Noise

FISCHER BLACK

I use the word “noise” in several senses in this paper.

In my basic model of financial markets, noise is contrasted with infor-
mation. People sometimes trade on information in the usual way. They
are correct in expecting to make profits from these trades. On the other
hand, people sometimes trade on noise as if it were information. If they
expect to make profits from noise trading, they are incorrect. However,
noise trading is essential to the existence of liquid markets.

In my model of the way we observe the world, noise is what makes
our observations imperfect, It keeps us from knowing the expected return
on a stock or portfolio. It keeps us from knowing whether monetary policy
affects inflation or unemployment. It keeps us from knowing what, if
anything, we can do to make things better.

In my model of inflation, noise is the arbitrary element in expectations
that leads to an arbitrary rate of inflation consistent with expectations. In
my model of business cycles and unemployment, noise is information
that hasn't arrived yet. It is simply uncertainty about future demand and
supply conditions within and across sectors. When the information does
arrive, the number of sectors where there is a good match between tastes
and technology is an index of economic activity. In my model of the
international economy, changing relative prices become noise that makes
it difficult to see that demand and supply conditions are largely indepen-
dent of price levels and exchange rates. Without these relative price
changes, we would see that a version of purchasing power parity holds
most of the time.

I think of these models as equilibrium models. Not rational equilib-
rium models, because of the role of noise and because of the unconven-
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4 NOISE

tional things I allow an individual’s utility to depend on, but equilibrium
models nonetheless. They were all derived originally as part of a broad
effort to apply the logic behind the capital asset pricing model to markets
other than the stock market and to behavior that does not fit conventional
notions of optimization.

These models are in very different fields: finance, econometrics, and
macro-economics. Do they have anything in common other than the use
of the word “noise” in describing them? The common element, 1 think,
is the emphasis on a diversified array of unrelated causal elements to
explain what happens in the world. There is no single factor that causes
stock prices to stray from theoretical values, nor even a small number of
factors. There is no single variable whose neglect causes econometric
studies to go astray. And there is no simple single or multiple factor
explanation of domestic or international business fluctuations.

While I have made extensive use of the work of others, I recognize
that most researchers in these fields will regard many of my conclusions
as wrong, or untestable, or unsupported by existing evidence. I have not
been able to think of any conventional empirical tests that would distin-
guish between my views and the views of others. In the end, my response
to the skepticism of others is to make a prediction: someday, these conclu-
sions will be widely accepted. The influence of noise traders will become
apparent. Conventional monetary and fiscal policies will be seen as inef-
fective, Changes in exchange rates will come to provoke no more com-
ment than changes in the real price of an airline ticket.

Perhaps most important, research will be seen as a process leading to
reliable and relevant conclusions only very rarely, because of the noise
that creeps in at every step.

I my conclusions are not accepted, I will blame it on noise.

1. Finance

Noise makes financial markets possible, but also makes them imperfect.’
If there is no noise trading, there will be very little trading in individ-
ual assets.? People will hold individual assets, directly or indirectly, but

1. The concept of noise trading and its role in financial markets that I develop in this paper
was developed through conversations with James Stone.

2. Jaffe and Winkler (1976) have a mode] where the traders who make speculative markets
stable are those who trade to adjust their risk level or who misperceive their forecasting
ability or who trade for reasons other than maximizing expected return for a given level of
risk. Figlewski (1978) has a model where there are two types of traders who differ in
forecasting ability. Since neither kind of trader explicitly takes into account the information
the other kind of trader has, each is to some degree trading on noise.
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they will rarely trade them. People trading to change Hrm:. mxvom:.ammg‘
broad market risks will trade in mutual funds, or portfolios, or it 1ox
futures, or index options. They will have little reason to :»amr_: :__w
shares of an individual firm.? People who want cash to spend or w o,Mz.m:m
to invest cash they have received will increase or decrease their post :Woﬁ
in short term securities, or money market accounts, or money mar
mutual funds, or Joans backed by real estate or other assets. —
A person with information or insights about individual m::m will wa '
to trade, but will realize that only another person with Emoﬂﬂgmco.aw Mm
insights will take the other side of the trade. Taking the on. er MH o
information into account, is it still worth trading? From the point 0 Sr ]
of someone who knows what both the traders know, one mﬂm or &M@ om:MNm
must be making a mistake.* If the one who is making a mistake decii
to trade, there will be no trading on information. del with
In other words, 1 do not believe it makes sense to create a Bom,mw rent
information trading but no noise trading where traders rmﬁw‘ Wo__ N
beliefs and one trader’s beliefs are as good as any other Qmmm.n s be iets.
Differences in beliefs must derive ultimately from differences S%:mowmw
tion.® A trader with a special piece of information will _gos.\:n wm M fore
traders have their own special pieces of information, and will ther
automatically rush out to trade.
:oﬁm:ﬂﬁmﬂwﬁmmm Ww little or no trading in individual mrm:mmmﬁrmam oﬂw WM
no trading in mutual funds or portfolios or index futures or Em%x Mwoﬁim
because there will be no practical way to price them. The ,.zrc% § m e of
of financial markets depends on relatively liquid markets in the sha
individual firms. . :
Noise trading provides the essential missing ingredient. Noise trading

: son
3. Rubinstein (1975), Milgrom and Stokey (1982), and E&A.m:mmo:v .HA::_S_” Mmmwomuwwwomm
(1982) show in a state preference world that differences in Emongmrmﬁmﬂwam 5\9‘ e o
without causing people to trade. Grossman and Stiglitz (1980) m.ros, tha Q@Am‘v <hows
equilibrium when rational investors trade in the market mo«wmoro. Onomﬁwﬁwwnmoo?m 168D
the same thing for a world with trading in individual assets. waﬁos& M: Lo e conditions
redefine a rational expectations equilibrium in the presence of noise and s om o rolies on
under which their equilibrium exists. In Tirole’s model (1982), mm@%%»w (1685, (1985
inconsistent plans, and thus is ruled out by rational expectations. Wﬁw. C 54), sywmzm tracders
and Grinblatt and Ross (1985) look at quite different models of maﬁ.‘i_rM:S " ber of noise
have market power. Kyle specifically examines the effects of changing tiie
traders in both kinds of equilibrium.

. o8 i (1983), the
4. This assumes that the traders start with well diversified portfolios. In Admati { )

traders start with suboptimal portfolios of assets.

o S ays that only
5. Varian (1985) distinguishes between “opinions and “information.” He say

. is working with,
differences in opinions will generate trading, In the kind of model he is W
I think the differences of opinion will not exist.
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is trading on noise as if it were information. People who trade on noise
are willing to trade even though from an objective point of view they
Would be better off not trading, Perhaps they think the noise they are
trading on is information. Or perhaps they just like to trade.®

. With a lot-of noise traders in the market, it now pays for those with
information to trade. It even pays for people to seek out costly informa-
tion which they will then trade on. Most of the time, the noise traders
45 a group will lose money by trading, while the information traders as
& &roup will make money.

The more noise trading there is, the more liquid the markets will be,
in the sense of having frequent trades that allow us to observe prices.
But noise trading actually puts noise into the prices. The price of a stock
teflects both the information that information traders trade on and the
Noise that noise traders trade on.

As the amount of noise trading increases, it will become more profit-
able for people to trade on information, but only because the prices have
More noise in them. The increase in the amount of information trading
does not mean that prices are more efficient. Not only will more informa-
Hon traders come in, but existing information traders will take bigger
Positions and will spend more on information. Yet prices will be less
efficient.” What's needed for a liquid market causes prices to be less
efficient.

The information traders will not take large enough positions to elimi-
Rate the noise. For ane thing, their information gives them an edge, but
does not guarantee a profit. Taking a larger position means taking more
risk. So there is a limit to how large a position a trader will take. For
another thing, the information traders can never be sure that they are
trading on information rather than noise. What if the information they
have has already been reflected in prices? Trading on that kind of infor-
toation will be just like trading on noise.® Because the actual return on
a portfolio is a very noisy estimate of expected return, even after adjusting

S. InLaffont (1985), traders gather costly information because it has direct utility for reasons
Other than trading. Once they have it, they trade on it. If people start with efficient
vortfolios, though, even the arrival of free information may not make them want to trade.

‘We may need to introduce direct utility of trading to explain the existence of speculative
markets.

7. This result s specific to a model where naise traders trade on noise as if it were informa-

tion. In Kyle’s (1984), (1985), (1985a) model, having more noise traders can make markets
more efficient.

8. Arrow (1982) says that excessive reaction to current information characterizes all the
securities and futures markets. If this is true, it could be caused by trading on information
that has already been discounted.
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for returns on the market and other factors, it will be difficult to .mroé
that information traders have an edge. For the same reason, it éE be
difficult to show that noise traders are losing by trading. There will m{.mﬁ
be a lot of ambiguity about who is an information trader and who is a
noise trader, .

The noise that noise traders put into stock prices will be cumulative,
in the same sense that a drunk tends to wander farther and farther m«oB
his starting point. Offsetting this, though, will be the research and actions
taken by the information traders. The farther the price of a stock gets
from :m\,\ﬁcmu the more aggressive the information traders will become.
More of them will come in, and they will take larger positions. Hrmv\ may
even initiate mergers, leveraged buyouts, and other restructurings.

Thus the price of a stock will tend to move back toward its value over
time.® The move will often be so gradual that it is imperceptible. If it is
fast, technical traders will perceive it and speed it up. If it is slow enough,
technical traders will not be able to see it, or will be so unsure of what
they see that they will not take large positions.™

Still, the farther the price of a stock moves away from value, ﬂr.m faster
it will tend to move back. This limits the degree to which it is likely to
move away from value. All estimates of value are noisy, so we can never
know how far away price is from value. . .

However, we might define an efficient market as one in which price
is within a factor of 2 of value, i.e., the price is more than half of value
and less than twice value.!! The factor of 2 is arbitrary, of course. Hdg.m
itively, though, it seems reasonable to me, in the light o.m sources o
uncertainty about value and the strength of the forces tending to cause
price to return to value. By this definition, T think almost all markets are
efficient almost all of the time. “Almost all” means at least 90%.

Because value is not observable, it is possible for events that have no
information content to affect price. For example, the addition of a mﬁoww
to the Standard & Poors 500 index will cause some investors ﬁo.vc% ;:
Their buying will force the price up for a time. Information trading wi
force it back, but only gradually.

9. Merton (1971) describes a model where long run prices are efficient but short run prices
need not be. .

10. Summers (1986) emphasizes the difficulty in telling whether markets are efficient or
not. This difficulty affects market participants and researchers alike. )

11. I think this puts me between Merton (1985) and Shiller (1981), (1984). Uwi.wc.odm »3«5
efficiency seem more significant in my world than in Merton’s, but much less significant in
my world than in Shiller’s. .

12. This effect was discovered independently by Shleifer (1986) and Gurel and Harris
(1985).




a firm with two classes of common stock issues more
of one class, the price of the class of stock issued will decline relative to
the price of the class of stock not issued.®

Both price and value will look roughly like geometric random walk
processes with non-zero means. The means of percentage change in price
and value will change over time. The mean of the value process will
change because tastes and technology and wealth change. It may well
decline when value rises, and rise when value declines. The mean of the
price process will change because the relation between price and value
changes (and because the mean of the value process changes). Price will
tend to move toward value.

The short term volatility of price will be greater than the short term
volatility of value. Since noise is independent of information in this con-
text, when the variance of the percentage price moves caused by noise
is equal to the variance of the percentage price moves caused by informa-
tion, the variance of percentage price moves from day to day will be
roughly twice the variance of percentage value moves from day to day.
Over longer intervals, though, the variances will converge. Because price
tends to return to value, the variance of price several years from now
will be much less than twice the variance of value several vears from
now.

Volatilities will change over time. The volatility of the value of a firm
is affected by things like the rate of arrival of information about the firm
and the firm’s leverage. All the factors affecting the volatility of a irm’s
value will change. The volatility of price will change for all these reasons
and for other reasons as well. Anything that changes the amount or char-
acter of noise trading will change the volatility of price.

Noise traders must trade to have their influence. Because information
traders trade with noise traders more than with other information traders,
cutting back on noise trading also cuts back on information trading. Thus
prices will not move as much when the market is closed as they move
when the market is open.** The relevant market here is the market on
which most of the noise traders trade.

Noise traders may prefer low-priced stocks to high-priced stocks. If
they do, then splits will increase both the liquidity of a stock and its

13. Loderer and Zimmermann (1985) discovered this effect in connection with offerings in
Switzerland, where multiple classes of stock are common.

14. French and Roll (1985) find that the volatilities of stock returns are much lower across
periods when markets are closed than across periods when markets are open.
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day-to-day volatility. Low-priced stocks will be less efficiently priced than
high-priced stocks.s

The price of a stock will be a noisy estimate of its value. The earnings
of a firm (multiplied by a suitable price-earnings ratio) will give another
estimate of the value of the firm’s stock.® This estimate will be noisy too.
So long as noise traders do not always look at earnings in deciding how
to trade, the estimate from earnings will give information that is not
already in the estimate from price.!? ‘

Because an estimate of value based on earnings will have so much
noise, there will be no easy way to use price-earnings ratios in managing
portfolios. Even if stocks with low price-earnings ratios have higher ex-
pected returns than other stocks, there will be periods, possibly lasting
for years, when stocks with low price-earnings ratios have lower returns
than other comparable stocks.

In other words, noise creates the opportunity to trade profitably, but
at the same time makes it difficult to trade profitably.

2. Econometrics

Why do people trade on noise?

One reason is that they like to do it. Another is that there is so much
noise around that they don’t know they are trading on noise. They think
they are trading on information. 8

Neither of these reasons fits into a warld where people do things only
to maximize expected utility of wealth, and where people always make
the best use of available information. Once we let trading enter the utility

15. Oblson and Penman (1985) find that when stocks split, their return volatilities go up
on the ex-split date by an average of about 30%. This may be due to a higher proportion
of noise traders, though they also find no increase in trading volume on the ex-split date.
Amihud (1985) feels that another possible explanation for this result is the increase in the
bid-asked spread following a stock split.

16. For a discussion of the relation between earnings and stock price, see Black (1980).

17. Basu (1983) summarizes the evidence that stocks with high earnings-price ratios have
higher expected returns than stocks with low earnings-price ratios, even after controlling
for size of firm and risk. De Bondt and Thaler (1985) give more evidence on the existence
of temporary dislocations in price, and on the psychological factors that may influence the
noise traders who create these opportunities.

18. Kahneman and Tversky (1979) have a more sophisticated model of why people make
decisions for what are seemingly non-rational reasons, Their theory may help describe the
motivation of noise traders. For applications of their theory to economics and finance, see
Russell and Thaler (1985).



7 r directly (as a way of saying that people like to trade), it's hard
to know where to stop. If anything can be in the utility function, ».w_m
notion that people act to maximize expected utility is in danger of losing
much of its content.

So we want to be careful about letting things into the utility function.
We want to do it only when the evidence is compelling. I believe that
this is such a case.

Another such case is dividend payments by firms. Given our tax laws,
it seems clear that share repurchase in a non-systematic way is better
than payment of dividends. If people want to maximize only expected
utility of after-tax wealth, there will be no reason for firms to pay regular
dividends. And when they do pay dividends, they will apologize to the
stockholders (at least to individual stockholders) for causing them the
discomfort of extra taxes.!

The idea that dividends convey information beyond that conveyed by
the firm’s financial statements and public announcements stretches the
imagination.?® It is especially odd that some firms pay dividends while
making periodic offerings of common stock that raise more money than
the firms are paying in dividends. For such firms, we cannot say that
dividends force the firm to go through the rigors of a public offering of
stock. Even if they pay no dividends, they will still be issuing common

tock. 2
’ I think we must assume that investors care about dividends directly.
We must put dividends into the utility function. o

Perhaps we should be happy that we can continue to think in terms
of expected utility at all. There is considerable evidence now that mmom_m
do not ohey the axioms of expected utility. Of special concern is Ew
finding that people will take certain gambles to avoid losses, but (S.:
refuse the same gambles when they involve prospective gains. Can this
be consistent with risk aversionP?

I think that noise is a major reason for the use of decision rules that
seem to violate the normal axioms of expected utility. Because there is
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19. In Black (1976), I described the dividend puzzle. The solution to the puzzle, I now
believe, is that we must put dividends directly into the utility function. For one way of
putting dividends into the utility function, see Shefrin and Statman (1985). For another
way of resolving the dividend puzzle, and of relating it to the capital structure puzzle, see
Myers (1984).

20. For a statement of the case that dividends do convey information, see Miller (1985).
2]. Kalay and Shimrat (1985) observe, however, that firms issuing common stock do tend
to reduce their dividends.

22. This phenomenon is discussed extensively by Tversky and Kahneman (1981).
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so much noise in the world, people adopt rules of thumb. They share
their rules of thumb with each other, and very few people have enough
experience with interpreting noisy evidence to see that the rules are too
simple. Over time, [ expect that the transmission through the media
and through the schools of scientific ways of interpreting evidence will
gradually make the rules of thumb more sophisticated, and will thus
make the expected utility model more valid.

Even highly trained people, though, seem to make certain kinds of
errors consistently. For example, there is a strong tendency in looking
at data to assume that when two events frequently happen together, one
causes the other. There is an even stronger tendency to assume that the
one that occurs first causes the one that oceurs second. These tendencies
are easy to resist in the simplest cases. But they seem to creep back in
when econometric studies become more complex. Sometimes I wonder
if we can draw any conclusions at all from the results of regression studies.

Because there is so much noise in the world, certain things are essen-
tially unobservable.

For example, we cannot know what the expected return on the market
is. There is every reason to believe that it changes over time, and no
particular reason to believe that the changes occur smoothly. We can use
the average past return as an estimate of the expected return, but it is a
very noisy estimate.?3

Similarly, the slopes of demand and supply curves are so hard to
estimate that they are essentially unobservable. Introspection seems as
good a method as any in trying to estimate them. One major problem is
that no matter how many variables we include in an econometric analysis,
there always seem to be potentially important variables that we have
omitted, possibly because they too are unobservable. 2¢

For example, wealth is often a key variable in estimating any demand
curve. But wealth is itself unobservable. It’s not even clear how to define
it. The market value of traded assets is part of it, but the value of non-
traded assets and especially of human capital is a bigger part for most
individuals. There is no way to observe the value of human capital for an
individual, and it is not clear how we might go about adding up the
values of human capital for individuals to obtain a value of human capital
for a whole economy.

T'suspect that if it were possible to observe the value of human capital,
we would find it fluctuating in much the same way that the level of the

23. Merton (1980) shows how difficult it is to estimate the expected return on the market.

24. Leamer (1983) and Black (1982) discuss the profound difficulties with conventional
econometric analyses.
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fact, I think we would find fluctuations in the

stock market fluctuates. in
value of human capital to be highly correlated with fluctuations in

the level of the stock market, though the magnitude of the fluctuations
in the value of human capital is probably less than the magnitude of the
fluctuations in the level of the stock market.®

It’s actually easier to list observables than unobservables, since so
many things are unchservable. The interest rate is observable. If there
were enough trading in CPI futures, the real interest rate would be
observable. So far, though, there are not enough noise traders in CPI
futures to make it a viable market.

Stock prices and stock returns are observable. The past volatility of a
stock’s returns is observable, and by using daily returns we can come
close to observing the current volatility of a stock’s returns. We can also
come close to observing the correlations among the returns on different
stocks.

Economic variables seem generally less observable than financial vari-
ables. The prices of goods and services are hard to observe, because they
are specific to location and terms of trade much more than financial
variables. Quantities are hard to observe, because what is traded differs
from place to place and through time.

Thus econometric studies involving economic variables are hard to
interpret for two reasons: first, the coefficients of regressions tell us little
about causal relations even when the variables are observable; and sec-
ond, the variables are subject to lots of measurement error, and the
measurement errors are probably related to the true values of the vari-
ables.

Perhaps the easiest economic variable to observe is the money stock,
once we agree on a definition for it. I think that accounts for some of the
fascination it holds for economic theorists. In my view, though, this easi-
est to observe of economic variables has no important role in the workings
of the economy. Money is important, but the money stock is not.

Still, the money stock is correlated with every measure of economic
activity, because the amount of money used in trade is related to the
volame of trade. This correlation implies neither that the government can
control the money stock nor that changes in the money stock influence

economic activity.”
Empirical studies in finance are easier to do than empirical studies in

95. Fama and Schwert (1977) study the relation between human capital and the stock
market. They do not find a close relation.

26. King and Plosser (1984) look at the possibility that economic activity influences the
money stock rather than the other way around.
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w%osowaom, _.umomcmm mmﬁ.m on security prices are of generally higher quality
than the available data in economics. But there are major pitfalls in tryin
to interpret even the results of studies of security prices. ’
For meEEmu many recent empirical studies in finance have taken the
form of “event studies,” which look at stock price reactions to m::om:om-
ments that affect a firm.? If there were no noise in stock prices, this
would be a very reliable way to find out how certain events m@mom m:‘:m
Mm fact, ?ocmrv the stock price reaction tells us only how investors ﬁrmzw
m:M wmmcww m,mmw wmmoﬁ firms, and investors’ thoughts include both noise
Moreover, if investors care directly about certain attributes of a firm
Wmaor as its dividend yield) independently of how those attributes affect
its value, event studies will pick up these preferences along with the
@ﬂmoa of the events on value. When a firm increases its dividend, its
price may go up because investors like dividends, even though the wmm,
ent value of its future dividends in a world where the marginal i st
is taxed may have gone down. ) ester
H.m there any solution to these problems? No single, simple solution. I
vmrm,\.@ Correlations among economic and financial variables do give ucM
some information of value. Experimental stodies in economics and §-
nance have value. Analysis of “stylized facts” is often usefu] Unusual
events can provide special insight. In the end, a theory is moo,mﬁmmm not
because it is confirmed by conventional empirical tests. but because re-
searchers persuade one another that the theory is ooimmﬂ and relevant.?

3. Macroeconomics

If w:m_:m.mm cycles were caused by unanticipated shifts in the general price
level or in the level of government spending, we might not call that kind
of uncertainty noise. It's too simple. Because it is so simple, I don’t think
this kind of uncertainty can play a major role in business m<o~mm I have
not seen any models with all the kinds of markets we have in the m.oo:cE /
Srm_.m. shifts in the general price level or in the level of mo<m35mcw
spending are large enough or powerful enough or unanticipated enough
to cause significant business cycles,? ¢

AW mﬂow a ty m:oﬁ event study, together with discussion of a factor that may make event
studies hard to interpret properly, see Kalay and Loewenstein (1985). ’

28. This point of view is taken in part from McCloskey (1983)

29, r ) . .
9. For a review of research in business cycle theory, see Zarnowitz (1985). For an attempt

to explain large business cyc i i i i
opla Q@mmmv cycles with seemingly innocent changes in the price level, see
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On the other hand, if business cycles are caused by unanticipated
shifts in the entire pattern of tastes and technologies across sectoss, we
might call that uncertainty noise. I believe that these shifts are significant
for the economy as a whole because they do not cancel in any meaningful
sense. The number of sectors in which there is a match between tastes
and technology varies a lot over time. When it is high, we have an
expansion. When it is low, we have a recession.*

One reason the shifts do not cancel is that they are not independent
across sectors. When the costs of producing goods and services that re-
quire oil are high, they will be high across many related sectors. When
demand for vacation homes is high, it will be high for many kinds of
related services at the same time. The more we divide sectors into sub-
sectors, the more related the subsectors will be to one another.

Tt is not clear whether the increasing diversity and specialization that
go along with the transition from a simple economy to a complex modern
economy will be associated with larger or smaller business cycles. On
the one hand, the diversity in a more complex economy means that a
single crop failure or demand shock cannot have such a devastating effect;
but on the other hand, the specialization in a more complex economy
means that when there is a mismatch between tastes and technology, it
is costly to move skills and machines between sectors to correct the
mismatch.

Money and prices play no role in this explanation. Everything is real.®*
For a small sample of the kind of thing I have in mind, suppose I gear
up to produce dolls, while you gear up to produce art books. If it turns
out that you want dolls and 1 want art books, we will have a boom. We
will both work hard, and will exchange our outputs and will have high
consurnption of both dolls and art books. But if it turns out that you want
action toys and I want science books, we will have a bust. The relative
price of toys and books may be the same as before, but neither of us will
work so hard because we will not value highly that which we can exchange
our outputs for.

This is just one kind of example. The variations can accur in use of
machines as well as in use of people, and the underlying uncertainty can
concern what we can make as well as what we want.

Unanticipated shifts in tastes and technology within and across sectors

30. For a more extensive discussion of this point of view, see Black (1981), {(1982).

31. The most closely related work in the more conventional business cycle literature is
Long and Plosser (1983) and Lilien (1982). Bernanke (1983) has an entirely real explanation
for swings in the production of durable goods: it is sectoral in the sense that specific
investments are irreversible. Topel and Weiss (1985) use uncertainty about employment
conditions in different sectors to help explain unemployment; their methods can also be
applied, I think, to explaining eyclical fluctuations in unemployment.
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are what we call information in discussing financial markets. In economic
markets, it seems more appropriate to call these shifts noise, to contrast
them with shifts in the aggregates that conventional macroeconomic mod-
els focus on. In other words, the cause of business cycles is not a few
large things that can be measured and controlled, but many small things
that are difficult to measure and essentially impossible to control.

Noise or uncertainty has its effects in economic markets because there
are costs in shifting physical and human resources within and between
sectors. If skills and capital can be shifted without cost after tastes and
technology become known, mismatches between what we can do and
what we want to do will not occur.

The costs of shifting real resources are clearly large, so it is plausible
that these costs might play a role in business cycles. The costs of putting
inflation adjustments in contracts or of publicizing changes in the money
stock or the price level seem low, so it is not plausible that these costs
play a significant role in business cycles.

Presumably the government does not have better information about
the details of future supply and demand conditions within and between
sectors than the people working in those sectors. Thus there is little the
government can do to help the economy avoid recessions. These un-
known future details are noise to the workers and managers involved,
and they are noise twice over to government employees, even those who
collect statistics on individual industries.

I cannot think of any conventional econometric tests that would shed
light on the question of whether my business cycle theory is correct or
not. One of its predictions, though, is that real wages will fluctuate with
other measures of economic activity. When there is a match between
tastes and technology in many sectors, income will be high, wages will
be high, output will be high, and unemployment will be low. Thus real
wages will be procyclical. This is obviously true over long periods, as
from the Twenties to the Thirties and from the Thirties to the Forties,
but is also seems true over shorter periods, especially when overtime
and layoffs are taken into account.® \

How do inflation and money fit into this picture?

I believe that monetary policy is almost completely passive in a coun-
try like the U.S.3® Money goes up when prices go up or when income
goes up because demand for money goes up at those times. I have been
unable to construct an equilibrium model in which changes in money
cause changes in prices or income, but I have had no trouble constructing

32. Bils (1985) reviews previous work in this area, and gives evidence that real wages are
indeed procyclical.

33. My views are explained more fully in Black (1970), (1972), (1974).



in money.*

Changes in money often precede changes in income, but this is not
surprising, since demand for money can depend on expected income as
well as current income. Changes in wealth (measured at market value)
also precede changes in income.

In the conventional story, open market operations change perceived
wealth, which leads to a change in demand for existing assets, and thus
to a change in the price level. But open market operations have no
effect on wealth when wealth is measured at market value. They merely
substitute one form of wealth for another. Some say that open market
operations cause a change in interest rates, which then have further
effects on the economy. But this cannot happen in an equilibrium model.
There is no temporary equilibrium, with the price level and rate of infla-
tion unchanged, where a different interest rate will be equal to the certain
component of the marginal product of capital. If we allow the price level
and rate of inflation to change, then there are many equilibria, but there
are no rules to tell us how one is chosen over another. There is no logical
story explaining how the change in money will cause a shift from one
equilibrium to another.

If monetary policy doesn’t cause changes in inflation, what does?

I think that the price level and rate of inflation are literally indetermi-
nate. They are whatever people think they will be. They are determined
by expectations, but expectations follow no rational rules. If peaple be-
lieve that certain changes in the money stock will cause changes in the
rate of inflation, that may well happen, because their expectations will
be built into their long term contracts.

Another way to make the same point is this. Within a sector, the prices
of inputs and outputs are largely taken as given. Decisions on what and
how much to produce are made taking these prices as given. Thus each
sector assumes that the rates of inflation of its input and output prices
are given. In my models, this includes the government sector in its role
as supplier of money. If we are in an equilibrium with one expected rate
of inflation (assuming neither gold prices nor exchange rates are fixed),
and everyone shifts to a lower expected rate of inflation, we will have
{with only minor modifications) a new equilibrium.

One way to describe this view is to say that noise causes changes in
the rate of inflation.

If we have a gold standard, where the price of gold is adjusted over

34. For an analysis of possible explanations for some of the correlations between money
and other variables, see Cornell (1983).
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time to make the general price level follow a desired path, and where
wrm government stands ready to buy or sell gold at the temporarily fixed
price without allowing its inventory to fluctuate much, then inflation will
be controlled rather than random. But it seems E::%F that we will
adopt a gold standard of this kind or of any other kind anytime soon

Similarly, if a small country adopts a policy of varying its mxorm.:mm
rate with a Jarge country to make its price level follow a desired path
where its government stands ready to buy or sell foreign exchange at ,%m,
temporarily fixed rate without allowing its foreign exchange inventory to
fluctuate much, then its inflation rate will be controlled rather than ran-
dom. This is possible for any country that has wealth and stable taxing
power, because the country can always sell assets for foreign exchange
and can then buy the assets back (almost) with the foreien cu it
obtains. g umener

Eo&\m/\mﬁ it is not clear what is gained by controlling the price level.
If business cycles are caused by real factors rather than by things that
are affected by the rate of inflation, then many of the reasons for control-
ling inflation vanish.

In my view, then, there is a real international equilibrium that is
Emm? unaffected by price levels or monetary policies, except in coun-
tries with unstable financial markets or national debt that is large com-
pared with taxable wealth. This real equilibrium involves a world busi-
ness cycle and national business cycles driven by the degree to which
there is a match between tastes and technology.

The real equilibrium also involves changing relative prices for all kinds
of goods and services, including relative prices for the “same” goods and
services in different locations. Different locations can be around the cor-
ner or around the world. Since information and transportation are so
costly (especially information), there is no form of arbitrage that will force
the prices of similar goods and services in different locations to be similar

Zo_.do/\wﬁ the real equilibrium involves constantly changing Qmmm.
fows for various pairs of countries. There is no reason for trade to be
balanced between any pair of countries either in the short run or in the

long run. And an imbalance in trade has no particular welfare implica-
tions.*

wm.;wm,wn an wE version of this argument, see Fisher (1920). For a new version together
wit &mozmmﬂo: of the possibility of keeping gold inventories roughly fixed while controlling
the price of gold and the price level, see Black (1981).

36. This is a common result in § i i
1578) in international economics. For my treatment of it, see Black



18 wosE

Since the real eguilibrium is fixed at a point E time, .%o:mv :hmx
continually changing through time; a higher domestic currency price wcm
an item at one point in time will mean a Emrm«. domestic oﬂz:m.zo% @rﬂo
for all items at that same point in time. There will ﬁm some mmm in mal %m
price changes, and many lags in posting or reporting price ¢ anges,
these will not affect the equilibrium ambwmom:z%. o "

If we were able to observe the economy at a given point in m::m ,\.Mﬂ;o-
two different domestic price levels, we would see that the rea m@.% ”z -
rium is largely independent of price levels m:m mxumrwswm rates, wwmog-
might call this situation “purchasing power @mS.Jf Since we nmcmmo -
ally observe the economy as it evolves c<m.~. QBm.r iw canno o
purchasing power parity holds. We see Eﬂmrwm.@zom cl m:mmmr oc mﬁmw
and fluctuations in the level of economic activity, while exc w:%m T ¢
and money stocks are changing. We think %w.ﬁ exchange .«mﬁmm@w: money
are causing relative price changes and business mwo~cmcﬂsm. -

But that is only because the noise in the data is clouding our vision.

e
e —
P ——

Goldman, Sachs & Co. T am grateful for comments on earlier &mmﬂm by m.,mnmn Bern-
stein woudmz Merton, James Poterba, Richard Roll, Hersh Shefrin, Meir Statman,

LY
Lawrence Suimmers, and Laurence Weiss.
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Noise Trader Risk
in Financial Markets

J. BRADFORD DE LONG,
ANDREI SHLEIFER, LAWRENCE H. SUMMERS,
and ROBERT J. WALDMANN

There is considerable evidence that many investors do not follow econo-
mists” advice to buy and hold the market portfolio. Individual investors
typically fail to diversify, holding instead a single stock or a small number
of stocks (Lewellen, Schlarbaum, and Lease 1974). They often pick stocks
through their own research or on the advice of the likes of Joe Granville
or “Wall Street Week.” When investors do diversify, they entrust their
money to stock-picking mutual funds that charge them high fees while
failing to beat the market (Jensen 1968). Black (1986) believes that such
investors, with no access to inside information, irrationally act on noise
as if it were information that would give them an edge. Following Kyle
(1985), Black calls such investors “noise traders.”

Despite the recognition of the abundance of noise traders in the mar-
ket, economists feel safe ignoring them in most discussions of asset price
formation. The argument against the importance of noise traders for price
formation has been forcefully made by Friedman (1953) and Fama (1965).
Both authors point out that irrational investors are met in the market by
rational arbitrageurs who trade against them and in the process drive
prices close to fundamental values. Moreover, in the course of such trad-
ing, those whose judgments of asset values are sufficiently mistaken to
affect prices lose money to arbitrageurs and so eventually disappear from

From: Journal of Political Economy, 1990, vol. 98, no. 4, pp. 703~738. © 1990 by The
University of Chicago. All rights reserved. 0022-3808/90/9804-0004$01.50. Reprinted by
permission of The University of Chicago Press.
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Do Stock Prices
Move Too Much to be

Justified by Subsequent
Changes in Dividends?

ROBERT J. SHILLER

A simple model that is commonly used to interpret movements in corpo-
rate common stock price indexes asserts that real stock prices equal the
present value of rationally expected or optimally forecasted future real
dividends discounted by a constant real discount rate. This valuation
model (or variations on it in which the real discount rate is not constant
but fairly stable) is often used by economists and market analysts alike as
a plausible model to describe the behavior of aggregate market indexes
and is viewed as providing a reasonable story to tell when people ask
what accounts for a sudden movement in stock price indexes. Such move-
ments are then attributed to “new information” about future dividends.
I will refer to this model as the “efficient markets model” although it
should be recognized that this name has also been applied to other
models. i

It has often been claimed in popular discussions that stock price in-
dexes seem too “volatile,” that is, that the movements in stock price
indexes could not realistically be attributed to any objective new informa-
tion, since movements in the price indexes seem to be “too big” relative
to actual subsequent events. Recently, the notion that financial asset
prices are too volatile to accord with efficient markets has received some

From: American Economic Review, vol. 71, No. 3, pp. 421436, June 1981. Reprinted by
permission of the American Economic Association.
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econometric support in papers by Stephen LeRoy and Richard Porter on
the stock market, and by myself on the bond market.

To illustrate graphically why it seems that stock prices are too volatile,
1 have plotted in Figure 1 a stock price index p, with its ex post rational
counterpart pi (data set 1).! The stock price index p, is the real Standard
and Poor’s Composite Stock Price Index (detrended by dividing by a
factor proportional to the long-run exponential growth path) and p¥ is
the present discounted value of the actual subsequent real dividends (also
as a proportion of the same long-run growth factor).2 The analogous series
for a modified Dow Jones Industrial Average appear in Figure 2 (data set
2). One is struck by the smoothness and stability of the ex post rational
price series p¥ when compared with the actual price series. This behavior
of p* is due to the fact that the present value relation relates p* to a
long-weighted moving average of dividends (with weights corresponding
to discount factors) and moving averages tend to smooth the series aver-
aged. Moreover, while real dividends did vary over this sample period,
they did not vary long enough or far enough to cause major movements
in p*. For example, while one normally thinks of the Great Depression
as a time when business was bad, real dividends were substantially below
their long-run exponential growth path (i.e., 10-25 percent below the
growth path for the Standard and Poor’s series, 16-38 percent below the
growth path for the Dow Series) only for a few depression years: 1933,
1934, 1935, and 1938. The moving average which determines p* will
smooth out such short-run fluctuations. Clearly the stock market decline
beginning in 1929 and ending in 1932 could not be rationalized in terms
of subsequent dividends! Nor could it be rationalized in terms of subse-
quent earnings, since earnings are relevant in this model only as indica-
tors of later dividends. Of course, the efficient markets model does not
say p = p* Might one still suppose that this kind of stock market crash
was a rational mistake, a forecast error that rational people might make?
This paper will explore here the notion that the very volatility of p (i.e.,
the tendency of big movements in p to occur again and again) implies
that the answer is no.

1. The stock price index may look unfamiliar because it is deflated by a price index,
expressed as a proportion of the long-run growth path and only January figures are shown.
One might note, for example, that the stock market decline of 1929-32 looks smaller than
the recent decline. In real terms, it was. The January figures also miss both the 1929 peak
and 1932 trough.

2. The price and dividend series as a proportion of the long-run growth path are defined
below at the beginning of Section I. Assumptions about public knowledge or lack of knowl-
edge of the longrun growth path are important, as shall be discussed below. The series p*
is computed subject to an assumption about dividends after 1978. See text and Figure 3
below.
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Figure 1
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Note: Real Standard and Poor’s Composite Stock Price Index (solid line p} and
ex post rational price (dotted line p*), 18711979, both detrended by %S.&:m a
long-run exponential growth factor. The variable p* is the present value of actual
subsequent real detrended dividends, subject to an assumption about the present
value in 1979 of dividends thereafter. Data are from Data Set 1, Appendix.

To give an idea of the kind of volatility comparisons that will be made
here, let us consider at this point the simplest inequality which puts
limits on one measure of volatility: the standard deviation of p. The
efficient markets model can be described as asserting that p, = E,(p}),
ie., p, is the mathematical expectation conditional on all information
available at time ¢ of p}. In other words, p; is the optimal forecast of p.
One can define the forecast error as u, = pf — pr A fundamental princi-
ple of optimal forecasts is that the forecast error u, must be uncorrelated
with the forecast; that is, the covariance between p, and 1, must be zero.
If a forecast error showed a consistent correlation with the forecast itself,
then that would in itself imply that the forecast could be ::Eo,\mm.v
Mathematically, it can be shown from the theory of conditional expecta-
tions that «, must be uncorrelated with p,.

If one uses the principle from elementary statistics that the variance
of the sum of two uncorrelated variables is the sum of their variances
one then has var(p*) = var(u) + var(p). Since variances cannot be :mmmw
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Figure 2
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Note: Real modified Dow Jones Industrial Average (solid :s.m .E. and @.JESH
rational price {dotted line p*), 1928-1979, both mm.cﬁm:mmm by dividing g\mm oﬁsm'M
run exponential growth factor. The variable p* is the w«wmms» S&cmw of ac Mwﬁ
subsequent real detrended dividends, subject to an assumption about t m%amm n
value in 1979 of dividends thereafter. Data are from Data Set 2, Appendix.

tive. this means var(p) = var(p*) or, converting to more easily inter-
preted standard deviations,
alp) = o(p*). 1

This inequality (employed before in the papers by ﬁmmou\ and Porter w:.m
muyself) is violated dramatically by the data M: Figures 1 and 2 as is
immediately obvious in looking at the figures.

3. Some people will object to this derivation 0m ﬂg and say ﬁwmﬁ one ::mﬂ Wm M.w: m,mawmwmﬂm
that E,(p,) = p¥, i.e., that forecasts are correct “on average, (,ﬁzow wou .mm mo a _MM o
of the inequality (1). This objection stems, however, from a B_m_amqmwmﬁmﬁ._o: 0 oww i Mo
expectations. The subscript ¢ on the expectations o@oﬁ.ﬁoﬂ E means ﬁm_a:mmmm mwm: MM;

- nonrandom) all variables known at time t.” Clearly, p, is T.go«ﬁ.. at time ¢ an ﬂ aﬁno AM a
practical terms, if a forecaster gives as his forecast w:i?:m other than mnA.F ), then his
forecast is not optimal in the sense of expected squared forecast error. Ifhe m%mm mm.o«momﬁ
which equals E,(p#) only on average, then he is adding random noise to Em optimal oamomm_w
The amount of noise apparent in Figures 1 and 2 is extraordinary. Imagine what we wou i
think of our local weather forecaster if, say, actual local temperatures followed the dotte

line and his forecasts followed the solid line!
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This paper will develop the efficient markets model in Section 1 to
clarify some theoretical questions that may arise in connection with the
inequality (1) and some similar inequalities will be derived that put limits
on the standard deviation of the innovation in price and the standard
deviation of the change in price. The model is restated in innovation form
which allows better understanding of the limits on stock price volatility
imposed by the model. In particular, this will enable us to see {Section
II) that the standard deviation of Ap is highest when information about
dividends is revealed smoothly and that if information is revealed in big
lumps occasionally the price series may have higher kurtosis (fatter tails)
but will have lower variance. The notion expressed by some that earnings
rather than dividend data should be used is discussed in Section III, and
a way of assessing the importance of time variation in real discount rates
is shown in Section IV. The inequalities are compared with the data in
Section V.

This paper takes as its starting point the approach I used earlier (1979)
which showed evidence suggesting that long-term bond yields are too
volatile to accord with simple expectations models of the term structure
of interest rates.? In that paper, it was shown how restrictions implied
by efficient markets on the cross-covariance function of short-term and
long-term interest rates imply inequality restrictions on the spectra of
the long-term interest rate series which characterize the smoothness that
the long rate should display. In this paper, analogous implications are
derived for the volatility of stock prices, although here a simpler and
more intuitively appealing discussion of the model in terms of its innova-
tion representation is used. This paper also has benefited from the earlier
discussion of LeRay and Porter which independently derived some re-
strictions on security price volatility implied by the efficient markets
model and concluded that common stock prices are too volatile to accord
with the model. They applied a methodology in some ways similar to
that used here to study a stock price index and individual stocks in a
sample period starting after World War I1.

It is somewhat inaccurate to say that this paper attempts to contradict
the extensive literature of efficient markets (as, for example, Paul
Cootner’s volume on the random character of stock prices, or Eugene
Fama’s survey).” Most of this literature really examines different proper-

4. This analysis was extended to yields on preferred stocks by Christine Amsler.

5. 1t should not be inferred that the literature on efficient markets uniformly supports the
notion of efficiency put forth there, for example, that no assets are dominated or that no
trading rule dominates a buy and hold strategy (for recent papers see S. Basu; Franco
Modigliani and Richard Cohn; William Brainard, John Shoven and Lawrence Weiss; and
the papers in the symposium on market efficiency edited by Michael Jensen).



112 voraTLITY

ties of security prices. Very little of the efficient markets literature bears
directly on the characteristic feature of the model considered here: that
expected real returns for the aggregate stock market are constant through
time (or approximately so). Much of the literature on efficient markets
concerns the investigation of nominal “profit opportunities” (variously
defined) and whether transactions costs prohibit their exploitation. Of
course, if real stock prices are “too volatile” as it is defined here, then
there may well be a sort of real profit opportunity. Time variation in
expected real interest rates does not itself imply that any trading rule
dominates a buy and hold strategy, but really large variations in expected
returns might seem to suggest that such a trading rule exists. This paper
does not investigate this, or whether transactions costs prohibit its exploi-
tation. This paper is concerned, however, instead with a more interesting
{from an economic standpoint) guestion: what accounts for movements in
real stock prices and can they be explained by new information about
subsequent real dividends? If the model fails due to excessive volatility,
then we will have seen a new characterization of how the simple model
fails. The characterization is not equivalent to other characterizations of
its failure, such as that one-period holding returns are forecastable, or
that stocks have not been good inflation hedges recently.

The volatility comparisons that will be made here have the advantage
that they are insensitive to misalignment of price and dividend series, as
may happen with earlier data when collection procedures were not ideal.
The tests are also not affected by the practice, in the construction of stock
price and dividend indexes, of dropping certain stocks from the sample
occasionally and replacing them with other stocks, so long as the volatility
of the series is not misstated. These comparisons are thus well suited to
existing fong-term data in stock price averages. The robustness that the
volatility comparisons have, coupled with their simplicity, may account
for their popularity in casual discourse.

1. The Simple Efficient Markets Model

According to the simple efficient markets model, the real price P, of a
share at the beginning of the time period t is given by

P = M ‘<»:NHU~+» 0<y<1 va
k=0

where D, is the real dividend paid at (let us say, the end of) time ¢, E,
denotes mathematical expectation conditional on information available at
time t, and v is the constant real discount factor. I define the constant
real interest rate r so that y = 1/(1 + r). Information at time ¢ includes
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P, and D, and their lagged values, and will generally include other vari-
ables as well. !
. The one-period holding return H, = (AP, + D,)/P, is the return
from .v:v:.zm the stock at time ¢ and selling it at time ¢ U. 1. The first
ﬂmHS in the numerator is the capital gain, the second term is the dividend
received at the end of time ¢ They are divided by P, to provide a rate
of return. The model (2) has the property that E,(H ) . r.

The model (2) can be restated in terms of series as a proportion of the
long-run growth factor: p, = PINTT d, = D/NFIT where the growth
factor is AT = (1 + g)-T g is the rate of growth, and T is the base
year. Dividing (2) by AT and substituting one finds®

o

P = M 9.6\?1@“&?;

k=0

- ®
= J\Tlm“&niﬁ
k=0

ﬁrmm«os\%aﬁm wB:ﬁg_mmmﬁrmzﬁrm&moo:iamﬁmj.m (2) is to give
a mb:.m price, and hence ¥ = Ay < 1, and defining 7 by § = 1+ 7
Em discount rate appropriate for the p, and d, series is # > 0. HEW
%mnoc:ﬁ. rate 7 is, it turns out, just the mean dividend divided by the
mean price, i.e., # = E(d)/E(p).”

.(<m may also write the model as noted above in terms of the ex post
Sa.o:m_ price series p¥ (analogous to the ex post rational interest rate
series that Jeremy Siegel and I used to study the Fisher effect, or that 1
Em.& to study the expectations theory of the term mQ:oE:dv“ That is
Py is the present value of actual subsequent dividends: . v

P = E(pf) (4)

6. No assumptions are introduced in going from (2) to (3), since (3) is just an algebrai

qm»:mw.o::mc.o: of (2). T shall, however, introduce the mmm:_:vzoz that d, is jointly mﬁmw oy
with information, which means that the (unconditional) covariance rmﬂ_gdms d a mcst
where z, is any information variable (which might be d, itself or p,), depends c:ﬂ o” »NT?
t It @:os\m that we can write expressions like var(p) without a :,Mzum subscript HM ocsm :NH
m. Smrwmmc: of the random variable the conditional expectation E,(d,,,) is M functi nmm w
w:zm since it depends on information at time ¢. Some stationarity mmﬁ:ﬁ» tion i o w

if we are to proceed with any statistical analysis. T o e

7. Taking unconditional expectations on both sides of (3) we find

E(p) = 12 E(d)

using ¥ = 1/1 + 7 and solving we find # = E(d)/E(p).
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where

Ew" = M %».Z&?Lq
k=0

Since the summation extends to infinity, we never observe p# without
some error. However, with a long enough dividend series we may ob-
serve and approximate p¥*. If we choose an arbitrary value for the terminal
value of p¥ (in Figures 1 and 2, p* for 1979 was set at the average
detrended real price over the sample) then we may determine p} recur-
sively by p¥ = J(p¥., + d,) working backward from the terminal date.
As we move back from the terminal date, the importance of the terminal
value chosen declines. In data set (1) as shown in Figure 1, ¥ is .954 and
$1% = 0063 so that at the beginning of the sample the terminal value
chosen has a negligible weight in the determination of p¥. If we had
chosen a different terminal condition, the result would be to add or
subtract an exponential trend from the p* shown in Figure 1. This is

Table 1 Definitions of Principal Symbols

= real discount factor for series before detrending; v = 1/(1 + r)

real discount factor for detrended series; ¥ = Ay

real dividend accruing to stock index (before detrending)

real detrended dividend; d, = D,/\*1T

first difference operator Ax, = x, — x,.;

innovation operator; 3,2, = E 2, — E,_ (%, 02 = 8,1,

= unconditional mathematical expectations operator. E(x) is the true (popu-

Jation) mean of x

E, = mathematical expectations operator conditional on information at time t;
E,x, = Elx,|1,) where ], is the vector of information variables known at
time ¢

A = trend factor for price and dividend series; A = 1 + g where g is the
long-run growth rate of price and dividends

P, = real stock price index (before detrending)

p, = real detrended stock price index; p, = P/NT

p¥ = ex post rational stock price index {expression 4)

r = one-period real discount rate for series before detrending

7 = real discount rate for detrended series; + = (1 — 9)/¥

3 = two-period real discount rate for detrended series; 7, = (1 + A2 — 1

t = time (year)

T = base year for detrending and for wholesale price index; p; = Py = nomi-

nal stock price index at time T

I b
[

i

.9 p_‘&p 2 -2
It
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shown graphically in F igure 3, in which p* is shown computed from

alterinative forminal i
alter Ew:r terminal values. Since the only thing we need know to com-
pute p* about dividends after 1978 is p* for 1979, it does not matter
whether dividends are “smooth” or not after 1978. Thus, Figure 3 repre-
sents our uncertainty about p*.

There is yet another way to write the model, which will be useful i
the analysis which follows. For this purpose, ot
notation for the innovation in a variable. Let us define the innovation
operator §, = E, — F, , where E, is the conditional expectations opera-
tor. Then for any variable X, the term 8. X, equals E,X,,, — E w.x
Mi:.ow is the change in the conditional expectation of W I»Hrmm hmj ”dmﬁw
In response to new information arriving between ¢ — Hwﬂm t. The time
subscript # may be dropped so that 38X, denotes 8,X,,, and X denotes
38X, or 8,X, Since conditional expectations operators satisfy EE, =

it is convenient to adopt

E yings p it follows that Eind Xy = Eem (EeXopy — E 1 Xpp) ',r.n.
Ey Xy — E X, =0, m = 0. This means that §,X

. . ,+; Mmust be
uncorrelated for all k with all information known at time ¢ — T

1 and must,
Figure 3
Index
300
225
1504
75~
0 Year

1870 1890 1910 1930 1950 1970

Note: Alternative measures of the ex post rational price p*, obtained by alternati
mmm:Sn:o:m about the present value in 1979 of dividends thereafter. The EEMM
curve is the p* series plotted in Figure 1. The series are SEQE& recursivel]
from terminal conditions using dividend series d of Data Set 1 i
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since lagged innovations are information at time t, be uncorrelated with

O Xoupp £/ < 1, all j, i.e., innovations in variables are serially uncorre-
lated.
The model implies that the innovation in price 8,p, is observable.
Since (3) can be written p, = Y({d, + E,p,.1), we know, solving, that
Epi = pf/y — d,. Hence 8,p, = E\p, — E,\p, = p, + diy — pf
%= Ap, + d,_, — #p,;. The variable which we call §,p, {or just 8p) is
the variable which Clive Granger and Paul Samuelson emphasized
should, in contrast to Ap, = p, — p,_,. by efficient markets, be unfore-
castable. In practice, with our data, 8,p, so measured will approximately
equal Ap,.

The model also implies that the innovation in price is related to the
innovations in dividends by

d.p, = M ¥18,d, )
k=0

This expression is identical to (3) except that 8, replaces E,. Unfortu-
nately, while 8,p, is observable in this model, the 8,d,; terms are not
directly observable, that is, we do not know when the public gets infor-
mation about a particular dividend. Thus, in deriving inequalities below,
one is obliged to assume the “worst possible” pattern of information
acerual.

Expressions (2)-(5) constitute four different representations of the
same efficient markets model. Expressions (4) and (5) are particularly
useful for deriving our inequalities on measures of volatility. We have
already used (4) to derive the limit (1) on the standard deviation of p
given the standard deviation of p*, and we will use (5) to derive a limit
on the standard deviation of 8p given the standard deviation of d.

One issue that relates to the derivation of (1) can now be clarified. The
inequality (1) was derived using the assumption that the forecast error u,
= pf — p,is uncorrelated with p,. However, the forecast error «, is not
serially uncorrelated. It is uncorrelated with all information known at
time ¢, but the lagged forecast error u,_, is not known at time ¢ since
pi 1 is not discovered at time . In fact, u, = 37, 958, P41 as can be
seen by substituting the expressions for p, and pf* from (3) and (4) into u,

= p¥ — p,, and rearranging. Since the series §,p, is serially uncorrelated,
u, has first-order antoregressive serial correlation.® For this reason, it is

8. Tt follows that var(u) = var(®p)/(1 — 4% as LeRoy and Porter noted. They base their
volatility tests on our inequality (1) (which they call theorem 2) and an equality restriction
a*(p) + @)1 — %) = o¥p*) (their theorem 3). They found that, with postwar Stan-
dard and Poor earnings data, both relations were violated by sample statistics.
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¥ ~ p, on variables known
; { the coefficients of th
‘ ising : the coef ese
MMH,_mmmm. Eoim&mf a generalized least squares transformation of the
‘Em Wm would yield an appropriate regression test, We might thus re-
mw MMM ME Qm:.mmo:smm variable u, — Ju,,, on variables known at time ¢
S T YU = Y8, this i .
: R i amounts to testing whether the
E:o,\mmo: In price can be forecasted. I will perform and discuss such
regression tests in Section V below. .
mow_ww.mzm M&:QWW on the standard deviation of 9p for a given standard
fon of d,, first note that d, equals § iti
¢ equals its unconditional i
the sum of its innovations: ipectation plus

inappropriate to test the model by regressing p
s 0

at tme ¢ and using the ordinary #-statistic

SLalistics

®

d, = E(d) + M d;_yd,. | (6)

k=0

MM_WMQ:MmmMMM Nﬁm as w;x&bv then this expression is Just a tautology. It
s ow A m , E.ﬁ  t = 0, H» 2, . .. are just different linear combina-

- 7k same innovations in dividends that enter into the linear
oomawEmUo: in (5) which determine Opt = 0,1,2 ... . We can thus
H:.&Wé:mﬂmﬂ MMMAWE G_ME be for given var(d). Since innovations are
e g o <mnm_.wmmo<0<m now from (6) that the variance of the sum is

®

var(d) = > var(sd,) = N o2, (7

k=0

i

Our assumpti i ity i i

Our assu ption of stationarity for d, implies that var(8, .d,)

= 03 is independent of ¢,

: %s expression (5) we have no information that the variance of the sum

mr. Mw sum of the variances since all the innovations are time ¢ innovations

which may be correlated. In fact, for given of, ¢? the Emﬁ.Eczw

~ : > P

Sﬂwzow of ﬂ.rw sum in (5) occurs when the elements in the sum are

Wmm m%ﬁ &v\ positively correlated. This means then that so long as var(8d)
» 01l = @y 8,d,, where a, = 04/ Substituting this into (6) implies

var{dd,)

x

mww = M ay€; (8)

k=0

M.Moa a hat mmzomwm a variable minus its mean: d, = d, — E(d)and e, =
+dy. Thus, if var(3p) is to be waximized for given o2 of Mwm

divid i
end process must be a moving average process in terms of its own
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innovations.” I have thus shown, rather than assumed, that if the variance
of 8p is to be maximized, the forecast of d,_; will rma.\m the usual ARIMA
form as in the forecast popularized by Box and Jenkins. ,

We can now find the maximum possible variance for 8p for given
variance of d. Since the innovations in (5) are perfectly positively corre-
lated, varp) = (7., ¥%"'0)% To maximize this subject to the con-

straint var(d) = Z7_,0? with respect to 0y, o5, . . ., one may set up the
Lagrangean:
o 2 oc
L= e )+ vl var(d) ~ o} (9)

where v is the Lagrangean multiplier. The first-order conditions for o,
j=0,...>are

L. 2 M Yo |47 — 2vo; = 0 (10)
do; —

which in turn means that ¢, is proportional to 4. The mmoo:m,on.mmw condi-
tions for a maximum are satisfied, and the maximum can be viewed as a
tangency of an isoquant for var(8p), which is a hyperplane in oy O,
o, . . . space, with the hypersphere represented by ww& constraint. ‘\Ww
the maximum o2 = (1 — §%)var(d)9* and var(3p) = § <m2&\¢ - 4%
and so, converting to standard deviations for ease of interpretation, we
have

o(dp) = o(d) V', 11
where
fp=(1+A2—1

Here, 7, is the two-period interest rate, which is roughly twice the one-
period rate. The maximum occurs, then, when d, %m»ﬁ first-order @88-
gressive process, d, = yd,_; + €, and E,d,,;, = ¥*d,, where d = d -
E(d) as before. . .

The variance of the innovation in price is thus maximized when infor-

mation about dividends is revealed in a smooth fashion so that the stan-

9. Of course, all indeterministic stationary processes can be given linear moving average
representations, as Hermann Wold showed. However, it mo.mm not @:oé wr.mﬁ the Maoommm
can be given a moving average representation in terms of its o.é: _.d:o«ﬁaosm. T a. true
process may be generated nonlinearly or other information besides its own lagged e.&:mm
may be used in forecasting. These will generally result in a less than perfect correlation of

the terms in (5).

DO STOCK PRICES MOVE TOO MucH? 119

dard deviation of the new information at time ¢ about a future dividend
d,+¢ is proportional to its weight in the present value formula in the
model (5). In contrast, suppose all dividends somehow became known
vears before they were paid. Then the innovations in dividends would
be so heavily discounted in (5) that they would contribute little to the
standard deviation of the innovation in price. Alternatively, suppose
nothing were known about dividends until the year they are paid. Here,
although the innovation would not be heavily discounted in (5), the im-
pact of the innovation would be confined to only one term in (5), and the
standard deviation in the innovation in price would be limited to the
standard deviation in the single dividend.

Other inequalities analogous to (11) can also be derived in the same
way. For example, we can put an upper bound to the standard deviation
of the change in price (rather than the Innovation in price) for given
standard deviation in dividend. The only difference induced in the above
procedure is that Ap, is a different linear combination of innovations in
dividends. Using the fact that Ap, = d,p, + p,_y — d,_, we find

Ap, = M @»19&1» + mM wT\M J'\T:NI»L - M 5 _;d, . (12)

As above, the maximization of the variance of 8p for given variance of d
requires that the time ¢ innovations in d be perfectly correlated (innova-
tions at different times are necessarily uncorrelated) so that again the
dividend process must be forecasted as an ARIMA process. However,
the parameters of the ARIMA process for d which maximize the variance
of Ap will be different. One finds, after maximizing the Lagrangean ex-
pression (analogous to (9)) an inequality slightly different from (11),

o(Ap) = o(d)/ V2T (13)

The upper bound is attained if the optimal dividend forecast is first-order
autoregressive, but with an autoregressive coefficient slightly different
from that which induced the upper bound to (11). The upper bound to
(13) is attained if d, = (1 — Ad,_, + € and Ed, = (1 — ?)*d,, where,
as before, d, = d, — E(d).

2. High Kurtosis and Infrequent Important Breaks
in Information
It has been repeatedly noted that stock price change distributions show

high kurtosis or “fat tails.” This means that, if one looks at a time-series
of observations on 8p or Ap, one sees long stretches of time when their
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(absolute) values are all rather small and then an occasional extremely
large (absolute) value. This phenomenon is commonly attributed to a
tendency for new information to come in big lumps infrequently. There
seems to be a common presumption that this information lumping might
cause stock price changes to have high or infinite variance, which would
seem to contradict the conclusion in the preceding section that the vari-
ance of price is limited and is maximized if forecasts have a simple autore-
gressive structure.

High sample kurtosis does not indicate infinite variance if we do not
assume, as did Fama (1965) and others, that price changes are drawn
from the stable Paretian class of distributions.'® The model does not
suggest that price changes have a distribution in this class. The model
instead suggests that the existence of moments for the price series is
implied by the existence of moments for the dividends series.

As long as d is jointly stationary with information and has a finite
variance, then p, p*, dp, and Ap will be stationary and have a finite
variance. ' If d is normally distributed, however, it does not follow that
the price variables will be normally distributed. In fact, they may yet
show high kurtosis.

To see this possibility, suppose the dividends are serially independent
and identically normally distributed. The kurtosis of the price series is
defined by K = E(p)*/(E()?)?, where p = p — E(p). Suppose, as an
example, that with a probability of 1/n the public is told d, at the begin-
ning of time #, but with probability (n — D/n has no information about
current or future dividends.'? In time periods when they are told d,, P:
equals 5d,, otherwise p, = 0. Then E(pYH = NAS@NV&\: and E(p?) =
mAS@LwV\: so that kurtosis equals REFd )N E((F)) which equals n
times the kurtosis of the normal distribution. Hence, by choosing n high

10. The empirical fact about the unconditional distribution of stock price changes is not
that they have infinite variance (which can never be demonstrated with any finite sample),
but that they have high kurtosis in the sample.

11. With any stationary process X, the existence of a finite var(X,) implies, by Schwartz's
inequality, a finite value of cov(X; X;up) for any &, and hence the entire autocovariance
function of X,, and the spectrum, exists. Moreover, the variance of E,(X,) must also be
finite, since the variance of X equals the variance of E(X,) plus the variance of the forecast
error. While we may regard real dividends as having finite variance, innovations in divi-
dends may show high kurtosis. The residuals in a second-order autoregression for d, have
a studentized range of 6.29 for the Standard and Poor series and 5.37 for the Dow series.
According to the David-Hartley-Pearson test, normality can be rejected at the 5 percent
level (but not at the 1 percent level) with a one-tailed test for both data sets.

12. For simplicity, in this example, the assumption elsewhere in this article that d, is always
known at time ¢ has been dropped. It follows that in this example 8,p, # Ap, + d_, —
.1 but instead 8,p, = .
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enough one can achieve an arbitrarily high kurtosis, and yet the variance
of price will always exist. Moreover, the distribution of g, conditional on
the information that the dividend has been revealed is w_mo normal, i
spite wm high kurtosis of the unconditional distribution. "
. If information is revealed in big lumps occasionally (so as to induce
high kurtosis as suggested in the above example) var(8p) or var(Ap) are
:.S especially large. The variance loses more from the long ESH& of
time when information is not revealed than it gains from the infrequent
w<mim when it is. The highest possible variance for given <m1mcow of d
Emm.mm comes when information is revealed smoothly as noted in the
previous section. In the above example, where information about divi-
mwm:mm is revealed one time in n, o(®p) = yn'%c(d) and o(Ap) =
3(2/n)2a(d). The values of o(8p) and o(Ap) implied by this mxmmdmﬁm

are for all n strictly § . th
ﬁwv.zn all n strictly below the upper bounds of the inequalities (11) and

3. Dividends or Earnings?

It has been argued that the model (2) does not capture what is generally
meant by efficient markets, and that the model should be replaced by a
model which makes price the present value of expected earnings rather
than dividends. In the model (2) earnings may be relevant to the pricin
of mrmamm but only insofar as earnings are indicators of future %,;Mm:mmm
mmg._:wm are thus no different from any other economic variable %Eom
may indicate future dividends. The model (2) is consistent with the usual
soc.cs in finance that individuals are concerned with returns, that is
capital gains plus dividends. The model implies that mx@ooﬁmmv total wmu
turns are constant and that the capital gains component of returns is just
a reflection of information about future dividends. Earnings, in ooimmﬂ
are .mﬁmmmaa conceived by accountants which are supposed mo provide m:w
WMMMMSM OMMOCM Mm: a company is doing, and there is a great deal of
e tor the definiti i X i i i
N m.nmmwco: of earnings, as the recent literature on inflation
There is no reason why price per share ought to be the present value
of expected earnings per share if some earnings are retained. In fact
Merton Miller and Franco Modigliani argued, such a @nmwm:.n ,ﬂm_cm m .
mula would entail a fandamental sort of double counting, It is ESZMM

Mw. wa. w:oﬁrm.a illustrative example, consider m_ = fw?_ + €, as with the upper bound

Hwa the inequality (11) but where the dividends are announced for the next n years every
n vi . - . )

. &\«mm_w Here, even though d, has the autoregressive structure, €, is not the innovation

in d;. As n goes to infinity, o(dp) approaches zero.
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to include in the present value formula both earnings at time £ and the
later earnings that accrue when time t earnings are reinvested.™ Miller
and Modigliani showed a formula by which price might be regarded as
the present value of earnings corrected for investments, but that formula
can be shown, using an accounting identity to be identical to (2).

Some people seem to feel that one cannot claim price as present value
of expected dividends since firms routinely pay out only a fraction of
earnings and also attempt somewhat to stabilize dividends. They are right
in the case where firms paid out no dividends, for then the price p, would
have to grow at the discount rate 7, and the model (2) would not be the
solution to the difference equation implied by the condition E,(H,) = r.
On the other hand, if firms pay out a fraction of dividends or smooth
short-run fluctuations in dividends, then the price of the firm will grow
at a rate less than the discount rate and (2) is the solution to the difference
equation.’® With our Standard and Poor data, the growth rate of real
price is only about 1.5 percent, while the discount rate is about 4.8% -+
1.5% = 6.3%. At these rates, the value of the firm a few decades hence
is so heavily discounted relative to its size that it contributes very little
to the value of the stock today; by far the most of the value comes from
the intervening dividends. Hence (2} and the implied p* ought to be
useful characterizations of the value of the firm.

The crucial thing to recognize in this context is that once we know
the terminal price and intervening dividends, we have specified all that
investors care about. It would not make sense to define an ex post rational
price from a terminal condition on price, using the same formula with
earnings in place of dividends.

4. Time-Varying Real Discount Rates

If we modify the model (2) to allow real discount rates to vary without
restriction through time, then the model becomes untestable. We do not
observe real discount rates directly. Regardless of the behavior of P, and
D,, there will always be a discount rate series which makes (2) hold

14. LeRoy and Porter do assume price as present value of earnings but employ a correction
to the price and earnings series which is, under additional theoretical assumptions not
employed by Miller and Modigliani, a correction for the double counting.

15. To understand this point, it helps to consider a traditional continuous time growth
model, so instead of (2) we have Py = [§D,e”"dt. In such a model, a firm has a constant
earnings stream I. If it pays out all earnings, then D = [ and Py = fjle "dt = I/r. If it
pays out only s of its earnings, then the firm grows at rate (I — s)r, D, = sle"™"" which
is less than T at t = 0, but higher than I later on. Then Py = [§sle®~te="dt = f5sle™*"dt
= sl/(rs). If s # O (so that we're not dividing by zero) Py = I/r.
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ﬁmwmom:vr We might ask, though, whether the movements in the real
discount rate that would be required aren’t lareer than we might have
mx@.@owmm.. Or is it possible that small movements in the current one-
period n__mmooc:n rate coupled with new information about such move-
ments in future discount rat i i

it es could account for high stock price vola-

The natural extensi ¢ . )
atos o ension of (2) to the case of time varying real discount

» k

P=E(> PLSH +H : 14)
i

k=0 b Tty

which has the property that EL+H)Q+r)=1Ufweset1 + r
= {UI6C)(0UI3C,, ), i.e., to the marginal rate of substitution viéomm
present and future consumption where U is the additively separable util-
ity mm consumption, then this property is the first-order condition for a
maximum of expected utility subject to a stock market budget constraint
and equation (14) is consistent with such expected utility SmﬁBMNm:om
at all times. Note that while 1, is a sort of ex post real interest rate not
:,mommmmwm% known until time ¢ + 1, only the conditional distribution at
time £ or earlier influences price in the formula {14).
As before, we can rewrite the model in terms of detrended series:

p: = Ep}) (15)
where
b= &;D 1+7,

ﬂ:m B.om& then implies that o(p,) < o(pf) as before. Since the model
is nonlinear, however, it does not allow us to derive inequalities like (11}
or (13). On the other hand, if movements in real interest rates are not
too large, then we can use the linearization of p¥ (i.e. Taylor expansion
truncated after the linear term) around d = E {d) w:mvm = E(p); %m

e N ey B .
Bwﬂ = M J\?ﬁ&l» - MMN’VVM nﬁtlmtln ﬁ@

k=0 Y k=0

_w.m. %Smm ﬁmmm:mo Tmm discussed the analogous question: how large must the variance in
iquidity premia be in order to justify the volatility of long-term interest rates?
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where ¥ = 1/(1 + E(f)), and a hat over a variable denotes the variable
minus its mean. The {irst term in the above expression is just the expres-
sion for p¥ in (4) (demeaned). The second term represents the effect on
pi# of movements in real discount rates. This second term is identical to
the expression for p* in (4) except that d,, , is replaced by #,., and the
expression is premultiplied by — E(d)/E(#).

1t is possible to offer a simple intuitive interpretation for this lineariza-
tion. First note that the derivative of 1/(1 + #,,.), with respect to #
evaluated at E(7) is —4% Thus, a one percentage point increase i 7,
causes 1/(1 + #.,) to drop by 42 times 1 percent, or slightly less than 1
percent. Note that all terms in (15) dated ¢ + k or higher are premulti-
plied by 1/(1 -+ #,,4). Thus, if #,,, is increased by one percentage point,
all else constant, then all of these terms will be reduced by about 42
times 1 percent. We can approximate the sum of all these terms as
Y- YE(d)JE(#), where E(d)/E(#) is the value at the beginning of time
t + k of a constant dividend stream E{(d) discounted by E(#), and 5%~}
discounts it to the present. So, we see that a one percentage point in-
crease in 7, all else constant, decreases pj* by about "' E(d)/E(f),
which corresponds to the kth term in expression (16). There are two
sources of inaccuracy with this linearization. First, the present value of
all future dividends starting with time £ + k is not exactly y* ' E(d)/E{?.
Second, increasing #,., by one percentage point does not cause 1/(1 +
.1 to fall by exactly 9% times 1 percent. To some extent, however,
these errors in the effects on p* of 7, 7, |, 7142, - - . should average out,
and one can use (16) to get an idea of the effects of changes in discount
rates.

To give an impression as to the accuracy of the linearization (16), 1
computed p¥ for data set 2 in two ways: first using (15) and then using
(16), with the same terminal condition pfyq. In place of the unobserved
7, series, I used the actual four~six-month prime commercial paper rate
plus a constant to give it the mean 7 of Table 2. The commercial paper
rate is a nominal interest rate, and thus one would expect its fluctuations
represent changes in inflationary expectations as well as real interest rate
movements. I chose it nonetheless, rather arbitrarily, as a series which
shows much more fluctuation than one would normally expect to see in
an expected real rate. The commercial paper rate ranges, in this sample,
from 0.53 to 9.87 percent. It stayed below 1 percent for over a decade
(1935-46) and, at the end of the sample, staved generally well above 5
percent for over a decade. In spite of this erratic behavior, the correlation
coefficient between p* computed from (15) and p* computed from (16)
was .996, and o(p¥) was 250.5 and 268.0 by (15) and (16), respectively.
Thus the linearization (16) can be quite accurate. Note also that while
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Table 2 Sample Statistics for Price and Dividend Serjes

Data Set 1: Data Set 2:
Standard Modified .
and Dow
m Poor’s Industrial
3 .
ample Period: 1871-1979 1928-1979
1 MAMW 145.5 982.6
) ! (d) 6.989 44.76
5 _ . .0932
) w@ In A 0148 0188
) (0011
4) QMMV? p*) .mgmv ﬁ%mw%
“ .
1.48 ;
Elements of Inequalities: ' o
Inequality (1)
MW QMBW 50.12 355.9
alp v 8.968 26.80
Inequality (11) .
0 olbp +d_y - ip_y 25.57 242.1
min(o} _ 23.01 mom.c
8) o(d)/VF, 4.721 A
Inequality (13) . 20
9) Q@E 25.24 239.5
N win(o) 22.71 206.4
) old)/ V27 4.777 32.56
. 2.5

Note: i

MS:QNMM ”ﬁowmum., Mw wmm.:owmm sample mean, o denotes standard deviation and ¢ denotes

g © H.:Wmﬁswzww is the lower voﬂw:m on ¢ computed as a one-sided ¥ 95 percent

o mmmo:.mmm o ?m N e @%v&m 7, &v.ﬁ 73, b, and p* are defined in the text. Data sets

o e ppendix. Inequality (1) in the text asserts that the standard deviation
should be less than or equal to that in row 6, inequality (11) that & in row 7 should

be less than or e i
qual to that in row § i ; )
than that in row 10, row 8, and inequality (13) that ¢ in row 9 should be less

mmmm@ Eam.m movements in 7, cause p¥ to move much more than was
m mmqwmm E.?mm«w.w. a(p*) is still less than half of o(p). This suggests
that the variability 7, that is needed to save the efficient market d
is much larger yet, as we shall see. et model
To put a formal lower bound on o(7) given the variahility
Mrmﬁ (16) makes p# the present value of z ;
TE(d)/E(7). We thus know from (13) 9

of Ap, note
Zrp1s - - where z, =, ~
that 2E(F)var(Ap) < var(z). More-
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over, from the definition of z we know that var(z) = var{d) +
95(dyo(FE)/EF) + var(F) E(d)% E(7)? where the equality holds if d,
and 7, are perfectly negatively correlated. Combining these two inequali-
ties and solving for o{#) one finds

o(f) = (V2EF o(Ap) — o(d) EF/E(Q). 17

This inequality puts a lower bound on ¢(7) proportional to the discrep-
ancy between the left-hand side and right-hand side of the inequality
(13).%7 It will be used to examine the data in the next section.

5. Empirical Evidence

The elements of the inequalities (1), (11), and (13) are displayed for the
two data sets (described in the Appendix) in Table 2. In both data sets,
the long-run exponential growth path was estimated by regressing In(P,)
on a constant and time. Then X in (3) was set equal to ¢® where b is the
coeflicient of time (Table 2). The discount rate 7 used to compute p* from
(4) is estimated as the average d divided by the average p.!® The terminal
value of p* is taken as average p.

With data set 1, the nominal price and dividend series are the real
Standard and Poor’s Composite Stock Price Index and the associated
dividend series. The earlier observations for this series are due to Alfred

Cowles who said that the index is

intended to represent, ignoring the elements of brokerage charges and
taxes, what would have happened to an investor’s funds if he had bought, at
the beginning of 1871, all stocks quoted on the New York Stock Exchange,
allocating his purchases among the individual stocks in proportion to their
total monetary value and each month up to 1937 had by the same criterion
redistributed his holdings among all quoted stocks. [p. 2]

In updating his series, Standard and Poor later restricted the sample to
500 stocks, but the series continues to be value weighted. The advantage
to this series is its comprehensiveness. The disadvantage is that the divi-
dends accruing to the portfolio at one point of time may not correspond
to the dividends forecasted by holders of the Standard and Poor’s portfolio

17. In deriving the inequality (13) it was assumed that d, was known at time ¢, so by analogy
this inequality would be based on the assumption that r, is known at time t. However,
without this assumption the same inequality could be derived anyway. The maximum
contribution of # to the variance of AP occurs when 7, is known at time ¢.

18. This is not equivalent to the average dividend price ratio, which was slightly higher
(.0514 for data set 1, .0484 for data set 2),
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wn an earlier time, due to the change in weighting of the stocks, There
1s no way to correct this disadvantage without losing comprehensiveness
The original portfolio of 1871 is bound to become a relatively smaller mdm
smaller sample of U.S. common stocks as time goes on.

With data set 2, the nominal series are a modified Dow Jones Indus-
trial Average and associated dividend series. With this data set, the ad-
M&zﬁmmom and disadvantages of data set 1 are reversed. My Eo&mom:.ozm
in ﬁvm Dow Jones Industrial Average assure that this series reflects the
performance of a single unchanging portfolio. The disadvantage is that
the performance of only 30 stocks is recorded.

Table 2 reveals that al] inequalities are dramatically violated by the
.mmEEm statistics for both data sets. The left-hand side of the inequality
is always at least five times as great as the right-hand side, and as much
as thirteen times as great. ,

The violation of the inequalities implies that “innovations” in price as
we measure them can be forecasted. In fact, if we regress 8, ,p,. , onto
(a constant and) p,, we get significant results: a coefficient of m+ M:ﬁ i 1521
(t = —3.218, R® = -0890) for data set 1 and a oo&mo_,m:%om }um»ww
(t = —2.63], B? = -1238) for data set 2. These results are not due to
the representation of the data as a proportion of the long-run growth
path. In fact, if the holding period return H + is regressed on a constant
and the dividend price ratio D/P, we get results that are only slightly
less significant: a coefficient of 3.533 (t = 2.672, R? = .0631) for data mm.ﬁ
1 and a coefficient of 4.491 (t = 1.795, B* = .0617) for data set 2.

These regression tests, while technically valid, may not be as generally
useful for appraising the validity of the model as are the simple volatility
comparisons. First, as noted above, the regression tests are not insensi-
tive to data misalignment. Such low RZ might be the result of dividend
or commodity price index data errors. Second, although the model is
rejected in these very long samples, the tests may not be powerful if we
confined ourselves to shorter samples, for which the data are more acen-
rate, as do most researchers in finance, while volatility comparisons may
be much more revealing. To see this, consider a stylized world in which
(for the sake of argument) the dividend series d, is absolutely constant
éwmm the price series behaves as in our data set. Since the actual dividend
serfes is fairly smooth, our stylized world is not too remote from our o««:
If dividends d, are absolutely constant, however, it should be obvious &
the most casual and unsophisticated observer by volatility arguments like
those made here that the efficient markets model must be wrong. Price
movements cannot reflect new information about dividends if dividends
never change. Yet regressions like those run above will have limited
power to reject the model. If the alternative hypothesis is, say, that D,
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= pp,_; + €, where p is close to but less than one, then the power of
the test in short samples will be very low. In this stylized world we are
testing for the stationarity of the p, series, for which, as we know, power
is low in short samples.” For example, if post-war data from say, 1950-65
were chosen (a period often used in recent financial markets studies)
when the stock market was drifting up, then clearly the regression tests
will not reject. Even in periods showing a reversal of upward drift the
rejection may not be significant.

Using inequality (17), we can compute how big the standard deviation
of real discount rates would have to be to possibly account for the discrep-
ancy o(Ap) — o(d)/(27)Y? between Table 2 results (rows 9 and 10) and
the inequality (13). Assuming Table 2 7 (row 2) equals E(#) and that
sample variances equal population variances, we find that the standard
deviation of #, would have to be at least 4.36 percentage points for data
set 1 and 7.36 percentage points for data set 2. These are very large
numbers. If we take, as a normal range for 7, implied by these figures, a
+ 2 standard deviation range around the real interest rate + given in
Table 2, then the real interest rate 7, would have to range from —3.91
to 13.52 percent for data set 1 and —8.16 to 17.27 percent for data set
2! And these ranges reflect lowest possible standard deviations which
are consistent with the model only if the real rate has the first-order
autoregressive structure and perfect negative correlation with dividends!

These estimated standard deviations of ex ante real interest rates are
roughly consistent with the results of the simple regressions noted above.
In a regression of H, on D,/P, and a constant, the standard deviation of
the fitted value of H, is 4.42 and 5.71 percent for data sets 1 and 2,
respectively. These large standard deviations are consistent with the low
R? because the standard deviation of H, is so much higher (17.60 and
23.00 percent, respectively). The regressions of 8,p, on p, suggest higher
standard deviations of expected real interest rates. The standard deviation
of the fitted value divided by the average detrended price is 5.24 and
8.67 percent for data sets 1 and 2, respectively.

6. Summary and Conclusions

‘We have seen that measures of stock price volatility over the past century
appear to be far too high—five to thirteen times too high—to be attrib-

19. If dividends are constant (let us say d, = 0) then a test of the model by a regression
of 8,.1p,+1 on p, amounts to a regression of p,., on p, with the null hypothesis that the
coefficient of p, is (1 + 7). This appears to be an explosive model for which ¢-statistics are
not valid yet our true model, which in effect assumes o(d) # 0, is nonexplosive.

DO STOCK PRICES MOVE TOO MUCH? 129

uted to new information about future real dividends if uncertainty about
?S.:m dividends is measured by the sample standard deviations of real
dividends around their long-run exponential growth path. The lower
vo:.sm. of a 95 percent one-sided 2 confidence interval for the standard
deviation of annual changes in real stock prices is over fve times higher
than the upper bound allowed by our measure of the observed variabilit
of real dividends. The failure of the efficient markets model is thus mw\
%mEmmo that it would seem impossible to attribute the failure to such
things as data errors, price index problems, or changes in tax laws
O.:@ way of saving the general notion of efficient markets éo:E.vm to
attribute the movements in stock prices to changes in expected real inter
est rates. Since expected real interest rates are not directly owmm?mm-
such a theory cannot be evaluated statistically unless some other m:&omw
tor of real rates is found. T have shown, however, that the movements in
Sﬁ@oﬁmm real interest rates that would justify the variability in stock
prices are very large—much larger than the movements in nominal inter
est rates over the sample period, |
Another way of saving the general notion of efficient markets is to
say that our measure of the uncertainty regarding future dividends— the
SS.E@ standard deviation of the movements of real dividends around
mu.m: long-run exponential growth path—understates the true uncer-
tainty about future dividends. Perhaps the market was rightfully fearful
of .E:or larger movements than actually materialized. One is led to doubt
this, if after a century of observations nothing happened which could
remotely justify the stock price movements. The movements in real divi-
dends the market feared must have been many times larger than those
observed in the Great Depression of the 1930s, as was noted above. Since
Em Emwrmﬁ did not know in advance with certainty the growth ﬁm.ﬁr and
distribution of dividends that was ultimately observed, however, one
8:.:2 be sure that they were wrong to consider possible major mw\mim
which %m.:mn oceur. Such an explanation of the volatility of stock prices
however, is academic,” in that it relies fundamentally on :sovmongom
and cannot be evaluated statistically.

Appendix
Al Data Set I: Standard and Poor Series

\mz::& 1871-1979. The price series P, is Standard and Poor’s Monthl

Ooﬂ%wmzm Stock Price index for January divided by the Bureau of hmvcw
Statistics wholesale price index (January WPI starting in 1900, annual
average WPI before 1900 scaled to 1.00 in the base year 1979). muﬁmzmma
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and Poor’s Monthly Composite Stock Price index is a continuation of the
Cowles Commission Common Stock index developed by Alfred Cowles
and Associates and currently is based on 500 stocks.

The Dividend Series D, is total dividends for the calendar year accru-
ing to the portfolio represented by the stocks in the index divided by the
average wholesale price index for the year (annual average WPI scaled to
1.00 in the base year 1979). Starting in 1926 these total dividends are
the series “Dividends per share . . . 12 months moving total adjusted to
index” from Standard and Poor’s statistical service. For 1871 to 1925,
total dividends are Cowles series Da-1 multiplied by .1264 to correct for
change in base year.

A.2. Data Set 2: Modified Dow Jones Industrial Average

Annual 1928-1979. Here P, and D, refer to real price and dividends of the
portfolio of 30 stocks comprising the sample for the Dow Jones Industrial
Average when it was created in 1928, Dow Jones averages before 1928
exist, but the 30 industrials series was begun in that year. The published
Dow Jones Industrial Average, however, is not ideal in that stocks are
dropped and replaced and in that the weighting given an individual stock
is affected by splits. Of the original 30 stocks, only 17 were still included
in the Dow Jones Industrial Average at the end of our sample. The
published Dow Jones Industrial Average is the simple sum of the price
per share of the 30 companies divided by a divisor which changes through
time. Thus, if a stock splits two for one, then Dow Jones continues to
include only one share but changes the divisor to prevent a sudden drop
in the Dow Jones average.

To produce the series used in this paper, the Capital Changes Re-
porter was used to trace changes in the companies from 1928 to 1979.
Of the original 30 companies of the Dow Jones Industrial Average, at the
end of our sample (1979), 9 had the identical names, 12 had changed
only their names, and 9 had been acquired, merged or consolidated. For
these latter 9, the price and dividend series are continued as the price
and dividend of the shares exchanged by the acquiring corporation. In
only one case was a cash payment, along with shares of the acquiring
corporation, exchanged for the shares of the acquired corporation. In this
case, the price and dividend series were continued as the price and
dividend of the shares exchanged by the acquiring corporation. In four
cases, preferred shares of the acquiring corporation were among shares
exchanged. Common shares of equal value were substituted for these in
our series. The number of shares of each firm included in the total is
determined by the splits, and effective splits effected by stock dividends
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and merger. The price series is the value of all these shares on the last
trading day of the preceding year, as shown on the Wharton School’s
Rodney White Center Common Stock tape. The dividend series is the
total for the year of dividends and the cash value of other distributions
for all these shares. The price and dividend series were deflated usin

the same wholesale price indexes as in data set 1. i
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