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ABSTRACT

This paper develops a general method for placing a lower bound
on the variance of the misspecification or noise in expectations based
models. Correct specification of a model corresponds to consistency of a
lower bound of zero with the observable data. Optimal bounds estimates
are constructed through a signal extraction framework. The lower bound
on admissable model noise captures the complete set of testable
restrictions on an expectations based model. Many specification tests for
asset prices are easily interpreted as estimates of this lower bound. As a
result, the power of different tests may be ranked according to the
information restrictions employed in constructing noise estimates. Our
results strongly suggest that specification tests which use the history of
lagged dependent variables are better able to uncover model noise than

tests which exploit other information sets.




Introduction

Robert Shiller [1981a,b] was the first to note that expectational
models have simple testable implications derived from general properties
of expectations. A large literature has developed from his original idea
(see the survey by Gilles and LeRoy [1988] for many references). Shiller’s
idea was that the expectation or prediction of a random variable must
necessarily have a lower variance that its realization. His basic test
compared the variance of the two and rejected the simple expectational
model if the variance of the prediction exceeded the variance of the
realization. In the stock market, the comparison is between the realized
present discounted value of dividends and the forecast, which is observable
in the form of the current market value of the stock. Shiller concluded
that the stock market has a good deal of noise or model error from his
finding that stock prices are much more variable than are realized
discounted dividends.

Shiller looked at only two moments of the data—the variances of
the realization, P*, and the variance of the forecast or actual price, P.
Subsequent researchers, notably West [1987], have proposed tests of the
hypothesis of no noise that rely on covariances as well as variances. Our
purpose in this paper is to carry out a systematic investigation of the
sharpening of results that is available through the use of covariances. We
depart from the almost exclusive focus of the earlier research on testing
the null hypothesis of the absence of noise or model error. Our objective is

to obtain lower bounds on the amount of noise. The null hypothesis of no




noise is equivalent to the hypothesis that this lower bound may be set
equal to zero.

Before Shiller, research on noise in expectation models tended to
look at one-period-ahead relations. In the stock market, for example,
numerous investigators looked for evidence of excess returns over brief
holding periods. The finding of a relationship between an observed
variable and excess returns supported a conclusion of market inefficiency

or other type of noise relative to the model. One of the contributions of

this paper is to compare the one-period-ahead or flow approach to the ‘

Shiller or stock approach. The stock approach appears far superior as a
method for detecting and measuring slow-moving noise. In particular,
noise components that grow at a rate near the rate of interest escape
detection in the flow approach. This point has been emphasized by
authors whose concern was the detection of speculative bubbles. Our work
here is not di‘rected toward bubbles in particular, but rather to slower-
moving noise components in general. In applications of our ideas to
investment and consumption, there is no reason to look for speculative
bubbles.

Our results can be explained intuitively in a regression framework.
The difference between the realization and the actual price is the sum of
an expectation error and noise. The actual price contains the noise plus
the true expectation of the realization. The regression of the difference on
the priée would have zero explanatory power if there were no noise, under
rational expectations. On the other hand, if there were no variation in the
true expectation but some noise, then the fitted value of the regression

would measure the noise exactly. In the general case, with some noise and




some variability of the unobserved true expectation, the variance of the

fitted value of the regression is a lower bound on the variance of the noise.
The analysis is organized as a series of signal extraction problems.
Different vectors of time series are decomposed according to an unobserved
components framework. A lower bound is constructed on the variance of
the unobserved component defined as model noise. The null hypothesis of
correct specification is equivalent to the case where the variance of the
noise component may be set equal to zero, given restrictions imposed by
the data. Section 2 of the paper solves the signal extraction problem when
contemporaneous moments on predictions and- realizations are all the
available information. Section 3 extends the analysis to knowledge of the
complete spectral density matrix of various sets of observable variables.
The constant geometric discount model is explored in some detail. Section
4 relates our results to Hausman specification tests. Summary and

conclusions follow.

1. Information contained in the covariance of the actual and perfect-foresight

variables

Define the following variables

E(Pi|6:)

P + v,




Here P; is the realized value of a random variable constructed by the
econometrician (the “perfect foresight” present discounted value of realized
dividends in the application to the stock market, for example), P; is the
expectation formed in the market by participants with the unobserved
vector of information, ¢,;,, v, is the impact on the realization of
information not available at the time the price is set in the market, and S,
is the noise or model error, the difference between the observed price and
the unobserved expectation.

In this unobserved components model, we seek to make inferences
concerning P§, v,, and S, given data on P, and P;. Our particular
interest is in finding the smallest admissable value of o2, the variance of
S,. The null hypothesis of no specification error is P, = P¢ or o2 = 0.

It will help the ensuing discussicn to consider the following expression

of the observed variables in terms of underlying unobserved variables:

P = Xi + BY, + v, (1.4)

Pi = Xt + Yt (1-5)




Because P, and P are both observed by market participants, v, is already
orthogonal to the other variables in the decomposition. The observable

moments of the data have the following relation to the moments of the

unobserved components structure:

Solving these equations yields:

o2 = p%l“’




R

0':* + ﬂvf,
From the earlier definitions,
S = (1 - pY,
so, from (1.12),

os = (1 - ﬂ)(af’ - app*) ) (1'15)

From these expressions, it is clear that o2 = 0 if and only if a'f, = Oppisr

which is equivalent to a t-test on the coefficient « in the regression
Pt - P; = a'P, + Ct (1.16)

where the null hypothesis is that & = 0.

The minimal value of o2




To minimize o? given the observed moments is equivalent to

minimizing . (1.15) with respe<.:t. to B subject to non-negativity of all
variances. The Cauchy-Schwartz relations, which might appear to impose
additional constraints, are already embedded in the problem through the
orthogonalization. Some manipulation of (1.11) through (1.13) reveals

that non-negativity of variances requires

2
(4 OLy — O
p* pp¥
< B £ —F

: 2
2, < ifo,p6 > 0p.
Op Upp*—'o'p

If the data do not preclude the existence of noise, that is, if a?, differs from
0 ,p%, then minimizing o2 subject to (1.17) and (1.18) requires that 8 =
a'pp*/a?,. oy < o2, (1.15) shows that the minimum of ¢ occurs at
the largest permitted value of B, which, from (1.17), is 0, ,x/05. If 0 pps
> o2, (1.15) shows that the minimum of o2 occurs at the smallest
permitted value of 3, which, from (1.18), is app*/a-?,. Consequently, we

have established

Theorem 1.1. The bound on the variance of the noise is

( Upp* - 0,?,)2
2
Op

8




This bound is attainable and is therefore the tightest possible bound.O

Relation to regression tests

The bounding variance in Theorem 1.1 is the variance of the

ordinary least squares predictor, aP,, in the regression

Py — P = aP + ¢

From (1.2) and (1.3), this is

St + V' = a(Sl + P:) + ft (1.21)

The true, unobserved expectation, P§, has the role of an error in a variable
in this regression. If P{ were zero, then the variance of aP; would be
exactly the variance of S, (@ would be one because v, is uncorrelated with
S; by hypothesis). The presence of the unobserved P; biases the
explanatory power of the regression downward to an unmeasurable extent.
Because the direction of the bias is known, however, the regression
provides a lower bound on the variance of S;. The idea that noise can be
detected by regressing the difference between the perfect-foresight variable
and the actual variable on variables known at the time the actual variable

is formed is implicit in the work of West [1987] and is the basis for the




more general results in the Tnext section of this paper.
The contribution of Theorem 1.1 is to show that the simple
regression procedure gives the tightest possible bound on the variance of

the noise if only the contemporaneous moments are available.

Inference without the covariance

If 0,,% were unobservable, then any choice for this covariance is
admissable in the above problem that satisfies the Cauchy-Schwartz
inequality, (crm,*)2 < ol df,*. We can therefore employ the same
analysis and treat the covariance as a choice variable.

The Cauchy-Schwartz constraint means that if o2 < af,*, then o,
= 0'% is admissable, and the data are consistent with the hypothesis that
the model specification error S, is zero. Alternatively, if 6% > af,* then
o2 must be positive. The bound in Theorem 1.1 is minimized subject to

the Cauchy-Schwartz inequality when o, = 0,0 4. This establishes

Theorem 1.2. Absent information on the covariance, 7,4, if o2 <
there is no informative bound on the noise variance, o2. If o2 >

then

o > (0p — 0p)’




This bound is by necessity less informative than the bound in Theorem
1.1. This derivation formally justifies the excess volatility test derived by
Shiller [1981], in the sense that his test is optimal when the variances are
the only observable moments. This derivation also illustrates how the
Shiller test has zero power against alternative hypotheses which represent
large deviations from the null. His test is incapable of detecting noise that
makes the variance of P less than the variance of P*. Only the covariance
can tell whether this situation arises because of expectation errors or

because of noise.

2. Bounds on the noise variance based on observed predictors—the general

case

The results of Section 1 illustrate the powerful information
restrictions implicit in both regression and excess volatility tests of model
noise. We generalize our results in this section to the restrictions on model
noise which are generated by data on some of the information available to
the market. In this section, we maintain the assumption that P} has a
general form and consequently v, has arbitrary time-series properties. In
the next two. sections, we consider the case where Pi is a geometric
weighted average of a future variable. In that case, v, follows a prescribed
AR(1) process.

Throughout our discussion, we shall assume that there exists a
vector time series z, observable to the econometrician which is a strict

subset of the information set ®, employed by market participants to

11




construct forecasts. Let Ly(?) be the linear space of time series running up
to time ¢, each of which is a linear combination of z,, Tyopy Ty-gyee. With
square-summable weights. We let Mz(?) denote the projection operator
for Ly(?). Recall from the previous section that the difference between

noise and the expectation error is observed after the fact:
Pp—P = 85 —v (2.1)

Because v, is orthogonal to any element in Lj(?), arguments of the
previous section verify that a lower bound on the variance of noise is
provided by the variance of the projection of Py—P; onto Lz(f). We
define St“ as M;(1)S,;. Then we have

Pt - P: = Sglg + [1 - Mz(t)]st — Vy (2‘2)

Because the residual term [1—Mz(?)]S, is orthogonal to the projection,
Stl ;» the variance of the projection is less than the variance of S. Hence
Ugtlt is a lower bound for the noise variance, 0. Further, because the
model imposes no restrictions on the relation between v, and any element
of Ly(t+j)—Lz(1), it is possible to find covariances of this type such that

the bound is attained. Thus, we have

Theorem 2.1 Absent restrictions on the covariance structure of v,, the

variance of the model error must satisfy

o> 031|t . (2.3)

12




This bound is attainable.O
The Appendix contains a proof that the bound is attainable.

The idea of exploiting the unpredictability of a random variable
which is a forecast error under some null hypothesis as a specification test
appears in a large number of studies in many different areas of research.
For example, numerous authors have explored the hypothesis that
forward exchange rates are forecasts of future spot exchange rates. Fama
[1984], in particular, constructs a regression in an attempt to estimate a
time varying risk premium (corresponding to model noise in our
framework) which is equivalent to the projection of P,—Pj onto P,—P}_;.
Tests of foreign exchange market efficiency such as Hansen and Hodrick
[1980], Bilson [1981], and Hodrick and Srivastava [1984], to name a few,
can be interpreted in our framework as well. Our results demonstrate how
the orthogonality of forecast errors represents the total set of testable
restrictions in these models. The power properties of all such proposed
tests may therefore in principle be ranked on the basis of which
information restrictions are imposed.

" This Theorem underscores the results of Frankel and Stock [1987]
comparing regression and excess volatility tests. Frankel and Stock
demonstrated that regression tests of model misspecification were optimal
relative to any excess volatility test which could be constructed with a
given information set. Our results extend this optimality by deriving the

circumstances under which the regression formulation exhausts all testable
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implications of the model.
3. Inference with geometric discounting

When P; has the particular form of the discounted value of a
future stream, with a constant discount rate, further sharpening of noise
variance bounds is possible. Models with this expectational structure
include the stock price-dividend relation in Shiller’s original work, as well
as models of hyperinflations (Cagan [1956], Sargent and Wallace [1973],
Sargent [1977]), exchange rates (Meese [1986]) and output and investment
(Hall [1988]). The methods developed in this section could apply to any of
these modeis. On the other hand, the methods do not apply to the
consumption problem as in Flavin [1981], because consumption is a
function of the stock of assets as well as of discounted future earnings.

The constant discount model hypothesizes that P; reflects the

discounted value of a future flow, D, ;, with a constant discount factor 3:

P = 3. BE(D,,e,) . (3.1)

=0

The perfect-foresight variable, P;, has the same form without the
expectations. As before, we assume that the observed price, P,, is the
sum, P;+S,.

A long tradition of empirical work on the constant discount rate

model has studied the excess return,

rn= Dy — Py + Py,

14




B = DB [B(Dpyil@ear) = B(D,il0)] (3.3)

the innovation in the valuation. (D, is assumed to be observable at ?+1.)
The intertemporal arbitrage condition states that the expectation of the
excess holding return conditional on information available in the market is

zero. Let
Ny = Mz()ry, = Mz()(S; — BS;yy) - (3.4)

N; is a measure of the extent of the failure of the arbitrage condition.
Under certain strong conditions, finding a non-zero N, supports a
conclusion of failure of market efficiency.

Within the framework of this paper, N, is a measure of the
backward quasi-difference, S;—fS,,, of the noise, S;. As such, it does not
directly serve our purpose. of measuring the level of noise. In one
important case, the noise vanishes from the arbitrage condition: This
happens when §; grows or is expected to‘grow in proportion to 8%, a
speculative bubble. Even when the noise does not take the exact form of a
bubble, any slow-moving component will be essentially erased by the
backward quasi-difference operation. The problem is particularly acute if

the time interval is short, say weekly or monthly. Specification tests will

15




have low power against slow-moving noise if the tests use quasi-differenced
data.
Given a time series for N,, a corresponding estimated noise series,

S, is available from the recursion,
S = BSp + N, . (3.5)

Although S, is potentially useful as an indication of the amount of noise
in the level of P,, its variance is not necessarily less than the variance of
the actual noise, S;,. Because of its dependence on future N’s, it does not
satisfy the basic orthogonality condition needed to prove that its variance
places a lower bound on the noise variance. It is a topic for further
research to see if useful bounds on the noise variance can be derived from
the arbitrage condition. For now, the only result we have obtained is that
the projection of S, on variables known at time 1, resulting in a measure
5 e = Mz (1)S; has a variance less than the noise variance.

Our approach to developing sharp bounds on the noise variance
focuses on the level of noise, rather than its backward quasi-difference.
However, as will be seen, the excess return plays an important role in our
method.

Recall that our basic approach to finding lower bounds on the
noise variance is to find variables in the information set of market
participants that have predictive power for P;—P;. The explanatory
power of these regressors raises and thus sharpens the bound on the
variance of the noise. The additional regressors we choose are the excess

return lagged 1, 2, ... periods. We assume that these lagged excess returns

16




have not already been included in the X-variables. The explanatory power
arises from the presence of the backward quasi-difference of noise,
S;-;—BS;-; 41, in the excess return, which helps predict the noise, S;, in
P,—P;.

Let Ly(t) denote the linear space generated by r;. The elements of
Ly(t—1) are orthogonal to the forecast error v;,. Denoting the projection

of S; onto Ly(t) ® Lp(t—1) as S,jeo and its variance as o-?tloo’ we have:

Theorem 3.1 In the constant discount rate model, if the discount rate is

known, the variance of the model noise satisfies the lower bound
2 2
o5 2 astloo
This bound is the tightest bound available, in that it is attainable.O

The Appendix contains a formal proof of the attainability of the

bound, which is derived in a Kalman filtering framework.
Information contained in regression residuals

It might appear that a second way to add explanatory variables to
the regression to measure noise might be based on the observation that so
long as D,_; (and by implication Lp(¢—1)) is known at time 7, absent
noise, the disturbance in the regression is AR(1) with parameter 8. To
the extent that the actual serial correlation of the residual is different,

added predictive power would be available. However, adding the lagged
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excess returns as recommended by Theorem 3.1 precludes that source of
predictive power.

In order to see that the properties of the innovations will not
augment the lower bound, whenever lagged innovations are included as
regressors, we derive the additional explanatory power of the lagged

innovations for an arbitrary regressor set. It is easy to show that

Vi — Brig = Ny (3.7

where 7, is the value innovation mentioned earlier. Thus v; can be
viewed as a time series process in reverse time with Wold innovation 7,.
From equation 3.7 it is plainly an AR(1) process. It can also be viewed as
an AR(1) process in normal time, in which case its Wold innovation,
generated by projecting onto the past, is a different white noise random
variable, w,.

_The requirement that the forecast error, v;, be AR(1) allows us to
increase the noise bound through a two step procedure. Consider the
autoregressive transformation of the residuals from the noise-detecting

regression. The residuals are:
1- Mz(t)]st - V.
and the autoregressive transformation of the residuals is:

= (1- ﬁL-l){[l - Mz;(1)]S:} — w, .




Because the transformation turns the forecasting error into its white-noise
innovation, w,, any serial correlation in z, must come from the other term,
which is the part of the noise that escaped detection in the regression,

[1—Mz(?)]S;. In the univariate Wold decomposition of z,,
2y = W(L)Z‘_l + ft 9 (3.10)

the extra predictive power is measured by w(L)z,_;. To restate this
predictive power in terms of the level of the noise variable, we multiply by

the inverse of the quasi-differencing operator:
y = (1 = BL Y n(L)z_, . (3.11)
and can refilter the innovations in order to recapture the model noise
1= Mp()S; — vy =0+ (1 = BL7) g (3.12)

The n(L)z,_, variable is orthogonal to the forecast error and also to Lz(1).
Forward filtering does not preserve this orthogonality. Consequently, we
cannot argue that the u, component is smaller in varjance than the left
hand side of (3.13). In order to bound the variance, we must construct the

Wiener-Kolmogorov projection of #,, which we denote as e

Yyl ='Z=; 1Y (LL([‘)> m(L)z_y.

/+




By construction, the forecast error (; = u,—u must possess the

t]t-1
autoregressive decomposition

¢t = Bl + e ’ (3.14)
since it is the forecast error of a constant discount model. Rewriting
1= Mp()]S; — vy = Yele-1 + ¢+ (1 - ﬂL—l)_lft (3.15)

which

does not fulfill the requirements of the forecast error and an orthogonal

we have now decomposed the left hand side into a component Yot
component that does fulfill the AR(1) requirement.

Finally, notice that by construction, is identically equal to

u
tjt-1
the projection of [1—Mz(?)]S,—v, onto L.(i—1). This means that the
two-step procedure will generate identical projections to the procedure in
Theorem 2.1, since the two estimators are in fact projecting onto the same

space. We summarize our results in

Theorem 3.2 1In the constant discount rate model, if the discount rate is
known, the variance of the model noise must fulfill
2

o2 > "34: + ol = o}

tjt-1 HES

This bound is attainable.O




The residuals in the regression could also be filtered backwards in

order to generate AR(1) innovations. We analyze the case where the

projection residuals are a regular, stationary process. Defining

Y = (1‘_ ﬂL)(l - Mt(’))st + v

one may think of the construction of the model noise estimate as a
projection of (1— Mz(2))S;+v, onto that part of Ly(2) which is orthogonal
to the forecast error. (A quick reexamination of the derivation of Theorem

3.2 reveals that u is a projection of (1—Mz(1))S;+v, onto L.(1—1),

t|t-1
all of whose elemenlts are orthogonal to the forecast error. Notice that the
dating of the two linear spaces is different. This occurs because y, is
known as of ¢ whereas z, is not.)

The bound in Theorem 3.2 is optimal, as verified by Thoerem 3.4

below. Therefore the backwards filter cannot increase the variance

estimate of the noise residual. On the other hand, since

1 - 8L
tﬂﬂ_L Y = %

it follows that L,(t—1) € Ly(t). Therefore the backwards filter must
generate a variance estimate at least as large as the forward filter, since
the forward projection is an admissable solution. In fact, since L.(1—1) is

the only subspace of Ly(1) whose elements are necessarily orthogonal to the
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forecast error, the predictions'of the model noise residual are identical.

Similar results may be obtained for different assumptions on the
observability of dividends. If the available information set on dividends at
time t is equal to Lp(t—i—1), then the forward quasi-difference of the
regression residuals is now MA(i) under the null. This means that
L,(t—i—1) should be included in the regressor set. One can replicate the
appropriate two step procedure we have outlined and show that Theorem
3.2 generalizes to this case as well. If no assumptions are made on the
market participants’ knowledge of the dividends history, one can also show
that the residuals contain no implications for the model noise.

The decomposition of the bound in Theorem 3.2 shows how
information on the residuals may be extremely valuable when the
information set of market participants is unknown or the predictive power
of the available X-variables is weak, as is the case for example when
dividends are used to predict stock prices. This result emphasizes that the
departure of P; from P, in the class of expectations models we have been
discussing must be AR(1) if there is no model noise. The structure of the
disturbances in the P;— P, regression should not be treated as a nuisance
parameter. Rather, this structure should be incorporated as part of the
specification testing.

A similar expression to u was derived in a different context by

tlt-1
Campbell and Shiller [1987] whol studied the behavior of excess holding
returns in the dividend stock price model. These authors treated the
present discounted value of expected excess holding returns as a measure
for violations of the model. OQur analysis provides a precise metric which

justifies the use of the measure in assessing models deviations and also
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demonstrates how the measure may serve as a comprehensive model
specification test.

West [1987] proposed a test of the specification of the constant
geometric stock price model which essentially consists of comparing the

variance of 7, defined in (3.7) to the variance of

e o= (1= BLTHE(PILp(®) — PP) (3.19)

(The information set employed in (3.8) can in principle be any subset of
agents information which includes current and lagged dividends.) The
variance of #j; must at least as great as the variance of 7, in the absence
of noise, since the two random variables are white noise transformation‘s of
forecast errors based upon nested information sets. Our analysis shows
that this test only captures a subset of the many implications for
innovations of the constant geometric discount model. When a sufficiently
rich information set is analyzed, there is no need to analyze the residuals
(and implicitly the innovations) in isolation. When the information set of
agents is unknown, the residuals should be rendered AR(1) by extracting
an additional noise estimate. West’s innovation analysis is the equivalent
of an excess volatility test for the model innovation, if predictions are
compared to inferior predictions, rather than realizations. The set of
alternative hypotheses against which the test is powerful is therefore quite
restrictive. The test does, however, contain information beyond the AR(1)
restriction as it implicitly contains elements of a test for unpredictability

of the forecast errors.




Optimality of stock versus flow approach

One should not conclude from this discussion that an analysis of
the model noise through the excess holding returns from stocks is
equivalent to an analysis of price levels. The flow approach to model noise
will in general be less informative than the stock approach.

To see this, notice that the random variable P,—P; is used to
construct the holding returns r,. This does not ensure that the present
and future holding returns may be used to construct P,—P;. This

nonequivalence occurs, for example, whenever there is a rational bubble.

If

B, = B7'B,_;+ ¢, (3.20)

then B, is not an element of L,(0co)—L.(t—1), since the bubble is
unbounded in variance whereas the linear spaces after filtering only
contain bounded elements. Whenever the projections of current and future
r, are employed to artificially construct the model noise, it therefore can
never improve the bound, and if nonequivalence occurs, can cause a
diminution of the bound. It is clear, further, that the use of the realized
excess returns is only one of an infinity of ways to filter P,—P;. So long
as the original series is recoverable from the transformation, it is arbitrary
(in a projection sense) whether one constructs the model noise estimate or

through the reversal of the filter. Formally,
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Theorem 3.3. For any (possibly two sided) filter p(L) such that

\

w(L)(P, — P}) = & (3.21) |

if P,—P; € Lg(o0) ie w(L)§, = P;—P; for some (L), then'the

variance of the flow prediction of model noise

[o°]

D wM=()E;. (3.22)
J=—00 .

will equal the stock prediction of the lower bound on the admissable level
of noise variance. If P,—P; ¢ L¢(c0), the flow prediction of model noise
will not identically equal the stock prediction of the lower bound on the
admissable level of noise variance. The stock estimate of the model error

will always be at least as great as the flow error in this case.O

Fama and French [1988] and Lo and MacKinlay [1987] have
argued in a related context that the stock approach also possesses superior
power properties in finite samples in uncovering model noise to the flow
approach. Specifically, they demonstrate that for a time series exhibiting
long run mean reversion, the first differences of the series might appear to
be uncorrelated at short lags. These authors conclude that the behavior of
long changes in the series is a superior way of uncovering noise, as opposed
to analyzing first differences in isolation. The first differences correspond

to our measure of excess holding returns. Our Theorem exclusively deals
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with asymptotic noise identification, and therefore says nothing about
finite sample properties. For actual empirical work, the finite sample
based critique may very well be more important in justifying the use of

the stock approach.
Optimal model noise bounds

Finally, we are able to characterize the full set of restrictions
which the constant discount model places on a given linear space of
observable variables. This set of restrctions in turn defines the largest
admissable bound on the model noise variance. Our results in the
Appendix show that if the information set z; contains the price series P,
and the dividend series D,, then the projection Stl , will equal Sdoo. This
follows immediately from the two equivalent formulations of r, in (3.2)
above. Lagged r, variables are contained in the history of P, and Dj.
Therefore, the impact of adding residuals to the regression will be the
same as adding lagged dividends and prices. Asymptotically, the sequences
of projections on Lz(t) will render the residuals AR(1) with a coefficient of
B. This generates the result that absent any assumptions on the structure
of model noise which imply the existence of a component of future noise
which is unaffected by contemporaneous dividend forecast errors, then
orthogonality of P;—P; to information available at ¢ will represent the
complete set of restrictions for the model. Restating this result in the
language of Kalman filter/signal extraction framework of the Appendix,

the optimal predictor and optimal smoother will coincide. = As the

Appendix verifies, one can construct a structural model which is consistent
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with the data, such that the optimal prediction of model noise is perfect.
As a result, the one-sided projection framework will exhaust all the
implications of the model. The optimality of the regression formulation is

summarized in

Theorem 3.4 For any time secries vector z; which includes current

dividends and prices,

A. Orthogonality of P,— P} to L:(f) constitutes all of the testable
restrictions which the constant dividend model places on the spectral

density matrix of the data.
B. The variance of model noise must fulfill

2 2 2
03 208, = Os, . (3.23)
This bound is attainable. No greater bound may be constructed which is
consistent with all potential structural models which could have generated

the observables.O0
The case of an unidentified discount rate

The previous discussion has assumed that the discount rate, 3, is
known. In effect, we are assuming that it is econometrically identified —all
of our previous results would apply if 8 were not known from prior

considerations but could be estimated by the use of an instrumental
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variable known to be orthogonal to the noise in the equation at hand. An
example of such a variable in a macroeconomic setting is military
spending, which is unlikely to be a response to noise.

A more challenging task is putting bounds on noise when the dis-
count rate is not identified. When noise is present, the standard approach
to estimation of B will fail. That approach is to use the set of variables
known in the market at time t as instruments in the excess return

equation,
Pt d D! = ﬂPt-i-l + ¢ + S¢ - ﬂSt+1 . (3.24)

The approach will work only if S;—fS,,, is zero or uncorrelated with the
instruments.

Although the value of B8 cannot be known if the identifying con-
dition fails, it is still possible to put a bound on the noise variance.
Unfortunately, the approach we favored in the previous section fails if the
discount rate is not known, because P;—P, is no longer observable.
Instead, we will apply the idea developed in the previous section of pro-
jecting the excess return on the X-variables, cumulating in reverse time,
and then projecting again on the X-variables. This approach will be even
weaker than before because the excess return will be measured with the
biased estimate of B obtained by using all of the X-variables as instru-
ments in equation 3.24. When the residuals from the instrumental esti-
mates are projected on the X-variables, the projection is non-zero to the
extent that the “overidentifying restrictions” fail. Note that the bound is

vacuous if there is only a single X-variable.
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Let pu, be the residuals from estimating equation 3.24 by two-stage
least squares with all of the X-variables as instruments. From earlier
arguments, it is clear that the projection N, of u, on Lz(?) will provide a

lower bound on the variance of (1—8L™")S, because
Me(Op, = Mg()(1 = BL7Y)S,
As before, let

S, =01 —BL YN, .

Then we have

Theorem 3.1. In the constant discount rate model with unknown g, the

variance of the model noise satisfies the bound,

ol > a? .
t|t

The bound of theorem 3.1 is not sharp. The problem is that the

projections have been constructed off of filtered observations of the model
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noise. As a result some information is lost. For example, as discussed in
Theorem 2.5, if the model noise equals a rational bubble B; then the
bound generated by the procedure would be consistent with zero noise. In
the unidentified discount case the lagged price term is the sole instrument
capable of generating a consistent estimate of 8. The more robust methods
for measuring noise developed in the previous sections require the
identifiability of B or, more generally, the identifiability of the coefficients

needed to calculate Pj.

4. Inference with overlapping forecast errors

In numerous expectations based models, the data on forecasts and
realizations are both available and observable, but the horizons for
forecasts overlap. For example, every month there may be a k-month
ahead forward exchange rate observation. As emphasized by Hansen and
Hodrick [1980], this implies that the forecast errors v, will be MA(k). The
techniques of the previous theorems are easily applied in this case. If the
autocovariance function of the regression errors does not die out after k

periods, then u will equal the projection in the regression

t|t-1
1=Mz())S,—v =m(L)[1—Mz(1—k=1))S; k1 —Vi—p1] + C; (4:1)

which permits the construction of the two step smoothing procedures
outlined above. If P, ,_, and P;_,_, are elements of Lz(?), then the

regression estimate of the model noise is optimal.




5. Relation to Hausman class specification tests

The bounds we have developed bear a close relation to previous
tests of expectational models in the literature. In particular, we focus on a
Hausman class specification test developed by West [1987], which was
originally applied to stock prices and has been subsequently used to
analyze expectations based models of exchange rates (Meese [1986]) and
hyperinflations (Casella [1988]; Casella’s paper derived the test
independently from West.) West’s idea was to test the expectations based
dividends stock price model by comparing the reduced form coefficients in

the regression
Py = w(L)D; + p,
with the coefficients predicted by the model

Py = z ﬁiE(DH-iI(I)t)
1=0
D, = y(L)é,

E(DH_,-I(I’,) = (_‘75(;1_3)) 7(L)-l D,

+

where P;{ denotes the fundamental stock price (which equals P, absent
noise) and §, denotes the Wold innovation in D,. West tests the model

specification by comparing the projections of P, and P; onto L D(t).
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_ The projections of P;—P, and P{—P, onto Lp(#) are by
construction identical, because the two time series can differ only by the
expectation error P;—P;, which is necessarily orthogonal to the current
and lagged dividend series. By the arguments in the previous section, the
West analysis is equivalent to a procedure which constructs a lower model
noise bound based upon the information set L D(t). West’s test therefore
exhausts only a subset of the testable implications of the stock price
model. Either the expansion of the information set or the decomposition
of the regression errors to isolate AR(1) components will enhance the
ability of the test to discriminate between the null and alternative
hypotheses. |

Our formulation also shows that the West test is not necessarily
more poWerful than a simple regression test in uncovering model noise.
The reason for this is that the information set specified does not include
P,. This omission is quite serious if the specification error contains a unit
root, as a projection of stock prices onto the dividend information set will
geherate sample error variances which diverge to infinity. In fact, when
dividends represent the complete information set, speciﬁcation' test
statistics will be inconsistent, as a modification of the arguments in
Durlauf [1988] will easily show. This latter paper also shows that the use
of dividends will also generate inconsistent test statistics if the alternative
hypothesis contains an exploding rational bubble.  The basis of these
arguments can be seen when one observes that when the model error
possesses infinite variance due to a unit root or an explosive bubble, the
projection of Pi—P, onto Lp(?) is no longer well defined. As a result, as

the latter paper verifies, the associated hypothesis test statistics will not
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diverge.

These theoretical observations are in fact supported by the data.
In a companion paper (Durlauf and Hall [1988]), we demonstrate that the
entire history of dividends provides relatively little information on the
nature of stock price noise, even when compared to the first lag of prices.
In fact, excess volatility tests, which possess no power against local
alternatives, will generate greater estimates of noise variance than

dividend based tests. Our empirical research has found the history of

prices extremely effective in capturing nearly all potential model noise.

6. Summary and conclusions

This paper has explored a number of issues in assessing the degree
of misspecification or model noise in expectations based models. We have
sought to provide lower bounds on the magnitude of misspecification in
expectational models, as opposed to merely detecting its presence. Our
approach has relied upon treating the model noise and market
expectations as the objects of interest in a sequence of unobserved
components or signal extraction problems. We were thus able to derive
lower bounds on the variance of model noise consistent with the data.
Consistency of the lower bound with zero is equivalent to the acceptance
of the null hypothesis of correct specification.

By varying the information set available to the econometrican, we
have been able to characterize different conditionally optimal lower bounds
on model noise. These characterizations have shown how various

specification tests have simple regression interpretations. In addition, we
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have shown how for constant geometric discount models, which apply to
many issues in asset prices, the autocovariance structure of regression
residuals possesses implications for the degree of specification. Our
optimal bound results further permitted a characterization of all testable
implications of the model. Interestingly, the ability of the econometrician
to explain the past using the future does not assist in uncovering the
degree of model noise. Formally, the optimal prediction and optimal
smoothing estimates coincide for these models.

Finally, we have compared a number of different asset price tests
in the literature in terms of power. We have found that the much
maligned excess volatility test has good power against many alternative
hypotheses, when compared to dividend based specification tests. The
reason is simple. If a stock price contains slowly moving noise, the history
of prices is an effective way of capturing the noise. Against some
alternative hypotheses, dividends may contribute nothing to the implicit
signal extraction problem.

Areas for future research, which we hope to pursue, fall into two
categories. First, the determination of appropriate instrumental variables
for permitting the future to explain the past can break the equivalence
between the optimal predictor and optimal smoother we have discussed
above. Our bounds could also be extended to cases where the nature of
the potential misspecification is at least partially parameterized. Second,
the extremely large model noise components we have found for stock prices
naturally warrant separate examination. An important undertaking would
attempt to relate the model noise estimates for aggregate stock prices to

the model noise estimates in other asset markets as well as commodity and
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labor markets (as found by Hall [1988]) in order to begin to develop a
more complete characterization of the limitations of current expectations

based theories.




Appendix
Kalman Filtering Interpretation

The lower bound on the variance may be interpreted in a Kalman
filtering framework. This interpretation also permits us to state an optim-

ality result concerning the bound.

Information is structured as

Lz(?) = Linear space generating information available to the

econometrician at i.

Ly(f) = Linear space generating information available to

market participants at .
Y‘ls = projection of Y; onto Lz(s).

¢ = Lz(t) - Lz(t"l)

We consider the mapping from the states to functions of the

observables as
(A)

(A.2)




If the measurement error in the equation were white noise independent of
the states, the optimal inference of S, from the observables is the same as
the optimal smoothing estimate of S, in a Kalman filtering framework. To
construct the optimal smoothing estimate, one can partition the available
information into the mutually orthogonal subspaces Lz(f) and
Lz(o0)—Lz(f). The projection of S, onto both the past, present and the
future will generate an optimal estimate which consists of two orthogonal

projections. This estimate is

Sgoo = Sye Z:IE(S:QH)V‘"(C)—IQH- (A.3)

The optimal smoothing estimate thus projects S, onto two orthogonal
subspaces, one of which corresponds to the standard backwards regression
projection. However, the terms in this expression containing the
covariance of future observable innovations and current model noise in the
optimal smoothing estimate are not identified, in that one does not know
the values of E(S;(,,;). One only knows the values of covariances of the
imperfectly observed model noise with the observable different observable

variables

E((Py — P;)Cz-m‘) = E((S; + Vt)(t+:‘)- (A.4)

In other words, using future observables to infer the current value of
P,—P; is not equivalent to predicting S, because the use of future

variables may capture the forecast error term v, as well as the
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unobservable state S;. All admissable information for forming the optimal
smoothing estimate must lie in L,(#). This means that consistent
inferences on S; can be made only by restricting the second projection in

equation A.4 to that those vectors é; such that

Lo(t) = {Lz(c0) — Lz(t)} n L¢(i)- (A-5)

If there is no information on which elements of Lz(00)— Lz(t) are
known at time ¢, then the best estimate of the projection of S, onto Ly(?)
will equal the projection onto Lz(t), and Theorem 2.1 is verified.
Alternatively, suppose that P; fulfills the constant discount model and
that forecast errors are orthogonal to L D(t—l), so that the filtered
forecast error By, {1-;"’:-.’ is white noise. No such transformation of the
forecast errors is observable under the alternative, however, because the
price variable is contaminated by the model noise. Since the observables
do not permit the model noise and the forecast to both be observed in
isolation, these terms are not elements of Lz(oc0). HoWever, the set of
lagged excess returns r,_; defined in the text will be both observable to

market participants and to the econometrician. Decomposing r,_; as
fiei = Moy + [Mg(0) — Mz()]r_;, i>0 (A.6)

permits us to map the r, variables into the smoothing decomposition,

exclusively employing data which are observable to the econometrician.

~ The only component of the available variables dated after ¢ which may be

used as estimates to extract the model noise are those which are ortho-
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gonal to the forecast error. The r, variables are the only variables which
fulfill this requirement. This is the sense in which the model noise estimate
Stloo is an optimal smoothing solution. These arguments verify that
Theorem 2.2 generates a bound that is consistent with the data.

A converse result also exists, suggesting that this is the largest
possible bound which can be inferred from the data. The restrictions
imposed by the covariance structure of the observable variables restricts
the set of admissable structural models which could have generated the
data. There exists a structural relationship between the model error
estimate Stloo and the D, process such that this estimate of the model
error variance is equal to the true model error. Therefore, it is possible to
construct an example of a structural model which is consistent with the

data and possesses a model error variance equal to o2, . The existence of

t]oo
such a model means that the bound is maximal. Inluitively, this model
follows from the observation that it is possible for the variance of the
model error residual which is not captured by the smoothing estimate to
be zero.

Formally, the structural relationship between states and obser-
vables where the filter is perfect is a modification of the so-called inno-
vations representation of the Kalman filter which was developed by
Kailath [1968] and Son and Anderson [1973] and is discussed extensively in
Anderson and Moore [1979]. A colored noise state space model which is

consistent with the lower bound on noise variance coinciding with the

actual noise variance is:




(A.8)
= O'S‘_lloo + Ct (A-g)

Pt = B Py = Dy + BN = BLTY)Vwy (A0)

oo
where a and e, are implicitly defined. The reader may verify that this
state space model fulfills all of the orthogonality restrictions in the text.
Finally note that if current price and dividend variables are included in
the information set at ¢, this will render r, an element of Lz(t) and render
the optimal predictor and optimal smoother identical, which is Theorem

3.4 in the text.




Bibliography

Anderson, B. D. O. and J. B. Moore. [1979]. Optimal Filtering. New York:
Prentice Hall.

Bilson, J. F. O. [1981]. “The Speculative Efficiency Hypothesis.” Journal of
Business, 54, 435-451.

Cagan, P. [1956]. “The Monetary Dynamics of Hyperinflation.” in Studies

in the Quantity Theory of Money, ed. M. Friedman, Chicago: University of

Chicago.
Caines, P. E. [1988). Linear Stochastic Systems. New York: Wiley.

Campbell, J. Y. and R. J. Shiller. [1987]. “Cointegration and Tests of
Present Value Models.” Journal of Political Economy, 95, 1062-88.

Casella. A. [1988]. “Price Bubbles and the German Hyperinflation.”
mimeo. UC Berkeley.

‘Durlauf, S. N. [1988]. “Sample Path Properties of Speculative Bubbles.”

Mimeo, Stanford University.

and R. E. Hall. [1988]. “Determinants of Noise in
the Dividend Based Stock Price Model.” Mimeo in progress, Stanford

University.




Durlauf, S. N. and P. ‘. B. Phillips. [1989]. “Trends Versus Random

Walks in Time Series Analysis.” forthcoming Econometrica.

Fama, E. [1984]. “Forward and Spot Exchange Rates.” Journal of
Monetary Economics, 14, 319-338.

and K. French. [1984]. “Permanent and Temporary
Components of Stock Prices.” Journal of Political Economy, 96, 246-273.

Flavin, M. [1981]. “The Adjustment of Consumption to Changing

Expectations about Future Income.” Journal of Political Economy, 89, 974-

[1983]. “Excess Volatility in the Financial Markets: A
Reassessment of the Empirical Evidence.” Journal of Political Economy, 91,

929-56.

Flood, R. P. and R. J. Hodrick. [1986]). “Asset Volatility, Bubbles, and
Process Switching.” Journal of Finance, XLI, 831-42.

Frankel, J. A. and J. H. Stock. [1987]. “Regression Versus Volatility Tests
of the Efficiency of Foreign Exchange Markets.” Journal of International

Money and Finance, 6, 49-56.

Gilles, C. and S. F. LeRoy. [1987]. “The Variance Bounds Tests: A

42




Critical Survey.” Working paper, UC Santa Barbara.

Hall, R. E. [1988]. “Spontaneous Volatility of Output in the Business

Sector.” Working paper in progress, Stanford University.
Hannan, E. J. [1970]). Multiple Time Series. New York: John Wiley.

Hansen, L. P. and R. J. Hodrick. [1980]. “Forward Exchange Rates as
Optimal Predictors of Future Spot Rates: An Econometric Analysis.”
Journal of Political Economy, 88, 829-853.

Hodrick, R. J. and S. Srivastava. [1984]. “An Investigation of Risk and
Return in Forward Foreign Exchange.” Journal of International Money and

Finance, 3. 5-29.

Kailath, T. [1968]. “An Innovations Approach to Least Squares
Estimation. Part 1: Linear Filtering in Additive White Noise.” IEEE
Transactions on Automatic Control, AC-13, 646-54.

Kleidon, A. [1986). “Variance Bounds Tests and Stock Price Volatility.”
Journal of Political Economy, 94, 953-1001.

LeRoy, S. and R. Porter. [1981]. “The Present Value Relation: Tests
Based on Implied Variance Bounds.” Econometrica, LXIX, 555-74.

Lo, A. W. and A. C. MacKinlay. [1987]. “Stock Prices Do Not Follow

43




Random Walks: Evidence from a Simple Specification Test.” Working
Paper 29-87, Rodney L. White Center for Financial Research, Wharton

School, University of Pennsylvania.

Meese, R. [1986]. “Testing for Bubbles in Exchange Markets: A Case of
Sparkling Rates?” Journal of Political Economy, 94, 345-73.

Sargent, T. [1977]. “The Demand for Money During Hyperinflations Under

Rational Expectations.” International Economic Review, 18, 59-82.

and N. Wallace. [1973]. “Rational Expectations and the

Dynamics of Hyperinflation.” International Economic Review, 14, 328-50.

Shiller, R. J. [1981a). “Do Stock Prices Move Too Much to be Justified by
Subsequent Changes in Dividends?” American Economic Review, LXXI,

421-36.

[1981b]. “The Use of Volatility Measures in Assessing Market
Efficiency.” Journal of Finance, XXXV, 291-304.

Singleton, K. [1980]. “Expectations of the Term Structure and Implied
Variance Bounds.” Journal of Political Economy, 88, 159-76.

West, K. [1987]). “A Specification Test for Speculative Bubbles.” Quarterly
Journal of Economics, CII, 553-80.




[1988). “Dividend Innovations and Stock Price Volatility.”
Econometrica, 56, 37-62.




CENTER FOR ECONOMIC POLICY RESEARCH
100 Encina Commons
Stanford University
Stanford, California 94305
(415) 725-1874

CEPR Discussion Paper Series (September 1988)

Paul A. David, "Microelectronics and the
Macroeconomic Outlook," Two Papers for the
OECD Working Party on Information, Computer
and Communications Policy," April 1982.

Timothy F. Bresnahan, "The Impact of Proposed
Emissions Rollbacks on the Automobile
Industry," April 1982.

Ronald I. McKinnon, "A Program for Interna-
tional Monetary Stability," January 1983.

Timothy F. Bresnahan, "Automobile Price
Indexes by Continent of Origin," November 1982.

Ronald I. McKinnon, "Why U.S. Monetary Policy
Should Be Internationalized," April 1983.

Robert M. Coen and Bert G. Hickman, "Tax
Policy, Federal Deficits and U.S. Growth in the
1980's," April 1983.

Ronald I. McKinnon, "Dollar Overvaluation
Against the Yen and Mark in 1983: How to
Coordinate Central Bank Policies," May 1983.

Lawrence J. Lau, "The Measurement of Pro-
ductivity: A Lecture in Memory of Professor Ta-
Chung Liu," July 1983.

Bert G. Hickman, "Growth, Inflation and Unem-
ployment in the United States," August 1983.

Michael J. Boskin, Kenneth Cone and Sule Ozler,
"The Federal Budget and Deposit Insurance,"
November 1983.

Michael J. Boskin and Bradford L. Barham,
"Measurement and Conceptual Issues in Federal
Budget Treatment of Loans and Loan Guar-
antees," revised December 1984.

Claudio R. Frischtak, "Choice of Technology and
Economic Growth: A Reassessment," December
1983.

M. Elisabeth Pate-Cornell, "Probabilistic
Assessment of Warning Systems: Signals and
Response," January 1984.

Bruce D. Spencer, "Avoiding Bias in Estimates of
the Effect of Data Error on Allocations of Public
Funds," April 1984.

Carson E. Agnew and Richard G. Gould, "Fre-
quency Coordination and Spectrum Economics,"
revised March 1984.

Timothy F. Bresnahan and Peter C. Reiss,
"Dealer and Manufacturer Margins," CEPR
Technical Report, February 1984,

B. Douglas Bernheim, "Dissaving After
Retirement: Testing the Pure Life Cycle

Hypothesis," CEPR Technical Report, revised
March 1984.

Bruce D. Spencer, "Sensitivity of Benefit-Cost
Analysis of Data Quality," CEPR Technical
Report, May 1984.

L.P.L. P’ng, "Liability, Litigation, and Incentives
to Take Care," CEPR Technical Report, revised
May 1984.

M. Elisabeth Pate-Cornell and Timothy S.
O’Grady, "Reduction of Fire Risks in Oil Refin-
eries: Costs and Benefits of Camera Monitoring,"
CEPR Technical Report, January 1984.

Ben S. Bernanke and James L. Powell, "The
Cyclical Behavior of Industrial Labor Markets: A
Comparison of the Pre-War and Post-War Eras,"
revised May 1984.

Yoram Weiss, "The Effect of Labor Unions on
Investment in Training: A Dynamic Model,"
CEPR Technical Report, December 1983.

Paul A. David, "The Reaper and the Robot (The
Diffusion of Microelectronics-Based Process
Innovations in Historical Perspective)," revised
May 1984.

Paul A. David and Trond E. Olsen, "Anticipated
Automation: A Rational Expectations Model of
Technological Diffusion," revised April 1984.

Josep M. Vegara-Carrio, "Software Technological
Change: An Economic Approach,” May 1983.

Michael J. Boskin, Marc S. Robinson, Terrance
O'Reilly and Praveen Kumar, "New Estimates of
the Value of Federal Mineral Rights and Land,"
revised August 1984.

B. Douglas Bernheim, "Life Cycle Annuity
Valuation," August 1984.

Arthur T. Denzau, William H. Riker and Kenneth
A. Shepsle, "Strategic Behavior in the Theory of
Legislatures," CEPR Technical Report, revised
August 1984.

John E. Chubb, "The Political Economy of
Federalism," June 1984.

Mathew D. McCubbins and Thomas Schwartz,
"The Politics of Derustication: Court-Ordered
Redistricting and Its Policy Effects," July 1984.

Melvin J. Hinich, "Policy Formation in a
Representative Democracy," CEPR Technical
Report, revised June 1984.

John Mendeloff, "OSHA and Regulatory Theory,"
June 1984.




Timothy F. Bresnahan and Dennis A. Yao, "The
Nonpecuniary Costs of Automobile Emissions
Standards," CEPR Technical Report, June 1984.

Norman Frohlich, Joe Oppenheimer and Cheryl
Eavey, "Tests of Rawls’ Distributive Justice: An
Experimental First Cut," June 1984.

John Ferejohn and Roger Noll, "Promises,
Promises: Campaign Contributions and the
Reputation for Services," CEPR Technical
Report, August 1984.

Linda Cohen and Roger Noll, "The Electoral
Connection to Intertemporal Policy Evaluation
by a Legislator,"” CEPR Technical Report,
September 1984.

Thomas E. MaCurdy and John Pencavel,
"Testing Between Competing Models of Wage
and Employment Determination in Unionized
Markets," CEPR Technical Report, September
1984.

Ben S. Bernanke, "Employment, Hours, and
Earning in the Depression: An Analysis of Eight
Manufacturing Industries," CEPR Technical
Report, revised October 1984.

Masahiko Aoki, "The Japanese Firm in Tran-
gsition," CEPR Technical Report, January 1985.

Bruce D. Spencer and Lincoln E. Moses, "Needed
Data Quality for An Ambiguous Decision Prob-
lem," CEPR Technical Report, January 1985.

Michael J. Boskin and Marc S. Robinson,
"Energy Taxes and Optimal Tax Theory," revised
December 1984.

Alan S. Manne, "On the Formulation and
Solution of Economic Equilibrium Models,"
CEPR Technical Report, November 1984.

W. Brian Arthur, "Competing Technologies and
Lock-In by Historical Small Events: The
Dynamics of Allocation Under Increasing
Returns," November 1983, revised January 1985.

Paul A. David, "Clio and the Economics of
Qwerty," December 1984.

A. Mitchell Polinsky, "Fixed Price Versus Spot
Price Contracts: A Study in Risk Allocation,”
February 1985.

Paul A. David, "New Technology Diffusion,
Public Policy, and Industrial Competltlveness,
revised April 1985.

Michael J. Boskin and Lawrence J. Kotlikoff,
"Public Debt and U.S. Saving: A New Test of
the Neutrality Hypothesis," May 1985.

Partha Dasgupta and Paul A. David, "Informa-
tion Disclosure.and the Economics of Science and
Technology,” April 1985.

Paul A. David and Paul L. Stoneman, "Adoption
Subsidies vs Information Provision as
Instruments of Technology Policy,” April 1985.

Robert M. Coen and Bert G. Hickman, "Social
Security and Macroeconomic Activity in 1985-
2010: A Forecast with the Hickman-Coen Annual
Growth Model," June 1985. (Revised December
1985)

Partha Dasgupta and Eric Maskin, "The
Economics of R & D Portfolios," April 1985.

Michael J. Boskin, "Theoretical and Empirical
Issues in the Measurement, Evaluation, and In-
terpretation of Post-War U.S. Saving," July 1985.

Masahiko Aoki, "Learning By Doing Vs. The
Bounded-Rational Control: An Approach to
U.S.-Japan Comparison of Industrial
Organization," July 1985.

James L. Sweeney and Michael J. Boskin,
"Analyzing Impacts of Potential Tax Policy
Changes on U.S. Oil Security," July 1985.

Ronald I. McKinnon, "The Dollar Exchange Rate
as a Leading Indicator for American Monetary
Policy,” August 1985.

Ronald I. McKinnon, "Protectionism and the
Misaligned Dollar: The Case for Monetary
Coordination," October 1985.

Tom Lyon, "Trinational Energ;y Policy Workshop
Notes," CEPR Technical Report, November 1985.

Michael J. Boskin, Lawrence J. Kotlikoff and
Michael Knetter, "Changes in the Age Distri-
bution of Income in the United States 1968-
1984," October 1985.

Michael J. Boskin, "Retirement Income Support
from the Private Sector," November 1985.

John B. Shoven and Toshiaki Tachibanaki, "The
Taxation of Income from Capital in Japan,”
September 1985.

Charles L. Ballard and John B. Shoven, "The
Value-Added Tax: The Efficiency Cost of
Achieving Progressivity by Using Exemptions,"
October 1985.

Michael J. Boskin, Marc S. Robinson and John M.

Roberts, "New Estimates of Federal Government
Tangible Capital and Net Investment," November
1985.

Michael J. Boskin, Lawrence J. Kotlikoff and
John B. Shoven "Personal Security Accounts: A
Proposal for Fundamental Social Security
Reform," September 1985. :

Bert G. Hickman, "Real Wages, Aggregate
Demand, and Unemployment," CEPR Technical
Report, July 1986.

A. Mitchell Polinsky, "Detrebling Versus
Decoupling Antitrust Damages: Lessons frora the

Theory of Enforcement," January 1986.

A. Mitchell Polinsky and Daniel L. Rubinfeld,
"The Welfare Implications of Costly Litigation in
the Theory of Liability,"” CEPR Technical Report
January 1986.




i

Paul A. David and Trond E. Olsen, "Equilibrium
Dynamics of Diffusion When Incremental
Technological Innovations are Unforeseen,"
CEPR Technical Report, February 1986.

Masahiko Aoki, "The Japanese Bureaucracy in °
Economic Administration: A Rational Regulator
or Pluralist Agent?" March 1986.

Michael J. Boskin, Lawrence J. Kotlikoff, Douglas
J. Puffert and John B. Shoven, "Social Security:
A Financial Appraisal Across and Within
Generations," March 1986.

Robert M. Coen and Bert G. Hickman, "Macro-
economic and Budgetary Impacts of Social
Security Policies, 1985-2010: A Simulation
Study," March 1986.

Paul Klemperer and Margaret Meyer, "Price
Competition vs. Quality Competition: The Role
of Uncertainty," CEPR Technical Report, May
1986.

Paul Klemperer, "Markets with Consumer
Switching Costs," CEPR Technical Report, May
1986.

Paul Klemperer, "Intertemporal Pricing with
Consumer Switching Costs," CEPR Technical
Report, May 1986.

Ronald I. McKinnon, "Financial Liberalization in

Retrospect: Interest Rate Policies in LDCs," July
1986.

James L. Sweeney with David Fenichel, "Price
Asymmetries in the Demand for Energy," CEPR
Technical Report, June 1986.

Samuel S. Chiu and Qing Lin, "An Incentive-
Compatible Resource Allocation Problem
Allowing Collusion," CEPR Technial Report,
June 1986.

Samuel S. Chiu and Qing Lin, "A Family of
Incentive Compatible and Non-Subsidizing
Optimal Resource Allocation Problems," CEPR
Technical Report, June 1986.

Bert G. Hickman, "The U.S. Economy and the
International Transmission Mechanism: A
Structural Comparison of Twelve Multicountry

" Models," July 1986.

Paul A. David, "Some New Standards for the
Economics of Standardization in the Information
Age," October 1986.

George W. Evans, "The Conduct of Monetary
Policy and the Natural Rate of Unemployment,"
October 1986.

George W. Evans, "Output and Unemployment
Dynamics in the United States: 1950-1985,"
December 1986.

B. Douglas Bernheim, "Does The Estate Tax
Raise Revenue?" December 1986.

B. Douglas Bernheim, "Life Insurance, Annuities,
and Bequests," December 1986.

W. Brian Arthur, "Industry Location Patterns
and the Importance of History", June 1986.

A. Mitchell Polinsky and Daniel L. Rubinfeld, "A
Note On Optimal Public Enforcement with
Settlements and Litigation Costs," December 1986.

A. Mitchell Polinsky, "Optimal Liability When
the Injurer’s Information about the Victim’s Loss
is Imperfect," December 1986.

Michael J. Boskin, "Perspectives on the Tax
Reform Act of 1986," March 1987.

Perry C. Beider, B. Douglas Bernheim, Victor R.
Fuchs and John B. Shoven, "Comparable Worth
in a General Equilibrium Model of the U.S.
Economy," January 1987.

John B. Shoven, "The Tax Consequences of Share
Repurchases and other Non-Dividend Cash Pay-
ments to Equity Owners," October 1986.

B. Douglas Bernheim and John B. Shoven,
"Taxation and the Cost of Capital: An
International Comparison," August 1986.

Michael J. Boskin and Douglas J. Puffert, "The
Financial Impact of Social Security by Cohort,"
February 1987.

John Pencavel and Bertil Holmlund, "The
Determination of Wages, Employment, and Work
Hours in an Economy with Centralized Wage-
Setting: Sweden, 1950-83," January 1987.

Charles L. Ballard, "Marginal Efficiency Cost
Calculations: Differential Analysis vs. Balanced-
Budget Analysis," CEPR Technical Paper,
February 1987.

Frank A. Wolak and Charles D. Kolstad,
"Shapley Values as Ex Ante Measures of Relative
Market Power: An Application to the Western
U.S. Coal Market," CEPR Technical Paper, April
1987.

Timothy F. Bresnahan, "Empirical Studies of
Industries with Market Power,” CEPR Technical
Paper, April 1987.

Michael J. Boskin, "Future Social Security
Financing Alternatives and National Saving,"
May 1987.

Luis M.B. Cabral, "On the Adoption of
Innovations with 'Network’ Externalities," CEPR
Technical Paper, May 1987.

W. Brian Arthur, "Competing Technologies: An
Overview," CEPR Technical Paper, July 1987.

Michael J. Boskin, "Concepts and Measures of
Federal Deficits and Debt and Their Impact on
Economic Activity," revised July 1987.

Paul A. David, "The Hero and the Herd in
Technological History: Reflections on Thomas
Edison and 'The Battle of the Systems,’ CEPR
Technical Paper, July 1987.

Nathan Rosenberg, "Science, Technology and
Economic Growth," February 1987.




Lawrence J. Lau and Barry K. Ma, "The
Inconsistency between Expected Profit Maxi-
mization and Certainty Equivalence," CEPR
Technical Paper, September 1986,

Michael J. Boskin, Marc S. Robinson and Alan
M. Huber, "Government Saving, Capital
Formation and Wealth in the United States,
1947-1985," revised July 1987.

W. Edward Steinmueller, "International Joint
Ventures in the Integrated Circuit Industry,"
September 1987.

W. Edward Steinmueller, "Industry Structure and
Government Policies in the U.S. and Japanese
Integrated Circuit Industries," December 1986.

Masahiko Aoki and Nathan Rosenberg, "The
Japanese Firm as an Innovating Institution,"
September 1987.

Michael H. Riordan, "Hierarchical Control and
Investment Incentives in Procurement," CEPR
Technical Paper, September 1987.

Gavin Wright, "American Industrial Leadership,
1879-1940: Trade in Manufactures," October
1987.

Roger G. Noll and Bruce M. Owen, "United
States v. AT&T: An Interim Assessment,"
September 1987.

John Pencavel, "The Classical Unemployment
Hypothesis and International Comparisons of
Labor Market Behavior,"” CEPR Technical Paper,
September 1987.

W. Brian Arthur, "Self-Reinforcing Mechanisms
in Economics," CEPR Technical Paper,
September 1987.

James C. Robinson and Geoffrey S. Rothwell,
"Unsafe Working Conditions, Industrial
Relations, and Productivity in U.S.
Manufacturing," CEPR Technical Paper,
December 1987.

Jeffrey A. Dubin and Geoffrey S. Rothwell, "Risk
and Reactor Safety Systems Adoption, " CEPR
Technical Paper, December 1987.

Roger G. Noll and Bruce M. Owen, "United
States v. AT&T: The Economic Issues,"
November 1987.

Moses Abramovitz, "Thinking About Growth,"
January 1988.

Steven N. Durlauf and Robert W. Staiger,
"Compositional Effects of Government Spending
in a Small Open Production Economy,” CEPR
Technical Paper, December 1987.

Nathan Rosenberg and W. Edward Steinmueller,
"Can Americans Learn to Become Better
Imitators?" December 1987.

Paul A. David and Joshua L. Rosenbloom,
"Marshallian Factor Market Externalities and the
Dynamics of Industrial Localization," CEPR
Technical Paper, December 1987.

Paul A. David and Julie Ann Bunn, "The
Economics of Gateway Technologies and Network
Evolution: Lessons from Electricity Supply
History," November 1987.

Steven N. Durlauf and Robert W. Staiger,
"Compositional Effects of Government Spending
in a Two-Country Two-Sector Production
Model," CEPR Technical Paper, December 1987.

Paul A. David and W. Edward Steinmueller, "The
Impact of Information Technology upon Economic
Science," December 1987.

Paul A. David, David Mowery, and W. Edward
Steinmueller, "The Economic Analysis of Payoffs
from Basic Research--An Examination of the
Case of Particle Physics Research,” January 1988.

Matheus Mesters and Lawrence A. Ostensoe,
"Firm Ownership and Competition," June 1987.

Michael H. Riordan and Robert W. Staiger,
"Sectoral Shocks and Structural Unemployment,"
CEPR Technical Paper, December 1987.

Michael H. Riordan and David E. M. Sappington,
"Second Sourcing," January 1988. -

Michael J. Boskin, John B. Shoven and Scott
Smart, "Economic Issues in the Taxation of
Mutual and Stock Life Insurance Companies,"
February 1988.

Partha Dasgupta and Paul A. David, "Priority,
Secrecy, Patents and the Socio-Economics of
Science and Technology," March 1988.

John M. Roberts, "A Theory of the Effect of
Overtime Use on Marginal Cost," CEPR
Technical Paper, January 1988.

George W. Evans, "Sectoral Imbalance and
Unemployment in the United Kingdom," CEPR
Technical Paper, December 1987.

Michael J. Boskin and Lawrence J. Lau, "An
Analysis of Postwar U.S. Consumption and
Saving," CEPR Technical Paper, April 1988.

Pablo T. Spiller, "Politicians, Interest Groups,
and Regulators: A Multiple-Principals Agency
Theory of Regulation (Or 'Let Them Be
Bribed’)," CEPR Technical Paper, March 1988.

Michael J. Boskin, "Issues in the Measurement
and Interpretation of Saving and Wealth," CEPR
Technical Paper, May 1988.

B. Douglas Bernheim, "A Theoretical Analysis of
Economic Organization in the Life Insurance In-
dustry," CEPR Technical Paper, December 1987.

Geoffrey S. Rothwell, "Stock Market Reaction to
Nuclear Reactor Failures," June 1988.

Lawrence H. Goulder and Barry Eichengreen,
"Savings Promotion, Investment Promotion, and
International Competitiveness," CEPR Technical
Paper, June 1988.

Pzul Milgrom and John Roberts, "The Economics
of Modern Manufacturing: Products, Technology




and Organization," CEPR Technical Paper, July
1988. -

Michael J. Boskin, "Lessons from the United
States Economy in the 1980s and their Applica-
bility to Europe," July 1988.

Steven N. Durlauf and Robert E. Hall, "Bounds"
on the Variances of Specification Errors in
Models with Expectations," CEPR Technical
Paper, August 1988.

Steven N. Durlauf, "Sample Path Properties of
Rational Bubbles," CEPR Technical Paper,
August 1988.

Roger G. Noll, "Telecommunications Regulation
in the 1990s," August 1988.










