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Tests of market e�ciency investigate whether the: a) cross-section of

stock returns, b) time-series of stock returns and c) stock price volatility, are

di�erent from that implied by an equilibrium model governing stock returns.

In this regard, my dissertation contains three essays exploring each of these

methodologies from new perspectives. My �rst essay uses a competitive equi-

librium model that links stock returns to the �rm's operating risk and ef-

�ciency. The model implies that, ceteris paribus, an increase in operating

risk decreases the �rm's e�ciency and increases expected stock returns. The

empirical results strongly support the model's predictions and much of the

book-to-market e�ect is subsumed by the operating e�ciency measure. The

second essay focuses on the time series patterns of returns. It investigates the

e�cacy of simple and common technical trading strategies. The results show

that the success of trading strategies declines sharply with an increase in �rm

size, supporting the hypothesis that technical analysis is most appropriate for
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smaller stocks. Technical strategies applied to smaller stocks earn excess av-

erage monthly returns of 1.7 %, even after adjusting for aggregate risk factors

such as market, size, book-to-market, momentum, and liquidity. The results

are robust when adjusted for time varying expected returns, transactions costs,

and nonsynchronous trading. In contrast, when applied to large stocks, such

strategies do not earn excess returns over a buy and hold strategy, implying

that pricing is e�cient only for large stocks. The third essay re-examines the

excess �volatility puzzle�. Earlier evidence rejected the EMH by showing that

stock prices are too volatile to be determined by expected discounted value of

cash dividends. This essay tests a rational expectations present value model

which implies that volatility of equilibrium stock price is the volatility of stock

prices under the standard present value relation plus the variance of the �rm's

cash holdings.
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Chapter 1

Operating E�ciency and the Cross-Section of

Expected Returns.

1.1. Introduction

Anomalies and equilibrium models

Over the last 25 years the �nance literature has documented several

anomalous empirical patterns in the stock returns data. The size e�ect, value

e�ect, momentum e�ect are important patterns observed in the cross-section

of stock returns. These patterns do not appear to be consistent with existing

asset-pricing models. This implies either that the markets are not e�cient or

that there is something amiss in the asset-pricing models for stock returns.

Schwert (2003) notes that, at a fundamental level, anomalies can only be

de�ned relative to a model of normal return behavior. This idea was proposed

by Fama (1970) where he argued that tests of market e�ciency also jointly test

the null hypothesis about the equilibrium models that generate asset returns.

Thus, when evidence against market e�ciency is presented, it may also be

because the underlying asset-pricing model is inadequate in describing the

equilibrium.
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Behavioral models vs risk-based models

Finance researchers have made attempts in constructing models that

explain the cross-section of expected returns. The two main approaches that

are used to model returns can be classi�ed into behavioral based explanations

and risk based explanations. The behavioral models make several assumptions

about investor behavior and rationality. In these models, investors overreact

(or underreact)1 to news and information regarding the �fundamentals� of

the �rm. Risk-based models, like the Capital Asset Pricing Model (CAPM),

make assumptions about the structure of investor's utility function and that

investors are rational agents who react correctly to information. There is

disagreement about the speci�cation and structure of the risk based models

that explain returns.2 Fama and French (1992, 1993) have argued that size

and book-to-market value of stocks are associated with two �risk factors� that

are missing from the CAPM. They �nd that the three-factor model is able to

explain many empirically observed patterns.3 Unlike the CAPM, the Fama-

French model is not an equilibrium model generating returns. The Fama-

French model is purely empirically motivated without an underlying economic

1There is evidence of investors' underreaction to information about fundamentals of the
�rm at shorter horizons; for example the post earnings announcement drift documented by
Bernard and Thomas (1989).

2The empirical performance of other asset pricing models such as C-CAPM and I-CAPM
is inconclusive and is being currently debated in the literature.

3The largest deviations in the Fama and French three factor model occur in the low book-
to-market portfolio, where smallest-capitalization stocks have returns that are too low and
large-capitalization stocks have returns that are too high relative to their model. However,
Fama and French (1996) are not able to explain the short-term momentum e�ects found by
Jegadeesh and Titman (1993) using their three-factor model.
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theory that justi�es the use of the small-minus-big (SMB) and high-minus-

low (HML) factors. Shleifer (2000) states that "It is not entirely obvious

from the Fama and French analysis how either size or market to book ratio,

whose economic interpretations are dubious in the �rst place, have emerged as

hitherto unnoticed but critical indicators of fundamental risk more important

than the market risk itself."

Some of the alternative explanations given to the Fama-French (1992,

1993) results are data snooping bias (Lo and MacKinlay (1990) and Kothari,

Shanken and Sloan (1995)); risk premia for omitted state variables (Fama and

French (1993, 1996)) and investors' mispricing the stocks (Daniel and Tit-

man (1997), and Lakonishok, Shleifer and Vishny (1994)). MacKinlay (1995)

suggests that the estimates of factor premiums from the Fama-French model

seem very high, particularly for the book-to-market factor, to be explained by

a rational multifactor model.

Fama and French (1992, 1993, 1995) interpret the book-to-market ratio

as an indicator of value versus growth stocks and the HML risk factor as

re�ecting �distress risk�. Some papers (Shumway (2001), and Vassalou and

Xing (2004)) have documented that size of the �rm and book-to-market ratio

capture �nancial distress risk and hence investors demand a higher rate of

return for bearing this risk. Others have shown that book-to-market may not

necessarily re�ect distress risk (Dichev (1998), Gri�n and Lemmon (2002)

and Campbell, Hilscher and Szilagyi (2004)). In corporate �nance the book-

to-market ratio is used as a proxy for investment opportunity and a proxy for
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the possible existence of agency problems between stockholders and managers

(Morck, Shleifer and Vishny (1988)).

Schwert (2003) states that �since the book-to-market ratio is used as

an empirical proxy in quite di�erent ways, it raises serious questions about

interpreting any evidence in a normative way to give �rms or managers advice

about corporate �nancial policy�. The debate as to whether, �rm character-

istics such as, the size and the book-to-market e�ect are related to omitted

state variables or mispricing is still ongoing.

Firm characteristic approach in asset pricing

Daniel and Titman (1997), shown that stock returns can be better ex-

plained by the characteristics of the �rm than by the covariance structure of

the returns. They show that �rm characteristics, such as size and book-to-

market, explain the cross-section of stock returns better than the SMB and

HML factors. We do not have a comprehensive economic model that tells us

exactly which of the �rm characteristics a�ect stock returns and why. A new

and growing area of research, which focuses on �nding which characteristics

are important determinants of stock returns, has emerged. Berk, Green and

Naik (1999), Carlson, Fisher, and Giammarino (2004), and Zhang (2005) de-

velop models which link investment decisions and expected returns. In a recent

working paper, Fama and French (2004) connect �rm characteristics such as

pro�tability and growth to stock returns using Ohlson's valuation model. An-

derson and Garcia-Feijoo (2004) and Titman, Wei and Xie (2004) document

4



the empirical evidence of a decrease in future returns when the �rm's capital

investment is increased.

Operating risk, e�ciency and �rm value

The �rm's characteristics such as operating risk and e�ciency (produc-

tivity) have been a focus in economics; but not in the �nance literature.4 The

focal point of this study is the implication of operating (not �nancial) risk on

stock returns.

The risk based approach centers around on the investors' valuation by

assuming the �rm to be a �black-box� that generates cash�ows and focuses

on the distribution of, exogenously determined, cash �ows to security holders.

The market value of the �rm is the expected cash�ows de�ated by an appro-

priate discount rate that is determined by risk. This is the basis of �nancial

risk-return relationship which is commonly modeled using the present value

formula. This paper looks inside the black-box by focusing on characteristics

of the �rm's assets that generate cash �ows. Unlike �nancial risk that is priced

via discount rate adjustment, the adjustment for operating risk enters through

the numerator of the present value calculation.

The current asset pricing models do not account for the �rm's operating

4Mas-Collell et al. (1995) states that operating e�ciency underlies the optimality of the
pro�t-maximizing �rm under competition, and is the basis of the fundamental theorems
of welfare economics. Jensen (1993) discusses the importance of productivity, e�ciency,
overcapacity, and �rms e�cient exit during the nineteenth century industrial revolutions
and in the recent economic experience.
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risk and nonsecuritizable contracts. Rao (2005) shows that operating risk and

operating e�ciency a�ect the value of the �rm. He de�nes operating risk as the

postive probability of the �rm having negative earnings. Once it is admitted

that �rms have operating risk and �nite lives, it will have to maintain su�cient

cash or liquidity ('L') to pay the owners of the factors of production for any

shortfall that arises from operations.5 Most operating risks cannot be hedged

away through �nancial markets and the �rm assumes the responsibility of

internalizing this risk by holding cash. Opler et. al. (1999) provide strong

empirical evidence that the supports the arguements of Rao (2005) that �rms

use excess cash to �nance their operating losses. They conclude that �there

is little evidence that excess cash has a large short-run impact on capital

expenditures, acquisition spending, and payouts to shareholders. The main

reason that �rms experience large changes in excess cash is the occurrence of

operating losses�.

Thus cash, determined by operating details, a�ects 'Operating E�-

ciency' (denoted as ′η′) which is de�ned as economic rents (present and future

NPVs of the �rm) per dollar of cash held by the �rm. Cash is an unproduc-

tive asset and the �rm can increase its e�ciency and competitive position by

implementing operating strategies that minimize its cash holdings. Thus cash

holdings, given the �rm's NPVs, determine the �rm's operating e�ciency. Rao

(2005) derives the market value of the �rm to be equal to the value of expected

5Rao (2005) argues that the �rm's lines of credit, accounts receivables, pledging of in-
ventory, private market insurance could be used as substitutes for cash. These alternatives
are sub-optimal and costlier than holding cash.
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net operating earnings plus balance sheet cash. Thus cash, held by the �rm to

cover its operating risk, enters the valuation equation, there by a�ecting the

value of the �rm.

This study contributes to the new and growing literature that links

the �rm's real investments (asset side of the balance-sheet) to asset return

dynamics. Making no assumptions about the structure of model that governs

expected returns of the �rm's stocks, it focuses on the �rm's assets that gen-

erate cash �ows and aims to show that �rm-speci�c characteristics such as

operating risk and e�ciency a�ect stock returns.

Contribution of the paper and preview of results

This paper contributes to the literature by using a competitive equi-

librium model that links stock returns to �rm-speci�c characteristics such as

operating risk and e�ciency, and documents the empirical evidence of this re-

lationship. The model's testable empirical implication is that stock returns are

negatively related to the �rm's operating e�ciency, de�ned as a ratio of �rm's

economic rents to cash held. The model's intuition is that, given the NPVs, an

increase in operating risk increases the �rm's cash holdings and thereby low-

ering its operating e�ciency. An increase in cash holdings alters the investor's

cash�ows such that its cash�ow betas and returns betas increase. An increase

in betas increases the expected rate of return. Thus less e�cient �rms have

higher expected returns and more e�cient �rms have lower expected returns.

The empirical results con�rm the model's prediction. First, Fama-
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MacBeth (1973) regressions of monthly stock returns on size, book-to-market,

past returns and e�ciency indicate that the coe�cient on e�ciency is highly

signi�cant and negative but the book-to-market coe�cient loses its signi�-

cance. Next, e�ciency portfolios are formed by sorting �rms into deciles based

on the operating e�ciency ranking and abnormal returns are measured. The

portfolio strategy of going long in the lowest e�ciency decile and shorting the

highest e�ciency decile produces excess returns of 1.04 % per month when the

Carhart four factor model is used as a benchmark. A similar long-short hedge

strategy produces Daniel, Grintblatt, Titman and Wermers (1997) character-

istic adjusted excess returns of 0.8 % per month.

The remainder of this paper is organized as follows. Section 2 uses a

competitive equilibrium model to link operating risk to e�ciency and expected

returns. A numerical example illustrates the relation between expected re-

turns and operating e�ciency. Section 3 describes the data and the empirical

methodology used to construct the e�ciency variable. In section 4, this paper

performs a set of empirical tests on the implication of the model showing that

operating e�ciency explains expected returns incremental to other known risk

factors. Section 5 concludes the article.

1.2. The Model

This paper uses economic balance sheet changes to study the �rm's

stock returns to show that �rm-speci�c characteristics determine expected

stock returns independent of a risk model that generates returns. A simple

8



assumption is made that the additivity of the left-hand side and the right-hand

side of the balance sheet should hold. In other words, the value of the �rm's

assets (left hand side of the balance-sheet) should equal the �rm's liabilities

(right hand side of the balance sheet). It can then be shown that the �rm's

operating e�ciency determines the cross-section of stock returns and that these

expected returns are inversely related to e�ciency. The next two sub-sections

(2.1 and 2.2) show how operating risk and e�ciency enter the asset pricing

framework.

Present Value Relation (PVR) vs Rational Expectations PVR.

Rao (2005) argues that modern �nance theory assumes all business

contracts to be securities traded in the �nancial markets (a securities-only

economy). In a securities-only economy, an implication of investors optimiz-

ing behavior is the no-arbitrage condition. This condition yields the most

fundamental result in �nancial economics: the present value relation (PVR).

The PVR states that, for a �rm assumed to exist in perpetuity, stock price is

the dividends expected by investors based on the available information set,Φ,

discounted at the appropriate rate of return. The dividends are assumed to be

the �rm's net operating income plus proceeds from any new securities issuance,

and the composition of the information set is left unspeci�ed.

According to the PVR, the no-arbitrage value of the �rm Vt given in-

formation set Φ is:

9



Vt|Φt =
∞∑

n=1

Et[d̃t+n|Φt]

(1 + r)n
=

∞∑
n=1

Et[(X̃t+n − Ĩt+n + F̃t+n)|Φt]

(1 + r)n
(1.1)

where the �rm's cash dividends dt, equal operating income Xt (revenues

minus operating expenses), less any investments It, plus any new security

issues, Ft.

The PVR assumes that the �rm exists in perpetuity which implies that

the �rm's sources and uses of funds are always equated, independent of the

�rm's operating successes or failures. In cases of losses, the perpetual �rm can

overcome all operating losses by issuing securities, and operating risk becomes

irrelevant in stock-pricing theory. There is plenty of evidence that �rms do

not exist into perpetuity.6 The perpetuity assumption makes the valuation

equation tractable but at the cost of losing important economic details.

Rao (2005) shows that for a �nite-lived �rm with operating risk, the

pricing kernel can be unde�ned and the PVR can lose its economic signi�-

cance. To preclude the possibility of unde�ned pricing kernels in the asset-

pricing theory, his paper identi�es the additional economic structure that must

be included in the valuation framework to ensure the existence of a strictly

positive SDF. The solution to the �unde�ned kernel problem� is that the �rm

6Just in the fourth quarter of 2002, there were a total of 395,129 bankruptcy �lings. Of
these, 365,629 were non-business �lings and 9,500 were business �lings. A total of 275,999
�rms �led for chapter 7 where as 2,772 �rms �led for chapter 11 bankruptcy. In the last
few years we have witnessed some of the largest bankruptcies in the US such as Worldcom
Inc. (103 billion dollars); Enron Corp. (63 billion dollars); Conseco Inc (61 billion dollars)
and the list goes on. Source: American Bankruptcy Institute (http://www.abiworld.org).
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must maintain adequate cash to internalize its operating risk. This addi-

tional economic structure yields a �rational expectations present value relation�

(REPVR).

Rao (2005) derives the REPVR by modeling the investors' expectations-

formation mechanism and the stock price-discovery process. The paper shows

that in a rational expectations equilibrium (REE ), stock prices are the present

value of �rationally expected dividends�, de�ned as the �rm's net operating

income less its (necessary) incremental investments in cash. The �rm's oper-

ating risk, a�ects stock prices through the numerator (cash�ow distributed to

security holders) of the REPVR.

According to the REPVR, the rational expectations equilibrium value

of the �rm, V e
t , given information set Ω is:

V e
t |Ω =

N |Ω∑
n=1

Et[d̃
e
t+n|Ωt]

(1 + rs)
=

N |Ω∑
n=1

Et[X̃t+n − Ĩt+n + F̃t+n −∆L̃t+n|Ωt]

(1 + rs)n
(1.2)

where, Et[d̃
e
t+1|Ωt] is the �rationally expected dividends�, which equals

operating income Xt (revenues minus operating expenses), less any investments

It, plus any new security issues, Ft, ∆L̃t = L̃t − Lt−1(1 + rf ) is the �rm's

incremental time t investment in cash.

Note that the numerator of the REPVR, includes the �rm's incremental

investment in cash, is a consequence of the �rm's operating risk. Thus, (in

equation (1.2)), the �rm's operating risk is priced with an adjustment to the
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numerator of the present value relation. Also note that N < ∞ is the �rm's

longevity (economic life), conditional on the information in Ω.

This paper uses the REPVR framework to show the relation between

operating risk, e�ciency and the return on �rm's equity. It uses a single period

competitive equilibrium model that builds on the REPVR framework derived

in Rao (2005) as shown in equation (1.2):

Single period REPVR:7

V =
E[d̃|Ω]

(1 + rs)
=

E[X̃ − Ĩ + L̃|Ω]

(1 + rs)
(1.3)

Relation between operating e�ciency and expected returns

Let us de�ne operating e�ciency, η = R
L
, as economic rents ′R′ per

dollar of cash, ′L′, maintained by the �rm to cover its operating risk.

Consider the �rm's economic balance-sheet8 that has assets on the left

hand side and claims on the right hand side.

Balance Sheet of the �rm

7Time subscripts are dropped for notational simpli�cation. In a single period world the
�rm liquidates at time period one. The term F̃t+n, the amount of new securities issues in
the next period, does not appear in equation (1.3) as the �rm cannot issue securities on
liquidation. Similarly since the �rm liquidates at the end of the �rst period, it need not
hold cash in the last period. So L̃ in equation (1.3) is the cash committed at time zero.

8An economic balance-sheet is di�erent from an accounting balance-sheet in the fact that
the assets and claims are taken at market value.
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LHS=Assets RHS=Claims

I V

L
R
I+L+R=V V

'I' is the market value of the physical assets of the �rm, liquidity 'L'

is the cash holdings of the �rm, 'R' is the economic rents of the �rm9, 'V' is

the market value of the �rm's equity.10

Thus from the above balance-sheet we have the following identities:

I + L + R = V (1.4)

Now dividing both sides of equation (1.4) by market value of the �rm

V we get:

I

V
+

L

V
+

R

V
=

V

V
= 1 (1.5)

From equation (1.5) we can see that the asset side of the balance sheet

scaled by the market value 'V' sums to 1. Thus we can consider the �rm to be a

portfolio of assets where each asset earns a required rate of return determined

exogenously. The weight of each asset in the portfolio is the market value

9Economic rents, R, is the value of all the future NPVs of the �rm, de�ned as the market
value of the �rm's equity minus the market value of its assets (R=V-(I+L)). See Ross,
Wester�eld and Ja�e (2005) pages 413-419.

10Here the focus is on cash �ow to equity holders. Introducing debt does not a�ect the
analysis.
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of that asset scaled by the total market value V. The expected returns of a

portfolio is the sum of expected returns of each individual asset that comprises

the portfolio.

I

V
E(rI) +

L

V
E(rL) +

R

V
E(rR) = E(rs) (1.6)

In equation (1.6), E(rs) is the expected rate of return on the stock,

E(rI) is the expected rate of return on the physical assets of the �rm, E(rL)

is the expected rate of return on the liquid assets of the �rm and E(rR) is the

expected rate of return on the �rm's economic rents.11

The �rm's maintain cash, L, to pay the factors for any shortfall arising

out of operations. Thus we can have two �rms with identical economic rents, R,

but di�erent operating e�ciency levels because the balance-sheet cash L held

by the two �rms could be very di�erent. E�ciency, η, can also be interpreted

as rents per dollar set aside in liquid assets; which means that a �rm with a

high η has the capability to squeeze more economic rents out of every dollar

set aside to cover possible operating losses. It can be seen from the de�nition

of operating e�ciency (η = R
L
) that given R, as L increases, e�ciency goes

down.

So far we have established that the �rms that face operating risks will

have to maintain cash. Higher the expected shortfall in operations, higher will

11E(rR) and E(rL) can also be interpreted as growth rate of economic rents and liquid
assets, respectively.
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be the cash (L) and lower will be the operating e�ciency, η.

Before we examine the link between operating risk, e�ciency and stock

returns, the following assumptions are made:

a) E(rL) = E(rf ) > 0. The �rms maintain cash or near cash instru-

ments which are risk free there earning risk free rate of interest; b) E(rI) < 0

which means physical assets depreciate over time and c) E(rR) < 0. At t=1,

the �rm ceases to exist and thus does not have any positive NPV projects.

This means that there are no economic rents at t=1 i.e. Rt=1 = 0. Cash, L,

in equation (1.6) can be decomposed by substituting operating e�ciency as

L = R
η
.

Di�erentiating E(rs) with respect to η we get:

I

I + R
η

+ R
E(rI) +

R
η

I + R
η

+ R
E(rL) +

R

I + R
η

+ R
E(rR) = E(rs) (1.7)

Proposition: Ceteris paribus, there exists a negative relation

between between e�ciency of the �rm's capital invested and ex-

pected returns to the stock.

δE(rs)

δη
=

R(R[E(rR − rL)] + I[E(rI − rL)])

(R + Iη + Rη)2
< 0 (1.8)

Proof : See Appendix part B�

Testable empirical implication: Operating e�ciency a�ects ex-

pected rate of return of stocks and there exists a negative relationship between
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the expected rate of return and e�ciency of the �rm's operations.

Operating e�ciency, expected returns and cash �ow βs

So far this paper has established a link between operating e�ciency

and expected returns. This section investigates if e�ciency, η, is related to a

systematic risk factor that would a�ect returns.

Recent papers have shown that cash �ow betas explain cross-section of

expected returns better than discount rate beta. Campbell, Polk and Voul-

teenaho (2005) argue that if stocks are priced by discounting their cash �ows at

a rate which is constant over time, then movements in stock prices are driven

by news about cash �ows. In their two-beta model, Campbell and Voulteenaho

(2004) show that the required rate of return on a stock is determined not by

its overall beta with the market, but by its bad beta with market cash-�ow

shocks that earns a high premium and its good beta with market discount rate

earns a low premium. They �nd empirical evidence that value stocks have

relatively high bad betas which earn them higher expected rates of return,

whereas growth stocks have relatively high good betas with lower expected

rates of return. Value stocks and small stocks both have higher cash �ow be-

tas than growth stocks, thus justifying higher compensation for holding the

relatively higher cash �ow risk associated with these investments.

This paper also proposes an alternative explanation of why operating

e�ciency enters the expected returns framework using a systematic risk ap-

proach. This paper adopts the methodology of Rao and Stevens (2006) to
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show the link between operating e�ciency and cash �ow beta. Standard �-

nance theory tells us that the returns beta of a �rm is its cash�ow beta divided

by the value of the �rm.

βreturn =
Bcashflow

V
(1.9)

Cash �ow beta is sensitivity of the �rm's cash �ows to the return on

the priced risk factor (market).

Rao and Stevens (2006) assume that an approximate single-factor APT

holds and shows the value of the �rm to be:

VΦ =
π′

ΦΦ

1 + rz

(1.10)

where πΦ = Pi− [P−(Pi)(i′P)][r−i′Pr]
[i′P]{[r−i′Pr]∗[r−i′Pr]} [i

′Pr−rz] andΦn×1 = [Φ1Φ2 · · ·Φn]′

are the state cash �ows for the asset and rn×1 = [rm,1rm,2 . . . rm,n]′ are the state

returns on the priced risk factor. There are n states of nature at t=1, where

the cash �ow on asset i, Φn×1, and the return on the priced risk factor rn×1,

have joint probability distribution with the joint probability matrix Pn×1.
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Using the identity vector in×1 = [11 . . . 1]′, the state probabilities of the

priced risk factor are i′P = [Pm,1Pm,2 . . . Pm,n] and the state cash �ow proba-

bilities are (Pi)′ = [P1P2 . . . Pn]. πΦ is the state cash �ow probability vector

minus a vector of risk-adjustments. Using the above framework, the next

section will illustrate, with a simple numerical example, the relation between

operating risk, e�ciency, cash �ow beta and expected returns,.

Numerical example that illustrates the relation between operating
e�ciency, returns and cash �ow βs

Consider an economy (market) which has two periods and three states

of nature (good, ok and bad). At t=1, the returns on the priced risk factor

in the economy in the three states are 0.25, 0 and -0.05 with probabilities 0.5,

0.3 and 0.2 respectively.12 Thus expected return on the market (priced risk

factor), E(rm) = 0.115.

There exists two �rms (Firm A and Firm B) in this economy. At t=0,

12The risk-free rate is assumed to be zero for simplicity.
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Firm A requires an investment, I=$50 that yields, at t=1, operating earnings

X̃A of $400, $-25 and $-50 in the good, ok and bad states with probabilities 0.4,

0.2 and 0.4 respectively. Firm A faces operating shortfall of $-25 and $-50, at

t=1, in the ok and the bad states and must keep cash, L = Min{X̃ : X̃ < 0},

at t=0 to cover its future operating shortfalls. Firm A must keep LA = $50

which is the maximum shortfall that the �rm may face at t=1. The dividend,

ΦA = X̃A + LA, i.e. cash�ow to investors at t=1 is $450, $25 and $0 in the

good, ok and bad state. The expected dividend, E(ΦA) = $185 and value of

the �rm VA = $164.25 is computed using equation (12). The expected return

on the �rm's equity, is computed as rs,A = E(ΦA)
VA

= $185
$164.25

= 0.126. The

balance-sheet of the �rm at t=0 is:

Balance Sheet of the �rm

LHS=Assets RHS=Claims

I=$50 SA = $165.25

LA = $50
RA = $64.25
VA = 165.25 VA = $165.25

'I ' is the initial investment, liquidity 'LA' is the cash holdings, 'RA' is

the economic rents of the �rm, 'VA' is the market value of the �rm's stocks.

We can compute the di�erent �rm characteristics now. Operating e�ciency is

computed as, ηA = RA

LA
= 64.25

50
= 1.285; returns beta βA =

rs−rf

rm−rf
= 1.098, the

asset sensitivity of the economy-wide risk factor is computed from the single

factor APT (rs = rf + βA(rm − rf )); cash�ow beta BA = βA ∗ VA = 180.38.
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Now let us consider the other �rm B which requires the same investment

I=$50 and has the same expected dividend but a lower operating risk. Let the

operating earnings X̃B be $390, $115 and $-10 in the good, ok and bad states

with probabilities 0.4, 0.2 and 0.4 respectively. Firm B faces operating shortfall

of $-10, at t=1, in the ok and the bad states and must keep cash, L = Min{X̃ :

X̃ < 0}, at t=0 to cover its future operating shortfalls. The �rm keeps L=$10

which is the maximum shortfall. The dividend, ΦA = X̃B + LB, i.e. cash�ow

to investors at t=1 is $400, $125 and $0 in the good, ok and bad state. The

expected dividend, E(ΦB) = $185 and value of the �rm VB = $172.15. The

expected return on the �rm's equity, rs,B = 0.074. The balance-sheet of the

�rm at t=0 is:

Balance Sheet of the �rm

LHS=Assets RHS=Claims

I=$50 VB = $172.15

LB = $10
RB = $112.15
VB = $172.15 VB = $172.15

Operating e�ciency is, ηB = RB

LB
= 112.15

10
= 11.22; returns beta βB =

0.65, the asset sensitivity of the economy-wide risk factor is computed from

the single factor APT; cash�ow beta BB = βB ∗ VB = 111.73.

Comparing �rm A and �rm B, we see that �rm A has a lower operating

e�ciency, ηA < ηB, but higher expected return, rs,A > rs,B and higher betas,
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BA > BB and βA > βB. Thus numerical example illustrates that as the

�rm's operating risk increases, the operating e�ciency decreases, the returns

β increases, and in turn, the expected return increases.

1.3. Data and Empirical Methodology

1.3.1 Data construction

The �rm-level data used in this study comes from the intersection of the

Center for Research in Security Prices (CRSP) and COMPUSTAT databases.

The CRSP monthly stock �le contains monthly stock returns, shares outstand-

ing and dividends for NYSE, AMEX and NASDAQ stocks. The risk-free rates

were obtained from CRSP. COMPUSTAT provides accounting information for

most publicly trades U.S. stocks. The sample period spans 498 months from

July 1962 through December 2003. In order to be included in this study, all

�rms are required to have su�cient �nancial and accounting data to com-

pute the requisite variables which results in an initial sample size of 2,829,586

�rm-month observations.

1.3.2 Measuring operating e�ciency, η, with data:

Recall that operating e�ciency, η, is de�ned as economic rents per

dollar of cash held by the �rm. Economic rents are net present value of all

the present and future projects of the �rm. Rents can also been computed as

the di�erence between market value of the �rm and the market value of �rm's

total investments (total assets e.g. physical investments and cash). As seen
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from the balance sheet:

V = I + L + R

∴ R = V − I − L (1.11)

Empirically, we cannot observe market value of the �rm's investment

in physical assets so we assume the book value of the assets to be the market

value and proceed.13 Using COMPUSTAT, rents (Rt) at time t, is computed

as follows:

Rt = MVt − TAt (1.12)

where MVt is the market equity values plus the book value of the �rm's

debt based on COMPUSTAT; speci�cally, market value of equity is the number

of shares from COMPUSTAT (data item 25) times the share price (data item

199) and book value of debt (data item 6 - Book Equity).14 Book equity,

BEt, is de�ned as stockholders equity, plus balance sheet deferred taxes (data

item 74) and investment tax credit (data item 208) (if available), plus post-

retirement bene�t liabilities (data item 330) (if available) minus the book value

of preferred stock. Depending on availability, this paper uses redemption (data

13Since cash is a highly liquid asset, the market value of balance sheet cash is assumed to
be the same as the value in the �rm's books.

14Since the data on market value of debt is not available, we shall make the standard
assumption in the literature that the market value of debt to be equal to the book value of
debt.
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item 56), liquidation (data item 10), or par value (data item 130) (in that

order) for the book value of preferred stock. The stockholders equity used

in the above formula is calculated as follows: the stockholders equity number

reported by COMPUSTAT (data item 216) is preferred. If COMPUSTAT

data 216 is not available, stockholders equity is measured as the book value

of common equity (data item 60) plus the par value of preferred stock. If

common equity is not available, we compute stockholders equity as the book

value of assets (data item 6) minus total liabilities (data item 181), all taken

from COMPUSTAT. Since market value of Total Assets (TA) is not available,

book value of assets (data item 6) is used instead.

In order to mitigate the impact of data errors, a number of requirements

are imposed. A valid market equity number must be available for t-1, t-2, and

t-3. There should be a valid trade during the month immediately preceding the

period t return. This ensures that the return predictability is not spuriously

induced by stale prices or other similar market microstructure issues. There

should be at least one monthly return observation during each of the preceding

�ve years, from t-1 to t-5. To reduce the in�uence of extreme observations,

all the independent variables are trimmed at the 1% and 99% levels.

Next, operating e�ciency at time t, ηt is computed as rents per dollar

of cash held by the �rm.

ηt =
Rentst

Casht

=
Rt

Lt

=
MVt − TAt

Lt

(1.13)
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Casht(Lt) is measured directly from COMPUSTAT as Cash and Short-

Term Investments (data item 1) and Rentst is computed as show in equation

(1.12).

1.3.3 Other asset pricing control variables

This study primarily focuses on the the cross-sectional determinants

of stock returns. Size, book-to-market and prior return proxies are shown

to explain the cross-section of returns with varying degrees of success. This

paper proposes a new economically motivated variable that explains returns.

In order to distinguish the operating e�ciency e�ect from the other cross-

sectional e�ects, it is important to control for the known variables that a�ect

stock returns such as size, book-to-market and past returns. Size of the �rm is

the market value of its common equity measured as the closing price at �scal

year end multiplied by the number of shares outstanding. Book-to-market

ratio is the book value of equity divided by market value of equity, measured

at �scal year end. The past return variables used in this study are included to

control for the 1-month short term reversal, 12-month momentum e�ect, and

3-year contrarian (reversal) e�ect. Ret(-1:-1) is the return on the �rm's equity

in the prior month t-1 ; Ret (-12:-2) is the cumulative return from month t-12

through month t-2 ; and Ret(-36:-13) is the cumulative return from month t-36

through t-13. Note that variables such as size, book-to-market and operating

e�ciency are updated every 12 months but control variables for returns are

updated every month.
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1.4. Results

Summary statistics

Decile portfolios are formed monthly from 1963-2003 based on the op-

erating e�ciency of the previous �scal year, with a minimum four month lag

between �scal year end and portfolio formation month.15

Table 1 reports the mean values of �nancial returns and �rm charac-

teristics for the operating e�ciency (η) decile portfolios. The decile 1 �rms

are the lowest operating e�ciency �rms and decile 10 �rms are the highest

operating e�ciency �rms. The values for operating e�ciency for the lowest

and highest e�ciency decile range from 0.45 to 109.88. The low operating

e�ciency �rms tend to be smaller �rms on average with a size of $260 million

in market equity; where as the highest operating e�ciency �rms tend to be

larger than average with a market value of equity of $860 million. It seems

intuitive that investors reward operating e�ciency �rms; the high e�ciency

�rms sell at a premium (higher market value) compared to low e�ciency �rms

which seem to be smaller in size. The low η �rms have higher book-to-market

values (0.84) and the high η �rms have lower book-to-market values (0.32).

Since the high η seem to behave like value �rms and the low η �rms behave

like growth �rms, it is important to di�erentiate the operating e�ciency re-

sults by controlling for the value e�ect. The low η �rms have high short term

15Following Hirshleifer et. al. (2004), a minimum of 4-month gap between the �scal year
end and portfolio formation month will ensure that the investors have access to the �nancial
statements and accounting statements before forming the decile portfolios.
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(prior one month) returns of 1.7% per month but have low long term (loser

�rms with prior 3 years cumulative) returns of 9.75% over three years. On

the contrary, the high η �rms have low prior one month returns of 0.5% per

month but very high long term prior cumulative three year returns of 67%.

Table 2 reports the industry distribution, of the sample used in this

study, across operating e�ciency deciles. The data is pooled and the average

across all sample years is reported. This paper follows Hirshleifer at al. (2004)

by grouping into fourteen industry groups using 4-digit SIC codes. The �rst

column in table 2 contains the names of the fourteen industries and columns

two through eleven contain the operating e�ciency decile portfolios with the

percentage of �rms in each industry group for each decile. The lowest operating

e�ciency decile has a higher presence in Durable Manufacturers, Retail and

Textile and Printing industry groups. The highest operating e�ciency decile

10 has a relatively higher concentration of Durable Manufacturers, Retail and

Computers industry groups. Thus there seems be an industry wide variation

in η in this sample.

Univariate results

Table 3 reports the Pearson correlation coe�cients between operating

e�ciency at time t, ηt, the main variable of interest, and various other �rm

characteristics and stock returns.

The positive and signi�cant correlation of 0.73 between ηt and ηt−1indicates

that operating e�ciency is highly persistant over time. Persistence, however,
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reduces with time, as indicated by the lower correlation coe�cient of ηt and

ηt−2 (0.416). As predicted by the model, operating e�ciency at time t is

negatively correlated with time t returns. The correlation coe�cient between

ηt−1, ηt−2 and ret(t) is negative and signi�cant which implies that the operat-

ing e�ciency e�ect is sustainable and not a short term phenomenon; in fact,

the e�ect lasts for more than two years. The univariate results also indicate

that operating e�ciency, ηt, is positively correlated with size but negatively

correlated with the log book-to-market variable. The implication is that with-

out controlling for other characteristics, larger �rms and lower book-to-market

�rms are more e�cient on average than smaller and high book-to-market �rms.

The correlation table also indicates that multi-colinearity does not pose a ma-

jor problem in a Fama-MacBeth (1973) type regression when all the control

variables are included.

Correlation of other characteristics, such as size and book-to-market,

con�rm the existing �ndings. Size is negatively correlated while book-to-

market is positively correlated to contemporaneous returns.

Fama-MacBeth monthly cross-sectional regressions

This paper aims to provide evidence of a new variable, operating e�-

ciency, that explains stock returns. The correlation table above is a univariate

analysis that shows a negative relationship between operating e�ciency and ex-

pected stock returns. A multivariate analysis will help us understand whether

the results are driven by some other known risk factors or anomalies. Using

27



the Fama-MacBeth (1973) cross-sectional regressions, this paper investigates

the relation between operating e�ciency, and expected returns with a wide

range of control variables such as ln(size), ln(B/M),16 returns over prior one

month, prior one year and prior three years. The prior one month returns con-

trols for the short-term contrarian e�ect; the prior one year returns controls

for the momentum e�ect; and the prior three year year returns controls for the

long-term (winner/loser) contrarian e�ect.

1.4.1 FM procedure

Each month, from 1962-2003, the cross-section of stock returns E(re
j) is

regressed on Ln(Size), where size is the de�ned as the log of the �rms market

capitalization, Ln(BM) which is the log of the book-to-market ratio, ri(−1 :

−1) which it the previous months return on the stock, ri(−12 : −2) which is

the previous years return on the stock from month t-12 to t-2, ri(−36 : −13),

the returns on the stock from month t-36 to t-13, operating e�ciency de�ned

as market value of the �rm minus market value of the total investments divided

by balance sheet cash and short term investments.

E(re
i ) = a + Ln(sizei) + Ln(BM)i + Ln(ηi) + ri(−1 : −1) + ri(−12 :

−2) + ri(−36 : −13) + αi

There is a minimum four month lag between the �scal year end and

month t. The time-series average of the monthly coe�cient estimates and their

16Following the convention from most empirical studies, this paper excludes �rms with
negative book value from the analysis.
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time-series t-statistics (in bold) are reported.

FM regression results:

Table 4 reports the Fama-MacBeth coe�cients where �rm level stock

returns measured at time t are regressed on operating e�ciency, measured at

time t, t-1 and t-2. The table contains panels A, B and C, and each panel

contains three models. Model 1 includes Ln(Size) and Ln(BM) variables,

Model 2 has the standard asset pricing control variables that includes variables

fromModel 1 and the additional controls for past returns. Model 3 additionally

includes operating e�ciency, η, which is the main variable of interest.

The coe�cients in Model 1 con�rm the conclusion of the past literature

on size and book-to-market e�ect. The coe�cient on Ln(Size) is negative

and signi�cant where as the coe�cient on Ln(BM) is positive and signi�cant.

When the additional past return variables are included, the coe�cients con�rm

the one month short term contrarian e�ect (negative coe�cients), one year

momentum e�ect (positive coe�cients) and 3 year long term contrarian e�ect

(negative coe�cients). In the Model 3 regressions, operating e�ciency is highly

signi�cant and negatively related to cross-sectional stock returns even after

controlling for the standard asset pricing controls. The coe�cient on η is -

0.0012 and t-statistics is highly signi�cant at -3.60. It is very interesting to note

that once operating e�ciency, η, is included in the regression, it drives down

the book-to-market e�ect by more than half and the t-statistic for Ln(B/M)

is insigni�cant at the conventional levels of con�dence.
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Panels B and C contain results of the regression where the operating

e�ciency variable is measured with one and two year lags respectively. In panel

B, the t-statistic for ηt−1 remains highly signi�cant at -3.67 which suggests that

operating e�ciency lagged by one year is able to explain the �rm level stock

returns at time t. Panel C contains the t-statistic for ηt−2, which remains

signi�cant at -2.22.

Comparing Models 2 and 3, the adjusted r-squares of the cross-sectional

regression when η is included in the analysis goes up from 4.3% to 4.8% indi-

cating the incremental explanatory power of the operating e�ciency variable.

Panel D of the table presents results for sub-periods. In model 6 (1963-

1982) the η variable is highly signi�cant but the book-to-market variable is

insigni�cant. In model 7 (1983-2003), both, the size and the book-to-market

variable lose signi�cance and the only variables that explain returns are η and

past returns.

These �ndings con�rm the ability of the operating e�ciency variable

to predict returns incremental to the other well known predictive asset pricing

variables and that the e�ect is sustained for over two years.

1.4.2 Test of abnormal returns

This paper hypothesizes that a �rm with high level of operating e�-

ciency (η) has low operating risk and therefore low expected returns. It is

important to test the ability of η to predict �rm level stock returns after con-

trolling for the known measures of risk. Table 5 reports the average returns of
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portfolios sorted on the operating e�ciency characteristic.

Each month, from 1965-2003, decile portfolios are formed by ranking

stocks based on the operating e�ciency η, of the previous �scal year, with

a minimum four month lag between �scal year end and portfolio formation

month. Once the decile portfolios are formed, equal-weighted and value-

weighted monthly raw returns and abnormal returns are computed. The hedge

portfolio is constructed by take a long position in the lowest ranked operating

e�ciency decile and an o�setting short position in the highest ranked oper-

ating e�ciency decile. Table presents results for the equally weighted (Panel

A) and the value weighted (Panel B) portfolio where portfolios are formed at

�scal year end t, t+1 and t+2, respectively. The table reports intercepts, α,

from monthly time-series regressions of the raw returns on the Carhart (1997)

four factor model which contains the excess return of the market portfolio, size

factor-mimicking portfolio (SMB), the book-to-market factor-mimicking port-

folio (HML) and, the momentum e�ect factor (MOM). The α is the returns

in excess of the risk-free rate that are uncorrelated with the excess returns of

the benchmark factors. If we get an α signi�cantly di�erent from zero, then

we can conclude that the portfolio strategy of ranking by operating e�ciency

variable produces excess returns that cannot be explained by the other known

systematic risk factors.

The �rst column in Panel A contains portfolio deciles; second through

seventh columns contain αs and their t-statistics respectively. For the portfo-

lios formed at �scal year end t, the αs for the lowest η decile are positive and
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highly signi�cant. The abnormal returns, α, for this decile is 0.69% per month.

As we move towards higher η deciles, the abnormal returns tend to get smaller.

For the highest operating e�ciency decile, the αs are negative and signi�cant

at -0.35% per month. The results are similar when the portfolios are formed

at �scal year end t+1 or t+2. The last row of the table contains results for an

equally weighted hedge portfolio strategy, of going long on the lowest η decile

�rms and short on the highest η decile �rms. The hedge portfolio is a zero-cost

portfolio and if sorting operating e�ciency adds no value, we should expect

the portfolio returns to be zero on average. The results show that the hedge

portfolio earns an abnormal return of 1.04% per month (approximately 12%

annually), which has a t-statistic of 6.36. When portfolios are formed with a

one year lag and a two year lag, the zero-cost portfolio earns abnormal returns

of 0.77% per month and 0.63% per month, respectively, which are signi�cantly

di�erent from zero.

The results are stronger for the equally weighted portfolio than the

value weighted portfolio, as is commonly observed by most other empirical

studies. The value weighted zero-cost (hedge) portfolio formed at �scal year

ended t, earns an abnormal return of 0.9% per month, which is statistically

di�erent from zero (t-statistic of 5.73).

These results con�rm the hypothesis that lower operating e�ciency

�rms earn larger abnormal returns than higher operating e�ciency �rms, on

average.
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1.4.2.1 Characteristic adjusted abnormal returns

This section of the paper uses the characteristic based approach to com-

pute abnormal returns. According to Daniel and Titman (1997), the �rm's

actual size and book-to-market ratios contain more explanatory power than

the time series estimates of the loadings on the factor-mimicking portfolios. In

order to rigorously test the empirical results from the previous section, abnor-

mal returns are calculated using a characteristic based benchmark to control

for the standard risk measures such as size, book-to-market and momentum.

The literature continues to debate whether the return premia associated with

size, book-to-market and momentum are driven by risk or by mispricing. In

either case, this paper aims to test for an e�ect over and above these known

determinants.

In order to implement the characteristic based approach of computing

abnormal returns, we construct the benchmark portfolio using the matching

procedure similar to Daniel et al. (1997) (henceforth DGTW). Each month,

all �rms in our sample are �rst sorted into size quintiles. Then within each size

quintile, stocks are further sorted into book-to-market quintiles, resulting in 25

(5x5) portfolios. Finally, stocks are further sorted within each of these 25 size

and book-to-market portfolios into quintiles based on the �rm's past 12-month

cumulative returns. Once the dependent sorting is complete, equal weighted

and value weighted returns for each of the 125 (5x5x5) benchmark portfolios

are calculated. The equal-weighted benchmarks are employed against equal-

weighted portfolios and the value-weighted benchmarks are employed against
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the value-weighted portfolios. The monthly equal-weighted (value-weighted)

abnormal return for any individual stock is computed by subtracting the return

of an equal-weighted (value-weighted) benchmark portfolio matched by size,

book-to-market and momentum from the return of the stock. If size, book-to-

market and momentum (past-return) are the only characteristics or attributes

that a�ect the cross-section of expected stock returns, then the expected value

of this abnormal return should be zero on average.

Table 6 reports the average returns of the portfolios sorted on operat-

ing e�ciency. Decile portfolios are formed monthly from 1975-2003 based on

the η, of the previous �scal year, with a minimum four month lag between

�scal year end and portfolio formation month. Panels A, B and C present

results where portfolios are formed at �scal year end t, t+1 and t+2, respec-

tively. The monthly equal-weighted (value-weighted) abnormal return for any

individual stock is computed by subtracting the return of an equal-weighted

(value-weighted) DGTW benchmark portfolio. It is then averaged within each

operating e�ciency decile. The hedge portfolio is constructed by take a long

position in the lowest ranked e�ciency decile and an o�setting short position

in the highest ranked e�ciency decile. The time series averages of the monthly

raw and DGTW adjusted returns along with their t-statistics are reported.

The DGTW adjusted abnormal returns seen in table 6 are generally

quite similar to the abnormal returns (αs) obtained from the intercepts of the

time-series factor regressions seen in table 5. The DGTW adjusted abnormal

returns provide strong evidence supporting the hypothesis that there exists a
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robust negative relationship between the �rm's e�ciency level and its expected

returns. In table 6 panel A, equal weighted abnormal returns for lowest ef-

�ciency decile is 0.49% per month and the t-statictic is highly signi�cant at

4.24. For the highest η decile, the abnormal returns are -0.24% with a t-

statistic of -2.44. The average monthly characteristic adjusted equal weighted

return spread between lowest and highest η deciles is 0.73% per month which

is highly signi�cantly di�erent from zero with a t-statictic of 5.68.

The abnormal returns e�ect is sustainable even two years after the

�rm's operating e�ciency is measured: in year t+1, for an equal weighted

portfolio, the average abnormal return for a zero-cost hedge strategy17 is 0.76%

(t=6.09) per month; in year t+2 the e�ect remains strong with abnormal

returns of 0.44% (t=3.31).

A closer look at the table shows that the gains on the portfolio strategy

occur on the long side and the short side of the trades, however, the gains on the

long side tend to be larger than the short side of the trade. The mean abnormal

equal weighted monthly return on the three lowest operating e�ciency deciles

are 0.49%, 0.44% and 0.42%, respectively; and for the three highest operating

e�ciency decile �rms are -0.24%, -20% and -0.04%, respectively. Thus, it

seems that the abnormal returns are monotonically decreasing in η.

The empirical results add further evidence to the results in sub-section

4.3 strongly supporting the hypothesis of an inverse relation between the cross-

17Recall that a hedging strategy is formed by taking a long position in the low operating
e�ciency decile 1 and a short position in high operating e�ciency decile 10.
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section of expected returns and operating e�ciency.

1.4.2.2 Year by year analysis of the operating e�ciency trading
strategy.

The above results present average abnormal returns for the trading

strategy of going long on low η stocks and shorting high η stocks. It is possible

that these results maybe driven by one or two very strong years alone. It is

important to break down the abnormal returns year by year to investigate

if the strategy is consistently pro�table over the whole sample or that the

strategy randomly earns abnormally high returns for a small period only.

Figure 1 graphs the equally-weighted DGTW adjusted abnormal re-

turns for the zero-cost hedge strategy broken down year by year. The monthly

equal-weighted abnormal return for any individual stock is computed by sub-

tracting the return of a DGTW characteristic benchmark portfolio matched

by size, book-to-market and momentum from the return of the stock and it

is then averaged within each decile. The strategy is consistently pro�table

for 24 years out of the total 29 years with only 5 years resulting in a loss.

The results are robust to the exclusion of the strongest year, 1999, from the

analysis. Figure 1a. provides evidence of strong predictive power of operating

e�ciency to explain returns incremental to the other well known determinants

of the cross-section of expected returns.

The results for the value-weighted hedge portfolio strategy are pre-

sented in �gure 2. The general conclusions for the value-weighted returns
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are similar to the equal-weighted returns. It is interesting to note that the

abnormal pro�ts are larger on average in the recent years in both �gures.

1.4.3 Alternative measures of operating e�ciency

In order to check the robustness of the results, it is important to con-

struct alternative measures of operating e�ciency. Cash is ine�cient asset and

one direct way to measure operating e�ciency, η = Cash
Total Assets

, is to measure

the proportion of cash held by the �rm to its total assets. Thus, high operating

e�ciency �rms will have a low cash to total assets ratio and vice-verse. Since

total assets of the �rm are recorded at book value, this measure of operating

e�ciency is immune to the critique for using the market value in predicting

returns as discussed in Berk (1995). A second alternative measure of operat-

ing e�ciency is to measure the proportion of cash to the book value of equity,

η = Cash
Book Equity

.

Table 7 reports empirical results using the alternative speci�cations

of operating e�ciency. Panel A reports correlations of the two alternative

measures of η with returns and other �rm characteristics. Both the alternative

measures of η are positively correlated to returns but are not highly correlated

with other characteristics. Panels B and C report Fama-MacBeth monthly

regression coe�cients of stock returns on alternative measures of η and other

characteristics measured at time t. The coe�cient on η is positive and highly

signi�cant for both the alternative measures with t-statistics of 3.65 and 4.02.

It is not surprising that the book-to-market variable is statistically signi�cant
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when book measures of operating e�ciency are included in the regression. This

supports the argument that the book-to-market variable proxies for the market

value of operating e�ciency. Once the market value of operating e�ciency

(η = Rents
Cash

) is included in the regression, the book-to-market e�ect is subsumed.

1.5. Conclusion

Finance researchers generally agree that there exists a systematic vari-

ation in stock returns but there is little consensus about what economic at-

tributes cause this heterogeneity. Fama and French (1992, 1993) observe that

size (SMB) and book-to-market (HML) factors explain the cross-section of re-

turns. Since the SMB and HML factors are not derived from an equilibrium

asset pricing model, their economic interpretations are controversial.

A new strand of research that is devoted to understanding the link

between the characteristics of the asset-side of the �rm's operations and stock

return dynamics has emerged. This paper takes a step further in this direction

and makes a two-fold contribution.

First, this paper uses a competitive equilibrium model to establish a link

between the expected stock returns and the �rm's characteristics, speci�cally

operating risk and e�ciency. The implications of operating risk and e�ciency

on stock returns is relatively unexplored in �nance. Firms with higher oper-

ating risk have a tendency to hold more cash that is adequate to internalize

operating risk. Cash serves as a self-insurance mechanism and the �rm's dip

into their cash reserves when operating losses occur. Holding cash, that serves
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as a bu�er in bad times, lowers the �rm's e�ciency. The testable empirical

implication of the model is that, ceteris paribus, an increase in operating risk

decreases the �rm's operating e�ciency and increases expected stock returns.

Second, this paper documents that a theoretically motivated new vari-

able, operating e�ciency (η), explains the cross-sectional di�erences in stock

returns at the �rm-level. Speci�cally, this paper �nds that the operating ef-

�ciency variable is a strong and highly robust negative predictor of stock re-

turns. High η �rms have low subsequent stock returns and low η �rms have

high subsequent returns.

The operating e�ciency variable has predictive power incremental to

a wide range of known return predictors and asset pricing controls. Fama-

MacBeth (1973) regressions of monthly stock returns on size, book-to-market,

past returns and operating e�ciency indicate that the coe�cient on η is neg-

ative and highly signi�cant. It is interesting to note that much of the Fama-

French book-to-market e�ect is subsumed by the operating e�ciency measure.

Portfolios are formed by sorting �rms into deciles based on the operat-

ing e�ciency ranking and abnormal returns are measured. When the Carhart

four factor model is used as a benchmark, the portfolio strategy of going long

in the lowest operating e�ciency decile and shorting the highest operating

e�ciency decile produces excess returns of 1.04 % per month. A similar long-

short hedge strategy produces Daniel, Grinblatt, Titman and Wermers (1997)

characteristic adjusted excess returns of 0.8 % per month. The paper also

�nds that operating e�ciency e�ect is sustainable and is able to predict the
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negative relationship with stock returns for over two years in the future.

These �ndings suggest that managers and policymakers should consider

possible ways to increase the �rm's operating e�ciency in order to lower the

cost of capital. Investors to reward the more e�cient �rms by demanding a

lower rate of return on their investments.

In summary, this paper explores the �rm-level characteristics that pre-

dict the expected stock returns on a broader scale. The results suggest that a

fundamental measure, �rm-level operating e�ciency, has a dominant in�uence

on the cross-sectional patterns of stock returns. Investigating the relation-

ship between factors derived from �rm-level characteristics, which take into

account the �rm's operating risk, and stock returns seems to be a fruitful area

for future research.
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1.6. Appendix

A. Relation between operating e�ciency and returns: Proof for the
alternative approach

The expected returns of a portfolio is the sum of expected returns of

each individual asset that comprises the portfolio.

I

V
E(rI) +

L

V
E(rL) +

R

V
E(rR) = E(rs) (A.1)

The following assumptions are made:

a) E(rL) = E(rf ) > 0. The �rm's maintain cash or near cash instru-

ments which are risk free there earning risk free rate of interest;

b) E(rI) < 0 which means physical assets depreciate over time and

c) E(rR) < 0. At t=1, the �rm ceases to exist and thus does not have

any positive NPV projects. This means that there are no economic rents at

t=1 i.e. Rt=1 = 0

The �rm's operating e�ciency, η, is economic rents (NPVs) divided by

cash. Substituting (η = R
L
), into cash, L, in equation (A.1) we get:

I

I + R
η

+ R
E(rI) +

R
η

I + R
η

+ R
E(rL) +

R

I + R
η

+ R
E(rR) = E(rs) (A.2)

Di�erentiating E(rs) with respect to η we get:

δE(rs)

δη
=

R(R[E(rR − rL)] + I[E(rI − rL)])

(R + Iη + Rη)2
< 0 (A.3)
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The numerator consists of two parts; a) R[E(rR− rL)] and b) I[E(rI −

rL)]. E(rR) < 0 and E(rL) > 0, part a is negative i.e. R[E(rR − rL)] < 0.

Similarly for part b, I[E(rI − rL)] < 0, as E(rI) < 0. This implies that the

numerator of equation (A.3) is negative. The denominator in equation (A.3)

is a squared term so (R + Iη + Rη)2 > 0. Since the numerator is negative and

the denominator is positive, proves that equation (A.3) is negative.
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Chapter 2

Simple Technical Trading Strategies: Returns,

Risk and Size.

2.1. Introduction

For over a century technical analysts, also known as chartists, have

been studying the history of price and volume statistics and forming trad-

ing strategies based on the assumption that selected patterns in the past are

bound to repeat. Technical Analysis, which is very popular among practition-

ers in industry, is being widely used by major brokerage �rms, commodities

traders and foreign exchange dealers. A recent article that appeared in the

Wall Street Journal argues that technical trading has become more popular,

especially because of recent accounting irregularities and scandals.1 Academic

�nance has also shown interest in this area by providing several theoretical

models as well as empirical evidence that directly or indirectly support the

use of past prices to predict the future, which is the basic tenet of technical

analysis. Theoretical papers which model technical analysis include Treynor

1Stock Forecasters Are Having A Technical Rise in Popularity by Karen Talley of the
Dow Jones Newswires appeared on 26 June 2002. The reasoning given is that if the ac-
counting numbers, which are the source of fundamental analysis, are �awed, so will be their
recommendations. Technical analysts, who don't use any of the accounting information
in their analysis, gauge the demand and supply of stocks by looking how the stocks have
behaved in the past.
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and Ferguson (1985), Brown and Jennings (1989), Grundy and McNichols

(1989) and Blume, Easley and O'Hara (1994). The empirical evidence can be

found in Lo and MacKinlay (1988, 1999), Lo, Mamaysky and Wang (2000),

Neftci (1991), Brock, Lakonishok and LeBaron (1992), Jegadeesh and Tit-

man (1993), Bessembinder and Chan (1995), Chan, Jegadeesh and Lakonishok

(1996), Neely,Weller and Dittmar (1997), Neely and Weller (1999), Allen and

Karjalainen (1999).

Noisy rational expectation models show that current prices need not

be fully revealing as certain types of �rms remain susceptible to information

asymmetry and supply uncertainty. Brown and Jennings (1989) and Grundy

and McNichols (1989) suggest that observing prices from multiple periods al-

low the trader to solve for supply uncertainty and private information. Blume,

Easley, and O'Hara (1994) develop a model in which investors learn from both

past prices and volume. They show that traders who use information contained

in market statistics do better than those who do not. They conclude that the

value of technical analysis is decreasing in the precision of traders' initial prior

about asset value and that technical analysis may be more appropriate for

small stocks rather than large stocks.

Empirical papers such as Brock et al. (1992) (BLL henceforth) and

Bessembinder and Chan (1995, 1998) evaluate pro�ts from technical trading

rules as raw excess returns rather than risk adjusted returns. The BLL paper

tested two simple technical strategies on the Dow Jones Industrial Average

(DJIA) from 1897 through 1986. Before transaction costs, all the trading
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strategies generated higher mean returns than the benchmark buy and hold

returns. Bessembinder and Chan (1998) show that the results of Brock et al.

(1992) are statistically signi�cant but once they consider transactions costs,

their results lose economic signi�cance. Thus it is important to account for

transactions costs. Moreover these studies evaluate rules on major indices such

as the Dow Jones or the S&P 500 which primarily consist large well-known

stocks. Although the overall market may have become more e�cient over time

with improvement in the speed and accuracy of information disclosure by �rms,

the level of informational e�ciency need not be shared evenly by all segments

of the market. Based on the theoretical insights in the Blume, Easley and

O'Hara (1994) paper that technical strategies may be more appropriate for

smaller sized �rms, this study investigates whether simpli�ed decision heuris-

tics based on technical trading strategies are capable of providing the investor

with higher rates of return in those segments where asymmetric information is

more pronounced and public information is likely to have low precision. This

paper extends the evaluation of these strategies to market segments classi�ed

by �rm size which proxies for di�erences in information quality.2

This paper evaluates the value of technical trading rules across di�er-

ent market capitalization segments using the ten CRSP (NYSE, AMEX and

NASDAQ) size deciles index data from 1963-2002. Previous empirical work

usually examines technical trading strategies from the perspective of market

2Large �rms typically have richer information available to investors than smaller �rms.
The Blume, Easley, and O'Hara (1994) model also concludes that technical analysis is likely
to be more useful for small stocks than large stocks which have better quality of information.
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e�ciency by applying the trading strategies to market indices, which consti-

tute few large market capitalization stocks. Literature has remained relatively

silent regarding the pro�tability of technical strategies for �rms not present

in the market indices.3 It is di�cult to reach �rm conclusions regarding the

e�cacy of technical strategies from focusing solely on large stocks and thereby

ignoring the smaller stocks, which have di�erent �rm characteristics. The ma-

jor contribution of this paper is to reconcile the con�icting �ndings regarding

the usefulness of technical trading strategies by considering the di�erences in

e�ectiveness across �rms of di�erent size and consequent di�erent levels of

information asymmetry.

The issue of the seemingly subjective choice of rules used in empiri-

cal tests is addressed by selecting the daily moving average (DMA), which is

the most widely studied strategy by technical analysts. Alternatively, Sulli-

van, Timmerman, and White (1999) (hereafter, STW) address this concern

by adopting an algorithm to optimally select the most pro�table rule out of a

universe of possible rules. STW point out that selection of popular rules and

testing them on the same market history creates a potential data-snooping

bias because the rules that survive are the ones that have successful historical

track-record. Our approach responds to the data-snooping issue in the follow-

ing ways. First, we use strategies which have a long history. The DMA rule has

3See for example, Brock, Lakonishok, and Le Baron (1992) and Bessembinder and Chan
(1998) for studies on the DJIA. Ito (1999) evaluates technical trading rules on equity mar-
kets in US, Canada, Indonesia, Mexico, and Taiwan. Ratner and Leal (1999) examine 10
emerging markets in Latin America and Asia.
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been in existence long before our period of study which gives us the bene�t of

conducting an experiment of our strategies on 40 years of daily out-of-sample

data.4 Second, we consider a number of moving average lengths to emphasize

the robustness of results. Finally, we apply the same set of strategies across

all the ten size deciles. Earlier studies test the technical trading strategies by

using only one time series like the DJIA or S&P 500 whereas this paper has

the bene�t of using ten size deciles.

This study provides empirical evidence that returns to technical trading

strategies vary across market segments, in particular, decreasing in the size of

the �rm, i.e. higher for smaller stocks and lower for larger stocks. These results

are robust even after considering transactions cost and short-sale constraints.

This paper also investigates if technical trading pro�ts are a compensation for

bearing known measures of risk such as those re�ected by Sharpe ratios and

those re�ected by aggregate risk factor models such as the CAPM, the Fama-

French model, the Carhart four factor model and the Pastor & Stambaugh

(2003) �ve factor model.5 The results show that Sharpe ratios and Jensen's α′s

from the technical strategies are sharply decreasing in size. When the strategies

are applied to the smaller capitalization stocks, there is positive and signi�cant

alpha using any of the factor models. In contrast, the alphas from these

strategies when applied to larger capitalization stocks are not signi�cantly

4Moving average strategy has been discussed in Gartley (1930).
5Carhart (1997) constructs the four factor model with the Fama-French as the �rst

three factors and momentum is the fourth factor. Similarly, Pastor and Stambaugh (2003)
propose the �ve factor model where the �rst three factors are the Fama-French factors with
momentum as the fourth factor and liquidity as the �fth factor.
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di�erent from zero. The strategies on the small stocks earn excess returns

to the extent of 1.7 % per month, on average. For large stocks, technical

trading strategies do not earn excess returns over a buy & hold strategy. This

paper also conducts tests of timing ability on each of the ten size decile using

the methodology suggested by Cumby and Modest (1987) . The coe�cients

on DMA signal indicator variable is the largest (smallest) for the smallest

(largest) decile. This con�rms that the DMA strategy has a greater timing

ability for smaller stocks than larger stocks on average.

There are at least two ways of interpreting the evidence presented so

far. The �rst interpretation is that technical trading strategies provide ab-

normal returns because capital markets are ine�cient. The second interpreta-

tion is that markets are e�cient and the pro�tability of the technical trading

strategies re�ects the time-varying expected returns from various equilibrium

models. It would be premature to conclude that markets are ine�cient without

accounting for the second interpretation of time varying risk. In order to test

whether time varying risk-premia explain substantial amount of the observed

technical trading pro�ts, this paper employs the bootstrap methodology sim-

ilar to Brock et al. (1992). The results show that none of the time varying

expected return models explain the pro�tability of the DMA strategy for small

stocks. The actual Sharpe ratios of the DMA strategy do not lie within 95%

con�dence interval of the bootstrap distribution of simulated Sharpe ratios.

Finally, this paper adjust for nonsynchronous trading by implementing

the trades after the DMA signal is given with a lag of up to ten days. The
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Sharpe ratios and break-even trading costs indicate similar results but with

lower magnitude. All of the above evidence supports the hypothesis of the

Blume, Easley and O'Hara (1994) model that technical analysis may be more

pro�table for smaller stocks.

The paper is organized as follows: Section II describes the data used in

this study and provides a summary of market statistics; Section III provides

a brief description of the technical trading strategy used in the study; Sec-

tion IV reports and analyzes the empirical results; Section V concludes and

summarizes the results.

2.2. Description of Data

The data used in this study is the daily index series of the ten CRSP(NYSE,

AMEX and NASDAQ) size deciles from July 1963 through December 2002.

This full sample period has 10,194 observations for each size decile. In addition

to the full sample period, this study includes two sub-periods (1963-1982 and

1983-2002) to capture the e�ectiveness of the strategy across di�erent time

periods.

Table 8 provides the summary statistics for the whole sample and the

two sub-periods. Panel A presents results for the smallest size decile while

Panel B presents results for the largest size decile.6 Returns are calculated as

6To save space, only the smallest and the largest decile are shown.
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log di�erences of the index level.

All the means are highly statistically signi�cant and di�erent from zero

in all of the sample periods. The mean daily return for the smallest stocks

is 0.07% which is signi�cantly greater than the mean daily return for the

largest stocks, 0.03%. As the summary statistics indicate, the daily return

distribution does not follow a normal distribution which is evident from the

summary statistics including skewness, kurtosis, and the Kolmogorov-Smirnov

normality test statistic (D-stat). Both the smallest and the largest decile

stocks show negative skewness in the full sample. The full sample kurtosis is

also higher than the kurtosis of a normal distribution which indicates that the

returns are leptokurtic. The Kolmogorov-Smirnov D-statistic are close to zero

which indicates that returns do not follow a normal distribution. The table

also reports auto-correlation coe�cient ρ(i) at lag i for each series. The �rst

order serial correlation is large and signi�cant compared to the lower orders in

both the size deciles and all the sample periods.

2.3. Technical Trading Strategies

Practitioners employ a number of di�erent technical trading strategies,

some of which are very complex. The choice of which trading strategies to

test can be subjective and could be purely a result of data mining, thus it is

very important to test those strategies out of sample. This paper addresses

the issue of the seemingly subjective choice of rules used in empirical tests by

50



selecting the daily moving average (DMA) strategy, which is not only widely

used by technical analysts but also has been studied extensively in previous

academic studies. Sullivan et al. (1999) address this concern by adopting

an algorithm to optimally select the most pro�table rule out of a universe of

possible rules. They point out that selection of popular rules and testing them

on the same market history creates a potential data-snooping bias because the

rules that survive are the ones that have successful historical track-record. Our

approach responds to the data-snooping issue in the following ways: �rst, we

use strategies which have a longer history than the data that we use to test the

strategy. Moving average strategy has been discussed in Gartley (1930). Thus

the DMA rule has been in existence long before our period of study which gives

us the bene�t of conducting a clean out-of-sample experiment of our strategies

on 40 years from 1963-2002. Second, this paper does not try to discover and

test an optimal trading rule. We consider a number of moving average lengths

(trading rules) to emphasize the robustness of results across di�erent trading

rules within the DMA strategy. Finally, we apply the same set of strategies

across all ten size deciles. Earlier studies test the technical trading strategies

by using only one time series like the DJIA or S&P 500 whereas this paper

has the bene�t of using ten size deciles.7

The moving average strategy is one of the simplest and most commonly

used technical trading strategies which has been in use for over 70 years. By

7In other robustness checks, decile portfolios were constructed using probability of in-
formed trading (PIN) measure developed in Easley, Hvidkjaer and O'Hara (2002). The
results were qualitatively similar.
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using a trading rule that has a long history, we mitigate data snooping bias

as our sample period starts from middle of 1963.8 In this study, we call the

strategy as the Daily Moving Average crossover (DMA). As a �rst step, we

construct moving averages of various lengths (time periods) for the index levels

of the ten size deciles.9 The di�erent lengths that are most commonly used are

200, 150, 50, 5, 2, and 1. We categorize these di�erent moving average lengths

into long term averages, namely 200, 150 and 50, and short term averages,

namely 5, 2 and 1. The short term averages are also called the trigger lines.

According to this rule, buy and sell signals are given when the long term and

the short term moving averages crossover. A simple form of this trading rule is

buying (selling) when the short term moving average rises above (falls below)

the long term moving average. When the two moving averages crossover, a

trend has initiated and a position (long or short) is entered into. For e.g., a

buy signal is given when the short term moving average (lengths 1, 2, 5) rises

above the long term moving average (lengths 200, 150 or 50). As long as the

short term moving average remains above the long term moving average, we

stay invested in the long position. As soon as the short term moving average

dips below the long term moving average, a sell signal is given and we close

out the long position and initiate a new short position. We stay in the short

position until a buy signal is given by the DMA strategy. Implementing short

8The Brock et al. (1992) paper might have a data snooping bias as the data used in their
study begin in 1897 where as the moving average rule has mention in the 1930's.

9The idea behind using moving averages instead of raw index levels is to reduce noise by
smoothing out an otherwise volatile series.
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sales for all the stocks in the composite size decile index simultaneously is

rather di�cult as short sales can only be made on an uptick. Thus we also

consider the case with short sale constraints. Very often technical strategies

emanate whiplash signals, i.e., false signals when the two moving averages are

close to each other. To reduce the problems induced by whiplashes, we modify

the rule by introducing a band of 1% around the moving average. So, a buy

(sell) signal is given when the short moving average is above (below) the long

moving average by an amount larger than the 1% band. If the short moving

average is inside the band then no signal is generated and we invest at the risk

free rate. Without the band, all days are classi�ed into buys or sells.

2.4. Empirical Results of the Technical Trading Strate-

gies

2.4.1 DMA Strategy Across All Size Deciles.

Results from the DMA trading strategy for all ten size deciles are pre-

sented in Table 9. The �rst column contains the various size deciles. 'Annual'

is the average annual return earned by all 12 DMA strategies. Sharpe 'Buy

and Hold' is the Sharpe ratio for the buy & hold strategy which is our bench-

mark strategy and Sharpe (DMA) is the average Sharpe ratio for the DMA

strategy. In reality investors incur transaction costs when they buy and sell
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stocks.10 Since technical trading strategies are transaction intensive we cannot

a�ord to ignore transaction costs in our study. The last column reported in

table 9 is the break-even transaction cost. It is the average trading cost that

makes us indi�erent between the Sharpe ratio of the buy & hold strategy and

the Sharpe ratio of the DMA strategy with transaction costs and is calculated

as:

rDMA − rf − c

σDMA

=
rbuyhold − rf

σbuyhold

In the above equation, 'c' is the transaction cost which equates the

Sharpe ratio of the DMA strategy and the buy & hold strategy. The break-

even transaction cost is similar in approach to Bessembinder and Chan (1998).

In their paper, break-even cost makes an investor indi�erent between the buy

and hold pro�ts measured in returns and the trading rule returns. The issue

with their approach is that the trading rules could have di�erent amounts of

risk and might have a high return simply because it is very risky and the high

returns are simply a compensation for breaking the extra risk. They implicitly

assume that investors are risk neutral and care only about expected returns

and not about risk. This paper considers investors to be risk averse and care

about risk adjusted returns i.e. Sharpe ratios for choosing among strategies.

10The Brock et al. (1992) paper does not consider transaction costs and shows statistically
signi�cant pro�ts to the DMA strategy. It is important to consider transaction costs when
investigating trading strategies, as these pro�ts could be erased completely if the strategy
involves a lot of trading. Thus by considering transaction costs, this paper investigates if
the results are economically signi�cant.
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Thus we compute the implied transactions cost that will make the investor

indi�erent to Sharpe ratios from the buy & hold strategy and DMA strategy.

The �rst panel presents results when no short sale constraint is imposed.

This means that investors are allowed to short when a sell signal is given. We

can clearly see a decreasing trend in annual returns as �rm size increases. For

decile one, which consists of the smallest decile stocks the annual returns are

the highest at 34.7% where as the returns for the largest decile stocks are

7.75%. Thus the annual returns for the DMA strategy are sharply decreasing

in size. Similarly, the Sharpe ratio of the DMA strategy is highest at 1.889 for

the smallest stocks and it is statistically signi�cantly di�erent from the buy &

hold Sharpe ratio of 0.927. This means that the DMA strategy gives us risk

adjusted returns which are higher than the benchmark buy & hold strategy.

The DMA Sharpe ratio is signi�cantly di�erent than the buy & hold Sharpe

ratio from decile one to decile eight. But for the two largest deciles the Sharpe

ratios are not signi�cantly di�erent. In fact for the largest size decile, the

DMA Sharpe ratio is signi�cantly lower than the buy & hold Sharpe ratio.

We can conclude that the Sharpe ratios for the technical trading strategy are

decreasing in size. The average break-even cost is 1.67% per trade for the

smallest decile where as it is -0.13% for the largest decile. Jegadeesh and

Titman (1993) consider a transaction cost of 0.5% in their study and Allen

and Karjalainen (1999) consider 0.1%, 0.25% and 0.5%. Even if we consider

a high transaction cost as high as 1% per trade, the DMA strategies make

excess pro�ts for the smaller stocks.
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We can see similar results after imposing short sale constraint. As

expected, the annual returns are lower when constraints are imposed. However,

it is very interesting to note that Sharpe ratios are higher for the DMA strategy

when we impose a short sale constraint. A possible explanation is that the

returns, when a sell signal is given, are highly volatile and thus we get a very

low Sharpe ratio. This means that the DMA strategy is able to identify periods

when the returns are high and volatility is low. So when we invest in the risk

free asset instead of selling short, we get a Sharpe ratio which is higher than

when no short sale constraint is imposed. Similarly, the break-even trading

costs are as high as 3.46% for the smallest stocks which is more than twice the

transactions cost when no constraints are imposed.

Figure 3 plots the average Sharpe ratios of the trading strategies with

and without short sale constraint and the benchmark buy & hold strategy for

all the ten deciles. We can clearly see that the Sharpe ratios are decreasing

as size increases. This evidence supports the hypothesis of the Blume, Easley

and O'Hara (1994) model that technical analysis may be more appropriate for

stocks of smaller �rms.

2.4.2 DMA Strategy for the Smallest and the Largest Decile Stocks

Table 10 looks at the results of the DMA strategy without short sale

constraints for smallest and the largest decile in greater detail. Panel A

contains the full sample of the CRSP smallest decile stocks from 1963-2002

whereas Panel B contains results for the largest decile stocks. The �rst col-
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umn contains the parameters of the rules. The rules are written as (short, long,

band) where short and long are the respective short and long period simple

moving averages and band is the percentage di�erence required to generate

signals. The rules di�er from each other by the choice of di�erent parame-

ters. For example, the rule (1, 200, 0) indicates that the short period average

is one day, the long period average is 200 days, and the band is zero percent

around the 200 day moving average. Thus when the one day moving average is

greater than the 200 day moving average, we maintain a long position. There

are a total of 18 rules considered in this paper with di�erent combinations

of the parameters. These rules divide the days into Buy (long), Sell (short)

or Neutral (earning risk-free rate) positions. The second column denotes the

average number of one way trades required to implement the strategy. The

DMA strategy generate on average four two way (or eight one way) trades in a

year which indicates that this strategy does not require a lot of active trading.

The third column return indicates the mean daily return from imple-

menting each rule and t is the standard t-statistic testing for the mean daily

return being signi�cantly di�erent from the buy & hold return.The Brock et. al

(1992) paper tests whether the mean daily buy-sell di�erence is signi�cantly

di�erent from zero. This test does not provide information if the technical

trading rule is better than the benchmark buy and hold strategy. In this pa-

per, we test the hypothesis whether the mean daily return from the trading

rule is better than the buy and hold strategy.11 A majority (16 out of 18

11The t-statistic is computed as follows:
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trading rules) of the t-statistics for the smallest decile stocks are signi�cant

as compared to the largest decile stocks. For the largest decile, not a single

t-statistic is signi�cant which shows that the trading strategy for the largest

stocks does not do any better than the benchmark strategy.

Note that the last line in panel A contains the statistics for the bench-

mark buy and hold case. All the Sharpe ratios for the smallest stocks are

signi�cantly higher than the buy & hold Sharpe ratio. None of the Sharpe

ratios for the largest stocks are signi�cantly di�erent than their buy & hold

Sharpe ratio. The average Sharpe ratio for the smallest stocks from the DMA

strategy is 1.89 as compared to an average of 0.10 for the largest stocks. To see

if the higher return for the smallest stocks is due to higher risk, as measured

by the variance of returns, we look at the σ which is the standard deviation of

the returns from the strategy. It is striking to note that the standard deviation

of the returns from the trading strategy for the smallest stocks is actually sig-

ni�cantly smaller (0.789%) than the buy & hold standard deviation (0.807%).

Results are similar for the largest stocks but are a bit weaker. The break-even

trading costs for the smaller stocks are greater than the largest stocks. The

break-even trading costs for the DMA (1,200,0) strategy is 1.05% per trade.

This means that if the trading costs were anything less than 1.05%, the risk

t =
µs − µbuyhold

(σ2
s/Ns + σ2

buyhold/Nbuyhold)

µs,σs and Ns (µbuyhold, σbuyhold and Nbuyhold) are the mean daily return, standard devi-
ation and number of signals for the DMA (buy & hold) trading rule.
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averse investor would prefer the DMA strategy over the benchmark. The av-

erage break-even trading cost for the smallest size stocks is 1.67% whereas the

number for the largest size stocks is -0.13%.

Panels C and D present the results for the two sub-periods, 1963-1982

and 1983-2002, for the smallest decile and the largest decile respectively. Only

the results of the trading rule DMA (1,150,0) are presented here.12 Results for

the sub-periods are similar to the full sample where the technical trading rules

are more pro�table for the smaller stocks. The t-statistics are signi�cant for

the smallest decile at the 5 % con�dence level for the �rst and the second sub-

period respectively. It is interesting to note that the results are stronger in the

�rst sub-period compared to the second. This implies that technical trading

rules were more pro�table in the 1960's through early 1980's as compared

to the recent times. This indicates that markets have become more e�cient

with time, and that information is better re�ected in prices than before. This

is especially true for smaller stocks. Another hypothesis could be that in the

early 1960's, the DMA trading rule was not widely known and it was used only

by a few sophisticated investors. In decent times, the DMA rule has become

very popular and easy to compute with the advent of information technology

and technical trading software. This might be a possible explanation for the

erosion of pro�ts using this rule. These results are consistent with the �ndings

of Kwon and Kish (2002) who applied the DMA rule on CRSP value weighted

12In order to save space, only the results for DMA (1, 150, 0) rule are presented. Results
for the other rules are similar and are available on request.
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index stocks from 1962-1996 where they report a declining trend in pro�ts to

technical trading rules.

Table 11 presents the results of the DMA trading strategy when a short

sale constraint is imposed. Panel A describes results for the full sample of the

smallest decile stocks and Panel B describes results for the largest decile stocks.

The results are essentially similar but stronger when no short sale constraint

is imposed. For the smallest stocks, all the t-statistics are highly signi�cant

indicating that mean daily returns for the DMA strategy are di�erent from

the buy & hold strategy. The t-statistics are higher than the case when no

constraint is imposed. The Sharpe ratios of the strategy are higher mainly

because the volatility ′σ′ is lower. Since short sales are not allowed when a

�sell� signal is given, we invest in the risk-free bonds and this reduces the

volatility of the returns from the DMA strategy. For the smallest decile, the

average standard deviation is 0.57% which is signi�cantly lower 0.79% when

no constraints are imposed. The average Sharpe ratio higher at 2.24 when we

introduce constraints as compared to 1.89 without constraints. Thus when we

impose short sale constraint on the largest decile stocks, the DMA Strategy

does better than the benchmark buy & hold in Sharpe ratio terms, but it

does not do better than the smallest decile stocks. The average break-even

trading cost per trade is also signi�cantly higher at 3.46% for the smallest

stocks and 0.37% for the largest stocks. As expected, the number of average

one way trades per year is lower at four for the smallest stocks and seven for

the largest stocks. Panels C and D report results for the sub-periods and they
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con�rm the �ndings that the results are stronger for smaller stocks than larger

stocks.

2.4.3 Risk Adjustment using Factor Regressions

In the earlier subsection we adjusted the returns from the trading strat-

egy for volatility risk by computing the Sharpe ratios. We now test the per-

formance of the trading strategy according to Jensen's (1968) α which allows

us to compute risk adjusted returns arising from various benchmark factors.

The α is the returns in excess of the risk-free rate that are uncorrelated with

the excess returns to the benchmark factors. This method is also used as a

risk adjustment in Neely et. al (1997) and Neely (2001) who only focus on

market as the risk factor. In this paper we adjust for various sources of risk,

which are also called factors, such as market, size, book-to-market, momen-

tum, and liquidity. We compute the intercept α′s by running the following

factor regressions:

CAPM :

rs − rf = α + βmkt(rmkt − rf ) + ε

Fama-French Three Factor Model:

rs − rf = α + βmkt(rmkt − rf ) + βsmb(rsmb − rf ) + βhml(rhml − rf ) + ε

Carhart Four Factor Model:

rs − rf = α + βmkt(rmkt − rf ) + βsmb(rsmb − rf ) + βhml(rhml − rf )

+βmom(rmom − rf ) + ε
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Pastor and Stambaugh Five Factor Model:

rs − rf = α + βmkt(rmkt − rf ) + βsmb(rsmb − rf ) + βhml(rhml − rf )

+βmom(rmom − rf ) + βliq(rliq − rf ) + ε

The left hand side of the above four regression models is rDMA−rf which

is the monthly excess return from the DMA strategy over the risk-free rate. In

the CAPM model, monthly excess return on the market rmkt−rf is risk factor

that we are trying to control for. The Fama-French model has the market, size

and book-to-market as their risk factors. Carhart (1997) four factor model has

the three Fama-French factors and an additional momentum factor. Finally,

Pastor and Stambaugh (2003) model construct a �ve factor model where the

four factors are the Carhart four factors and the �fth factor is the liquidity

factor. They construct the liquidity factor returns by sorting stocks into deciles

based on liquidity. The liquidity factor returns are calculated as the returns

from the most illiquid stocks minus the returns from the most liquid stocks.

We are interested in testing the intercept α in the above four models to be

di�erent from zero. If we get an α that is signi�cantly di�erent from zero, then

we can conclude that the DMA trading strategy produces excess returns that

cannot be explained by the correlation with the other systematic risk factors.

Table 12 describes the results of running the factor regressions for the

smallest and the largest decile stocks. To save space we report only the in-
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tercept α and their respective t-statistics13 for nine trading rules without the

trading band.14 For the smallest stocks, all the α′s are signi�cantly di�erent

from zero for all the factor models whereas for the largest decile stocks, none

of the α′s are signi�cantly di�erent from zero. The average α for the DMA

strategy is 2.3% per month for the smallest stocks from the CAPM model.

When we control for size and book-to-market factors, the average α decreases

to 2.2% per month. Momentum is a strategy that depends on past prices and

so is the DMA strategy. In order to see if the DMA strategy is capturing

momentum, we run the Carhart four factor model to control for momentum.

The results are striking; after controlling for momentum, the α reduces by a

fourth to 1.8% per month but is still signi�cant. This means that momentum

explains some part of the returns from the DMA strategy but does not explain

it completely. To test the hypothesis that the returns for the DMA strategy

for the smallest stocks are due to the illiquidity of the smallest stocks, we

control for liquidity risk by running the Pastor-Stambaugh (2003) regression.

Even after adding a control for aggregate liquidity risk, the α′s for the small-

est stocks are signi�cant which indicates that liquidity risk along with other

systematic risk factors do not completely explain the returns from the DMA

strategy. The average monthly α is around 1.7% per month for the smallest

decile stocks. Thus, even after adjusting for various systematic risk factors,

the DMA strategy for the smallest stocks seem to earn excess returns.

13The standard errors are Newey-West standard errors corrected for heteroskedasticity
and auto-correlation.

14Results for the rest of the trading rules are similar and are available on request.
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We now present the results for the factor regressions across all the size

deciles. Figure 4 plots the average α′s from the �ve factor model for the

DMA strategy across all the ten size deciles. The α′s are sharply decreasing

in size; α is highest for the smallest decile at 1.7% and it decreases as size

increases and the α is negative for the largest decile at -0.01%. This evidence

supports the hypothesis of the Blume, Easley and O'Hara (1994) model that

technical analysis may be more appropriate for smaller stocks and that returns

to technical analysis are decreasing in �rm size.

Table 13 presents all coe�cients for the �ve factor regression model for

the smallest and the largest stocks. For the smallest decile, the alphas are

signi�cantly di�erent from zero for all the trading rules and for the largest

decile, the alphas are not signi�cantly di�erent from zero. As expected, the

coe�cient β on the market factor is not signi�cant for the smallest stock

but is signi�cant for the largest stocks. The β′s on size factor and HML

factor are signi�cant for the smallest decile stocks but are not signi�cant for

the largest decile stocks. It is interesting to note that the momentum factor

loads signi�cantly on the smallest and the largest decile stocks. This means

that momentum does explain some part of the pro�ts from the DMA trading

strategy but not completely.

2.4.4 Results from the Cumby-Modest test of timing ability

In order to test whether the trading strategy returns are di�erent from

the unconditional mean return, Cumby and Modest (1987) suggest the follow-

ing regression test for timing ability:
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rDMA,t = α + βSignalt−1 + εt

where rDMA,t is the return from the technical trading strategy and

Signalt−1 is the trading signal observed at period t-1. These regressions are

run separately for the Buy signals and Sell signals. To test if the buy signals

given by the DMA have any predictive power, the following regression is run:

rDMA,t = α + βBuySignalt−1 + εt

where BuySignalt−1 is a dummy variable that takes a value of 1 when

a buy signal is given and zero otherwise. Thus, a positive value of βbuy would

indicate an average percentage increase in the next day's returns due to a

correct buy signal. Testing the null hypothesis of βbuy = 0 would be equivalent

to testing the di�erence between the trading rule return and the unconditional

mean return. A similar regression is run when a sell signal is given but the

crucial di�erence is that a negative value of βsell would indicate that an average

percentage decrease in the next day's returns is due to a correct sell signal.

Intuitively, if a correct buy (sell) signal is given today then next period returns

should be positive (negative).

Table 14 reports the regression results for the Cumby and Modest

(1987) test of timing ability. The �rst column mentions the size decile and

the second column contains the average (across all the trading strategies) co-

e�cient β from the regression. The last column contains average t-statistics
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for the coe�cients. For the buy signal we can see that the β is signi�cant and

positive for all the deciles except the largest decile. For the smallest stocks,

when a buy signal is given, the average daily returns for the DMA strategy

are 0.2% higher than the unconditional mean buy and hold strategy. Results

are similar for the sell signal where we see a negative and signi�cant β for all

of the deciles except the largest decile.

Figure 5 depicts a plot of the average β′s for the buy signal and the sell

signal. For the buy (sell) signal, the coe�cients are decreasing (increasing)

with size which further con�rms our results that the predictability for DMA

signals is stronger for the smaller �rms than larger �rms.

2.4.5 Results using Bootstrap Methodology

So far the results presented have shown that the DMA trading strategy

is able to identify periods of high or low returns and generate returns that

are higher than the unconditional buy and hold mean returns. If the returns

are time-varying and are generated by a time-varying equilibrium model, then

the unconditional mean return might not be an adequate benchmark for test-

ing the pro�tability of the trading strategies. This is because the riskiness of

the dynamic DMA strategy might not be comparable to that of a buy and

hold strategy. Literature has provided su�cient evidence of time-varying risk

premia and volatility in the capital markets. The static factor models and
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constant risk premium models15 might not provide us a fair assessment of the

e�cacy of the trading rules. Inspired by Brock et al. (1992) and Kho (1996),

we use bootstrap methodology with time-varying risk premia models. Brock et

al. (1992)16 state several bene�ts of using bootstrap methodology to evaluate

the trading strategy. First, the t-test statistic used earlier assumes indepen-

dence, stationarity and asymptotically normal distributions, which might not

be the case in �nite samples. The bootstrap method does not make a spe-

ci�c distributional assumption and uses the empirical distribution of the test

statistic generated from the null models to make inferences. Second, the boot-

strap method facilitates a joint test across di�erent trading rules that might be

independent from each other. Finally, this method helps us identify whether

predictability of the DMA strategy is due to time varying equilibrium returns.

In order to implement this methodology, the following widely used null

models for stock prices are considered: an auto-regressive process of order one

(AR(1)), a generalized auto-regressive conditional heteroskedasticity in-mean

(GARCH-M) and an Exponential GARCH (EGARCH). In this procedure each

of the three models are �t to the original series of the ten size decile returns

to obtain estimated parameters and residuals. The estimated residuals are

then redrawn with replacement to form a scrambled residuals series which is

then used with the estimated parameters to form new representative series for

15Sweeney (1986), Levich and Thomas (1993) and Neeley (2001) use static CAPM models
to calculate risk adjusted returns for their strategies.

16Brock, Lakonishok and LeBaron (1992) were the �rst to incorporate bootstrap method-
ology in evaluating technical trading rules. Please read their paper for a more formal and
detailed explanation of the bootstrap method.
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the given null model. Each of the simulations is repeated 500 times to form

new simulated series for each for the ten size deciles. Let us consider the case

in which we �t an AR(1) model to the smallest size decile return series from

1963-2002:

rt = a + ρrt−1 + ε

where | ρ |< 1, rt is the return on day t and t is i.i.d. We estimate the

parameters (a,ρ) and residuals et for the above model. We then re-sample with

replacement, the residuals et generated from the series and compute the �tted

return series for that decile. This completes one simulation for the smallest

decile. We repeat this procedure 500 times to generated 500 simulated series

for each of the ten deciles.17

Similarly we �t the following simple GARCH-M (1,1) model:

17Brock et al. (1992) show that incremental bene�t of increasing the number of simulations
beyond 500 is low and the results are invariant to number of simulations beyond 500. We
�nd similar results even when we increase the number of simulations to 2000.
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ht = α0 + α1ε
2
t−1 + βht−1

et = h
1/2
t zt

z ∼ N(0, 1)

where the residual, εt, is conditionally normally distributed with zero

mean and conditional variance, ht, and its standardized residual, zt, is i.i.d.

N (0,1). The conditional returns in the above model are a linear function of

the conditional variance ht and this speci�cation of the conditional variance

captures the stylized fact - periods of high (low) volatility are likely to be

followed by periods of high (low) volatility. This is a very popular speci�cation

in �nance literature as it allows volatility to change over time and the expected

returns are a function of volatility.

We also �t an EGARCH model as it designed to capture the fact that

negative returns are generally followed by larger volatility than positive re-

turns. The EGARCH (1,1) model is speci�ed as:
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rt = a + γeht + εt

ht = α0 + g(zt−1) + βht−1

g(zt) = θzt + ω(| zt | −(2/π)1/2)

εt = e(1/2)htzt

z ∼ N(0, 1)

Again, we �t the model to the data and estimate parameters and resid-

uals and generate simulated EGARCH return series for all ten size deciles.

Using the simulated return series from each of the three models we then expo-

nentiate back to obtain a simulated index level series for the ten size deciles.

We apply the DMA trading strategy to each simulated series and compute

pro�ts and the Sharpe ratios. We then construct the empirical distributions

of 500 simulated Sharpe ratios averages of the trading strategy for each decile.

The fraction of the 500 simulations which generate an average Sharpe ratio

larger than that from the original series is considered as the simulated p-value.

The results indicate that the average Sharpe ratio for the DMA strategy for

the largest decile is not signi�cant under all three models.

In Table 15, the simulated p-value from the AR(1) model is 0.882 which
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means that 88.2% of the 500 simulated Sharpe ratios are greater than the

original Sharpe ratio obtained by using the DMA strategy on the largest decile

stocks. On the other hand, the simulated p-values for the �rst eight deciles

are zero which con�rms that the AR(1) process cannot explain the returns

generated by the DMA strategy. The GARCH-M and the EGARCH model

p-values are 0.07 and 0.056 respectively for the large decile stocks and are

zero for the smaller stocks. This con�rms that the equilibrium time-varying

expected return models do not explain the returns generated by the DMA

strategy for the small & medium sized stocks.

2.4.6 Adjustment for Nonsynchronous Trading

So far from the results we have seen that the predictive power of the

DMA trading strategy is quite strong for the small and medium size stocks.

It could be that this predictability is driven by the fact that smaller stocks

are not frequently traded and this induces a spurious positive correlation in

returns. Scholes and Williams (1977) show that if the securities making up

the portfolio are not traded simultaneously, then positive serial correlation in

the portfolio returns are likely to be observed. Indeed, news that potentially

a�ects all of the stocks in the portfolio may a�ect the stocks making up the

portfolio at di�erent dates, depending on the �rst date of trade after the news

is released. Thus nonsynchronous trading is the tendency for prices recorded

at the time of trade to represent the outcome of transactions that occur at

di�erent points in time for di�erent stocks. Nonsynchronous trading is widely
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recognized as a source of auto-correlation in portfolio returns which are an

artifact of the data sampling process that has no economic meaning. Since the

technical trading strategies rely on positive serial correlation, their predictive

power may re�ect return measurement errors. To investigate this possibility

we evaluate all the results by introducing a lag of 'n' days where returns to the

DMA strategy are measured beginning with return 'n' days after the buy/sell

signal is given. If the smaller stocks trade every other day, then a one-day lag

would be su�cient. Bessembinder and Chan (1995, 1998) implement a lag of

1 day and compute their results. This paper uses lags that range from 1 to

10 days and it seems to be a reasonable assumption that each stock trades

at least once every 10 days. We assess the performance of the DMA strategy

(imposing short sale constraints) when the lags are introduced.

The results are presented in Table 16. Panel A shows the average

Sharpe ratios associated with the DMA strategy for each decile. Lag n means

that a trading lag of n days has been introduced between the date when the

DMA signal was given and the actual date when the trade was implemented.

To save space, the Sharpe ratios are shown for lags 1, 5 and 10 and when

short sales constraints are imposed. Results are similar for the DMA strategy

with all lags up to ten and when no short sale constraints are imposed. We

can clearly see that the results are consistent for all lags i.e. Sharpe ratios are

decreasing as size decile is increasing. When we impose higher lags, holding

size constant, the Sharpe ratio decreases from 2.24 to 1.39 for the smallest

stocks at a lag of 10 days. Panel B shows the average break-even transaction
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costs associated with the DMA strategy for each decile. The break-even costs

are the highest when no lags are imposed and decrease in magnitude as we

impose higher lags. They are almost 3.46% for the smallest stocks and holding

size constant, they decrease to 1.13%. Thus we can conclude that even after

correcting for nonsynchronous trading up to 10 days, the results still hold but

with smaller magnitude.

Figure 6 plots the Sharpe ratios after adjusting for nonsynchronous

trading for lags of 1, 5 and 10 days. We can see that the Sharpe ratios are

the highest for a lag of one day and as we increase the lags, the Sharpe ratios

decrease in magnitude. Thus we can clearly see in �gure 6 that the Sharpe

ratios decrease with size even after adjusting for nonsynchronous trading.

2.5. Conclusion

Academic literature has been inconclusive about the value of techni-

cal analysis. Various studies have found that technical trading rules are not

pro�table after considering transactions cost. These studies have mainly been

conducted on market indices consisting of large stocks which are widely fol-

lowed by the investors and hence more e�ciently priced. Not much has been

said about the behavior of technical strategies across various market segments

based on size. This paper investigates whether the returns to technical trad-

ing rules vary with size or market capitalization of the �rm. Noisy rational

expectation models show that current prices need not be fully revealing as

certain market segments remain susceptible to information asymmetry and
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supply uncertainty. Blume, Easley, and O'Hara (1994) develop a model where

investors learn from both past price and volume. They show that traders who

use information contained in market statistics do better than those who don't.

They conclude that the value of technical analysis is decreasing in precision

of all traders initial prior about asset value and that technical analysis maybe

more appropriate for small or less widely followed stocks. This paper evaluates

the value of technical trading rules across market segments based on size us-

ing the ten size deciles index data from 1963-2002. We extend the evaluation

of these strategies to market capitalization segments or size segments which

proxies for di�erences in information quality. Large �rms typically have richer

information available to investors than smaller �rms.

This study provides empirical evidence that returns to technical trading

strategies do vary across �rm with di�erent market capitalization values. Even

after adjusting for aggregate risk factors such as market, size, book-to-market,

momentum and liquidity, small stocks earn excess returns to the extent of

1.7 % per month on average. For large stocks, technical trading strategies do

not earn excess returns over a buy & hold strategy. The results are robust

even after accounting for time varying expected returns, transactions costs

and nonsynchronous trading.

Summing up, this paper supports the hypothesis of the Blume, Easley

and O'Hara (1994) model that technical analysis may be more appropriate for

smaller stocks than larger stocks. We use the most simple and widely used

technical trading strategy. We do not consider other elaborate and complicated
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trading rules which might be able to generate even larger returns. A future

direction of work would be to try to explain why the DMA strategy works

and what are the risks taken by a technical trader implementing these rules.

It will be interesting to study if this strategy captures some sort of investor

irrationality.
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Chapter 3

Stock Price Volatility When Investors Have

Rational Expectations

3.1. Introduction

If markets are e�cient, the fundamental value of a stock is the present

value of expected cash �ows to investors. It has been observed through casual

observation and through rigorous academic studies that the prices of stocks

�uctuate by amounts much larger than its fundamental value. Earlier studies

de�ne a stock's fundamental value as the price derived from the Present Value

Relation (PVR) model.

Do these large changes in stock prices really re�ect information about

important changes in the fundamentals of the underlying companies? Acad-

emics have debated for over two decades whether stock price volatility re�ects

rational responses to changes in fundamentals or they re�ect pervasive irra-

tional market forces. Leroy and Porter (1981) and Shiller (1981) were among

the �rst to investigate stock price volatility. They examined volatility of actual

stock prices implied by the PVR model by using variance bound tests. They

rejected the e�cient market hypothesis because the stock prices appeared to be

too volatile to be determined by discounted value of expected cash dividends.
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Shiller's argument is built on three critical assumptions: (a) ordinary

(cash) dividends are a good proxy for investors' total payo�; (b) the discount

factor (real interest rate) is constant; and (c) real dividends are stationary

around a historical trend. Research subsequent to Shiller's seminal work �nds

that the above assumptions are largely responsible for the conclusion that US

stocks are excessively volatile.

For the empirical tests to make any meaningful sense, it is critical how

dividends are de�ned. In these empirical studies, dividends are de�ned as divi-

dends or cash �ows received by shareholders as ordinary cash dividends. These

de�nitions are narrow in the sense that they do not consider cash distributed

through share repurchases and cash payments in mergers and acquisitions.

Moreover, these alternative sources of cash �ows to shareholders are particu-

larly evident after 1970 when Shiller's results are particularly compelling. To

address the �rst criticism of ordinary dividends not being a good proxy for in-

vestors' cash �ows, Ackert and Smith (1993) construct a broader de�nition of

dividends. Using data for Canadian �rms from Toronto Stock Exchange, they

construct a dividend measure that includes cash �ows from share repurchases

and takeover distributions. The results of their variance bound tests are un-

able to reject the PVR model and the hypothesis that markets are excessively

volatile. Kleidon (1986) concludes that aggregate dividend smoothing by com-

panies might be an explanation of apparent excess stock price volatility. In

other words, dividend payments are too smooth compared to the stock price

volatility.
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Shiller assumes a constant discount rate present value model. Sev-

eral researchers such as Flavin (1983), French et al., 1987, Fama (1991) and

Cochrane (1991) suggest that a time-varying discount rate could also explain

some of the excessive volatility in stock prices. Following research has con-

cluded that it is doubtful that time-varying discount rates can explain the

volatility puzzle. Campbell and Shiller (1988) derive a log-linear dividend-price

ratio model that allows for the role of a time-varying real discount rate. Even

under alternative measures of the discount rate, they �nd that stock prices

are too volatile to be compatible with market fundamentals. West (1988b)

concludes that it is di�cult to attribute the excess variability to variations in

the discount rates.

Marsh and Merton (1986), and Kleidon (1986b) challenge the station-

ary assumption of stock prices and dividends. Responding to this criticism,

Campbell and Shiller (1987) incorporate the stationarity requirement, as well

as any possible co-integration between stock prices and dividends, but still

report persistent deviations from the rational behavior implied by the PVR

model. Flavin (1983), Kleidon (1986a), and Mattey and Meese (1986) argue

that Shiller's tests are plagued by small sample bias.

Fama (1970) argued that the tests of market e�ciency also jointly test

the null hypothesis about equilibrium model generated the asset returns. So

it is possible that the PVR model is not correctly speci�ed in equilibrium. As

Dumas (2003) notes:

�Another potential explanation (of the volatility puzzle) is that �nancial
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markets are vastly incomplete, i.e. some dimensions of risk, such as the risk

of a person's future labor income or risk of future housing prices, in practice

cannot be traded. In that case, investors' private valuation of non-traded

securities rocks the boat of traded prices.�

Rao (2005) addresses the issue of non-traded securities on stock value

raised by Dumas (2003). He arguments are consistent with Cochrane (2001)

that the PVR does not assume rational expectations, and because it only

pertains to markets that have reached equilibrium, it can yield prices that

are inconsistent with e�cient markets. He relaxes two assumptions in the

Modigliani-Miller (1958) framework, namely: i) the �rm has operating risk

(de�ned as a positive probability of negative earnings) ii) at least one of the

�rm's operating contracts is nonsecuritizable (cannot be traded like securities).

His central claim is that a rational expectations equilibrium, in an econ-

omy with operating risk and non-traded contracts, places a restriction on the

�rm's assets structure. Adequate risk-less capital (cash) is required to ensure

that all contracting is e�cient and that an equilibrium exists. Cash is thus

critical if prices are to re�ect rational expectations. Operating risk and cash

thus enter into the value theory, and they alter investors' payo� expectations.

He goes on to derives a �rational expectations present value relation�,

REPVR, in which equilibrium stock prices are the present value of investors'

�rationally expected dividends�, de�ned as their expectation of the �rm's net

operating income less any necessary incremental investments in cash. The

paper claims that the excess volatility puzzle may well be an implication of,
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rather than a departure from rational pricing.

This essay uses the rational expectations present value model (REPVR)

to re-examine the excess volatility puzzle. It employs the Shiller (1981) test

using rational expectations present value relation model (REPVR). This paper

shows that the results of the variance-bound tests of stock price volatility

are sensitive to the de�nition of cash �ows relevant to investors. Rationally

expected dividend captures movements in stock prices better than the narrow

de�nition of cash �ows (cash dividends only) used in earlier studies. The ex-

post rational price from the REPVR model is almost three times as volatile

as that of the PVR model.

The rest of the chapter is organized as follows. Section 2 brie�y dis-

cusses the related literature and Section 3 describes the REPVR model. The

data, empirical methodology and results are described in Section 4 and Section

5 concludes.

3.2. Related literature

Using the S&P 500 composite stock index and the DJIA over the annual

period 1871-1997, Shiller (1981, 2000) �nds that stock prices are more volatile

than implied by the simple present value relations (PVR) model. He calculates

real dividends and stock prices by detrending these series to remove an assumed

constant geometric growth factor. Shiller uses the PVR model to estimate the

real stock market value, Pt, in terms of the present value of expected real

dividends:
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Pt =
∞∑

k=0

γk+1Et(Dt+k) (1)

where Dt is the real dividend paid at time t, Et denotes expectations

operator conditional on information available at time t, and γ is the constant

real discount factor such that 0 < γ < 1. The constant required rate of return,

r, is de�ned such that γ = 1
1+r

.

Shiller detrends the price, Pt, and the dividends, Dt, series by removing

the long run growth rate. He uses a long run growth factor, γt−T = (1+g)t−T ,

where g is the growth rate and T is the base year. In order to estimate the

growth rate, Shiller regresses the natural log of price on an intercept and time

trend:

ln(Pt) = a + bt + εt (2)

and setting the constant real discount factor, γ = eb. The real price is

adjusted for growth using the growth factor such that:

pt =
Pt

λt−T
=

Pt

(1 + g)t−T
(3)

where λt−T = (1 + g)t−T and real dividends are similarly computed as:

dt =
Dt

λ
=

Dt

(1 + g)t−T
(4)
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Substituting equations (3) and (4) in the present value model equation

(1) yields the dividend discount model in real growth adjusted terms:

pt =
∑∞

k=0(λγ)k+1Et[dt+k]

=
∑∞

k=0 γk+1Et[dt+k] (5)

It is important that growth rate g should be less than the discount

rate r to ensure that equation (5) gives a �nite price. In order to achieve

this Shiller de�nes r by de�ning γ ≡ 1
(1+r)

, and therefore γ = λγ < 1. This

discount rate, r, which is used to detrended the real price and real dividend

is nothing but the unconditional mean dividend divided by the mean price.

Taking unconditional expectations on both sides of equation (5) gives

E(p) =
γ

1− γ
E(d) (6)

The discount rate, r, can now be written as r = E(d)
E(p)

, using the de�n-

ition of γ ≡ 1
(1+r)

. Thus r is a ratio of average growth adjusted real dividend

to the mean growth adjusted real price.

Shiller also considers using an alternative model where price is stated

in terms of ex-post rational price series p∗t

p∗t = Et(p
∗
t ) where p∗t =

∞∑
k=0

γk+1dt+k (7)
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Shiller notes that since the summation in the above extends to in�nity,

p∗t is observed with some error but with a long enough series we may observe

an approximate p∗t . In order to compute the present value of dividends for

any year, the dividend process is estimated recursively by taking the average

growth adjusted real price from the full sample. In other words, one sums over

each subsequent year the present value for the given year of the real dividends

paid in that subsequent year. The present discounted value in the given year

of a real dividend paid in a subsequent year is the real dividend discounted by

γ. Thus the price, p∗t , is computed beginning with the most recent observation

and solving recursively back to get the �rst observation. At time t, the present

value of the sum of next period price and dividend is given as:

p∗t = γ(p∗t+1 + dt) (8)

Since we do not know what the dividends will be after the latest year for

the which data are available, Shiller makes an assumption about the terminal

value. He assumes that real dividends will grow from 1.25 times their latest

dividend value. 1

If we assume that markets are e�cient then, pt is the optimal forecast

of p∗t . In other words, pt = Et(p
∗
t ) where pt is the mathematical expectations

conditional on all information available at time t of p∗t . The forecast error,

1Shiller (2000) argues that the 1.25 factor makes a rough correction for dividend payout
ratios as a fraction of the ten-year moving average earnings. He also argues that as we move
back from the terminal date, the importance of terminal value chosen declines.
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ut, is de�ned as ut = p∗t − pt; where utmust be uncorrelated with the optimal

forecast. Since the variances of two uncorrelated variables is the sum of their

individual variances, we get:

var(p∗t ) = var(ut) + var(pt) (9)

As variance cannot be negative, Shiller provides a lower bound for vari-

ance given below:

σ(pt) ≤ σ(p∗t ) (10)

Shiller uses two de�ated stock price index data sets that contain annual

observations of the S&P 500 composite index and the DJIA and corresponding

cash dividends from 1871-1979.

In �gure 7, the dark line (P) indicates the actual behavior of S&P

500 index2 and the dotted line (P* ), the ex-post rational price, indicates the

present value of the actual subsequent dividends. It can be clearly seen from

�gure 7 that P �uctuates much more than the fundamental value P*. He

concludes that stock prices are �too volatile� to be justi�ed by subsequent

dividends. Shiller (1981) and Campbell-Shiller (1988) postulate that some

2Shiller (1981) also used DJIA index for the same time period and his results are very
similar.
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�non-fundamental� factors may be behind the observed behavior of the mar-

ket3.

His seminal work on stock price volatility generated a lot of academic

interest. These papers questioned Shiller (1981) results by criticizing his as-

sumptions about using constant discount rate, stationarity of dividends and

using ordinary cash dividends as a proxy for investors' total payo�. Ackert

and Smith (1993) shows that the results of the variance-bound tests depend

on how cash investors' total payo�s are measured. When they use a broader

dividend measure as a proxy for investors' total payo�, they are unable to

reject the hypothesis of market e�ciency. Shiller (1981) and West (1988b)

conclude that it is doubtful that time-varying discount rates explain the ex-

cess volatility. Barsky and DeLong (1993) �nd that a non-constant dividend

growth rate captures much of the stock prices variation. Kleidon (1986a) and

Merton and Marsh (1986) argue that dividends are non-stationary and Shiller's

results should be viewed with caution. Campbell and Shiller (1988) respond

to this criticism by incorporating the stationarity requirement and still re-

port persistent deviations from prices implied by the PVR model. Gilles and

LeRoy (1991) conclude that stationarity of the dividend process alone cannot

adequately explain the magnitude of deviations from rational price.

The above discussion suggests that the present value model is unable

to capture much of movement in stock prices. So we can conclude that either

3Lee (1998) argues that non-fundamental factors may include noise, feedback trading, or
irrational expectations.
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the markets are ine�cient or we need a better model than the PVR. It could

be that the stock prices delivered by the PVR model is not able to capture all

the information available. We need a model that incorporates a bigger set of

information that is available to investors'. So, what information do investors'

use in forming expectation about future payo�s? What implications does this

have for PVR and market e�ciency?

3.3. The �Fundamental� Value of the Firm

Rao (2005) states that extant stock-pricing models have not been de-

rived from the assumption that investors have rational expectations. They rest

on the far less-restrictive assumption that investors are rational and that prices

are such that there are no arbitrage possibilities. Asset prices are currently

based on the present value relation, PVR, which does not assume rational ex-

pectations.4 Thus, it is unlikely that no-arbitrage prices can play the routinely

assumed information and allocational role in the economy. Because the PVR

is not derived from a theory of rational expectations, he argues that tests of

market e�ciency based on the PVR are handicapped; they are unlikely to be

supported by the evidence.

4Rao (2005) notes that the justi�cation for the view that the PVR yields economic values
is the assumption that an accounting identity links the �rm's dividends to its fundamentals.
Whereas it is an accounting identity that is used to justify the discounting of dividends
to �nd fundamental values, the perpetual �rm assumption, makes the accounting identity
unimportant. The perpetuity assumption is a substitute for the assumption that the �rm's
sources and uses of funds are always equated, independent of the �rm's operating successes
or failures. The perpetual �rm can overcome all operating losses with �nancing decisions,
and operating risk thus becomes irrelevant for stock-pricing.

86



The PVR simply states that stock price is the discounted value of ex-

pected dividends. In his paper, Rao asks an important question: what sug-

gests that the above procedure will yield the �rm's �fundamental� or �intrinsic�

value?5

According to the PVR, the no-arbitrage value of the �rm Vt given in-

formation set Φ is:

Vt|Φt =
∞∑

n=1

Et[d̃t+n|Φt]

(1 + r)n
=

∞∑
n=1

Et[(X̃t+n − Ĩt+n + F̃t+n)|Φt]

(1 + r)n
(11)

where the �rm's cash dividends dt, equal operating income Xt (revenues

minus operating expenses), less any investments It, plus any new security

issues, Ft.

It is important to note here that in the PVR, equation (11), only the

�rm's �nancial risk matters for stock prices; it a�ects the denominator and

that the �rm's operating risk is irrelevant. Also, it assumes that the �rm

exists in perpetuity which implies that the �rm's sources and uses of funds are

always equated, independent of the �rm's operating successes or failures. In

5Dividends can be manipulated by management via share repurchases, deferral of in-
vestments, etc. Campbell (2000) reminds us, discounting dividends can still yield the �rm's
economic value. Dividends, stock returns, earnings, and market prices are linked through an
accounting relationship: the cash �ow identity. The cash �ow identity equates the sources
and uses of cash. Attempts by management to arti�cially boost dividends today will in-
evitably result in lower dividends in the future. Presumably, the level of dividends today is
eventually re�ected in investors' expectations about future dividends. The cash �ow iden-
tity constrains the relationship among the �rm's investment and �nancing details. It maps
earnings information into the dividends space, and justi�es the dividends-discounting model.
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cases of losses, the perpetual �rm can overcome all operating losses by issuing

securities, and operating risk becomes irrelevant in stock-pricing theory. The

perpetuity assumption makes the valuation equation tractable but at the cost

of losing important economic details.

3.3.1 REPVR Model

Rao (2005) shows that for a �nite-lived �rm with operating risk, the

pricing kernel can be unde�ned and the PVR can lose its economic signi�cance.

To preclude the possibility of �unde�ned pricing kernels� in the asset-pricing

theory, his paper identi�es the additional economic structure that must be

included in the valuation framework to ensure the existence of a strictly pos-

itive stochastic discount factor (SDF). The solution to the unde�ned kernel

problem is that the �rm must maintain adequate cash to internalize its oper-

ating risk. This additional economic structure yields a �rational expectations

present value relation� (REPVR).

His paper derives the REPVR by modeling the investors' expectations-

formation mechanism and the stock price-discovery process. He argues that

the e�cient markets hypothesis is a joint restriction on investors' information

sets, expectation, and valuation model and that the absence of arbitrage is a

necessary, but not su�cient condition, for market e�ciency. He derives stock

prices that satisfy the assumptions required to justify market e�ciency. First,

the investors' information set is speci�ed and it is assumed that investors

know that the �rm: a) has operating risk (a positive probability of negative
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operating income), b) has outstanding non market-traded contracts, c) has a

�nite life and d) operates in a competitive economy.

The paper then derives investors' expectations endogenously, and shows

that in a rational expectations equilibrium (REE ), stock prices are the present

value of �rationally expected dividends�, de�ned as the expectation of the �rm's

net operating income less its (necessary) incremental investments in cash (risk-

less capital ).

According to the REPVR, the rational expectations equilibrium value

of the �rm, V e
t , given information set Ω is:

V e
t |Ω =

N |Ω∑
n=1

Et[d̃
e
t+n|Ωt]

(1 + rs)
=

N |Ω∑
n=1

Et[X̃t+n − Ĩt+n + F̃t+n −∆L̃t+n|Ωt]

(1 + rs)n
(12)

where, Et[d̃
e
t+1|Ωt] is the �rationally expected dividends�, which equals

operating income Xt (revenues minus operating expenses), less any investments

It, plus any new security issues, Ft, ∆L̃t = L̃t −Lt−1 is the �rm's incremental

time t investment in cash.

Note that the numerator of the REPVR, includes the �rm's incremental

investment in cash, is a consequence of the �rm's operating risk. The �rm's

operating risk, a�ects stock prices through the cash�ow distributed to secu-

rity holders. Also note that N < ∞ is the �rm's longevity (economic life),

conditional on the information in Ω.

Rao (2005) shows that the REE stock price, V REPV R
t |Ωt, is the sum of
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the no-arbitrage PVR stock price, plus an additional term that is a rational

expectations equilibrium correction. This correction term must be eliminated

in the stock-pricing theory.

V REPV R
t |Ωt = V PV R

t |Φt + ut (13)

He shows that the REE stock price (13) reduces to6

V REPV R
t |Ωt = V PV R

t |Φt + Lt (14)

which is the value of the stock implied by the PVR, plus a strictly

non-negative term that is an adjustment for the �rms operating risk. The

error term in (13) is �internalized� by the �rm's current cash position. Lt, the

amount of cash held by the �rm at time t, can be thought of as the cost of self-

insurance against operating risk. He concludes that investors' expectations

cannot be rational and prices cannot be informationally e�cient unless the

�rm maintains adequate cash.

An important empirically testable implication of Rao (2005) model is

that REPVR prices explain actual stock prices better than PVR model. It

follows from (13) and (14) that:

V REPV R
t |Ωt ≥ V PV R

t |Φt (15)

6Please see Rao (2005) for a complete derivation of this result.
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Implication: REPVR stock prices are higher than PVR prices.

The volatility of equilibrium stock prices is shown to be equal to the volatility

of stock prices implied under the PVR plus the variance of the �rm's cash

holdings.

σ2[V REPV R
t |Ωt] = σ2[V PV R

t |Φt] + σ2(ut) = σ2[V PV R
t |Φt] + σ2(Lt) (16)

Assuming that the �rm's cash position changes over time, it follows

trivially from (16) that

σ[V REPV R
t |Ωt] ≥ σ[Vt|Φt] (17)

Thus, we have:

Implication: REPVR stock prices are more volatile than PVR

prices.

3.4. Empirical Evidence

To test the ability of the REPVR model to explain the variation in

stock prices, this study uses data over the time period 1951-2003 from the fol-

lowing sources. The value-weighted NYSE/AMEX/NASDAQ is obtained from

CRSP stock index �le. The accounting variables data comes from COMPUS-

TAT annual industrial �les and for the period. These data include survivors
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and non-survivors that appeared on COMPUSTAT at any time in the sample

period. This study excludes �nancial �rms, with Standard Industrial Clas-

si�cation (SIC) codes between 6000 - 6999, because their business involves

inventories of marketable securities that are included in cash, and because of

their need to meet statutory capital requirements. This study also excludes

utilities (SIC codes between 4900 - 4999), because their cash holdings can be

subject to regulatory supervision in a number of states.

The �rm's net new �nance issuance could come from many sources

that includes retained earnings, new bank debt net of retirements, public and

private debt issues net of retirements, and public and privately placed equity

issues net of repurchases. Since all this data are not easily available to con-

struct an ideal measure for this time period, this paper uses the Baker and

Wurgler (2000) data series of net equity and debt issues. They construct the

net equity issues and the net debt issues from the Federal Reserve Flow of

Funds (various issues).

The empirical methodology this paper follows is closely related to the

Shiller (1981 and 2000). Shiller uses ordinary cash dividends for the S&P 500

and DJIA stock indicies. This paper uses rationally expected dividends on the

entire universe of stocks listed on NYSE, AMEX and NASDAQ. The �rst step

would be to empirically construct the dividend measure. It may be recalled

that rationally expected dividends, de
t , are de�ned as:

de
t = Xt − It + Ft −∆Lt (18)
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which equals operating income Xt (revenues minus operating expenses),

less any investments It, plus any new security issues, Ft, ∆Lt = Lt − Lt−1 is

the �rm's incremental time t investment in cash.

Firm level data for operating income (Xt), investments (It) and changes

in cash (∆Lt) are available on COMPUSTAT annual research �les. This data

is aggregated across all �rms at each time period. Using COMPUSTAT data,

operating income, Xt is computed as operating income before depreciation

(data item 13), minus interest expenses (data item 15), minus total income

taxes (data item 16). Cash and Short Term Instruments (data item 1) is used

to compute changes in cash (∆Lt) and capital expenditure (data item 128) is

used as a proxy for Investments, It. All the variables of interest are trimmed

at the 1% and 99% levels to reduce the in�uence of extreme observations.7

Similar to Baker and Wurgler (2000), the annual data for aggregate net

new issuance (Ft) comes from the Federal Reserve Flow of Funds. In order to

make a comparison with Shiller (1981, 2000), common dividends (data item

21) are aggregated across all �rms each year to construct the cash dividend

series.8 Data on consumer price index (CPI), real one year interest rate and

real per capital consumption is from the data �le available at Robert Shiller's

7Using di�erent cuto� levels such as 5% and 95% do not in�uence the results found in
this study.

8Note that Shiller (1981) uses the S&P 500 composite index and the DJIA index in his
study. So the cash dividends he uses in his study comprises only of those �rms that appear
in the stock indices, where as this study considers the entire universe of stocks listed on
NYSE, AMEX and NASDAQ.
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website.9 To construct real annual stock prices and dividend, the price series

and dividend series are adjusted for in�ation with the CPI. The real values

are computed taking 2003 as the base year and scaling the dividends and price

series. Thus we have real price, pt = Pt
πb

πt
and real dividend, dt = Dt

πb

πt
where

πb is the in�ation index during the base year and πtis the in�ation index in

year t.

Table 17 reports summary statistics for the dividend and price series.

The table includes the mean, median, standard deviations, minimum and max-

imum values of real stock prices, real common dividend and real rationally

expected dividend series. Real common dividends are smoother than real ra-

tionally expected dividends. The real dividend series has a higher mean than

the real rationally expected dividend and it is less volatile. The dividend yield

(dt

pt
), when common dividends are used, is approximately 2.12% and is around

1.6% when rationally expected dividends are used.

Next, the present value of rationally expected dividend (p∗t ) and ordi-

nary dividends is constructed a la Shiller (1981, 2000) mentioned in Section

2. The present value for each year of real dividends paid subsequent to year

t is computed by making an assumption about the terminal value. In order

to compute the present value of dividends for any year, the dividend process

is estimated recursively by taking the real price from the full sample as the

present value of dividends at the end of the sample. The present discounted

9I thank Robert Shiller for making this data available on his website
http://www.econ.yale.edu/~shiller/data.htm
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value, p∗t , in the given year of a real dividend paid in a subsequent year is

the real dividend discounted by γ, the unconditional discount factor de�ned

earlier.

Thus the REPVR based price, p∗t , is computed beginning with the most

recent observation and solving recursively back to get the �rst observation. At

time t, the present value of the sum of next period price and dividend is given

as p∗t = γ(p∗t+1 + dt)

Since we do not know what the dividends will be after the latest year

for the which data are available, this study makes an assumption about the

terminal value as in Shiller (2000). He assumes that real dividends will grow

from 1.25 times their latest dividend value.10 Assuming 2003 to be the base

year, the present value of rationally expected dividends for year 2002 is p∗2002 =

γ(p∗2003 + d2002). The entire present value series p∗t is computed by solving

recursively back to the �rst observation. In order to make a comparison with

the present value of rationally expected dividends, a similar series of present

value of ordinary dividends, p∗pvr,t is computed using the above method.

Figure 8 plots the time series of real market values pt, REPVR based

prices p∗t , and PVR based prices p∗pvr,t for the time period 1951-2003. It can

be clearly seen in the �gure that movement in market values of stocks are

captured better by the REPVR based prices p∗t than PVR based prices p∗pvr,t.

10Thus price p∗2003, in the base year 2003 is computed as p∗2003 = d2003∗1.25(1+g)
r−g where

g is the average dividend growth rate of the rationally expected dividends and r is the
unconditional mean return of the market.
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The ex-post rational PVR price series, p∗pvr,t is very smooth and stable when

compared to the actual price series pt. This discrepancy is even more apparent

in the time period following 1990 where the stock market rallied up to a peak

in the year 2000 and then came sharply down the following two years. The

common dividend based PVR price series fails to capture the sharp increase

and decline in stock values. As Shiller (2000) quotes: � The spike in price

(1990-2000) alone only deepens the excess volatility puzzle and requires that

dividends will have to move much farther indeed if their movements are to

save the simple e�cient markets (PVR) model�

The REPVR based price, p∗t incorporates information about the ad-

ditional economic structure, namely non-traded securities and operating risk,

than the PVR model. Thus, as hypothesized, �gure 8 shows that the REPVR

model does as much better job in capturing the stock market movement.

Following Shiller (2000), this study also constructs two additional al-

ternative measures of ex-post rational REPVR prices that incorporate real

interest rates and and real per capital consumption. Assuming 2003 to be the

base year, real interest based REPVR prices, p∗ι,t, for year 2002 is:

p∗ι,2002 =
(p∗ι,2003 + d2002)

ιt + r − ι + 1
(19)

where ιt is the real interest rate at year t and ι is average real interest

rate. The entire present value series p∗ι,t is computed by solving recursively

back to the �rst observation. The results are presented in �gure 9. Even
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when an alternative real interested based REPVR prices, p∗ι,t is used one can

conclude that it captures the movement in market values of stocks better than

PVR based prices p∗pvr,t.

Finally, this study constructs an alternative REPVR measure based on

real consumption growth. Assuming 2003 to be the base year, real consump-

tion based REPVR prices, p∗c,t, for year 2002 is:

p∗c,2002 =
(p∗c,2003 + d2002)

ct + r − c + 1
(20)

where ct is the real per capital consumption at year t and ι is average

real per capital consumption. The entire present value series p∗c,t is computed

by solving recursively back to the �rst observation and the results are pre-

sented in �gure 10. The alternative real consumption based REPVR prices,

p∗c,t captures the movement in market values of stocks better than PVR based

prices p∗pvr,t.

Table 18 presents estimates of parameters that are used to compute

the fundamental stock price, p∗ from the REPVR and PVR models. E(p) is

the real average stock market value, E(d) is the real average dividend, r is the

discount rate, g is the geometric average dividend growth rate, Corr (p*,p) is

the correlation coe�cient and σ denotes standard deviation. The parameter

estimates are similar to that found in the related literature. The discount

rate r or the annual unconditional mean return on the stock market is at 6%

and the annual dividend growth rate g is at 3%. The correlation between the
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real stock market value, p, and the prices delivered by REPVR is strong at

90% whereas with PVR prices it is at 84%. The core result of the paper is

that the rationally expected dividend is more volatile than the cash dividends

as hypothesized. As is clearly seen on the table, the volatility of rationally

expected dividend is 50% more than the volatility of cash dividends. Even

though the stock market volatility is higher than the ex-post rational prices,

it is important to note that the volatility of prices delivered by REPVR is

almost three times more than the volatility of PVR prices.11 All this seems

to suggest that REPVR model captures the movement of stock prices better

than the PVR model.

3.5. Conclusion

Leroy and Porter (1981) and Shiller (1981) were among the �rst to

test the e�ciency of markets by using a PVR model to investigate stock price

volatility. But Ackert and Smith (1993) argue that these results can be ex-

plained as being rational if dividends are rede�ned to include not just cash

payments to investors but also share repurchases and takeover distributions.

Extending this line of reasoning, Rao (2005) constructs the REPVR model

and shows that dividends, in equilibrium, must be rede�ned. Dividends are

11Note that these di�erences are statistically signi�cant when computed as a one-tailed
F test for di�erence in variance. This study does not implement West (1988b) variance
bound test statistic as it would require a long time series. West's test statistic would require
estimating over 16 parameters and would consume a lot of degrees of freedom which does
not seem feasible given a relatively short time series of 50 years of data.
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the �rm's net operating income less what the �rm pays itself through any

necessary incremental investments in cash. He shows that the volatility of

equilibrium stock prices is equal to the volatility of stock prices implied under

the PVR plus the variance of the �rm's cash holdings.

Viewed in this light, the REPVR suggests that the excess volatility

puzzle may well be an implication of, rather than a departure from, irra-

tionality. Excess volatility may stem from a failure to model the economic

structure that is a precondition for the existence of a rational expectations

equilibrium.This may explain Shiller's (1981) �ndings of excess volatility in

observed stock prices.

This study employs the Shiller (1981, 2000) test using the REPVR

model and shows that the results of the variance bound tests of stock price

volatility are sensitive to the de�nition of cash �ows relevant to investors. The

results presented in this study shows that using a simple REPVR model with

constant discount rates and growth rates captures the stock market movements

better than the popular PVR model. Ex-post rational prices that use ratio-

nally expected dividends, de�ned earlier, are almost three times more volatile

than when the narrow de�nition of cash �ows (cash dividends only) is used. A

more comprehensive REPVR model that incorporates changing discount rates

and growth rates could explain stock market �uctuations, but that is left for

future research.
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Table 1 
 Mean values of financial returns and firm characteristics for decile portfolios 

sorted by Operating Efficiency (η) 
Decile portfolios are formed monthly from 1963-2003 based on the ‘Operating 
Efficiency’ (η), of the previous fiscal year, with a minimum four month lag between 
fiscal year end and portfolio formation month. The table reports the mean values of 
financial returns and firm characteristics for the operating efficiency decile portfolios.  
η(t) is computed as the log of market of the firm minus total assets divided by cash held 
by the firm. ME ($M) is the market value of equity, BM is the ratio of the book value of 
equity divided by market value of equity, measured at fiscal year end. The past return 
variables used in this study are included to control for the 1-month short term reversal, 
12-month momentum effect, and 3-year contrarian (reversal) effect. Ret(t) is the current 
month return on the firm’s equity; Ret(-1:-1) is the return in the prior month t-1; Ret(-12:-
2) is the cumulative return from month t-12 through month t-2; and Ret(-36:-13) is the 
cumulative return from month t-36 through t-13.  
 
 

Decile η(t) ME ($M) BM Ret(t) Ret(-1:-1) Ret(-12:-2) Ret(-36:-13)

Lowest 0.45 259.041 0.84369 0.0174 0.0171 0.1200 0.0975
2 1.36 352.253 0.66918 0.0150 0.0146 0.1168 0.1974
3 2.38 387.984 0.57148 0.0137 0.0140 0.1350 0.3249
4 3.62 446.631 0.49969 0.0121 0.0115 0.1312 0.3806
5 5.27 561.435 0.44924 0.0102 0.0103 0.1332 0.4711
6 7.53 650.043 0.41619 0.0098 0.0093 0.1394 0.5505
7 11.05 731.986 0.39052 0.0079 0.0080 0.1530 0.6291
8 17.24 809.679 0.37326 0.0077 0.0073 0.1448 0.6426
9 31.03 891.885 0.35282 0.0062 0.0062 0.1314 0.6284

Highest 109.88 858.427 0.32038 0.0054 0.0052 0.1209 0.6728  
 

 

 101



 
Table 2 

 Industry composition for the decile portfolio sorted by Operating Efficiency 
Operating Efficiency is defined in table 1. The table reports percentage of the firms in each industry group for each operating 
efficiency decile. The percentiles are the averages across all sample years. The numbers in parentheses are the SIC codes for the 
respective industries.  
 

Industry Name
Lowest 2 3 4 5 6 7 8 9 Highest

Agriculture (0–999) 0.54% 0.34% 0.19% 0.29% 0.34% 0.22% 0.35% 0.33% 0.48% 0.47%
Mining & Construction (1000–1299, 1400–1999) 3.32% 3.93% 2.65% 2.65% 2.92% 2.83% 2.73% 3.07% 2.58% 2.64%

Food (2000–2111) 3.24% 3.52% 2.04% 1.91% 1.87% 2.30% 2.65% 2.70% 3.01% 3.25%
Textiles and Printing/Publishing (2200–2790) 12.14% 8.22% 3.99% 4.18% 4.81% 5.17% 5.24% 5.90% 5.98% 7.02%

Chemicals (2800–2824, 2840–2899) 1.93% 2.49% 1.60% 1.72% 2.38% 2.59% 3.14% 3.53% 3.87% 3.36%
Pharmaceuticals (2830–2836) 0.51% 0.69% 1.23% 2.70% 4.39% 5.54% 5.59% 5.03% 4.46% 3.19%

Extractive (1300–1399, 2900–2999) 3.42% 3.99% 3.14% 3.55% 4.07% 4.64% 4.99% 5.25% 5.91% 6.40%
Durable Manufacturers (3000–3569, 3580–3669, 3680-3999) 30.16% 26.55% 18.07% 19.52% 22.92% 24.00% 23.65% 24.15% 24.08% 22.56%

Computers (3570–3579,3670–3679, 7370–7379) 3.43% 5.86% 8.33% 10.46% 13.65% 14.26% 14.38% 13.00% 11.19% 9.68%
Transportation (4000–4899) 3.76% 5.03% 3.83% 4.45% 4.84% 5.01% 5.01% 5.11% 5.22% 7.19%

Utilities (4900–4999) 6.01% 3.73% 2.03% 2.19% 2.62% 3.02% 3.29% 4.18% 4.91% 5.64%
Retail (5000–5999) 15.05% 14.47% 7.66% 7.93% 8.81% 9.47% 10.19% 10.45% 11.31% 10.61%

Financial and other (6000–6999, 2111–2199) 10.03% 13.28% 38.51% 30.02% 17.32% 11.40% 8.74% 7.73% 7.52% 8.57%
Services (7000–7369, 7380–9999) 6.44% 7.88% 6.75% 8.44% 9.04% 9.57% 10.04% 9.58% 9.48% 9.43%

Portfolio Rankings based on Operating Efficiency (η)
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Table 3 
 Pearson correlation coefficients between Operating Efficiency (η) and other 

characteristics. 
This table reports the correlations between operating efficiency η(t) and other firm 
characteristics. The data covers NYSE, AMEX and Nasdaq firms from July 1963 through 
December 2003. Data are annual except stock returns which are updated each month. η(t) 
is computed as the log of market of the firm minus total assets divided by cash held by 
the firm. η(t-1) is 1-year lagged operating efficiency; and η(t-2) is the 2-year lagged 
operating efficiency variable. Ln(Size) is the log of market value of equity, Ln(BM) is the 
log of ratio of the book value of equity divided by market value of equity, measured at 
fiscal year end. The past return variables used in this study are included to control for the 
1-month short term reversal, 12-month momentum effect, and 3-year contrarian (reversal) 
effect. Ret(t) is the current month return on the firm’s equity; Ret(-1:-1) is the return in 
the prior month t-1; Ret (-12:-2) is the cumulative return from month t-12 through month 
t-2; and Ret(-36:-13) is the cumulative return from month t-36 through t-13.  
 

η(t) η(t-1) η(t-2) ln(Size) Ln(BM) Ret(t) Ret(-1:-1) Ret(-12:-2) Ret(-36:-13)

η(t) 1 0.730 0.416 0.171 -0.388 -0.018 -0.018 -0.006 0.107
<.0001 <.0001 <.0001 <.0001   <.0001 <.0001 <.0001 <.0001

η(t-1) 0.730 1 0.482 0.166 -0.341 -0.016 -0.016 -0.047 0.095
<.0001 <.0001 <.0001 <.0001   <.0001 <.0001 <.0001 <.0001

η(t-2) 0.416 0.482 1 0.154 -0.271 -0.010 -0.010 -0.036 0.001
<.0001 <.0001 <.0001 <.0001   <.0001 <.0001 <.0001 <.0001

Ln(Size) 0.171 0.166 0.154 1 -0.385 -0.021 -0.022 -0.014 0.157
<.0001 <.0001 <.0001 <.0001   <.0001 <.0001 <.0001 <.0001

Ln(BM) -0.388 -0.341 -0.271 -0.385 1 0.034 0.036 -0.010 -0.257
<.0001 <.0001 <.0001 <.0001   <.0001 <.0001 <.0001 <.0001

Ret(t) -0.018 -0.016 -0.010 -0.021 0.034 1 -0.021 0.006 -0.019
     <.0001 <.0001 <.0001 <.0001 <.0001 <.0001 <.0001 <.0001

Ret(-1:-1) -0.018 -0.016 -0.010 -0.022 0.036 -0.021 1 0.003 -0.020
<.0001 <.0001 <.0001 <.0001 <.0001 <.0001 <.0001 <.0001

Ret(-12:-2) -0.006 -0.047 -0.036 -0.014 -0.010 0.006 0.003 1 -0.026
<.0001 <.0001 <.0001 <.0001 <.0001 <.0001 <.0001 <.0001

Ret(-36:-13) 0.107 0.095 0.001 0.157 -0.257 -0.019 -0.020 -0.026 1
<.0001 <.0001 0.1151 <.0001 <.0001 <.0001 <.0001 <.0001
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Table 4 
Fama-MacBeth Monthly regression of stock returns on Operating Efficiency (η) 

and other characteristics. 
Each month, from 1962-2003, the cross-section of stock returns is regressed on Ln(Size), 
where size is the defined as the log of the firm’s market capitalization, Ln(BM) which is 
the log of the book-to-market ratio, Ret(-1:-1) which it the previous month’s return on the 
stock, Ret(-12:-2) which is the previous year’s return on the stock from month t-12 to t-2, 
Ret(-36:-13), the returns on the stock from month t-36 to t-13, Operating Efficiency, η(t), 
is computed as the log of market of the firm minus total assets divided by cash and short 
term investments held by the firm. There is a minimum four month lag between the fiscal 
year end and month t. The time-series average of the monthly coefficient estimates and 
their time-series t-statistics (in bold) are reported. Panels A, B and C present results 
where η is measured at fiscal year end t, t-1 and t-2, respectively where as all other 
characteristics are measures at time t. 
 

Ln(Size) Ln(BM) Ret(-1:-1) Ret(-12:-2) Ret(-36:-13) η N. Obs Adj R-Sqr

Model 1 -0.0014 0.0035 488 0.022
-2.33 3.39

Model 2 -0.0013 0.0032 -0.0649 0.0068 -0.0030 488 0.043
-2.25 3.10 -13.89 4.50 -3.04

Model 3 -0.0010 0.0018 -0.0617 0.0071 -0.0024 -0.0012 488 0.048
-1.83 1.41 -13.07 4.40 -2.43 -3.60

Model 4 -0.0011 0.0019 -0.0648 0.0070 -0.0014 -0.0011 481 0.050
-1.97 1.62 -12.57 4.08 -1.42 -3.67

Model 5 -0.0014 0.0023 -0.0699 0.0064 -0.0024 -0.0005 468 0.051
-2.41 2.13 -14.20 3.76 -3.19 -2.22

Model 6 -0.0019 0.0010 -0.0723 0.0102 -0.0015 -0.0009 236 0.064
(1963-1982) -2.15 0.81 -9.33 3.68 -1.32 -3.54

Model 7 -0.0003 0.0026 -0.0528 0.0041 -0.0023 -0.0014 252 0.034
(1983-2003) -0.46 1.17 -9.77 2.53 -3.77 -2.41

Panel A: Operating Efficiency and other characteristics measured at time t

Panel B: Operating Efficiency measured at time t-1 and other characteristics measured at time t

Panel C: Operating Efficiency measured at time t-2 and other characteristics measured at time t

Panel D (Sub-Period Analysis): Operating Efficiency and other characteristics measured at time t
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Table 5 
 Intercepts from the Carhart four factor time series regression for Operating 

Efficiency decile portfolios. 
Decile portfolios are formed monthly from 1965-2003 based on the ‘Operating 
Efficiency’, of the previous fiscal year, with a minimum four month lag between fiscal 
year end and portfolio formation month. Table presents results where portfolios are 
formed at fiscal year end t, t-1 and t-2, respectively. The hedge portfolio is constructed by 
take a long position in the lowest ranked operating efficiency decile and an offsetting 
short position in the highest ranked operating efficiency decile. Panel A contains results 
when portfolios returns are equal weighted and panel B 
The intercepts, α, from monthly time-series regressions of the raw returns on the Carhart 
(1997) four factor model which contains the excess return of the market portfolio, size 
factor-mimicking portfolio (SMB), the book-to-market factor-mimicking portfolio 
(HML) and, the momentum effect (MOM), are reported. t-statistics in bold indicate 
statistical significance at the 5% level.  
 

Op-Efficiency Decile alpha t_a alpha t_a alpha t_a

Low Efficiency 0.69% 5.18 0.66% 4.68 0.48% 2.81
2 0.55% 4.29 0.58% 4.02 0.53% 4.35
3 0.40% 3.13 0.47% 4.12 0.36% 3.03
4 0.34% 2.57 0.42% 2.95 0.38% 3.40
5 0.25% 2.26 0.30% 2.35 0.33% 2.78
6 0.25% 1.75 0.21% 1.72 0.21% 1.65
7 -0.08% -0.70 0.05% 0.48 0.24% 2.32
8 -0.08% -0.70 0.01% 0.08 0.08% 0.76
9 -0.24% -2.03 -0.16% -1.38 -0.08% -0.61

High Efficiency -0.35% -2.71 -0.11% -0.71 -0.15% -1.18

Hedge (L-H) 1.04% 6.36 0.77% 4.06 0.63% 3.27

time t time t-1 time t-2
Panel A: Equal Weighted Abnormal returns

 
 

Op-Efficiency Decile alpha t_a alpha t_a alpha t_a

Low Efficiency 0.56% 4.80 0.54% 4.53 0.38% 2.49
2 0.45% 3.91 0.51% 4.07 0.42% 4.13
3 0.34% 3.14 0.41% 4.11 0.30% 2.74
4 0.28% 2.45 0.31% 2.67 0.26% 2.76
5 0.25% 2.54 0.30% 2.53 0.24% 2.41
6 0.21% 1.71 0.19% 1.86 0.20% 2.08
7 -0.02% -0.17 0.10% 1.09 0.18% 2.23
8 -0.06% -0.66 0.00% 0.02 0.11% 1.32
9 -0.21% -2.00 -0.11% -1.13 -0.12% -1.17

High Efficiency -0.34% -2.94 -0.11% -0.77 -0.16% -1.44

Hedge (L-H) 0.90% 5.73 0.65% 3.54 0.51% 2.62

Panel B: Value Weighted Abnormal returns
time t-2time t-1time t
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Table 6 

 Average monthly raw and characteristic adjusted abnormal returns for Operating 
Efficiency decile portfolios. 

Decile portfolios are formed monthly from 1975-2003 based on the ‘Operating 
Efficiency’, of the previous fiscal year, with a minimum four month lag between fiscal 
year end and portfolio formation month. Panels A, B and C present results where 
portfolios are formed at fiscal year end t, t+1 and t+2, respectively.  
The monthly equal-weighted (value-weighted) abnormal return for any individual stock is 
computed by subtracting the return of an equal-weighted (value-weighted) benchmark 
portfolio matched by size, book-to-market and momentum from the return of the stock. It 
is then averaged within each operating efficiency decile. The hedge portfolio is 
constructed by take a long position in the lowest ranked productivity decile and an 
offsetting short position in the highest ranked productivity decile. The time series 
averages of the monthly raw and DGTW adjusted returns along with their t-statistics are 
reported.  

 
Panel A: Operating Efficiency decile portfolio formed at time t 

Portfolio Ranks 

 
 

Portfolio Ranks
Raw ret t_raw DGTW xret t_xret Raw ret t_raw DGTW xret t_xret

Low Efficiency 2.09% 5.90 0.56% 5.11 1.92% 5.61 0.42% 4.24
2 1.87% 5.11 0.47% 3.74 1.74% 4.92 0.37% 3.39
3 1.74% 4.93 0.38% 3.89 1.62% 4.69 0.30% 3.32
4 1.54% 4.22 0.28% 2.45 1.39% 3.99 0.14% 1.41
5 1.42% 4.11 0.17% 1.77 1.30% 3.88 0.07% 0.72
6 1.31% 3.73 0.16% 1.44 1.25% 3.69 0.10% 1.00
7 1.14% 3.35 0.01% 0.16 1.11% 3.40 0.00% 0.04
8 1.12% 3.32 -0.02% -0.24 1.06% 3.26 -0.07% -0.80
9 0.97% 2.96 -0.13% -1.22 0.94% 3.04 -0.15% -1.84

High Efficiency 0.86% 2.62 -0.21% -2.08 0.80% 2.54 -0.25% -2.86

Hedge (L-H) 1.23% 6.74 0.76% 6.09 1.12% 6.20 0.66% 5.87

Panel B: Operating Efficiency decile portfolio formed at time t-1
Equal Weighted Value Weighted 

 
 

Raw ew_ret t_raw   DGTW xret t_xret Raw vw_ret t_raw   DGTW xret 
Value Weighted  Equal Weighted 

t_xret

Low Efficiency 2.00% 5.73 5.44 0.36% 4.24 3.410.49% 1.83%
5.19 4.89 2 1.85% 0.32% 3.063.950.44% 1.71%
4.82 4.59 3 1.75% 0.34% 3.123.720.42% 1.63%
4.46 4.25 4 1.61% 0.21% 2.122.870.31% 1.49%
3.71 3.68 5 1.29% 0.02% 0.04% 0.44 1.25% 0.22
3.66 3.49 6 1.32% 0.07% 0.15% 1.27 1.21% 0.63
3.27 3.45 7 1.11% -0.01% -0.06% -0.62 1.13% -0.11
3.28 3.25 8 1.11% -0.08% -0.04% -0.40 1.05% -0.94

9 0.91% 2.77 2.80 -0.22% -2.03 -2.73-0.20% 0.88%
2.65 2.57 High Efficiency 0.86% -0.28% -3.41-2.44-0.24% 0.81%

6.25 5.81 Hedge (L-H) 1.14% 0.64% 5.570.73% 1.02%5.68
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Portfolio Ranks
Raw ret t_raw DGTW xret t_xret Raw ret t_raw DGTW xret t_xret

Low Efficiency 1.84% 5.22 0.35% 2.89 1.71% 4.95 0.25% 2.20
2 1.92% 5.38 0.51% 4.82 1.72% 4.98 0.35% 3.65
3 1.71% 4.70 0.37% 3.56 1.59% 4.54 0.29% 3.11
4 1.54% 4.36 0.23% 2.24 1.40% 4.10 0.12% 1.32
5 1.51% 4.36 0.25% 2.40 1.40% 4.22 0.16% 1.72
6 1.36% 3.87 0.14% 1.30 1.30% 3.87 0.11% 1.26
7 1.32% 3.92 0.13% 1.38 1.21% 3.79 0.03% 0.38
8 1.17% 3.54 -0.03% -0.35 1.12% 3.55 -0.05% -0.63
9 1.08% 3.29 -0.05% -0.51 0.94% 3.03 -0.17% -2.09

High Efficiency 1.05% 3.23 -0.09% -0.76 0.96% 3.15 -0.15% -1.71

Hedge (L-H) 0.79% 4.39 0.44% 3.31 0.74% 4.13 0.40% 3.29

Equal Weighted Value Weighted 
Panel C: Operating Efficiency decile portfolio formed at time t-2
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Table 7 
 Results with alternative Operating Efficiency (η) measures 

Panel A reports correlations of two alternative measures of operating efficiency. Panels B 
and C report Fama-MacBeth monthly regression coefficients of stock returns on 
alternative operating efficiency measures and other characteristics. Operating efficiency 
defined as cash and short term investments divided by total assets ( or book-equity) of the 
firm. The time-series average of the monthly coefficient estimates and their time-series t-
statistics (in bold) are reported.  
 

Ln(Size) ln(B/M) Ret(t) Ret(-1:-1) Ret(-12:-2) Ret(-36:-13)

Op-Efficiency (Cash/TA) 0.014 -0.225 0.006 0.005 0.027 0.065
<.0001 <.0001 <.0001 <.0001 <.0001 <.0001

Op-Efficiency (Cash/BE) -0.002 -0.251 0.004 0.004 0.026 0.048
0.0245 <.0001 <.0001 <.0001 <.0001 <.0001

Ln(Size) Ln(B/M) Ret(-1:-1) Ret(-12:-2) Ret(-36:-13) η N. Obs Adj R-Sqr

Model 1 -0.0012 0.0038 -0.0666 0.0063 -0.0030 0.0012 488 0.045
-2.14 4.04 -14.77 4.20 -3.01 3.65

Model 2 -0.0012 0.0038 -0.0666 0.0063 -0.0029 0.0013 488 0.044
-2.20 4.04 -14.72 4.29 -3.07 4.02

Panel B: Operating Efficiency (cash/TA) and other characteristics measured at time t

Panel C: Operating Efficiency (cash/BE) and other characteristics measured at time t

Panel A: Correlation coefficients between alternative measures of Operating Efficiency and other characteristics
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Table 8 
Summary Statistics for Daily Returns of the CRSP Smallest and Largest Size Decile Stocks 

Returns are calculated as log difference of the level of the size decile index. D-stat is the test statistic for 
Kolmogorov-Smirnov test of normality. ρ(i) is the estimated autocorrelation at lag i for each period. 
Numbers with * (**) are significant at the 1% (5%) levels.  
 
 
 
 

Stats Full Sample Stats Full Sample
1963-2002 1963-1982 1983-2002 1963-2002 1963-1982 1983-2002

Nobs 10194 5145 5049 Nobs 10194 5145 5049
Mean 0.00070 0.00089 0.00051 Mean 0.00038 0.00031 0.00045

t 8.81 8.03 4.47 t 4.15 2.81 3.08
Std 0.0080 0.0079 0.0081 Std 0.0093 0.0079 0.0105

Skew -0.25 0.04 -0.52 Skew -1.10 0.22 -1.65
Kurtosis 9.96 6.08 13.45 Kurtosis 26.92 2.89 32.28
D-stat 0.074* 0.063* 0.085* D-stat 0.07 0.05* 0.080*

ρ(1) 0.33** 0.41* 0.26* ρ(1) 0.11* 0.22* 0.05*
ρ(2) 0.02 -0.03** 0.05* ρ(2) -0.03* -0.05* -0.04*
ρ(3) 0.08** 0.12* 0.06* ρ(3) -0.007 0.03* -0.03*

Note: Numbers marked with ** (*) are significant at the 5% (1%) level

Panel B: Largest Decile Stocks
Sub Periods

Panel A: Smallest Decile Stocks
Sub Periods
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Table 9 
Results of The DMA Trading Strategy for The Ten Size-Deciles. 

‘Annual’ is the average annual return earned by the DMA strategy. The average Sharpe ratios for the ‘buy 
& hold’ strategy and the DMA strategy are reported in the third and fourth column. Break-even cost is the 
average trading cost that makes us indifferent between the Sharpe ratios from the Buy & Hold strategy and 
the DMA strategy. Note that * denotes significance at the 5% level. 
 
  

Decile Annual Buy&Hold DMA Break-even Cost
1 34.70% 0.927 1.89* 1.67%
2 30.65% 0.644 1.78* 1.94%
3 26.94% 0.456 1.50* 1.64%
4 24.84% 0.453 1.36* 1.32%
5 23.20% 0.383 1.20* 1.14%
6 21.72% 0.387 1.07* 0.88%
7 18.64% 0.355 0.85* 0.56%
8 16.83% 0.359 0.73* 0.37%
9 13.49% 0.341 0.50 0.09%
10 7.75% 0.222 0.10 -0.13%

Decile Annual Buy&Hold DMA Break-even Cost
1 29.77% 0.927 2.24* 3.46%
2 25.29% 0.645 2.03* 3.48%
3 22.10% 0.456 1.76* 2.84%
4 21.16% 0.453 1.66* 2.54%
5 19.89% 0.384 1.51* 2.24%
6 19.06% 0.388 1.39* 1.80%
7 17.22% 0.355 1.18* 1.34%
8 16.40% 0.359 1.10* 1.16%
9 14.56% 0.341 0.89* 0.79%
10 10.70% 0.222 0.43* 0.37%

Sharpe Ratios
No Short-Sale Constraint

With Short-Sale Constraint
Sharpe Ratios
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Table 10 
Results of the Trading Strategy (without short-sale constraint) for the CRSP Smallest and 
Largest Decile Stocks: Rules are written as (short, long, band) where short and long is the respective 
short and long period simple moving averages, and band is the percentage difference required to generate 
signals. Each trading strategy divides the days into ‘Buy (long)’, ‘Sell (short)’ or ‘Neutral (earning risk-free 
rate)’ positions. Return is the mean daily return earned by implementing the strategy and ‘t’ is the standard 
t-statistic testing for the mean return being significantly different from Buy & Hold strategy. σ is the 
standard deviation of the daily returns strategy. Break-even Cost is the trading cost that makes us 
indifferent between the Sharpe ratios from the Buy & Hold strategy and the DMA strategy. Panels A and B 
present results for the full sample of smallest and largest decile stocks respectively. Panels C and D present 
results for the two sub-periods. 

Strategy Avg # of Trades/Year Return t Annual σ Sharpe Ratio Break-even Cost
DMA(1,200,0) 7 0.00094 2.06 26.76% 0.00804 1.39 1.05%
DMA(2,200,0) 6 0.00089 1.64 25.24% 0.00805 1.30 0.98%
DMA(5,200,0) 4 0.00080 0.86 22.46% 0.00806 1.12 0.66%
DMA(1,150,0) 8 0.00108 3.28 31.29% 0.00803 1.67 1.49%
DMA(2,150,0) 6 0.00104 2.91 29.91% 0.00803 1.59 1.66%
DMA(5,150,0) 5 0.00094 2.06 26.76% 0.00804 1.39 1.49%
DMA(1,50,0) 14 0.00169 8.66 52.98% 0.00792 2.91 2.26%
DMA(2,50,0) 12 0.00163 8.10 50.57% 0.00793 2.78 2.55%
DMA(5,50,0) 9 0.00146 6.61 44.34% 0.00797 2.44 2.60%
DMA(1,200,1) 7 0.00096 2.26 27.42% 0.00787 1.47 1.14%
DMA(2,200,1) 6 0.00092 1.87 25.99% 0.00786 1.38 1.15%
DMA(5,200,1) 4 0.00082 0.99 22.89% 0.00785 1.18 0.88%
DMA(1,150,1) 9 0.00109 3.37 31.49% 0.00785 1.72 1.37%
DMA(2,150,1) 6 0.00106 3.10 30.48% 0.00787 1.66 1.77%
DMA(5,150,1) 5 0.00098 2.41 27.95% 0.00788 1.50 1.68%
DMA(1,50,1) 15 0.00168 8.77 52.65% 0.00758 3.03 2.15%
DMA(2,50,1) 12 0.00162 8.17 50.17% 0.00761 2.88 2.52%
DMA(5,50,1) 9 0.00148 6.96 45.17% 0.00760 2.60 2.70%

Average 8 0.00117 4.11 34.70% 0.00789 1.89 1.67%

Benchmark Buy & Hold 0.00071 19.49% 0.00807 0.93

Strategy Avg # of Trades/Year Return t Annual σ Sharpe Ratio Break-even Cost
DMA(1,200,0) 11 0.00039 0.15 10.21% 0.00935 0.26 0.05%
DMA(2,200,0) 8 0.00037 0.04 9.81% 0.00935 0.23 0.02%
DMA(5,200,0) 6 0.00030 -0.50 7.84% 0.00935 0.11 -0.30%
DMA(1,150,0) 15 0.00033 -0.27 8.67% 0.00935 0.16 -0.06%
DMA(2,150,0) 12 0.00029 -0.60 7.48% 0.00935 0.09 -0.18%
DMA(5,150,0) 7 0.00029 -0.60 7.48% 0.00935 0.09 -0.28%
DMA(1,50,0) 30 0.00031 -0.40 8.20% 0.00935 0.13 -0.05%
DMA(2,50,0) 23 0.00022 -1.11 5.67% 0.00935 -0.03 -0.16%
DMA(5,50,0) 18 0.00008 -2.15 2.07% 0.00935 -0.26 -0.41%
DMA(1,200,1) 10 0.00041 0.30 10.75% 0.00907 0.30 0.11%
DMA(2,200,1) 8 0.00037 0.02 9.75% 0.00910 0.23 0.02%
DMA(5,200,1) 6 0.00029 -0.56 7.65% 0.00908 0.10 -0.31%
DMA(1,150,1) 15 0.00035 -0.16 9.11% 0.00900 0.20 -0.03%
DMA(2,150,1) 12 0.00030 -0.54 7.75% 0.00898 0.11 -0.14%
DMA(5,150,1) 8 0.00026 -0.80 6.87% 0.00876 0.05 -0.30%
DMA(1,50,1) 30 0.00035 -0.14 9.19% 0.00864 0.21 -0.01%
DMA(2,50,1) 23 0.00025 -0.90 6.55% 0.00865 0.03 -0.12%
DMA(5,50,1) 17 0.00017 -1.52 4.44% 0.00862 -0.12 -0.28%

Average 14 0.00030 -0.54 7.75% 0.00911 0.10 -0.13%

Benchmark Buy & Hold 0.00037 9.66% 0.00935 0.22

Without Short-Sale Constraint
Panel A: Full Sample of CRSP Smallest Decile Stocks: 1963-2002

Panel B: Full Sample of CRSP Largest Decile Stocks: 1963-2002
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Table III (Cont’d) 
 

Strategy Subperiod of Trades Return t Annual σ Sharpe Ratio Break-even Cost
DMA(1,50,0) 1 12 0.00197 6.69 64.30% 0.00779 3.50 3.08%
DMA(1,50,0) 2 16 0.00141 5.60 42.75% 0.00804 2.36 1.70%

Strategy Subperiod of Trades Return t Annual σ Sharpe Ratio Break-even Cost
DMA(1,50,0) 1 26 0.00043 0.93 11.31% 0.00800 0.34 0.15%
DMA(1,50,0) 2 34 0.00020 -1.20 5.27% 0.01049 -0.02 -0.19%

Panel C: Sub-Samples of CRSP Smallest Decile Stocks: 1963-1982 and 1983-2002

Panel D: Sub-Samples of CRSP Largest Decile Stocks: 1963-1982 and 1983-2002
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Table 11 
Results of the Trading Strategy (with short-sale constraint) for the CRSP Smallest and 
Largest Decile Stocks: Rules are written as (short, long, band) where short and long is the respective 
short and long period simple moving averages, and band is the percentage difference required to generate 
signals. Each trading strategy divides the days into ‘Buy (long)’, ‘Sell (short)’ or ‘Neutral (earning risk-free 
rate)’ positions. Return is the mean daily return earned by implementing the strategy and ‘t’ is the standard 
t-statistic testing for the mean return being significantly different from Buy & Hold strategy. σ is the 
standard deviation of the daily returns strategy. Break-even Cost is the trading cost that makes us 
indifferent between the Sharpe ratios from the Buy & Hold strategy and the DMA strategy. Panels A and B 
present results for the full sample of smallest and largest decile stocks respectively. Panels C and D present 
results for the two sub-periods.  

Strategy Avg # of Trades/Year Return t Annual σ Sharpe Ratio Break-even Cost
DMA(1,200,0) 3 0.00091 4.28 25.68% 0.00602 1.77 2.72%
DMA(2,200,0) 3 0.00088 3.98 24.93% 0.00606 1.70 2.95%
DMA(5,200,0) 2 0.00084 3.45 23.53% 0.00602 1.59 3.22%
DMA(1,150,0) 4 0.00099 5.85 28.29% 0.00588 2.03 3.09%
DMA(2,150,0) 3 0.00097 5.62 27.63% 0.00586 1.99 3.70%
DMA(5,150,0) 2 0.00092 5.02 26.08% 0.00584 1.86 4.15%
DMA(1,50,0) 7 0.00130 10.83 38.71% 0.00546 3.10 3.14%
DMA(2,50,0) 6 0.00127 10.39 37.62% 0.00546 3.00 3.64%
DMA(5,50,0) 5 0.00118 9.21 34.73% 0.00547 2.75 4.03%
DMA(1,200,1) 4 0.00092 4.69 25.93% 0.00593 1.82 2.42%
DMA(2,200,1) 3 0.00089 4.38 25.13% 0.00590 1.76 2.84%
DMA(5,200,1) 2 0.00086 3.98 24.10% 0.00591 1.67 3.72%
DMA(1,150,1) 4 0.00098 6.16 28.04% 0.00575 2.06 2.85%
DMA(2,150,1) 3 0.00097 5.99 27.63% 0.00576 2.02 4.03%
DMA(5,150,1) 2 0.00093 5.42 26.23% 0.00575 1.90 4.47%
DMA(1,50,1) 7 0.00130 12.06 38.57% 0.00518 3.25 3.13%
DMA(2,50,1) 6 0.00127 11.59 37.54% 0.00521 3.14 3.81%
DMA(5,50,1) 4 0.00120 10.71 35.42% 0.00523 2.94 4.36%

Average 4 0.00103 6.87 29.77% 0.00570 2.24 3.46%

Benchmark Buy & Hold 0.00071 19.49% 0.00807 0.93

Strategy Avg # of Trades/Year Return t Annual σ Sharpe Ratio Break-even Cost
DMA(1,200,0) 5 0.00045 1.21 11.90% 0.00653 0.51 0.59%
DMA(2,200,0) 4 0.00044 1.14 11.71% 0.00653 0.50 0.71%
DMA(5,200,0) 3 0.00040 0.73 10.69% 0.00692 0.39 0.64%
DMA(1,150,0) 8 0.00043 1.03 11.30% 0.00634 0.48 0.34%
DMA(2,150,0) 6 0.00040 0.80 10.70% 0.00637 0.42 0.35%
DMA(5,150,0) 4 0.00040 0.80 10.70% 0.00642 0.42 0.55%
DMA(1,50,0) 15 0.00043 1.23 11.40% 0.00614 0.50 0.19%
DMA(2,50,0) 12 0.00038 0.68 10.09% 0.00612 0.38 0.13%
DMA(5,50,0) 9 0.00031 -0.12 8.19% 0.00619 0.20 -0.03%
DMA(1,200,1) 5 0.00044 1.29 11.84% 0.00633 0.52 0.58%
DMA(2,200,1) 4 0.00043 1.15 11.52% 0.00636 0.49 0.63%
DMA(5,200,1) 3 0.00039 0.64 10.26% 0.00670 0.36 0.50%
DMA(1,150,1) 8 0.00044 1.33 11.72% 0.00609 0.53 0.40%
DMA(2,150,1) 6 0.00040 0.87 10.61% 0.00610 0.43 0.33%
DMA(5,150,1) 4 0.00040 0.92 10.72% 0.00617 0.43 0.50%
DMA(1,50,1) 17 0.00041 1.38 10.85% 0.00554 0.50 0.15%
DMA(2,50,1) 13 0.00036 0.70 9.48% 0.00557 0.35 0.09%
DMA(5,50,1) 9 0.00034 0.43 8.86% 0.00563 0.29 0.06%

Average 7 0.00040 0.90 10.70% 0.00622 0.43 0.37%

Benchmark Buy & Hold 0.00037 9.66% 0.00935 0.22

With Short-Sale Constraint
Panel A: Full Sample of CRSP Smallest Decile Stocks: 1963-2002

Panel B: Full Sample of CRSP Largest Decile Stocks: 1963-2002
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Table IV (Cont’d) 
 

Strategy Subperiod of Trades Return t Annual σ Sharpe Ratio Break-even Cost
DMA(1,50,0) 1 6 0.00155 8.67 47.59% 0.00550 3.73 4.39%
DMA(1,50,0) 2 8 0.00106 6.62 30.60% 0.00541 2.48 2.29%

Strategy Subperiod of Trades Return t Annual σ Sharpe Ratio Break-even Cost
DMA(1,50,0) 1 13 0.00046 1.80 12.27% 0.00532 0.61 0.38%
DMA(1,50,0) 2 17 0.00040 0.16 10.56% 0.00684 0.42 0.04%

Panel D: Sub-Samples of CRSP Largest Decile Stocks: 1963-1982 and 1983-2002

Panel C: Sub-Samples of CRSP Smallest Decile Stocks: 1963-1982 and 1983-2002
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Table 12 
Intercepts (α’s) of Factor Regressions for the CRSP Smallest and Largest Decile Stocks. 

The table reports the α’s which are the intercept coefficients obtained by regressing the monthly excess returns to the trading strategy on factor models: 
CAPM:  Rτ - Rrf = α + βmkt (Rmkt - Rrf) + ε 
Fama-French three factor model: Rτ - Rrf = α + βmkt (Rmkt - Rrf) + βhmlRhml + βsmbRsmb + ε 
Carhart four factor model: Rτ - Rrf = α + βmkt (Rmkt - Rrf) + βhmlRhml + βsmbRsmb + βmomRmom + ε 
Pastor-Stambaugh Model: Rτ - Rrf = α + βmkt (Rmkt - Rrf) + βhmlRhml + βsmbRsmb + βmomRmom + βliqLiq + ε 
The last row reports the average α across all the 18 trading rules 
 

Strategy CAPM Fama-French 4-Factor 5-Factor Strategy CAPM Fama-French 4-Factor 5-Factor
DMA(1,200,0) 0.018 0.017 0.011 0.010 DMA(1,200,0) 0.003 0.003 0.000 0.000

t-stat (5.19) (5.04) (2.79) (2.86) t-stat (1.6) (1.43) (-0.04) (-0.08)
DMA(2,200,0) 0.017 0.016 0.009 0.009 DMA(2,200,0) 0.002 0.002 -0.001 -0.001

t-stat (4.98) (4.87) (2.68) (2.7) t-stat (1.24) (1.15) (-0.43) (-0.48)
DMA(5,200,0) 0.016 0.015 0.008 0.008 DMA(5,200,0) 0.000 0.000 -0.004 -0.004

t-stat (4.59) (4.49) (2.29) (2.31) t-stat (0.07) (-0.05) (-1.51) (-1.55)
DMA(1,150,0) 0.021 0.020 0.015 0.014 DMA(1,150,0) 0.002 0.002 0.001 0.000

t-stat (5.78) (5.55) (3.58) (3.73) t-stat (1.27) (1.13) (0.37) (0.23)
DMA(2,150,0) 0.020 0.019 0.014 0.014 DMA(2,150,0) 0.002 0.001 0.000 -0.001

t-stat (5.59) (5.37) (3.47) (3.59) t-stat (0.88) (0.73) (-0.08) (-0.25)
DMA(5,150,0) 0.019 0.018 0.012 0.012 DMA(5,150,0) 0.001 0.000 -0.002 -0.002

t-stat (5.13) (4.94) (3.02) (3.1) t-stat (0.42) (0.25) (-0.85) (-0.96)
DMA(1,50,0) 0.033 0.032 0.031 0.030 DMA(1,50,0) 0.002 0.002 0.002 0.002

t-stat (10.41) (10.13) (8.28) (9.16) t-stat (1.03) (0.93) (0.92) (0.79)
DMA(2,50,0) 0.032 0.031 0.030 0.029 DMA(2,50,0) 0.000 0.000 0.000 -0.001

t-stat (9.93) (9.62) (7.78) (8.6) t-stat (0.06) (-0.04) (0.02) (-0.23)
DMA(5,50,0) 0.028 0.027 0.026 0.025 DMA(5,50,0) -0.003 -0.003 -0.004 -0.004

t-stat (8.74) (8.61) (6.97) (7.69) t-stat (-1.26) (-1.34) (-1.42) (-1.85)

Average 0.023 0.022 0.018 0.017 0.001 0.001 0.000 -0.001

Coefficients Estimates of Intercept α Coefficients Estimates of Intercept α
Largest Decile StocksSmallest Decile Stocks
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Table 13 
Coefficients of the Five Factor Regression for the CRSP Smallest and Largest Decile Stocks. 

The table reports the coefficients obtained by regressing the monthly excess returns to the trading strategy on Pastor Stambaugh five-factor model: 
Rτ - Rrf = α + βmkt (Rmkt - Rrf) + βsmbRsmb + βhmlRhml + βmomRmom + βliqRliq + ε. 
 
 

Strategy α Rm-Rf SMB HML MOM Liq Strategy α Rm-Rf SMB HML MOM Liq
DMA(1,200,0) 0.010 -0.058 0.737 0.393 0.672 -0.073 DMA(1,200,0) 0.000 0.273 0.044 0.164 0.267 -0.021

t-stat (2.86) (-0.55) (4.6) (2.56) (5.71) (-0.74) t-stat (-0.08) (3.42) (0.48) (1.73) (3.92) (-0.52)
DMA(2,200,0) 0.009 -0.052 0.740 0.388 0.701 -0.023 DMA(2,200,0) -0.001 0.259 0.025 0.144 0.296 -0.019

t-stat (2.7) (-0.55) (4.71) (2.67) (6.62) (-0.3) t-stat (-0.48) (3.19) (0.27) (1.5) (4.22) (-0.45)
DMA(5,200,0) 0.008 -0.068 0.699 0.358 0.709 -0.006 DMA(5,200,0) -0.004 0.334 0.098 0.181 0.346 0.036

t-stat (2.31) (-0.69) (4.47) (2.41) (6.71) (-0.08) t-stat (-1.55) (3.55) (0.91) (1.77) (4.15) (0.49)
DMA(1,150,0) 0.014 -0.052 0.811 0.360 0.507 -0.147 DMA(1,150,0) 0.000 0.260 0.059 0.113 0.137 -0.083

t-stat (3.73) (-0.48) (5.19) (2.52) (4.09) (-1.3) t-stat (0.23) (3.18) (0.68) (1.22) (1.94) (-1.71)
DMA(2,150,0) 0.014 -0.069 0.805 0.350 0.506 -0.138 DMA(2,150,0) -0.001 0.253 0.052 0.134 0.161 -0.086

t-stat (3.59) (-0.64) (5.16) (2.48) (4.18) (-1.28) t-stat (-0.25) (3.07) (0.57) (1.45) (2.26) (-1.72)
DMA(5,150,0) 0.012 -0.093 0.786 0.343 0.539 -0.110 DMA(5,150,0) -0.002 0.270 0.065 0.162 0.226 -0.045

t-stat (3.1) (-0.89) (5.05) (2.43) (4.45) (-1.05) t-stat (-0.96) (3.29) (0.73) (1.8) (3.35) (-1.1)
DMA(1,50,0) 0.030 -0.021 0.670 0.223 0.052 -0.223 DMA(1,50,0) 0.002 0.214 -0.050 0.062 -0.021 -0.143

t-stat (9.16) (-0.2) (4.64) (1.55) (0.43) (-2.26) t-stat (0.79) (2.55) (-0.64) (0.7) (-0.29) (-2.03)
DMA(2,50,0) 0.029 -0.014 0.705 0.244 0.075 -0.232 DMA(2,50,0) -0.001 0.181 0.040 0.067 -0.005 -0.138

t-stat (8.6) (-0.14) (4.83) (1.71) (0.61) (-2.33) t-stat (-0.23) (2.14) (0.46) (0.71) (-0.07) (-2.01)
DMA(5,50,0) 0.025 -0.073 0.752 0.193 0.126 -0.213 DMA(5,50,0) -0.004 0.195 0.089 0.097 0.065 -0.146

t-stat (7.69) (-0.7) (5.33) (1.47) (1.08) (-2.14) t-stat (-1.85) (2.43) (1.06) (1.12) (0.98) (-2.22)

Smallest Decile Stocks
Coefficients Estimates of the Five Factor Model

Largest Decile Stocks
Coefficients Estimates of the Five Factor Model
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Table 14 
Average Coefficients of the Cumby-Modest Regression 

The table reports the average coefficients of the regression suggested by Cumby and Modest 
(1987): Rt – Rrf,t = α + βSignalt-1+ ε. When a buy signal is given the following regression is run: 
Rt – Rrf,t = α + βBuy_signalt-1+ ε and our coefficient of interest is β. When a sell signal is 
given the following regression is run: Rt – Rrf,t = α + βsell_signalt-1+ ε. First column mentions 
the size decile and the second column contains the average (across all the trading 
strategies) coefficients from the regression. The last column contains average t-stats for 
the coefficients.  
 

 

Decile β t Decile β t
1 0.002 10.66 1 -0.002 -10.01
2 0.002 10.64 2 -0.002 -10.12
3 0.002 9.19 3 -0.002 -8.71
4 0.002 8.49 4 -0.002 -7.83
5 0.002 7.59 5 -0.001 -6.97
6 0.001 6.69 6 -0.001 -6.17
7 0.001 5.32 7 -0.001 -4.94
8 0.001 4.72 8 -0.001 -4.22
9 0.001 3.49 9 -0.001 -3.04
10 0.000 1.48 10 0.000 -1.27

Sell SignalBuy Signal
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Table 15 

Bootstrap Simulation p-values of the average Sharpe ratios of the DMA strategy 
The AR (1), GARCH-M (1,1) and EGARCH (1,1) residual series is resampled with 
replacement and simulated return series are obtained by fitting the estimated parameters 
from the model. Using these simulated return series from each of the three models we 
then exponentiate back to obtain a simulated index level series for the ten size deciles. 
We apply the DMA trading strategy to each simulated series and compute profits and 
most importantly, the Sharpe ratios. We then construct the empirical distributions of 500 
simulated Sharpe ratios averages of the trading strategy for each decile. The fraction of 
the 500 simulations which generate an average Sharpe ratio larger than that from the 
original series is considered as the simulated  p -value. 

 
 

Decile Sharpe Ratio AR(1) GARCH-M EGARCH

1 1.889 0.000 0.000 0.000
2 1.776 0.000 0.000 0.000
3 1.502 0.000 0.000 0.000
4 1.357 0.000 0.000 0.000
5 1.201 0.000 0.000 0.000
6 1.075 0.000 0.000 0.000
7 0.845 0.000 0.000 0.002
8 0.728 0.000 0.000 0.002
9 0.502 0.054 0.002 0.012
10 0.104 0.882 0.070 0.056  
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Table 16 
Adjustment for Nonsynchronous Trading: Average Sharpe ratios and Break-even 
Transaction costs of the DMA strategy with Lags and with Short-Sales constraints 

Panel A shows the average Sharpe ratios associated with the DMA strategy for each 
decile. Lag n means that a trading lag of ‘n’ days has been introduced between the date 
when the DMA signal was given and the actual date when the trade was implemented. 
Panel B shows the average break-even transaction costs associated with the DMA 
strategy for each decile. 
 

 

Decile No Lag Lag 1 Lag 5 Lag 10

1 2.24 2.10 1.72 1.39
2 2.03 1.88 1.52 1.16
3 1.76 1.59 1.23 0.89
4 1.66 1.51 1.14 0.78
5 1.51 1.35 1.00 0.69
6 1.39 1.22 0.83 0.53
7 1.18 1.01 0.66 0.38
8 1.10 0.92 0.60 0.32
9 0.89 0.69 0.44 0.26
10 0.43 0.30 0.28 0.22

Decile No Lag Lag 1 Lag 5 Lag 10

1 3.46% 3.06% 1.99% 1.13%
2 3.48% 3.12% 2.21% 1.30%
3 2.84% 2.49% 1.71% 0.95%
4 2.54% 2.23% 1.47% 0.70%
5 2.24% 1.93% 1.22% 0.59%
6 1.80% 1.49% 0.78% 0.21%
7 1.34% 1.07% 0.44% -0.05%
8 1.16% 0.87% 0.30% -0.19%
9 0.79% 0.49% 0.10% -0.20%
10 0.37% 0.20% 0.18% 0.10%

Sharpe Ratios

Break-even Cost

Panel A: Sharpe ratios of the DMA strategy with lags 

Panel B: Break-even transaction costs of the DMA strategy with lags 
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Table 17 
Summary Statistics for Real Stock Market Values, Real Common Dividends and 

Real REPVR Dividends 
The summary statistics are computed over the years 1951-2003. To construct real annual 
stock prices and dividend, the series are adjusted for inflation with the Consumer Price 
Index (CPI). The real values are computed taking 2003 as the base year and scaling the 
dividends and price series.  

($M) Mean Median Std. Dev. Max Min 
Real Stock Market Value 4815245 3235189 4347245 18809536 725977
Real Common Dividends 102276 99557 49332 209281 26335

Real Rationally Expected dividends 75903 68684 83327 334189 -115911

Summary Statistics 

 
 
 
 

Table 18 
Comparing the Parameter Estimates of REPVR and PVR Models 

The first column contains the parameters and the rest of the columns contain the 
estimates of the parameters. E(p) is the real average stock market value, E(d) is the real 
average dividend, r is the discount rate, g is the geometric average dividend growth rate, 
Corr (p*,p) is the correlation coefficient and σ denotes standard deviation. 

 
Parameters Stock Market REPVR PVR

E(p) 48152.45
E(d) 759.03 102.28

r 0.06
g 0.03 0.01

Corr(p, p*) 0.90 0.84
σ(p*) 4347.24 3438.40 1164.118
σ(d) 83.33 49.33  
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Figure 1: Equal-weighted hedge portfolio returns based on Operating Efficiency 
strategy. 
Portfolios are formed monthly by assigning firms to decile based on their operating 
efficiency factor in the previous fiscal year, with a minimum four month lag between the 
fiscal year end and the returns it is matched against. The monthly equal-weighted 
abnormal return for any individual stock is computed by subtracting the return of a 
benchmark portfolio matched by size, book-to-market and momentum from the return of 
the stock. It is then averaged within each operating efficiency decile. The hedge portfolio 
is constructed by take a long position in the lowest ranked operating efficiency decile and 
an offsetting short position in the highest ranked operating efficiency decile. 
 
 

Average Monthly Abnormal Returns of the Equal-Weighted 
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Figure 2: Value-weighted hedge portfolio returns based on Operating Efficiency 
strategy. 
Portfolios are formed monthly by assigning firms to decile based on their operating 
efficiency factor in the previous fiscal year, with a minimum four month lag between the 
fiscal year end and the returns it is matched against. The monthly value-weighted 
abnormal return for any individual stock is computed by subtracting the return of a 
benchmark portfolio matched by size, book-to-market and momentum from the return of 
the stock. It is then averaged within each operating efficiency decile. The hedge portfolio 
is constructed by take a long position in the lowest ranked operating efficiency decile and 
an offsetting short position in the highest ranked operating efficiency decile. 
 
 

Average Monthly Abnormal Returns of the Value-Weighted 
Hedge Portfolio: 1975-2003
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Figure 3: Plot of Sharpe ratios of the DMA trading Strategy Vs Buy & Hold strategy across the Ten 
Size Deciles. 

 

Sharpe Ratios of the DMA Trading Strategy across Ten Size Deciles

0.000

0.500

1.000

1.500

2.000

2.500

1 2 3 4 5 6 7 8 9 10

Size Deciles

Sh
ar

pe
 R

at
io

s

Buy & Hold DMA Strategy (No Constraints) DMA (Short Sale Constraints)

Smallest Largest

 

 123



Figure 4: Plot of the Intercepts (α’s) of the Five Factor Model across the Ten Size 
Deciles. 
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Figure 5: Plot of the Cumby-Modest Coefficients of Test of Timing ability 
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Plot of the Cumby-Modest Regression Coefficients for "Sell Signal"
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Figure 6: Plots of Sharpe Ratios adjusted for Nonsynchronous Trading 

Plot of Average Sharpe ratios of DMA strategy with lags
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Figure 7: Real S&P 500 Stock Price Index and the PVR Model Ex-post Rational 

Price from Shiller (1981) 
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Figure 8: Real Stock Prices and Real Ex-post Prices 
Real Stock Market Value (solid red line), REPVR price (dashed blue line) and PVR price 
(dotted green line) is plotted below.  
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Figure 9: Real Stock Prices and Real Ex-post Rational Prices when Dividends are 
Adjusted for Real Interest Rate 

Real Stock Market Value (solid red line), REPVR price (dashed blue line) and PVR price 
(dotted green line) is plotted below.  
 

0

2000

4000

6000

8000

10000

12000

14000

16000

18000

20000

1951 1961 1971 1981 1991 2001Year

St
oc

k 
M

ar
ke

t V
al

ue

Real Stock Price (P)

Real Interest based REPVR  Price (P*)

PVR  Price (P*)

 

 129



Figure 10: Real Stock Prices and Real Ex-post Prices when Rational Dividends are 
Adjusted for Real Per Capita Consumption 

Real Stock Market Value (solid red line), REPVR price (dotted blue line) and PVR price 
(dotted green line) is plotted below.  
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