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Empirical Identification Procedures
for Earnings Models

BALA G. DHARAN?*

1. Introduction

A large number of studies in the accounting literature have focused on
the identification of a stochastic univariate time-series structure for
corporate earnings, with the identified models being used primarily to
generate an “expected” or forecasted earnings.' Most studies have used
the iterative procedure of Box and Jenkins [ 1970] for model identification.
This procedure requires the analyst to identify a preliminary model of
earnings from the observed characteristics (such as autocorrelations) of
the earnings data, estimate the model, and then modify the model based
on certain diagnostic tests. The selection of the model is sensitive to the
characteristics of the series and so judgment plays an important role in
the process.

In this paper, I test two noniterative identification procedures that also
provide unique model selections for earnings data. One is the Akaike
procedure. It relies on a definition of sample information and selects a
model that maximizes the subsequent information measure. The proce-
dure is theoretically based, is easy to implement, and has achieved a wide
following in the statistics literature since 1974. In addition, it selects, by
design, a unique parsimonious earnings model for a given firm, making it
attractive to accounting researchers working with moderate sample sizes.
The second procedure uses a predictability criterion and selects the
model which achieves the minimum forecast error on a holdout sample.
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! See Abdel-khalik and Thompson [1978] and Foster [1978] for review and references.
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In various forms, this procedure is widely used in the economics literature.
The two procedures are tested empirically using quarterly earnings
models for 30 firms. The results indicate that the “premier” or sample-
wide earnings model selected by the Akaike procedure is the same model
selected by using the Box-Jenkins procedure. The results also indicate
that the Predictability procedure, despite its obvious myopic focus, results
in the selection of models that are comparable in forecasting efficiency to
models selected by the conceptually superior Akaike method. The Pre-
dictability procedure is thus a surprisingly strong alternative to the more
sophisticated Akaike and Box-Jenkins identification procedures.

The Akaike and Predictability procedures are described in section 2
using a unifying framework in which the identification problem is defined.
The various design elements of the empirical study to test these proce-
dures are described in section 3. Section 4 presents the results on model
selection and forecasting. Conclusions appear in section 5.

2. The Procedures

To better understand the Akaike and Predictability procedures, I first
define the identification problem addressed by these and other proce-
dures. For a given observation set, X, the identification problem can be
stated as the appropriate specification of an unknown density function
£(X) using the information from the sample, X. In the studies on account-
ing earnings, the unknown g(X) is generally assumed to be of the form
fo(X| B), where the function fbelongs to the class of mixed autoregressive
and moving average (ARIMA) models described by Box and Jenkins
[1970], 4 is a set of parameters that define the exact form of f, and B is a
set of model coefficients.

For ARIMA models, # consists of three nonseasonal parameters, p, d,
and ¢; three seasonal parameters P, D, and @; and a seasonality factor.?
The latter equals four quarters for quarterly earnings data, and hence
the identification problem for earnings models is one of specifying the
values for the remaining six parameters. The estimation problem is to
obtain the coefficient set 8 corresponding to the parameter set 6, usually
estimated by minimizing a loss criterion such as the sum of squared
residuals (given 6 and X).

The Box-Jenkins procedure used in accounting studies does not rely
on a model or theory to specify 6. Instead, it relies on an iterative search,
in which an initial guess for # is made using X, 8 is estimated (given 6 and
X), and then 6 is respecified until the model satisfies some diagnostic
tests. Note that if we are dealing with earnings data, the information
from the series is used first as a substitute for a theory of the firm, in that

* The parameter p refers to the number of nonseasonal autoregressive terms used in the
model, d refers to the number of nonseasonal differencing performed on the original data,
and q refers to the number of nonseasonal moving average terms used in the model. The
parameters P, D, and @ are the respective seasonal counterparts of these.
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the data are used to specify 6, and then it is used in the traditional role
of estimating the coefficients, 8. Despite the use of diagnostic tests, both
the identification of 6, given X, and the subsequent respecifications
require analysts’ judgments.

Akaike [1974] introduced the notion that one can treat identification
of §, given X, as an estimation problem. Just as the values of 8 are found
by minimizing a loss criterion (given # and X), the values of § can be
found by maximizing an information criterion. To implement this idea,
consider a large set of models belonging to the model class, f. Among
these models, the one which maximizes an information criterion is the
model that fits the data best, subject to validation or diagnostic tests on
the residuals from the model.

Akaike’s information criterion (AIC) is based on the Kullback-Leibler
information measure (see Kullback [1959]), which defines the discrimi-
nation between the true distribution g(X) and the assumed distribution

fo(X | B) as:
I(g, 0)=fg(X)10gg(X) dX—J'g(X)Inge(XIB) dX. (1)

When £, (X | B) = g(X), the information measure [ is zero. Thus, choosing
a model can be formulated as the estimation problem of choosing 0 to
minimize I(g, ). Alternatively, since the first term of I(g, #) in (1) is a
constant, the second term must be maximized. Akaike shows that the
average log-likelihood of the sample can be substituted for the second
term. Using second-order approximation to the log-likelihood, he then
shows that the problem reduces to minimizing:

AIC(HA) = —2 log (maximum likelihood) + 2m, (2)

where m(= p + ¢ + P + Q) is the total number of coefficients in
corresponding to #. Under the standard assumption of normally distrib-
uted residuals, (2) is equivalent to minimizing:

AIC@#) = Nlog s> + (3)

N—aD-ad ™
where N is the total number of observations, N — 4D — d is the available
data for estimation after differencing (assuming a seasonality factor of
four quarters), and s” is the estimate of the residual variance.’

The minimization criterion (3) results in the Akaike procedure favoring
parsimonious models, that is, models with small parameter values (usually
p,g<2and P, @, d, D < 1), unless an increase in AIC due to an increase
in m or the differencing terms is more than offset by a reduction in AIC
due to log s Hence, if a model is selected by minimizing AIC over a
model set that includes all estimable parsimonious models, that same
model should also minimize AIC over an expanded model set that

? See Cohen and Peles [1977a; 1977b].
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includes both parsimonious and other models. In this sense, the Akaike
procedure is said to produce unique identification of a parsimonious
model for a given sample of observations.*

Despite its reliance on the Kullback-Leibler measure, the Akaike
procedure does not, unfortunately, have the theoretically desirable prop-
erty of consistency in large samples. As shown by Shibata [1976] for the
case of pure autoregressive processes and by Hannan [1980] for general
ARMA models, the Akaike procedure will tend to identify with a proba-
bility greater than zero a model having too many parameters compared
to the true model, even in larger samples. However, as will be seen later,
estimable models of accounting earnings are usually very parsimonious,
and hence the above direction of bias of the Akaike estimates of the
number of model parameters may be tolerable. More recently, criteria
very similar to AIC have been proposed that do have the consistency
property. An example is BIC, analyzed by Akaike [1977] and Rissanen
[1978]. I focus, however, on the AIC measure in the rest of the paper
because of its more widespread use at the present time.

As indicated earlier, the Akaike procedure uses the entire observation
set X for both model identification—i.e., minimization of AIC(f)—and
model estimation—i.e., estimation of ,é corresponding to 6. This also
holds for the Box-Jenkins procedure, but not for the Predictability
procedure. The latter uses only a subset of X for estimation and the
remainder of the data for model selection, thus partitioning the obser-
vation period from which X was obtained into a model estimation period
and a model selection period. Let Y be the set of observed earnings data
of the model estimation period, and Z the rest of the observations
constituting the selection period. Let Z, be the forecasts for the selection
period obtained from the assumed model f,(Y | ﬁ).5 Then the Predicta-
bility procedure selects a model from a given set of models that minimizes
a forecast error function A(Z, Zg). The assumption behind this procedure
is that the forecast error function, A, is a measure of information on how
“far” the assumed model is from the “true” model. The procedure
assumes, in addition, that the true model has the lowest value of A.

Three problems arise in implementing this procedure: defining the
model set, the error function, and the partitioned sets Y and Z.

Regarding the first, the Predictability procedure does not necessarily
favor parsimonious models over other models. That is, the model selected
by this procedure may change if the initial model set over which £ is
minimized is expanded to include more nonparsimonious models. In
practice, however, this has not been a problem. For typical sample sizes
of quarterly earnings data of about 100 observations, it is usually impos-
sible to obtain significant coefficient estimates for a model which is not

* This procedure has been applied to a variety of data. See Tong [1975; 1976; 1977]
and Ooe [1978]. Akaike [1974] applied the procedure to the time-series data of Anderson
[1971].

® Note that f is estimated using Y, rather than the full observation set X.



