2) once again support the domi-
nance of forecasts based on pseudoindus-
tries. Forecasts based on pseudaindus-
tries were statistically better than fore-
casts hased on traditional industries at
the 0.1 percent level and forecasts hased
on the mechanical model at the 10 per-
cent level. Once again, the mechanical
technique dominates forecasts based on
traditional industries at the 0.1 percent
level.

When the data were decompased and
forecasts prepared by each of the three
methods examined for each traditional
industry, the forecasts based on pseudo-
industries outperformed the forecasts
based on traditional industries for eight
out of the nine traditional industries with
the one reversal not being statistically

443

significant level for this year, it is possi-
ble that the results could differ for other
years. However, there is no a priori rea-
son to believe that this will happen. Fur-
thermore, previous tests have shown that
the ranking of alternative mechanical
techniques against each other and against
different analysts’ estimates are reason-
ably stable over time.

CONCLUSION

In this paper we have (1) discussed
the need to disaggregate ecanomic data

It is interesting to note the extent to which
traditional industries are rearranged among pseudo-
industries. We have noted the SIC number af the
traditional industry, the number of firms in eur
sample from that industry, and the pumber of
pseudoindustries into which the traditional indus-
tries split {see table helow).

significant.*? No. Pscudoindustri
N a L a. aclldonndustries
The results in this study have been T;::L‘;‘;“ No.Firms in |  among Which the
based on an intensive analysis of fore- No. Each Tndustry T““dml‘msall?:‘d“’“y
g aplu
casts for one year (1964). Although fore-
casts based on pseudoindustries outper- %ggg """"" f; g
form those based on traditional indus- 2012.7. . 16 5
tries, mechanical methods, and subjec- gg?g ''''' 12 g
tive analysts’ estimates at a statistically 3400. .. 4 4
3550.... ... 7 4
# The sample of firms that are included in both 3560, ... ... 8 3
groups consists of ninety-eight firms, as seen from 3714, ... .. 7 4
Appendix A.
TABLE 2
FORECAST COMPARISON—COMMON FIRMS
M Dift Standard Significanee Level
Forecasting Techniques Compared : esan a ; de;‘e n-:;e Etrer of the Mean
D Squar Tear af Mean Difference (%)
a) Forecasts based on traditional
industry groupings 0.8862 (2546 0.1
b)) Mechanical forecasts
a) Forecasts based on pseudoindustries
b} Mechanical forecasts } e —0.1185 <0692 10
a) Forecasts based on pseudoindustries
b) Forecasts based on traditianal -—1.0047 2549 0.1
industry groupings
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into meaningful groups in order to both
better understand and predict economic
phenomena; (2) presented a technique
which can be used to partition chserva-
tions into groups which are homogeneous
with respect to a predetermined set of
criteria; and (3) demonstrated that this
technique can lead to better estimates of
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earnings per share than a grouping based
on SIC industrial cJassifications. In addi-
tion, the forecasts based an our statisti-
cal groupings were shown to outperform
mechanical extrapolation techniques,
which we had previously shown to per-
form about as well as security analysts, 2

1 See Elton and Gruber (n. 25 above}.

APPENDIX A

WName of Company

Standard Industrial .
Classification Code Pseudoindustry

Chemicals:

2800 006900, ... .. .. P4

2800 013000, ... ... P2

2800 021900, ....... P6

2800 053841, ... .. ... ...l

2800 131500, ... ... P5

2800 144244 .. .| .. ..

2800 171700, .. ..., P7

2800 215701 ... .... P2

2800 225000, ... ... P4

2800 229300...... .. P3

2800 236400, ... .. . P3

2800 281740........ P4

2800 351700.. ..., .. P4

2800 359900... ... P4

2800 381200........ P3

2200 413600.. ... .. P8

2800 443000.. ... .. P4

2800 482800........ P3

2800 491010, ... .... P4

2800 512900, .. ... P5

2800 588500........ P1

2800 627900, . ... ... P3

2800 734100, .. . .. Ps
Drugs:

2830 026000. ., .. ... P3

2830 091000, . ... . .. P4

2830 313600, . ... ... P3

2830 397700, . . .. P4

2830 406300........ P4

2830 471000. ... .. .. P4

2830 479000, ... . P3

2830 543200. ... .. P3

2830 565800........ P4

2830 579000, .. ... .. P4

2830 591800, .. . .. P3

2830 619550..... ... P3

2830 648000. .. ... .. P3

2830 665500. . ... ... P3

2830 493600, ....... P4
Machinery apecialty:

3550 028100, . ... ..., ... ...

3550 079300, ... .. .. P2

3550 089200, . .., .. P1

3550 198800, . .. ... ... ... ......

3550 252200...... .. P1

Air Reduction Ca.

Allied Chemical Carp.
American Cyanamid Ca.

Atlas Chemical Industries, Inc.
Celanese Corp.

Chemetron Corp.

Commercial Selvents Corp.
Diamond Shamrack Corp.

Daow Chemical

E. I. Dupont de Nemours & Co.
Fastman Kodak Co.

FMC Corp.

Hercules, Inc.

Haoker Chemical Ca.
Interchernical

Kappers Co.

MacAndrews & Forbes
Minnesota Mining & Manufacturing Co.
Monsanta Coa.

National Lead Co.

Pittshurgh Plate Glass Co.
Rahm & Haas Ce.

Union Carbide Cortp.

American Home Products Corp.
Bristol-Myers Ca.

Gillette Co.

Johnsan & Johnson

Kendall Co.

Merck & Co.

Miles Laboratories, Inc.
Norwich Pharmacal Co.

Parke, Davis & Co.

Pfizer Uchasco & Coct Inc.
Plough, Inc.
Richardson-Merrell, Inc.

G. D. Searle Co.

Smith Kline & French Laboratories, Inc.
Sterling Drug, Inc.

American Machine & Foundry Ca.
Black & Decker Manufacturing Co.
Briggs & Stratton

Crompton Knowles Corp.
Ex-Cell-Q Corp.
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Standard Industrial

Classification Code Paendaindustey Name of Company
Machinery specialty—
Continued

3550 399200 . ...\ ... ... TJay Manufacturing Co.

3550 477470, ... ... Pé Midland Rass Carp.

550 555300, .. . .. P4 QOtis Elevator Co.

3550 555700........ P1 Outhoard Marine Corp.

3550 746200. ... .. .. P4 United Shee Machinery Corp.
Machinery industrial:

3560 021000, ... .. .. P& American Chain & Cable Co., Inc.

3560 081700 . ., .. P2 Blaw-Knox Co.

3560 147700 .. ... P2 Chicaga Pneumatic Tool Co.

3560 294800........ P2 Gardner-Denver Ca,

3560 378400, ... ... . P2 Ingersoll-Rand Ca.

3560 471900 ... .. .. P4 Mesta Machine Co.
Automobile suppliers:

3714 085100, ... ... P10 Borg-Warner Corp.

3714 159700. .. .. . .. P6 Clevite Carp.

3714 203800, . ... P6 Dana Corp.

3714 237236, ... .. P10 Eaton Yale & Towne, Inc.

3714 259600. ... ... P4 Federal Mogul Corp.

3714 406000. . ... ... P10 Kelsey Hayes Ca.

3714 718900, ... ... P9 Timken Raller Bearing Co.
QOila:

2912 053377.. . ..... P8 Atlantic Richfield Co.

2012 152800........ P2 Cities Service Cao.

2912 187700, . ... ... P4 Continental 0Oil Co.

2012 373250 .. .. .. Ps Imperial Oil Lid.

2012 40790G. ... ... | ... .. Kerr McGee Carp.

2912 452180, .. .. .. P2 Marathon Qil

2912 583700... . ... P4 Phillips Petroleum Ca.

2912 606500, ... . ... P6 Quaker State Oil Refining

2912 656500. ... ... P2 Shell Gil Ca.

2912 659300.. ... ... P2 Signal Qil Gas Ca.

2912 662200. ... .. .. P2 Sinclair Qit Corp.

2912 686300. ... . ... P2 Standard Oil Co. of Indiana

2912 686700.. . ... .. P? Standard Qil Ca. of Ohio

2912 699600 .. .. .. P2 Sun Oil Co.

2912 701220... ... P2 Sunray DX Oil Co.

2912 736700, .. ... .. P2 Union Oil Co. of Califarnia
Tire and rubber:

3000 047430, .. ... P4 Armstrong Rubber

3000 266300..... ... P2 Firestone Tire & Rubber Co.

3000 317900 ... P4 B. F. Gaodrich Co.

3000 318100, ... ... P5 Gaodyear Tire & Rubber Ca.

3000 738651, ... .. P2 Uniroyal, Inc.
Steels:

3310 011600, . .. .. .. Pg Allegheny Ludium Steel Corp.

3310 046800 .. ... . 7 Armco Steel Corp.

3310 G76700. .. ... .. P7? Bethlehem Stee]l Corp.

3310 127400, ... .. .. P1 Carpenter Steel Co.

3310 187900 .. .. .. P4 Continental Steel Corp.

3310 189500, ... ... P1o Capperweld Steel

3310 214000, ... ..o Detroit Steel Carp.

3310 322500, ... ... Pg Granite City Steel Co.

3310 378800. ... .. .. P7 Intand Steel Ca.

3310 381710, ... .. .. P10 Interlake Steel Ca.

3310 409600, ... .| ... ... Keystone Steel Wire Co. of Delaware

3310 441200, ....... Pé Lukens Steel Co.

3310 464750, ... . ... P9 McLouth Steel Corp.,

3310 616800, ..... . P7 Republic Steel Corp.

3310 655400 ... ... Lo Sharon Steel Corp.

3310 692700, ... . ... P2 Steel Company of Canada

3310 752200, . .. .. P7 U.5. Steel Corp.

3310 &01700. ... ... P9 Youngstown Sjl:;eet & Tube Co.
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Standard Induatrial

Classification Code Psendaindnstry Wame of Company
Machinery fabricating:
3400 073200. .. .. ... P10 Belden Corp.
3400 252000, . ... ... .. e Eversharp, Inc.
3400 298300, ... ... P2 General Cable Corp.
3400 516300.. ... ... P6 National Standard Ca.
3400 659900, ... . ... P4 Signade Corp.
QOther firms:
1042 358930........ P1 Homestake Mining
1311 Q16400 . ... ... P2 Amerada Petroleum Corp.
1311 663600, ... ... P2 Skelly Oil Ca.
1311 702300........ P2 Superior Oil Co.
2000 405900. .. ... .. B3 Kellogg Co.
2052 349910, ... .. .. P4 Helme Products
2063 016106, ... ... P4 Amalgamated Sugar Ca.
2121 298700. .. ..... P2 Genera] Cigar Ca., Inc.
2200 164400, .. ... . .. L Collins Aikman Corp.
2510 226200. . ... . .. ! Drexel Enterprises
2600 644600 .. .. .. P3 Scott Paper Ca.
2700 462200..... ... Ps§ MeCall Corpaoration
2844 57610, .. ... P3 Avon Products
2899 188091........ P4 Conwood Corp.
2809 232728, ...l Eagle Picher Industries
2809 263000, ... .. .. P4 Ferro Corp.
2899 503230... . .... P3 Nalco Chemical Co.
2912 048900...... .. P2 Ashland Qil Refinery
2950 279100, .. ... .. P4 Flintkate Co.
3241 466600, .. .. .. P3 Medusa Portland Cement Cao.
3321 133800........ P7 Central Foundry Co.
3430 195000, .|l Crane Campany
3511 059000, . ... .. Ps Babcack & Wilcox Co.
3511 169700, . ... .. P4 Combustion Engineering, Inc.
3522 Q14600 . . ... P& Allis-Chalmers Manufacturing Ca.
3522 383300........ P6 International Harvester Co.
3522 788800, ... ... P3 Wickes Carp.
3531 13000, ... .. P5 Caterpillar Tractar Co.
3531 156800, ... . .. P10 Clark Equipment Co.
3531 617760, ... ... P6 Rex Chainbelt
3533 225900. ... ... P2 Dresser Tndustries, Inc.
3533 336700. ... ... | 31 Halliburton Ca.
3540 (51600, ... ... | ..ol Cincinnati Milling Machine Ca.
3540 488200, . .. .. |, ... . Moanarch Machine Toal Co.
3540 504400, . ... Pl National Acme Co.
3540 663900, ... .... P4 Skil Corp.
3540 701100, ... ol Sundstrand Corp.
3540 768800.. ... .| ... .. Warner & Swasey
3569 694600, .. ... .. Ps Stewart-Warner Carp.
3569 704900, .. .. ... Symington Wayne Corp.
3570 004000, ... .. .. P4 Addressograph-Multigraph
3570 382700, .. .. .. P3 Internatianaﬁ) Business Machines Corp.
3570 507600... ... .. P4 National Cash Register Co.
3570 587000........ P3 Pitney-Bowes, Inc.
3570 798830.. ... ...l Xerox Corp.
3600 299800, . ... .. P4 General Electric Co.
3600 359025 .. ... .. P3 Haneywell, Inc.
3600 386100...... .. P4 International Telephone & Telegraph
3600 608100, ... . .. P4 Radia Corp. of America
3600 784700. .. .. .. ..o Westinghouse Electric Corp.
3610 244900.. ... . .. Pa Emerson Electric Co.
3610 316200 ... .. .. Pé Globe Union Inc.
3610 463600.. . ... . . PI McGraw-Edison Co.
3610 545800. ... . ... P2 Ohia Brass Co.
3610 614500, .. ... . P2 Reliance Electrical Engineering
3622 202300, ...... P2 Cutler-Hammer, Inc.
3622 624500, ... . ... P4 Robertshaw Cantrols
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?:tla;:;:;tl;z:“ct;ﬁ Pseudaindustry MName of Company
3622 GR3500..... . .. P2 Square 1D Company
3630 461000, . ... ... P4 Maytag Co.
3630 563100, . . ...l Packard Bell Electranics
3630 662900... .. .. P2 Singer Co.
3670 253900 .. ... .. ol Fairchild Camera & Instrument Corp.
3670 305610, .. .. P2 General Signal Ca.
3679 369705, ... .. ... IRC Inc.
3679 447500, .. ... P6 P. R. Mallory Co.
3679 682600.. ... .. P1 Sprague Electric Co.
3711 303010...... . Pl eneral Motors Corp.
3713 199900. .. ... .. P6 Cummins Engine
3713 290100, . . L} Fruehauf Corp.
3713 787000. .. .. .. P9 White Motors Co.
3725 58690G. .. .. ... ... ... Piper Aircraft Corp.
3811 039080 ... ... . P2 Ametex Inc.
3811 131900, ... ... PR Cenco Instruments
3811 627000.. ... ... P6 Rackwell Manufacturing Co.
3999 338600. . ... .. Ps Hammond Corp.
3999 386000. .. ... ... ........ ... .. International Silver Ca.
3999 628700, ... ..., . ... .. _..| Ransen Corp.
3999 724300, ... ..., Ps M. E. Torrington Co.
APPENDIX B

DEFINITION OF VARIABLES*

Debt (£) — Debt ¢ — 1)
Total assets (¢t — 1)

Equity (f) — Equity (¢ — 1) — Retained earnings (¢
Total assets {# — 1)

Retained earnings ()
Total assets (¢t — 1)

Preferred stock {f) — Preferred stock (# — 1)
Total assets (¢ — 1)

_ Depreciation (¢)
" Total assets {t — 1)

Cash (#)
Current liabilities (7)

Receivables (¢) + Receivables (¢ — 1)
2
Sales (1)

Long-term debt (1)
* Market-value stack (£)

*All variables except 15, 16, 17, 19, and 21 are defined as three-year averages of the definition
given above. The values of ¢ in establishing the regression equation for 1961 were 1958, 1959, and 1960.
‘The values for ¢ when preparing the forecast for 1964 were 1961, 1962, and 1963,
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Long-term debt {§) — Long-term debt (t — 1)
Market-value stock (f) — Market-value stock {{ — 1)

Preferred {£)
Market-value common ()

Total dividends ()
Earnings available () 4 Depreciation (f)

10.

11.

Capital expenditure (£)
Change in total assets (¢) — {t — 1)

12,

13, Total assets (i)

14 Operating income (2)

Long-term debt {(f) + Preferred (f) + Book coramon {¢)

15. Five-year average growth in earnings per sharef
16. Five-year average growth in sales per sharet
17. Five-year average of the product of retention rate and the rate of return on common

equityt

18. Fotal assets (1)

19. STD deviation of growth in earnings aver five yearsf

Operating income (/)
Net sales (2)

20.

21. Growth in market price, five yearst

Current liabilities () — Current liabilities ¢ — 1)
Total assets (£ — 1)

22,

Total assets (¢) — Total assets (¢t — 1)

23 Total assets (¢t — 1)

1These variables were calculated using per-share data. All data were adjusted for stock dividends and
stock splits.
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APPENDIX E

RELATIVE PERFORMANCE OF SECURITY ANALYSTS AND ADDITIVE
EXPONENTIAL MODEL (BASED ON SQUARED ERROR}*

Investment
Advisory Service

Brokerage House

Pension Fund

Sample size

Security analysts. .. .
Additive exponential.

t-vale. .. ..

213
L0231
0221

+0.12

177
.0342
.0352

-0.34

84
.0310
L0441

—1.23

* A positive value indicates that the mechanical technigue outperformed the ana-
lysts' estimates,
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