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Abstract

This paper tests between fads and bubbles using a new empirical strategy (based on
switching regression econometrics) for distinguishing between competing asset pricing models.
By extending the Blanchard and Watson (1982) model, we show how stochastic bubbles can lead
to regime switching in stock market returns. By incorporating state-dependent heteroscedasticity
into the Cutler, Poterba, and Summers (1991) fads model, we show that it can also lead to regime
switching. Two main features of the bubbles model distinguish it from the fads model. First,
the bubbles model implies that returns are drawn from two distinct regimes. Second, the bubbles
model implies that deviations from fundamental price will help predict regime switches. Using
US data for 1926-89, we find evidence which is consistent with the fads model even when we
allow for variation in expected dividend growth rates and expected discount rates. However, the
restrictions which the fads model implies for a more general switching model are rejected. The
rejections point in the direction of the bubbles model, although not all the implications of the
bubbles model are supported by the data.
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Introduction

In the last few years, there has been considerable academic interest in models of the stock
market in which price deviates from fundamental pricdwo of the main alternatives are the
fads model proposed by Summers (1986) and the stochastic bubbles model proposed by
Blanchard and Watson (1982). In this paper, we propose an empirical strategy for
distinguishing between fads and bubbles. To the best of our knowledge, this is the first paper
which attempts to do so. The paper may also be of broader interest because we show how to use
switching regression econometrics to distinguish between competing asset pricing models.

In a world with fads, Cutler, Poterba, and Summers (1991) show that a measure of the
deviation of actual price from fundamental price will predict returns. We extend the Cutler,
Poterba, and Summers (1991) model to incorporate state-dependent heteroscedasticity similar to
that studied by Schwert (1989). With this extension, fads are consistent with a simple form of
regime switching in stock market returns.

By extending the Blanchard and Watson (1982) model, we show how stochastic bubbles
can also lead to regime switching in stock market returns. The intuition is as follows. Stochastic
bubbles may either survive or collapse. This implies that stock market returns come from two
distinct regimes, one which corresponds to surviving bubbles and the other to collapsing bubbles.

In addition, if the probability of collapse depends on the size of the bubble, switches in regime

A very partial list of these papers includes Blanchard (1979), DeLong, Shleifer, Summers,
and Waldmann (1989, 1991), Froot and Obstfeld (1991), Scharfstein and Stein (1990), Summers
(1986), and Tirole (1982, 1985).

“These are the two main alternatives to models in which actual prices correspond to
fundamental prices considered, for example, by Bollerslev and Hodrick (1992) in their recent
survey.
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will be predictable using a measure of the size of the bubble from the previous period. These
considerations lead naturally to a switching regression framework.

Like many recent studies, we find evidence that stock market returns are predictable, a
result which is consistent with the existence of fadsThis is interesting and potentially
important since we allow for some degree of heteroscedasticity and account for predictable
variation in the dividend growth rate and the discount rate due to fundamentals in some of our
empirical specifications.

The form of regime switching implied by the fads model imposes testable restrictions on
a general switching regression. In our data, these restrictions are generally rejected. This result
stems primarily from two aspects of the switching regressions. First, regime switches are
predictable using a measure of apparent deviations from fundamentals. Second, expected returns
(conditional on the size of the deviation in the previous period) are higher in the survival regime
than in the collapse regime. The first aspect is quite pronounced and contributes strongly to the
rejection of the fads model restrictions. The second aspect is considerably weaker and would not,
on its own, lead to the rejection of the fads model restrictions in most of the specifications we
consider.

A problem with testing between fads and bubbles models is that there is no consensus on
the correct model of fundamentals. We therefore take an approach to measuring fundamentals
(and thus the apparent deviations from fundamentals) which is not based on a particular asset

pricing model. To check the robustness of our results, we use three different techniques for

3Some of the early papers which provided evidence of this predictability include Campbell
and Shiller (1987, 1988) and Fama and French (1988); for further references see the recent
survey by Bollerslev and Hodrick (1992).
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measuring the apparent deviation from fundamentals, each of which is based on successively less
restrictive assumptions. For the most part, the qualitative results are similar, regardless of the
measure we use.

Our paper is organized as follows. Section | describes the fads model and shows how it
is affected by the introduction of state-dependent heteroscedasticity. Section Il introduces our
extension of the Blanchard and Watson (1982) model and shows how it leads to a switching
regression specification for stock market returns. Section Il discusses estimation of the two
models and shows how they imply different parameter restrictions on a general switching
regression. Section IV discusses different techniques for measuring apparent deviations from
fundamental price. Sections V and VI present empirical results for the fads and bubbles models,
respectively. Section VII discusses the interpretation of the empirical results and suggests some

possible directions for future research.

|. The Fads Model

Traditional models of efficient financial markets implied that stock prices are non-
stationary and returns are not predictable. Summers (1986) points out that if there are fads in
the stock market, we may observe long temporary price swings which can be modeled as a
slowly decaying stationary component in prices. The decay over time in the transitory
component will lead to mean reversion in stock prices.

The following model, used in Fama and French (1988) and Cutler, Poterba, and Summers

(1991), can capture both the traditional model and the idea of fads:

p, = pt* te &)
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P = PlitE, @)
where pis the log of the stock market price in period {, is the non-stationary component of
the log price, and, is white noise. Under the traditional model, log prices are a random walk,
e = 0 and returns (the difference in log prices) are white nbiséle can think of p as the
fundamental price because it does not include a fads element. Under the fads model, prices have
a stationary component:

e, - pe 4tV @)
Thus the fads model can be characterized as a situation in valfieb andp >0, wherec? is
the variance of @ The stationary component m stock prices implies that returns will be
predictable.

Cutler, Poterba, and Summers (1991) consider a situation in which a proxy is available

for the fundamental price. Because there is no universally accepted model of fundamentals, any
such proxy is likely to be measured with error. We can model this using an errors-in-variables

approach:

Ptf = pl* tw “)

“Strictly speaking, efficiency in financial markets implies that log prices are a martingale,
rather than a random walk. Our presentation of the traditional and fads models follows Cutler,
Poterba, and Summers (1991). Later in this section we allow the variangemiary over
time; then in the traditional model (i.e., whei.=0) log prices are a martingale.

*The predictability of returns can also come from time variation in required returns in an
efficient market. Fama (1991), Fama and French (1988), and Poterba and Summers (1988)
discuss the question of interpretation in more detail and provide references to a variety of
explanations. We return to this issue in Section IV when we discuss measuring apparent
deviations from fundamental price.
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where p is the proxy and w is the measurement error (which is assumed to be serially
uncorrelated). Cutler, Poterba, and Summers also suggest the following skatistia way of
reflecting the degree of measurement error:

2
a= 2 ®)
[02+a?]

If p"is a perfect measure of fundamentals ¢8g=0), thenA=1; if p’ measures ‘pwith error, then
A<l. In any case, since it is a ratio of variances it is always non-negative.

To see how fads lead to the predictability of returns based on lagged information, use
equations (1)-(4) to express returns in terms of differences between the proxy for fundamentals

and log price. This suggests regressions of the form:

6)
Pt — P, = Bot Bylp, - P) + v,

One example of a proxy for fundamental price is the log of the real dividend. (This is the proxy
that Cutler, Poterba, and Summers (1991) use in their empirical work on stock market returns.)
Equation (6) is then a regression of returns on the lagged log dividend-price ratio. It is easy to

show that (1)-(4) imply that:
plim (B,) =~ (1-p )2 0
T-co

The fads model therefore implies that estimate§,06hould be negative.

A simple extension of the fads model leads to regime-switching behaviour. Suppose that

the variance of stock market returns varies over time, so that instead of being whitegpase,
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heteroscedastistic. In particular, suppose that the heteroscedasticity is of the following form:

€,.1 ~ N(0,a5) with probability q @®

e, ~ N(O,0.) with probability 1-q

+1

with o_>0;, so that C refers to the high variance state and S to the low variancé sSatewert
(1989) has studied a similar form of heteroscedasticitfo complete the model, we need a
functional form for g which guarantees that it will be bounded between 0 and 1. We use the
Logit form

q = (B, ©)
where @ is the logistic cumulative distribution function arfg}, is the mean of the logistic
distribution function.

The fads model can be summarized in the following switching regression:

Ry, - Bo + Bypd, + €511 (10)
RC,Z+1 = BO + Bb'bt T e (11)
q - ©(B,) (12)

where b is the proportional deviation of actual stock market price from fundamental price. In
section Ill, we will show that this fads model represents a special case of a general switching

regression. In the same section, we will discuss how to estimate and test the fads model.

®This extends the Cutler, Poterba, and Summers (1991) fads model to allow for state-
dependent heteroscedasticity.

'Schwert (1989) considers a Markov switching model for variances. Equation (8) is slightly
more restrictive; in effect, it constrains the rows of the probability transition matrix to be equal.



7

ll. Stochastic Bubbles and Regime Switching

In this section, we being by describing the Blanchard-Watson (1982) model of stochastic
bubbles. By stochastic bubbles, we mean bubbles which may either survive or collapse in each
period. The existence of stochastic bubbles implies that there are two regimes generating stock
market returns, one where the bubble collapses and one where it survives. Rational investors
take this into account when deciding whether or not to hold an asset. The period-to-period
arbitrage condition allows us to impose some structure on asset returns in the surviving and
collapsing regimes: in the surviving regime, returns should be sufficiently high to compensate
the investor for the possibility that the bubble may collapse. Combined with the historical
observation that larger overvaluations are more likely to collapse, this provides us with the
essential elements for a regime-switching specification for stock market returns.

We begin by considering a simple asset-pricing model where risk-neutral investors choose
between holding an asset that yields (1+r) and a risky stock. The period-to-period arbitrage

condition for the stock is:

P, - (1+r)"-(E(P.,) - D) (13)
where R and O are the stock’s price and dividend at time t anddEnotes the expectation
conditional on information available at tinte One possible solution to this equation defines the

fundamental price

Py ) EVED, ) (14)
k=

All other prices are said to be "bubbly," with the size of the bubble defined as

B =P, - P/ (15)
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Since we have assumed that all asset prices, bubbly or not, follow (13), this implies that the
bubble must satisfy the condition
E(B,.,) - (1+r)B, (16)
Blanchard (1979) and Blanchard and Watson (1982) consider a particular stochastic
solution to (16). They suppose there are two states of nature, one where the bubble survives
(state S) and one where it collapses (state C). If the possibility of being in state S is some

constant g and being in state C implies®then (16) implies

t

E,_s) - (*7). a7
q

The intuition here is that (if B-0) agents expect capital losses qfiiB state C, which must be
balanced by expected capital gains in state S in order to earn the required rate of return on the
bubble.

Historical accounts suggest that the probability of a bubble surviving decreases as the
bubble grows. We therefore extend the Blanchard-Watson model by allowing the probability of

survival g to depend on the proportionate size of the bubble

q = q(b) (18)
where b= B/P, and

dQ(bz) <0 (19)

dlp)

t

Note the use of the absolute value @f4ince the bubble may be positive or negatfive.

®There are theoretical arguments against negative bubbles which are often closely related to
restrictions on the admissibility of non-fundamental solutions. (On the admissibility of non-
fundamental solutions, see, for example, Diba and Grossman (1988), Obstfeld and Rogoff
(1983,1986), and Tirole (1982,1985).) Blanchard and Fischer (1989, p.238) argue that "[These
restrictions] often rely on an extreme form of rationality and are not, for this reason, altogether
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While some notable market crashes have occurred in a single day, in other cases a
collapse may occur over several month$o model this, our second extension of the Blanchard-
Watson model allows the expected value of the bubble, conditional on collapse, to be non-zero,
thereby allowing for partial collapses. We assume that the expected size of a bubble in state C,
which we define as &, depends on the relative size of the bubble in the previous period, so

E[B, C] = u(b)-P, (20)

We further assume that u() is a continuous and everywhere differentiable function &ftd that

u(0) - 0 (1)
0 < du(b) <1 (22)
db

t

(The differentiability assumption is made because we will be linearizing the model.) The

assumptions (21) and (22) are added to ensure that a collapse means that the bubble is expected

convincing. Often bubbles are ruled out because they imply, with a very small probability and
very far in the future, some violation of rationality, such as non-negativity of prices or the
bubbles becoming larger than the economy. It is conceivable that the probability may be so
small, or the future so distant, that it is simply ignored by market participants.” Moreover, recent
work by Allen and Gorton(1991) and Leach(1991) has shown that restrictions on non-
fundamental solutions are not robust to minor changes in assumptions, such as heterogeneous
agents and either continuous time or more than two periods in an OLG model. Our motivation
for building the sort of model of speculative behaviour presented in this section is the same as
Solow (1957, p.323-324) in using an aggregate production function, which was controversial at
the time: "Either this kind of [approach] appeals or it doesn’t. ... If it does, | think one can draw
some ... useful conclusions from the results."

°The fall in the Tokyo stock exchange in the period following January 1990 is an example.

%As with assumptions on qfb the assumptions on yjbare not imposed on the data.
Instead, they allow us to determine the expected signs and relative magnitudes of the parameters.
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to shrink™ Imposing (16) then gives

1er g 1-00)

IS] = _ . (23)
E[Btﬂs] q(b[) t Q(bt) u(b[) Pt

This shows that the expected value of the bubble in the surviving state is a decreasing function
of the probability of survival q(®. In other words, the greater the probability of collapse, the
larger the gain on a positive bubble must be in the surviving state in order to compensate the
investor for the possibility of collapse.

Note that when q(=q, a constant, and u}e0, this model reduces to the Blanchard-
Watson process.

It is straightforward to derive the expected excess returns R in each regime, where excess

returns are the rate of return on the bubbly asset less the rate of return on the alternative asset.

1_Q(bt)

Et(Rz+1|S) = q(b)

[(1+1)b, - u(b,)] (24)

E(R,C) = u() - (1+1)b, (25)
Noting that conditional expected excess returns are a functiopwelran take first-order Taylor
series approximations of(R,.,|S) and HR,,;|C) with respect to baround some arbitrary value

b to obtain:

"To see this, draw a graph with y(ifwhich equals E[B,|C]/P) on the vertical axis and
b, on the horizontal axis. The function yYlpasses through the origin, since u(0)=0. Thé 45
line represents a situation where E|BC]/P, = B/P, i.e., where a "collapsing" bubble is the
same size as the previous period’s bubble. SirméLl, u(h) always lies on or below the 45
line. Thus these assumptions ensure that a collapsing bubble is no larger than the bubble in the
previous period.
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E(Rm'S) = ﬁso * Bsbbt (26)
E(Rz+1|c) = ﬁCO + BCbbt (27)
where
A da®) g e i, 1-a®) [y du(b) 29)
B ohE &Zk1ob u(b)] s T+r o,
Bey = |94 (1. (29)

db,

Assuming B0, we can then prove th@,>0 andB.,<0, and more generally th,>B...*?
By dropping the expectations operatqrifcequations (26) and (27), we can rewrite them

as

Ry, 1= PBso + Bgpb, + €54 (30)
Rc,m = B+ By, + €011 (31)
To complete the switching-regression model, we need a functional form frgflch satisfies

(19) and which guarantees that the resulting estimates of g will be bounded between 0 and 1.

We use the Logit form

q = ©(By + Bybl) (32)

where® is the logistic cumulative distribution function.

“The proof forB., follows directly from (22). For3g,, we can use (22) and the fact that
1>q(h)=0 to show that the second term in the expression is always non-negative. Equations (19),
(20), and (22) together imply that the first term is also non-negative, so the sum of the two terms
will be non-negative.
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Ill. Estimating and Testing the Fads & Bubbles Models

In this section, we show how both the fads and bubbles models nest within a general
switching regression. Each model has implications for the parameters of the general switching
regression. In some cases, these are zero restrictions; in other cases, they involve equalities or
inequalities among the parameters in the three equations which make up the general switching
regression. By testing these restrictions jointly and separately, we can make statements about the
ways in which each model corresponds, or fails to correspond, to the data.

As shown in the discussion of the bubbles model, there may be a non-linear relationship
between R, and hthat takes the form of state-dependency; i.e., the relationship betwgam&®
b, exists but varies across states. If we knew with certainty which regime generated each
observation of B;, we could estimate these relationships using standard least-squares techniques.
Given uncertainty about the classification qf,to these regimes, however, standard estimation
techniques will give biased and inconsistent estim&teslonetheless, consistent, efficient,
asymptotically normal parameter estimates of such systems can still be obtained, provided that
the equations are estimated simultaneously and that explicit account is taken of classification
uncertainty*

To understand the estimation procedure, suppose that in regime C

R, = RS, = he(b,) + e (33)

t+1

and that in regime S

Rz+1 = Rtf‘l = hs(bz) + e[f1 (34)

13See Lee and Porter (1984) for a proof.

“See Goldfeld and Quandt (1976), Kiefer (1978) for proofs.
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This implies that we can write the probability density function of an observation conditional on

it being generated by a given regime as

boleS) = bRy — k(b)) (35)

and

dsle’) - d5R.y ~ hg(b)) (36)

If we have no information on which regime generates each observation, we may denote the
average probability that an observation comes from regime S as q. More generally, if we have
a set of variables IMhat contain imperfect classifying information, we can write the probability
that R,, = R},; as q(M). Therefore, the unconditional probability density function of each
observation is

aM) - d5R.y — kb)) + [~ M) - bRy ~ he(B)) (37)
and the likelihood function for a set of T observations

T

I laM) - &5R., - hs®)) + [1 - aM)] - bR, - he(B))] (38)

t=1

Maximizing this likelihood function therefore estimates both (33) and (34) simultaneously with
a set of parameters for ggM and can be shown to lead to consistent and efficient estimates
without the need foa priori knowledge on which observations correspond to a given regime.

The general switching regression which encompasses the fads and bubbles models can be

“For those familiar with Markov switching models, it may be useful to note that this
switching model has a related stochastic structure. A two-state Markov switching model has two
state-dependent probabilities: q(t) = Pr(S(t)=0 S(t-1)=0) and p(t) = Pr(S(t)=1 S(t-1)=1). The
switching model presented here has one state-independent probability q(t) = Pr(S(t)=0). This is
the special case of the Markov switching model where q(t) = 1-p(t); i.e., the probability of
today’s state is independent of yesterday’s state.
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expressed as:

R, .1 = Bso + Byb, + g5, (39)
Re,v = Bep + Bepb, + €04 (40)
q - ©B, + Bub) (41)

These three equations form a standard switching-regression model of the type described by
Goldfeld and Quandt (1976) and Hartley (1978), and can be estimated by maximum likelihood
methods.

The fads model implies a number of restrictions on the general switching regression.
First, according to the fads model, expected returns (conditiong) shduld be the same in both
regimes. This implies thdig, should equaB., and thaf3s, should equaB., Second, as shown
in section I, the fads model implies that returns should be mean reverting. This implies that the
estimated value o, should be negative. Finally, according to the fads modeshbuld not
influence which regime will occur in the subsequent period. This impliesfhathould equal

zero. The fads model restrictions can be summarized as follows:

Bso=Bco= Bo (42)
Bsy = Bes = Py (43)
By -0 (44)
B, <0 (45)

We can test the fads model in two basic ways. The first way is to impose the first three

restrictions and compare the fit of the resulting regression with the fit of the unrestricted general
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switching regression. In section V, we use a likelihood ratio statistic to conduct this joint test.
The second way is to impose the first three restrictions (so we are estimating the fads model) and
check whethef, is negative.

The bubbles model also has implications for the general switching regression. First,
according to the bubbles model, expected returns (conditional)ashbuld be greater in the
states where the bubble survives than in the states where it colfdpJéss implies thatBg,
will not necessarily equdd, and thatBg, should be greater thg,. Second, according to the
bubbles model, collapses are more likely when bubbles are large in magnitude. This implies that
By Should be positive. The implications of the bubbles model for the general switching

regression can be summarized as follows:

Bso * Beo (46)
Bsy > Bey (47)
B > 0 (48)

There are two main ways in which we can test the bubbles model against the fads model.
The first we have already discussed above. The fads model implies certain restrictions on the

general switching model. These restrictions are inconsistent with the bubbles model, so if we

®A number of authors have noted that while Lagrange Multiplier and Wald tests should be
asymptotically equivalent to the LR tests, they sometimes give widely divergent results when
applied to regime switching models. For example, see Engle and Hamilton (1990). The LR tests
are thought to be the most reliable, so we use these for most of the joint hypothesis tests we
report.

YFor k < 0, the expected returns in the surviving regime should be larger in absolute value
(i.e., more negative) than those in the collapsing regime. Of course, the implications for the signs
of Bg, and B, are the same regardless of whethgistpositive or negative.



16

fail to reject them, we would conclude that there is no significant evidence for the bubbles model.
The second sort of test involves the implications which are summarized in the previous three
equations. If these parameter restrictions hold, it provides evidence in favour of the bubbles

model*®

V. Measuring Apparent Deviations from Fundamental Price

In this section, we describe three different approaches to measyyitite lproportional
deviation of actual stock market price from fundamental price. To motivate the three approaches,

consider the classic Gordon (1962) model:

p - (49)

where g is the dividend growth rate. We can think of the fundamental price in the Gordon world
as a function of current dividends, anticipated dividend growth, and anticipated interest rates.
Our first approach assumes a particular stochastic process for dividends and a constant interest
rate. Under these assumptions, current dividends are a sufficient statisti¢ &rdRhus Iy in

fact, P is a multiple of . Our second approach allows for variable dividend growth rates, but
maintains the assumption of a constant interest rate. Our third approach allows for variation over

time in expectations of both dividend growth rates and interest rates.

A. Assuming the Dividend Process

8As always, other interpretations, which may involve neither bubbles nor fads, are possible.
We are currently pursuing this point in a related paper which will examine whether switches in
fundamentals (dividend growth and/or discount rates) can account for what we find in the data.
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We begin by assuming that stock market prices obey the following period-to-period
arbitrage condition:
E(P.) - (1+1)(P, + D) (50)
where r is the required rate of return, which we assume for the moment is constant. A number

of previous studies have assumed that log dividends follow a random walk with drift:

d-a+d +e, (51)
where dis the log of dividends.

Under these assumptions, it is straightforward to show that fundamental price is a multiple
of current dividends:

P - pD (52)

where:

1
po_1rr (53)
e(a + 092) 1

This set of assumptions therefore provides one possible motivation for the measure of
fundamental price used by Cutler, Poterba, and Summers (1991).
Under these assumptions, the proportional deviation of actual price from fundamental

price is:

bt - TR g P (54

We use the sample mean of the price dividend ratio to calcplate

B. A VAR Projection on Dividend Changes and the Spread
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Our second approach allows for variation over time in expected dividend growth and
provides a way of capturing information about future dividend growth which is contained in the
information set available to market participants. This approach follows Campbell and Shiller
(1987), who introduce a VAR approach to estimating and testing the present value model of stock
market prices. A simple algebraic manipulation allows us to use their methodology to construct
estimates of b Because the Campbell and Shiller (1987) approach is well-known, our
description of it is brief and focuses on the aspects which are directly relevant.

Consider the simple present value model of stock market prices:

P -EY (-)D, (55)

0 1+r "

Define the innovation in stock price as:
E,-P - E_, P (56)
The present value model implies that the innovation can be expressed in terms of observable
variables as:
£, =P - (1+)[P_, - D] (57)
Note that this expression is equal to the excess return on stocks, multiplied by the stock market
price.
If the present value model were true, then a linear function of current prices and dividends
(the "spread") would be the optimal linear forecast of future dividend changes. Intuitively, this
is because the current price reflects all available information, so innovations (i.e. excess returns)
are unpredictable. Campbell and Shiller (1987) define the "spread” as the difference between

price and a multiple of current dividends:
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1+r

) D (58)

t

StEPtf(
r

It is easy to show that,$s the optimal linear forecast of Swhere $ is a weighted average of
future dividend changes:

- EST (59)

where:

1+7 r

i-1

A variety of studies, including Campbell and Shiller (1987), have found that excess
returns are predictable. This predictability has two main interpretations. The first, which is
emphasized by Fama and French (1988), for example, is that financial markets are rational and
efficient and that discount rates vary over time in a manner that is predictable. The second,
which is emphasized by the Poterba and Summers (1988), for example, is that there may be some
element of apparent irrationality in financial markets in the form of fads or bubbles. Under the
first interpretation, we can obtain a better estimate of fundamental price by incorporating the sort
of information contained in past dividends and prices which makes returns predictable. Under
the second interpretation, by incorporating this additional information, we may bias our tests
against finding either fads or bubbles because we have attributed to fundamental price some of
the predictability that arises from fads or bubbles.

The additional information available from past dividend changes and stock market prices
can be incorporated by estimating the following VAR representatiodijrand $ (where both

variables have been demeaned):
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AD,
s

a(l) b(L)| |AD,

(L) d(L)

Uy,

(61)

¢ Si1 Uy,

If b(L) was 0, then dividend changes would depend only on past dividend changes; if agents have
additional information, beyond the history of dividends, which is reflected in past prices (and
therefore past S), then S will have incremental explanatory power.

The equations (61) can be stacked into a first-order system:

AD[ 7 7a1...ap b1...bp7 7Asz17 7u1zi
1 . 0
AD, 1 AD. | o
t-p+1 _ t-p N (62)
S, Cye-Cy dyd, |S, Uy,
1 0
Spa || 1]0s, 0

where blank elements are zero. In companion matrix form, this can be rewritten:
z, = Az, 4 + v, (63)

In our context, the value of such a VAR representation is that it allows us to form an optimal

forecast of future dividend changes, conditional on a given informatiok set

S, = E(S||H) - 8el’SA(I - 8A)'z, (64)

where:



0 - 1+r’ 5 - 1 (65)

and el is a row vector which picks oiD,. Through a simple algebraic manipulation, we can
transform the expression for the spread into an expression for fundamental fioé&re P,
incorporates the optimal linear forecast of future dividend changesbé&ed on past prices and

dividends. Let:

PF-s . 1*p (66)

Then we can define a second measure of deviations from fundamentals, namely:

bY - P -P, (67)

We set r=1/[(P7D) -1] where X denotes the sample average of X. This ensures hiaat i8ean

zero over our sample.

C. Incorporating Time Variation in Interest Rates

The VAR approach based on Campbell and Shiller (1987) which we have just outlined
is attractive, but it ignores a determinant of stock market prices that is frequently emphasized,
namely variation over time in interest rates. To incorporate predictable variation in interest rates,
as well as in dividend growth rates, we use the dividend-ratio model proposed by Campbell and
Shiller (1988). Define the log of the stock market return as:

h, = log(P,,, + D) - log(P) (68)

This can be approximated quite closely as:
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hy=k+ &, - kb, + Ad, (69)
where d=d,,-p,, lower case letters denote logs, k is a constant, rans a coefficient which
emerges from the approximatioh.
Equation (69) is a difference equation which can be solved forward subject to a terminal

condition (lim ., k'5,,=0) to obtain:

o ‘
3, = EKJ(th _ Adﬂj) o (70)
-0 K

In words, (70) says that the log dividend-price ratio can be expressed as a weighted sum of future
returns h; and dividend growth rate&d,,;. This equation contains economic content only if we
put some conditions on the process for returns. In particular, Campbell and Shiller (1988)
assume that expected stock market returns differ from the expected returns on some other asset
by an amount that does not vary over time:

Eh, - Er, + c (71)

Taking expectations on both sides of (70) and substituting in (71), we obtain:

) ) _ k
6{ = EZ‘Z K](rt+j - Ad[+]) + 716‘ (72)
j=0

- K

Equation (72) can be thought of as a dynamic version of the Gordon model, in which both
interest rates and dividend growth rates vary freely through time.
To construct an optimal linear forecast of the dividend-price ratio, we use a VAR of the

following form:

We follow Campbell and Shiller (1988) in settimgexp(g-h), where h is the sample mean
stock return and g is the sample mean dividend growth rate.
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8 [Ci11 Capr Ciyz Capp Crys Capg 8eq [uy,]

8.1 1 0 0 0 0 0% |o

e Cizt Cozy Cypp Cppp Cipg Copgl| Ti2 L |t (73)
o 0 0 1 0 0 0| rs 0

Ad,_, Cia1 Cozy Cyzp Cozp Cizz Cossl|Ad, , Ug,
ad, 10 0 0o 0 1 o0lag, lo

where all variables are expressed as deviations from their means. Using companion matrix

notation, our forecast of the log dividend price ratio is:

8¢ = Y we2A7z, (74)
-0

where e2 is a vector which picks oyt-Ad,,. The value of¢ which we obtain can be used to

construct a third fundamental price and thus a third measure of b

8D
th _ t t _ 1 _e 61 -t (75)
P p

t t

V. Empirical Estimates of the Fads Model

In this section, we present estimates of the fads model derived in section | as well as tests
of the restrictions which the fads model implies for the general switching regression.

A. Assuming the Dividend Process*ib

Table | presents estimates of the fads model. We begin by focusing on the first column

of the table which presents parameter estimates baseq.om\hmajor implication of the fads
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model is that a regression of returns on the apparent deviation of actual prices from fundamental
prices should yield a negative coefficient. As the first column shows, the point estimate of this
coefficient (denoted,) is -0.013 and the t-statistic is -2.1, a result which is consistent with the
fads modef° To get a sense of the economic significance of the point estimate, consider the
value of hh in September 1987 (one of the larger values in the sample and one of historical
interest). With b=.29, the point estimate implies excess returns will be lower by .37% per month
(5% per year).

The result forf3, is consistent with the results of previous studies. As noted above, the
regression reported in the first column of Table | is very similar to the Cutler, Poterba, and
Summers (1991) test of the fads model. Their estimat@,at -0.01 which is close to our
estimate’”

A number of authors have argued that the evidence of fads is weaker if one takes account
of heteroscedasticity. For example, Kim, Nelson, and Startz (1991) argue that most of the
evidence for mean reversion comes from the period before World War Il, a period during which
the volatility of stock market returns was unusually hfghwe allow for heteroscedasticity by

letting disturbances come from a high and low variance regime. As Table | sbbpusabout

“We report t-ratios based on the inverse of the Hessian. The results that we report are
asymptotically consistent and efficient under our assumptions. A number of recent studies [e.g.,
Kim, Nelson, and Startz (1991), McQueen (1992), Nelson and Kim (1992), and Richardson and
Stock (1989)] have found that standard test statistics can be misleading in studies of stock market
predictability. In this paper, we use more than 700 non-overlapping observations and account
for conditional heteroscedasticity.

#0Our results correspond most closely to the last row, first column of their Table 6. The sign
of their estimate differs because they regress returns on fundamental price minus actual price and
we regress returns on actual price minus fundamental price.

#See also McQueen (1992) and Nelson and Kim (1992) on heteroskedasticity.
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three times as large as, so heteroscedasticity appears to be a genuine issue in thé& data.
Even after allowing for heteroscedasticity, there is still evidence that returns are predictable, since
the results in column one of Table | sh@yto be significantly negative.

In section Ill, we discuss two main types of tests of the fads model. The first imposes
the fads model restrictions on the general switching regression and then tests whethe,or not
is negative. However, this does not test between the fads and bubbles models. The second type
of test examines whether the fads model restrictions are valid; it is therefore a more useful test
in distinguishing between fads and bubbles.

The fads model restrictions on the general switching regression are shown in equations
(42), (43), and (44). These restrictions reflect two fundamental differences between the fads
model and the bubbles model. First, the bubbles model implies that returns are drawn from two
distinct regimes, so that the interceffis{ and B, and slope s, and B.,) coefficients may
differ between regimes. Second, the bubbles model implies that the size of deviations from
fundamental price influence the regime from which each stock market return is drawn, so that
Byp Will not be equal to zero.

As shown in the lower portion of Table I, the likelihood-ratio test statistic for the joint
test of the fads model restrictions is 16.3. Since this test hggdstribution with three degrees
of freedom under the null hypothesis of fads, the joint test strongly rejects the fads model

restrictions.

A formal test for the equality ofis andaoy. is difficult; see Hansen (1993) and Garcia (1993)
for recent progress in this area.
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B. Alternative Measures of Deviations from Fundamental Priée ifH

Constructing a measure of the fundamental stock market price is an inherently difficult
and potentially contentious task. If we were attempting to test either the fads model or the
bubbles model against the null hypothesis that stock market returns are driven exclusively by
fundamentals, it would also be an extremely important task. When we are trying to distinguish
between the fads model and the bubbles model, it is less clear that our choice of a model of
fundamentals is crucial.

Cutler, Poterba, and Summers (1991) argue that a noisy measure of fundamental price will
tend to bias tests against finding evidence that non-fundamentals are important. Thus, if we use
a noisy measure of fundamental price and still find evidence of either fads or bubbles, their view
is that the noisiness of our measure of fundamentals strengthens the case that non-fundamentals
matter. Others take a different view. For example, Cecchetti, Lam, and Mark (1990) argue that
some of the evidence for fads can be explained by variations in the endowment process. In the
present value model which we outline in section Il, this might be represented, for example, by
variation in the expected growth rate of dividends.

Whether or not the measure of fundamentals makes a difference in testing between fads
and bubbles is a question on which the previous literature is largely silent. Our approach is
therefore eclectic and empirical: we consider various measures of fundamental price and examine
whether they lead to different results.

The results in the first column of Table | assume that the expected dividend growth rate
is constant. Our second measure of fundamental price allows for predictable variation in the

dividend growth rate. In particular, it incorporates the information available in past dividend
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changes and stock market prices using a linear projection on this past inforftation.

We refer to the measure of deviation from fundamental price which incorporates
predictable time variation in the dividend growth rate s @he results for this measure are
presented in column two of Table I. The point estimatgpis -0.012 with a t-statistic of 2.1,
which is very close to the results using.bWe can test the fads model against the bubbles
model by determining whether the fads model restrictions on the general switching regression are
valid. In the lower portion of Table I, the test statistic for the joint test of these restrictions is
10.8. As in the earlier results, this is a strong rejection of the fads model restrictions.

Fama (1990) and Fama and French (1988) argue that the predictability of returns is due
to time variation in expected returns. One way to take this into account is to use excess returns
as the dependent variable, as we do in this paper. This captures variations in the rate of return
on the alternative asset. A second way to take this into account is to use predictable variation
in discount rates in constructing the measure of fundamental price. This may help to capture
predictable variation in the interest rate or the risk premium.

We refer to the measure of deviation from fundamental price which incorporates
predictable variation in the discount rate (as well as in the dividend growth rate). agte
results for this measure are presented in column three of Table I. The point estinfiates of
0.008 with a t-statistic of 2.5. The value of is .51 in September 1987, so the point estimate

of B, implies returns will be about .39% lower in October (about 5% lower at annualized rates).

If the existence of fads or bubbles leads returns to be predictable, then incorporating this
predictability in the measure of fundamental price might bias tests against finding evidence for
fads or bubbles. Whether incorporating this predictability into fundamental price would tend to
bias the tests relatively more against fads or against bubbles is hard to say.
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This is very close to the results using.b

The second type of test is whether the fads model restrictions on the general switching
regression are valid. In the lower portion of Table I, the test statistic for the joint test of these
restrictions is 4.0. In contrast to the earlier results, the test fails to reject the fads model
restrictions.

We can briefly summarize the results for the full sample. The main focus of this paper
is testing between fads and bubbles. We do this by testing the restrictions which the fads model
imposes on the general switching regression. For two of our three measures of fundamental
price, we find strong rejections of the fads model restrictions. Our estimates of the fads model
differ from previous research because we allow for state-dependent conditional heteroscedasticity;
nevertheless, we still find evidence that returns are predictable, since our estimf{earef
negative. The evidence that returns are predictable is also robust to allowing for variation in the
dividend growth rate and the interest rate in constructing measures of fundamental price.

C. Subperiods

It is often suggested that much of the evidence for the predictability of returns comes
from periods which include the 1929 crash and the Great DepreSsibtore generally, time
series econometric results are sometimes sensitive to the specific time period over which the
estimation is done. In this subsection, we therefore present results for three subperiods - 1929-
45, 1946-72, 1973-89. The first includes the 1929 crash, the Great Depression, and World War
II; the second includes the post-war boom up until the first major oil shock; and the third covers

the most recent period, including the inflation of the 1970’s and the 1987 crash.

*See, for example, Kim, Nelson, and Startz (1991).
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The results for the period 1929-45 (Table Il) are the most surprising. Once allowance is
made for state-dependent heteroscedasticity (as our switching regression does), the evidence for
fads is very weak. Contrary to the prediction of the fads model, the estimgtg iefeither
positive or close to zero, depending on how we measure fundamental price. In all cases, the t-
statistic onf3, is less than one in absolute value.

In the 1946-72 period, the estimatesflfare all negative and all have t-statistics greater
than two in absolute value as shown in Table Ill. However, when we test the fads model
restrictions, they are very strongly rejected regardless of which measure of fundamental price we
use.

The results for the period 1973-89 provide the evidence most consistent with the fads
model. As shown in Table IV, the estimatesfijfare all negative and all have t-statistics greater
than two. Nevertheless, one of the three measures of fundamental price leads to a rejection of
the fads model restrictions.

The subperiod results suggest that the evidence for fads we find in the full sample is not
coming primarily from the 1930’s; the estimates[ffare more consistent with the fads model
during the post-war boom and the period since the 1973 OPEC shock. However, as in the full
sample, the subperiod results frequently reject the restrictions implied by the fads model,
suggesting that there is more in the data than fads.

We discuss the interpretation of the empirical results for the fads model (and how they

relate to the empirical results for the bubbles model) in the conclusion.

VI. Empirical Estimates of the Bubbles Model
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In this section, we present estimates of the bubbles model derived in section | as well as
tests of the restrictions which the bubbles model implies for the general switching regression.
The bubbles model differs from the fads model in two main ways. First, the bubbles model
implies that returns are drawn from two distinct regimes. In particular, we show in section Il that
the bubbles model implies an inequality restriction on the slope coefficients in the surviving and
collapsing regimes, namely thBf>B.,. Moreover, since returns come from distinct regimes,
there is no reason to expect the intercept coefficiefis dnd ;) to be the same in the two
regimes. Second, the bubbles model implies that deviations from fundamental price influence
the regime from which the next period’'s stock market return is drawn. Specifically, the bubbles
model in section Il suggests that a bubble is more likely to collapse when the actual price is far
away from the fundamental price. This implies tifigf will be positive.

A. Assuming the Dividend Process

As noted in the previous section, the fads models restrictions are frequently rejected; the
estimates of the bubbles model parameters in Table V help us to see why. We begin by focusing
on the first column of the table, which presents parameter estimates baséd drhé point
estimate off35, is .0074 with a t-statistic of 4.1. IBg, were zero, this point estimate would
translate into positive excess returns of 0.7% per month (9% per year) for a surviving bubble.
The point estimate o, is -.0294 with a t-statistic of -1.4. B, were zero, this point estimate
would translate into negative excess returns of about 3% per month (31% per year). The point
estimates of the intercept coefficients therefore imply substantial differences in expected returns
between the surviving and collapsing regimes. The statistical significance of the difference is

weaker; as the lower panel of the table shows, the marginal significance level of the restriction
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Bs=Bc, is about .08.

The bubbles model in section Il implies thag, should be greater thgBy.,. The point
estimate off3g, is -.0136 with a t-statistic of 2.0. The point estimatefgf, is -.0554 with a t-
statistic of 1.4. The inequality restriction implied by the bubbles model therefore holds but the
point estimates are not sharp enough to reject the null hypothesi§8t, at conventional
significance levels. The economic significance of the coefficient estimates is quite different,
though. For example, consider one of the larger values iof tur sample, namely the value in
September 1929, which was .26. Even at this relatively high valug tifdcoefficient estimate
implies a change in expected returns of only 35 basis points in the surviving regime. In the
collapsing regime, the point estimate [&f, implies a change of 144 basis points.

The bubbles model in section Il suggests that bubbles are more likely to collapse when
they comprise a large portion of the price of the stock. This impliesfihahould be positive.

The point estimate o, is 1.71 with a t-statistic of 3.1.

The existence of distinct regimes in the bubbles model (and particularly the fact that the
probability of a collapse depends of) means that the relationship between returns grahiy
be highly non-linear. One way to illustrate this is to look at the probability that next period’s
return will be unusually high or low. In the fads model, expected returns next period depend on
b, thus if b is large this period, there is an increased likelihood that next period’s returns will
be unusually low. In the bubbles model, a change jrh&s an effect through the slope
coefficients Bg, andB.,), but there is an additional effect becausénfluences the probability
that a given regime will occur. Mathematically, the probability of a return two standard

deviations below the mean (a "crash") is:
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The probability of an unusually high return ("rally") can be defined similarly.

If the non-linearity introduced by the bubbles model is empirically important, the
magnitude of the fluctuations in the probability of a crash will be much larger in the bubbles
model. Figure | graphs the probabilities of a crash generated by the fads and bubbles models.
The scale of the fluctuations is very different. For example, from the beginning of the sample
to September 1929, the probability of a crash generated by the fads model increases by only
about two-tenths of a percentage point (from .022 to .024). Over the same time span, the
probability of a crash generated by the bubbles model rises from about .03 to almost .10. Figure
Il plots the probability of a rally. In the months leading up to May 1932 (the lowest value of
b, in the sample), the probability of a rally generated by the fads model rises by about one
percentage point (from .026 to .036). The probability of a rally generated by the bubbles model
rises from about .01 to almost .09.

B. Alternative Measures of Deviations from Fundamental Priée IfH)

The results in the first column of Table V are based on the assumption that the expected
dividend growth rate is constant. Our second measure of fundamental price allows for
predictable variation in the dividend growth rate. The second column of Table V presents
estimates of the bubbles model using bThe picture that emerges is broadly similar to the
results in the first column of Table V. The point estimatePgf is positive, while that fof3.,
is negative and much larger in magnitude. Bi and 3., were zero, the point estimates of the

intercept coefficientsffy, and B.,) imply that annualized returns would be about 67% higher in
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the surviving regime than in the collapsing regime. The marginal significance level for a test of
the restrictionBs~Bc, is .08. The point estimate ¢, is negative and about six times smaller
than the point estimate @, Neither parameter is very precisely estimated, however, so the
data fail to reject the restrictiofs,=B.,. As predicted by the bubbles model in sectionf,

is positive with a t-statistic of about 2.5.

Our final measure of deviation from fundamental price iS which incorporates
predictable variation in the discount rate (as well as in the dividend growth rate) in the
fundamental price. The results fof lare presented in column three of Table V. The point
estimates of the intercept and slope coefficients in the equations for the surviving and collapsing
regimes are similar to those fof land I¥. The point estimate o, is positive and relatively
small in magnitude, while the point estimate [&f, is negative and larger in magnitude. (3§,
and B¢, were zero, the point estimates of the intercept coefficiefifs dnd B, imply that
annualized returns would be about 45% higher in the surviving regime than in the collapsing
regime. The marginal significance level for the restrictilag=B., is about .10. As with band
b®, the point estimate o, is negative and smaller thgdy, by about a factor of five. The point
estimate off3,, is positive; unlike the estimates @f, in columns one and two, however, the t-
statistic is small.

Intuitively, the bubbles model suggests that: 1) there should be a regime in which the
bubble survives and excess returns are positive to compensate the investor for the possibility that
the bubble may collapse; 2) in the periods in which a positive bubble collapses, returns should
be negative; and 3) the probability of a collapse should increase as the bubble gets larger. The

empirical results for the full sample broadly correspond to this description of stochastic bubbles.
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There is one important exception: simple models of rational bubbles (and the derivations
presented in Section Il) imply that returns in the surviving regime should be higher when the
bubble is larger. This conflicts with our finding th@t, is negative. There are theoretical
reasons for interpreting this finding cautiously. In a broader theoretical model (which relaxes the
assumption of risk neutrality and allows the intertemporal marginal rate of substitution to vary
over time), we find that a bubbles model predicts fBatwill be negative and tha, will be
greater thar.,, but that no sign restriction can be placed y*
C. Subperiods

For the subperiod which includes the 1929 crash and the Great Depression, the results are
broadly similar to those for the full sample. As shown in Table VI, the estimatgsohre
greater than the estimates [, the estimates o, are considerably larger than the estimates
of B, and the estimate 3, is positive. Unlike the full sample, for the period 1929-4,
is either positive or very close to zero.

For the period 1946-72, the estimate8yf is larger than the estimate f@, as shown
in Table VII. Unlike the full sample, this difference is highly significant; in fact, the difference
betweern3s, andB, is the main reason the fads model is so strongly rejected during the post-war
boom subperiod. The difference in slope coefficients is smaller than in the full sample (and the
direction is reversed) an@,, is insignificantly different from zero.

The results for the period since the first OPEC shock are broadly similar to the full
sample results. As shown in Table VIII, the estimate3gfis greater than the estimate &,

the estimate of, is much smaller than the estimate [&f, and the estimate @, is positive

*See van Norden and Schaller (1992).
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(except when bis used).

VIl. Conclusion

The objective of this paper is to test which model provides a better description of U.S.
stock market returns: a fads model or a bubbles model. Our econometric approach to this
guestion is novel. We show that both the fads model and the bubbles model can be represented
as special cases of a general switching regression. This allows us to develop a new set of tests,
involving the parameters of a general switching regression, to distinguish between fads and
bubbles.

Previous authors have shown that the fads model implies that apparent deviations from
fundamental price will help to predict stock market returns. Our estimates of the relevant
coefficient (8,) generally support this implication. When we test the restrictions that the fads
model imposes on the general switching regression, however, we frequently reject these
restrictions.

In our formulation, there are two key differences between the fads model and the bubbles
model. The first arises from the fact that a fads model allows predictable variation in excess
returns, while a bubbles model imposes the condition that expected returns are equal on the
bubbly asset and the alternative asset. This condition of the bubbles model implies that returns
must be high in the states where the bubble survives to compensate the investor for the low
returns in the states where the bubble collapses.

The point estimates of the parameters which reflect this difference tend to point in the

direction of the bubbles model. Because the regimes in the fads model differ only in their
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variances, the fads model implies that the slope and intercept coefficients in the regimes should
be the same. The point estimates suggest economically important differences between the
intercept coefficients. If the slope coefficients were zero, the intercept coefficients typically
imply that annualized returns in the surviving regime would be 40-70% higher than in the
collapsing regime.

The point estimates of the slope coefficienfig,(@and ., are also quite different. The
bubbles model implies that the coefficient in the collapsing regime should be negative and
smaller than the coefficient in the surviving regime. The point estimate of the coefficient in the
collapsing regime is always negative and typically about four to five times smaller than the
coefficient in the surviving regime.

The second difference between the fads and bubbles models arises because the bubbles
model in section Il suggests that a large bubble is more likely to collapse. In our formulation,
this implies that the coefficierfi,, should be positive. Over the period 1928-89, this is what we
find; moreover, the data strongly reject the hypothesis a0 for two of our three measures
of fundamental price.

Although the rejections of the fads model point in the direction of the bubbles model, the
evidence is not definitive. First, the statistical significance of the differences in the intercept and
slope coefficients between regimes is weak. Over the period 1928-89, the marginal significance
level of the test for equal intercept coefficients is generally around .10. In the test for equal
slope coefficients, the marginal significance level is even higher.

Second, intuition (and the derivations in section Il) suggest that expected returns should

be an increasing function of the size of the bubble in the states where the bubble survives. In
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our data, the relevant coefficienpg) has the opposite sign. In Section VI-B, we discuss
theoretical reasons for not exaggerating the importance of this result for the bubbles model.
Nonetheless, the result suggests that some caution is appropriate.

Taken together, our results suggest that there is more in the data than fads. The specific
ways in which the data conflict with the fads model are frequently consistent with the bubbles
model, but the evidence in favour of the bubbles model is not decisive.

We see a number of directions for further research. First, this paper shows how to use
switching regression econometrics to distinguish between two specific asset pricing models. In
the future, economists may wish to think about how different asset pricing models might lead to
regime switching behaviour. Differences between the models should suggest parametric tests
based on the coefficient estimates from a general switching regression.

Second, we examine aggregate stock market returns for the U.S. It would be interesting
to see if the patterns we find in U.S. aggregate data carry over to other countries and other assets,
as well as whether they appear in the returns of individual firms or particular portfélios.

Third, the focus in this paper is on models in which asset prices do not correspond to
fundamental price. It is possible that fundamentals determine asset prices and that the regime-
switching behaviour we find is due to changes in fundamentals. For example, Bollerslev and
Hodrick (1992) and Cecchetti, Lam, and Mark (1990) have proposed stochastic processes for
dividends which seem to account for some of the predictability of returns. Whether such

processes for fundamentals can account for the sort of regime switching we find is an interesting

?’Some evidence on regime switching in Canadian stock market returns is contained in van
Norden and Schaller (1993) and on regime switching in foreign exchange is contained in van
Norden (1992). Neither of these papers tests a fads model against a bubbles model.
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guestion and one which we are currently pursuing.

Fourth, apparent anomalies in asset markets may arise because of strong assumptions
about the constraints faced by agents. For example, Brock and LeBaron (1990) show that in a
production economy asset pricing model, the introduction of finance constraints on firms can
accentuate mean reversitin.Whether finance or other constraints can explain our results is

another interesting question for future research.

®There is some empirical evidence to support this idea; see Jog and Schaller (1993).
Woodford (1989) shows that imperfect financial intermediation can lead to non-linear (or even
chaotic) dynamics.
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Table |
The Fads Model: Full Sample (1929-1989)

Coefficients b} b? b¢
Bo 0.0067 0.0047 0.0051
(4.015) (2.691) (2.988)
By -0.0126 -0.0117 -0.0077
(-2.079) (-2.122) (-2.547)
Bqo -1.1983 -1.1951 -1.1747
(-7.511) (-7.469) (-7.354)
Os 0.0392 0.0393 0.0390
(21.198) (20.919) (20.535)
Oc 0.1278 0.1289 0.1274
(8.526) (8.460) (8.574)
Joint Test 16.32 10.82 4.02
(0.0010) (0.0127) (0.2598)

The coefficients are estimated from a switching regression of the form represented by the
equations (10)-(12). The figures in parentheses below the point estimates are t-statistics
calculated using the inverse of the Hessian. The headifgsband If refer to three different
measures of apparent deviations from fundamental price which are described more fully in
Subsections A, B, and C of Section IV, respectively. The Joint test takes the general switching
regression represented by the equations (39)-(41) as the null hypothesis and the coefficient
restrictions in equations (42)-(44) as the alternative hypothesis; the likelihood-ratio statistic is
distributedy?® with three degrees of freedom. The marginal significance levels (p-values) are in
parentheses below the Joint test statistics. The switching regression is estimated using the maxlik
procedure in GAUSS with a combination of BFGS and BHHH algorithms. FEothHe sample
period is 1927-89, because lagged data are not required for the VAR’s (which are used to
construct B and ).
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Table Il
The Fads Model: 1929-1945

Coefficients b} b? b¢
Bo 0.0085 0.0043 0.0007
(1.763) (0.730) (0.090)
By 0.0056 -0.0003 -0.0067
(0.405) (-0.017) (-0.697)
Byo -0.7387 -0.7342 -0.7508
(-2.427) (-2.426) (-2.301)
Os 0.0482 0.0513 0.0517
(7.643) (9.034) (7.730)
(o8 0.1490 0.1538 0.1540
(5.993) (5.509) (5.611)
Joint Test 12.65 5.60 4.02
(0.0055) (0.1329) (0.2596)

See the notes to Table I. Fof,ithe sample period is 1927-45, because lagged data are

not required for the VAR’s (which are used to construgtand ).
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Table Il
The Fads Model: 1946-1972

Coefficients b} b? b¢
B, 0.0084 0.0066 0.0057
(3.742) (3.065) (2.562)
By -0.0180 -0.0153 -0.0092
(-2.462) (-2.380) (-2.480)
Byo -0.2525 -0.2925 -0.1803
(-0.044) (-0.057) (-0.025)
Og 0.0338 0.0338 0.0340
(2.607) (2.787) (2.209)
Oc 0.0405 0.0408 0.0398
(2.108) (2.139) (1.931)
Joint Test 18.79 19.09 17.56
(0.0003) (0.0003) (0.0005)

See the notes to Table I.
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Table IV
The Fads Model: 1973-1989
Coefficients b} b? b¢
Bo 0.0044 -0.0010 0.0246
(1.396) (-0.296) (2.897)
By -0.0493 -0.0424 -0.0711
(-2.333) (-2.364) (-2.781)
qu -0.7714 -0.7795 -0.6324
(-1.531) (-1.573) (-1.617)
Os 0.0360 0.0360 0.0337
(8.098) (8.240) (8.983)
(o8 0.0759 0.0763 0.0741
(4.666) (4.681) (5.727)
Joint Test 4.04 8.38 1.41
(0.2570) (0.0388) (0.7031)

See the notes to Table I.
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Table V
The Bubbles Model: Full Sample (1929-1989)
Coefficients b} b? b¢
Bso 0.0074 0.0053 0.0059
(4.087) (2.818) (3.228)
Bsp -0.0136 -0.0117 -0.0071
(-1.976) (-1.926) (-2.239)
Bco -0.0294 -0.0386 -0.0253
(-1.402) (-1.572) (-1.349)
Beo -0.0554 -0.0757 -0.0397
(-1.361) (-1.553) (-1.374)
Bqo -1.7660 -1.6593 -1.3227
(-6.181) (-5.872) (-4.815)
Bap 1.7132 1.2068 0.2396
(3.071) (2.459) (0.800)
Os 0.0406 0.0407 0.0394
(19.645) (19.812) (18.165)
Oc 0.1338 0.1340 0.1271
(7.463) (7.475) (7.896)
Tests:
Bs=Bco 3.0284 3.1647 2.7031
(0.0818) (0.0753) (0.1002)
Bsi=Besb 0.9870 1.6602 1.2256
(0.3205) (0.1976) (0.2683)
BsBco and 3.3819 3.6452 3.3148
Bsi=Bes (0.1844) (0.1616) (0.1906)

The coefficients are estimated from a switching regression of the form represented by the
equations (30)-(32). The figures in parentheses below the point estimates are t-statistics
calculated using the inverse of the Hessian. The headifigk®pand I refer to measures of
apparent deviations from fundamental price; see Subsections A, B, and C of Section IV,
respectively. The first two tests are based on Wald statistics using the inverse of the Hessian and
are asymptotically distributeg?, with one degree of freedom. The third test is based on a
likelihood-ratio statistic and is asymptotically distributgd with two degrees of freedom.
Marginal significance levels are listed below the test statistics. The estimation uses the maxlik
procedure in GAUSS with a combination of BFGS and BHHH algorithms.
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Table VI
The Bubbles Model: 1929-1945
Coefficients b} b? b¢
Bso 0.0110 0.0048 0.0065
(1.775) (0.675) (0.372)
Bsh 0.0128 0.0037 -0.0002
(0.685) (0.217) (-0.012)
Beo -0.0427 -0.0543 -0.0677
(-1.297) (-1.068) (-1.263)
Beo -0.0741 -0.1046 -0.0965
(-1.361) (-1.232) (-1.374)
Beo -1.3388 -1.3917 -0.8444
(-2.773) (-2.701) (-0.682)
Bap 1.8821 1.1490 0.1985
(2.341) (1.664) (0.239)
Os 0.0497 0.0561 0.0510
(6.712) (9.065) (2.951)
Oc 0.1471 0.1676 0.1462
(5.231) (4.918) (2.820)
Tests:
Bs=Bco 2.6087 1.3002 2.5374
(0.1063) (0.2542) (0.1112)
Bsi=Bcs 2.1674 1.5069 2.1955
(0.1410) (0.2196) (0.1384)
Bs~Bco and 2.6476 1.5829 2.7798
Bsi=Bcs (0.2661) (0.4532) (0.2491)

See the notes to Table V. Fof,lthe sample period is 1927-45, because lagged data are

not required for the VAR’s (which are used to construttaind k).
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Table VII
The Bubbles Model: 1946-1972
Coefficients b} b? b¢
Bso 0.0324 0.0304 0.0296
(6.849) (7.146) (7.164)
Bsh -0.0268 -0.0237 -0.0142
(-2.852) (-2.824) (-2.115)
Beo -0.0013 -0.0030 -0.0036
(-0.300) (-0.722) (-0.881)
Beo -0.0149 -0.0132 -0.0104
(-1.439) (-1.264) (-1.782)
Bqo 0.6634 0.5406 0.4315
(1.500) (1.351) (1.120)
Bap -0.3029 0.1632 0.4462
(-0.218) (0.151) (0.628)
Os 0.0161 0.0161 0.0161
(4.784) (4.840) (4.998)
Oc 0.0382 0.0380 0.0379
(17.657) (18.467) (19.116)
Tests:
Bs=Bco 32.1920 36.9500 39.5250
(0.0000) (0.0000) (0.0000)
Bsi=Bcs 0.6562 0.6187 0.2066
(0.4179) (0.4315) (0.6494)
BsBco and 9.0357 6.5806 12.7790
Bsi=Bcs (0.0109) (0.0372) (0.0017)

See the notes to Table V.
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Table VIII
The Bubbles Model: 1973-1989
Coefficients b} b? b¢
Bso 0.0036 0.0014 0.0231
(0.913) (0.406) (2.095)
Bsh -0.0229 -0.0245 -0.0630
(-0.879) (-1.051) (-1.991)
Beo 0.0025 -0.0636 -0.0399
(0.146) (-1.337) (1.145)
Beo -0.1898 -0.2431 -0.1454
(-1.730) (-1.765) (-1.247)
qu -1.1542 -2.4383 -0.3120
(-1.685) (-3.148) (-0.472)
qu 1.9339 6.2322 -1.3777
(0.769) (2.092) (-0.791)
Os 0.0368 0.0395 0.0345
(7.934) (13.825) (9.010)
Oc 0.0749 0.0721 0.0758
(5.381) (5.553) (5.702)
Tests:
Bs=Bco 0.0034 1.8828 0.1747
(0.9535) (0.1700) (0.6760)
Bsi=Bcs 2.1251 2.5809 0.3984
(0.1449) (0.1082) (0.5279)
Bs~Bco and 3.1280 4.9634 0.6708
Bsi=Bcs (0.2093) (0.0836) (0.7151)

See the notes to Table V.




