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Comparing Dynamic Specifications:
The Case of Presidential Approval

Nathaniel Beck

Abstract

This article compares a variety of models of presidential approval in terms
of their dynamic properties and their theoretical underpinnings. Exponential
distributed lags, partial adjustment, error correction, and transfer function
models are considered. The major difference between the models lies in
interpretation rather than statistical properties. The error correction model
seems most satisfactory. Approval models based on individual level theories
are examined, and found to give no additional purchase.

Introduction

It is possible to view political time-series as “merely” presenting a series of
interesting technical problems, ranging from serially correlated errors and
autoregressive conditional heteroskedasticity to unit roots and cointegration.
The technical details of time-series become formidable, indeed, when we
move to Kalman filters and the state-space form, nonlinear models, or the
frequency domain. Over the last decade, political science as a discipline has
started to deal with these technical issues. Much of the credit for this must go
to Douglas Hibbs (1974), who carefully showed us the pitfalls, both substan-
tive and technical, of ignoring the structure of the error process. We now
seldom see papers that fail to test for, and correct, serially correlated errors.
Recent applications of cointegration (Ostrom and Smith 1990), vector auto-

This project was started while I was visiting the Government Department at Harvard
University. Jim Alt, Gary King, Michael MacKuen, and Doug Rivers provided helpful com-
ments. ] owe a special debt to Rob Engle, who pointed out to me that what 1 thought was an
obscure empirical article about the UK consumption function might really be quite interesting.
The first version of this paper was given at the annual meeting of the Political Methodology

Society, Duke University, 1987.
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regression (Freeman, Williams, and Lin 1989) and Kalman filters (Beck
1989) show that complicated technical questions have entered the discourse of
political science.

In addition to being highly technical, time-series analysis offers an aston-
ishing variety of possible specifications. Both cross-sectional and time-series
analysts must choose a set of independent variables and a functional form
relating those variables to the dependent variable. But the time-series analyst
also must choose from a wide variety of dynamic specifications for cach
variable as well as the “error” process.! Choice of a dynamic specification can
be guided by statistical theory. There are a variety of tests of misspecification
to ensure that model residuals are appropriate (uncorrelated and homoskedas-
tic), that the model coefficients are stable over time, and that the functional
form is appropriate; all specifications should always be subjected to a battery
of misspecification tests. Choice among alternative specifications can be
guided by the standard F-test if one specification is nested inside another, or
by a variant of the Cox test for evaluating nonnested models.2 But statistics
alone is often not sufficient to lead us to a single, “best” specification. We then
must choose a specification on other grounds, and one way of choosing is by
comparing the dynamic properties of a specification with the dynamics im-
plied by theories. It is this task that is the subject of this article.3

The purpose of this article is to elucidate questions of choice of dynamic
structure by looking at the substantive properties of various structures in the
context of one substantive arena, the modeling of presidential approval. Ap-
proval was the context of Hibbs’s pioneering effort, and has probably received
more analysis than any other single political time-series. While I hope that the
lessons learned from the present analysis generalize to other areas of interest,
those interested in generalization will obviously have to proceed cautiously.

1. The Judge et al. treatise (1985), for example, devotes about a sixth of its thousand pages
to issues of dynamic specification,

2. A specification is nested inside another if the first is a specialization of the second, that
is, the first specification is the second with some parameters constrained. The Cox procedure
deals with nonnested models by constructing a likelihood function that is a linear combination of
the likelihood functions for each model; the test is of which likelihood contributes more to this
combined likelihood. Unfortunately, the Cox test is often inconclusive; this is the case for
comparing the better exemplars of the models estimated in this article, Some easily computable
Cox tests are reported in Davidson and MacKinnon 1981, An alternative to the Cox test is to use
one of a number of criteria, such as the Akaike Information Criterion (AIC) or the Schwartz
Criterion (Judge et al. 1985, 869-73). These are based on minimizing the standard error of
estimate plus some penalty for lack of parsimony (measured by degrees of freedom). Since the
models estimated in this article are quite similar in parsimony, these criteria are not helpful for
distinguishing between them. Thus, only the standard error of estimate, o, is reported in the
tables.

3. There are many other nonstatistical methods for choosing between specifications. An
enlightening discussion of this whole arca may be found in Leamer 1978,
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There are myriad studies of presidential approval (sometimes mislead-
ingly called popularity), but only a limited number of dynamic specifications
have been used. In this article I compare and estimate, using a common set of
variables and a linear, functional relationship, several of the most important of
these specifications. While different scholars have used different variables to
explain approval, the variables used here are the ones most frequently used. In
discussing the various specifications 1 also simplify matters by referring to
only a very small number of substantive applications. While these were
chosen for my methodological purposes and discussion of the applications
focuses on issues of dynamics specification, the applications examined are
among the more important contributions to the study of presidential approval.
But this article should not be read as a bibliographic essay on presidential
approval.

The generic (linear) approval function relates measured approval at time
t, denoted A,, to previous values of approval, a vector of current exogenous
variables, denoted X,, and its lags, and €, the “error” term.* Harvey (1990)
calls this type of model an autoregressive distributed lag (AD) model.

The AD model can be written

L M
A= 2 X B+ 2 diA + e, )
i=0

i=1

where values corresponding to time periods 0 and before are not observed,
and either summation may be infinite. The error process is a sequence of
random variables; the distribution of these random variables may be specified
in a number of ways. Differing assumptions about the 8’s, ¢’s and the error
process lead to different models of approval, which has both substantive and
statistical consequences. If only current X’s are in equation 1, that is, if L is
zero and the second summation is excluded, we have a static model of ap-
proval; if only a finite number of lagged X’s are in the equation, that is, ifLis
finite and the second summation is excluded, we have a finite distributed lag
model; if L is infinite or lagged approvals are in the equation, we have an
infinite distributed lag model. In general, these models contain too many
parameters to be estimated straightforwardly; thus, some relationship among

4. 1 use the word error in quotes since the term is only an error from the standpoint of the
analyst, who has either ignored or mismeasured some variables or otherwise failed to completely
model the approval process. It might be better to call the error term an unmeasured shock, to
remind us that there is little theoretical distinction between X and e, but I follow convention and
use the word error. There is some truly random error in the approval function, because it is
measured by survey and hence contains sampling error.
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the parameters is usually assumed, leading to various specific forms of the AD
model. Any of these may be combined with any model of the error process.

In this article, the dynamic properties of several of the most important
and commonly used specifications of the approval function are compared.
Since the data are common across all the models, the next section treats data
and some other preliminary issues with the following section dealing with
common issues about the error process. The next four sections examine spe-
cific AD models: the static model, the exponentially distributed lag (EDL)
model, the partial adjustment (PA) model and the error correction (EC)
model. The following section examines an alternative to the AD model, the
Box and Jenkins transfer function (1976). While these alternatives are not
inherently different, their underlying philosophies do differ. The penultimate
section treats the somewhat different question of specifying the dynamics of
aggregate approval based on theories of individual approval. The conclusion
sums up the strengths and weaknesses of the various models and approaches.

Preliminaries

This article uses monthly data. Most approval studies use quarterly data in the
belief that quarterly averaging simplifies the model and reduces the effect of
measurement error. But as various studies of temporal aggregation have
shown, aggregation makes the dynamic model more complicated and pro-
duced incorrect estimates of dynamic parameters (Beck 1988; Freeman 1989).
The complete sample period begins in April, 1953, and ends in October,
1988, yielding a maximum of 426 observations (fewer if more lags are re-
quired) for analysis.

The dependent variable in most analyses is the level of presidential
approval, as measured by the Gallup Poll; a few analyses use the monthly
change in approval, taken as a simple first difference.> The most important
exogenous variables are two economic measures, the rate of change in unem-
ployment (AU) and the rate of (consumer price) inflation, (1).¢ Both inflation
and unemployment are assumed to affect approval with a lag of at least one
month; this assumed lag is taken into account in the notation, so, for example,
AU, refers to the change in unemployment in time period r — 1. Many studies
use the level of unemployment (U) instead of its first difference, but Kernell

5. The data are from King and Ragsdale 1988, table 6.2, supplemented with various issues
of the Gallup Reports. Approval is the proportion of the sample approving of the president’s
performance, so those with no opinion are lumped with those who disapprove of presidential
performance. A few missing months were interpolated; in Beck 1989 I show that such interpola-
tion is benign. For months with more than one survey, the last survey of the month was used.

6. Inflation is measured by the monthly percentage change, annualized, in the Consumer
Price Index. Both unemployment and the CPI are from Citibase (LHUR and PUNEW).
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(1978) has made a cogent argument for using the first difference of unemploy-
ment. The etror correcting model, as we shall see, makes sense of the ques-
tion of using levels versus differences as explanatory variables.”

Specifications also include a constant term (C) and three “eyents” vari-
ables, marking the long-term effect of the Vietnam War on President
Johnson’s approval rating (V), the long-term effects of the Watergate affair
(W), and a variable designed to account for the short-term effects of a number
of dramatic events (E).B

All models are estimated so that events in one administration do not
affect approval in a subsequent administration. This was done, in general, by
treating the first month of each administration as missing data.® Some models
require other procedures to climinate leakage; this is discussed in conjunction
with those models.

All models were estimated with RATS 386 Version 3.11, using either
ordinary least squares (OLS), nonlinear least squares (NLLS) or the Hildreth-
Lu (HL) grid search technique for models with an autoregressive error struc-
ture. None of the estimations were time consuming, and so issues of computa-
tional convenience are of little importance here.

The notation used in this article tries to be standard, though there is no
real standard. X, will always refer to a vector of exogenous variables (includ-
ing a one for the constant term) and 3 is vector of parameters conformable

7. Another reason for using AU instead of U is that unemployment has a unit root. (A series
has a unit root if, looscly speaking, it is not stationary but its first difference is stationary. A series
of stationary if its stochastic properties are time invariant. Harvey {1990, 23~30] presents a good
introduction to these issues.) Regressors with unit roots can cause statistical problems (Stock and
Watson 1988). Neither inflation nor approval have unit roos. See eq. 11 for this test.

8. The three events variables are conventionally used in approval studies. W is a dummy
variable used from March, 1973, through August, 1974, V is the number of U.S. soldiers killed
(in thousands) in Vietnam during the Johnson administrations. Variable E consists of ones, Zeros,
and minus ones to control for a series of short “dramatic” events, based primarily on MacKuen,
Erickson, and Stimson 1989. The series is always coded so that a positive number increases
approval, The series codes for Eisenhower’s heart attack (one in July, 1954; minus one in August,
1984), Khruschev's visit to the United States (one in December, 1959; minus one in January,
1960), the Cuban missile crisis (one in November, 1962), the Johnson era urban riots (minus one
in July and August, 1967), the major Vietnam antiwar march (one in November, 1969; minus one
in December, 1969), the mining of Haiphong harbor (one in May, 1972; minus one in June,
1972), the Mayaguez incident (one in May, 1975; minus one in July, 1975), the Tran hostage affair
(one in December, 1979 and January, 1980; minus one in February and March, 1980}, the Reagan
assassination attempt (one in April, 1981; minus one in June, 1981) and the Iran-Contra affair
(minus one in December, 1986). The series is empirically, not theoretically, derived. My defense
for using all three series is conventional; failure to use event data leaves a lot of the action in the
erTor process.

9. The Johnson administration begins in December, 1963, and the Ford administration
begins in September, 1974. The Eisenhower, Johnson, Nixon, and Reagan administrations were
treated as a single administration, with no special demarcation of the second term.
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with X,. To avoid transpositions, the approval function will be written X,3.
will refer to the lag (or backshift) operator, 0 that is, L(X,) = X,_,. Finally,
will always refer to the first difference operator, that is, A = 1 — L.

Modeling the Error Process

In cross-sectional analysis, we model the error term for each individual obse
vation; in time-series, the errors are in general interdependent, hence tl
stochastic properties of the entire error process must be specified. The sir
plest assumption is that the errors are independent and identically distribute
(iid). In this case, we can proceed as in cross-sectional analysis. It is we
known that using OLS causes severe estimation problems if the error proce
is not iid (Harvey 1990, 195-98); tests for whether the error process is iid a
easy to construct and now almost universally used by time-series analysts.

We sometimes think of non-iid errors as a nuisance that makes O1
inappropriate (Beck 1985). But, if we take dynamics seriously, and if we thir
of the error process as being made up of unmeasured shocks that are n
fundamentally different from the measured independent variables, then v
would expect the error process to, in general, take a form like equation 1. V
usually simplify a bit and assume either that the error process is autoregressi:
(AR) with

P
€= > pig—; + v, ¢

i=1

or a moving average (MA) with

P
€ = 2 Ov,_; + v, (.
i=]

where, in either case, the »’s are iid and p determines the order of the proces

10. While the algebra of lag operators and polynomials appears formidable, in practice
simplifies the analysis of time-series; Harvey (1990, 26-27) provides a good introduction to tl
algebra.

11. The critical 7 in iid, from a time-series perspective, is for independent, and so 1 he
refer to the tests for serially correlated errors, the most well known of which is the Durbin-Wats
test. The easiest and most general tests for independent errors for Lagrange multiplier tests, whi
regress OLS residuals on lags of those residuals and any lagged dependent variables (Harv
1990, 278). The advantage of the Lagrange multiplier tests is that they can easily be designed
pick up error processes that show complicated forms of interdependence. Both Durbin’s A-t
(for first-order serial correlation with a lagged dependent variable) and the Box-Ljung O-test, a
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The AR error process almost completely dominates applied work for a
very simple reason: it is easy to estimate models under this assumption. There
is, in general, no theoretical reason to assume that error processes are AR,
and, indeed, some theoretical reasons to believe they are MA. Measured
approval contains iid sampling error; Granger’s lemma (Granger and Morris
1976) shows that the error process for measured popularity must contain an
MA term (Beck 1989). The MA form is probably also easier to fit into a
general theoretical framework (King 1988, chap. 7).

The dynamics of AR and MA errors differ. Shocks in the AR error model
persist forever, dying out exponentially (assuming that |p| < 1, that is, the
error process is stationary). In the MA(1) model, shocks persist exactly one
period. While, in principal, we ought to be able to use this information to
guide our choice of error process, in practice this is difficult, An AR(1) error
with, say, p = .4 looks very much like an MA(2) process because only about
5 percent of the AR shock persists more than two periods. (AR[1] processes
with larger values of p mimic higher order MA processes.) In general, any
stationary AR process may be represented by a higher order MA process and
vice versa.

It is also empirically difficult to discriminate between AR and MA errors.
The standard Lagrange multiplier test for an MA error process of order p is
identical to the test for an AR process of that order (Harvey 1990, 278). We
are thus fairly free to specify an AR or MA error, and our choice can be
guided by convenience or the desire for a model with a small number of
parameters.!2 In this article I usually use an AR error process because it is
easier to ensure that shocks from one administration do not leak into the
subsequent administration if errors are AR; this is done by treating the first
period of each administration as missing.!3 It is much harder, as we shall see,
to prevent leakage if errors are MA. Models with AR errors can also be
estimated more easily. It is not very time consuming to use NLLS to estimate
models with MA errors, but in some of the computationally intensive estima-
tions, particularly the exponentially distributed lag models, it would be incon-

test for whether the residuals are serially correlated up to some given order) are Lagrange
multiplier tests. There are also tests for whether the error process is identically distributed over
time, the White test for general heteroskedasticity or Engle's test for autoregressive conditional
heteroskedasticity (Harvey 1990, 172, 221-23). All specifications used in this article use these
tests to make sure that the error process has the appropriate properties; given the purpose of this
article, these tests are not stressed, and the heteroskedasticity tests are not reported.

12, The only approval issue that I know of where it is important to use the theoretically
specified MA error is in testing hypotheses derived from the rational expectations hypothesis
(Beck 1989).

13, This assumption about missing data is why I use the Hildreth-Lu (HL) grid search
method of estimation instead of the more common Cochrane-Orcutt iterative procedure. The two
procedures are asymptotically equivalent.
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