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Abstract

Using the Investors’ Intelligence sentiment index, we employ a generalized autoregressive

conditional heteroscedasticity-in-mean specification to test the impact of noise trader risk

on both the formation of conditional volatility and expected return as suggested by De Long

et al. [Journal of Political Economy 98 (1990) 703]. Our empirical results show that sentiment

is a systematic risk that is priced. Excess returns are contemporaneously positively correlated

with shifts in sentiment. Moreover, the magnitude of bullish (bearish) changes in sentiment

leads to downward (upward) revisions in volatility and higher (lower) future excess returns.
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1. Introduction

Underlying noise trader models in finance is the premise that subsets of agents

trade in response to extraneous variables that convey no information about funda-

mentals. Early papers (Friedman, 1953; Fama, 1965) argue that noise traders are un-
important in the financial asset price formation process because trades made by

rational arbitrageurs drive prices close to their fundamental values. Continuing evi-

dence of market anomalies, for example, the underreaction and overreaction of stock

prices and the closed-end mutual fund premium/discount puzzle, however, challenge

efficient markets theory. The extent to which arbitrage can eliminate the divergence

between prices and fundamental values has come into question in recent literature.

The notable work of De Long, Shleifer, Summers, and Waldmann (DSSW (1990)

hereafter) models the influence of noise trading on equilibrium prices. Noise traders
acting in concert on non-fundamental signals can introduce a systematic risk that is

priced. In their model, the deviations in price from fundamental value created by

changes in investor sentiment are unpredictable. Arbitrageurs betting against mis-

pricing run the risk, at least in the short run, that investor sentiment becomes more

extreme and prices move even further away from fundamental values. The potential

for loss and the arbitrageurs’ risk aversion reduce the size of positions they are will-

ing to take. Consequently, arbitrage fails to completely eliminate mispricing and in-

vestor sentiment affects security prices in equilibrium.
The ‘noise trader’ model of DSSW has motivated empirical attempts to substan-

tiate the proposition that ‘noise trader’ risks influence price formation. 3 Since

closed-end fund shares are primarily held by individual investors, Lee, Shleifer

and Thaler (LST (1991) hereafter) infer that fluctuations in closed-end fund dis-

counts proxy for changes in investor sentiment. They find that changes in closed-

end fund discounts are highly correlated with the returns on small capitalization

stocks that are predominantly held by individual investors. Neal and Wheatley

(1998) also find that (larger) closed-end fund discounts predict (higher) small firm re-
turns, 4 and that net redemption captures the investor sentiment in closed-end fund

discounts. Surprisingly, another popular measure of investor sentiment, the odd-lot

sales to purchases, appears to have no ability to predict small or large firm returns.

Similarly, Bodurtha et al. (1995) report that changes in country fund discounts re-

flect a previously unidentified risk factor, which they conclude, is related to the sen-

timent of US investors. Using household data, Kelly (1997) also shows that the

likelihood an individual is a noise trader diminishes with income; that is, a high par-

ticipation of low-income households (noise traders) in the equity market is associ-
ated with a low participation by high-income households (smart money or

informed traders). Moreover, a high participation of low-income households (noise

3 There are two additional theoretical papers on noise trading and its implications on asset prices.

Barberis et al. (1998) present a model of investor sentiment that explains the underreaction and

overreaction of stock prices. In contrast to DSSW (1990), Bhushan et al. (1997) show that myopia is

neither a sufficient nor a necessary condition for noisy asset prices.
4 But changes in closed-end fund discounts are unrelated to future large firm returns.
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traders) results in negative future returns. Further, in examining the predictability of

both survey based as well as indirect sentiment measures on short- and long-horizon

returns, Brown and Cliff (1999) find weak evidence of short-run predictability but a

strong correlation between sentiment and long-horizon (2–3 years) returns. Addi-

tionally they note not only the existence of individual sentiment but also of institu-
tional sentiment, and reject the conventional wisdom that sentiment is primarily an

individual investor driven phenomenon that should only affect small stocks.

The above evidence, which suggests investor sentiment is a priced factor in market

equilibrium, is a matter still in dispute. 5 Using samples of non-utility and utility

stocks, passive portfolios of stocks sorted into CRSP size deciles, and active portfo-

lios of mutual funds, Elton et al. (1998) find that closed-end fund discount changes

enter as a pricing factor in the return-generating process less often than industry re-

turn indices which are not considered to be priced factors. 6 Moreover, in single mar-
ket factor regressions of portfolio returns using the CRSP value-weighted NYSE

index as the market factor, they confirm that the sensitivity of portfolio returns to

closed-end fund discount changes increases as firm size decreases but the pattern is

reversed when additional market factors are introduced. Closed-end fund discount

changes do not appear to be related to empirically derived factors from a decompo-

sition of the variance–covariance matrix.

Furthermore, noise trading may affect expected return through its impact on the

market’s formation of risk. Existing empirical tests of DSSW focus primarily on first
moment contemporaneous correlations between returns and sentiment changes with

a few exceptions. Brown (1999) recognizes that noise trading may influence higher

moments of return such as volatility. Using a sentiment measure compiled by Ameri-

can Association of Individual Investors, he finds that unusual levels of individual in-

vestor sentiment are associated with greater volatility in closed-end fund returns.

Utilizing the signal extraction methodology of French and Roll (1986), Brauer

(1993) estimates that about 7% of the variation in fund discounts/premiums can

be explained by noise trading. Further, based on a sample of 237 investment news-
letters, Graham and Harvey (1996) find no evidence of market timing ability but that

disagreement among newsletters is associated with volatility. None of these papers

however directly address whether noise trader risk is a systematic risk that is priced

in financial markets.

Because the DSSW (1990) model predicts that the direction and magnitude of

changes in noise trader sentiment are relevant in asset pricing, empirical tests focused

5 In a separate literature that looks at the wealth effect of stock prices on consumption, Otoo (1999)

finds that there is a strong and significant correlation between consumer sentiment and stock market

return. In particular, causality tests indicate that broad stock market price movements affect changes in

consumer sentiment (compiled by the University of Michigan and Conference Board) and using a VAR

framework she shows that shocks to consumer sentiment have virtually no impact on stock prices.

Moreover, she finds that changes in stock prices affect consumer sentiment regardless of whether the

household owns stock.
6 The four industry indices represent industries with the largest number of firms in the stock sample and

are a value-weighted return of the largest firms in each industry with over 50% institutional ownership.
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on the impact of sentiment either on the mean or variance in asset returns alone are

mispecified and at best incomplete. To address this issue we propose a return-gener-

ating model that explicitly tests the impact of noise trader risk both on the formation

of conditional volatility and expected return as suggested in DSSW (1990). Specifi-

cally, the ‘price-pressure’ and ‘hold-more’ effects captures the short-run (transitory)
impact of noise trading on excess returns resulting from contemporaneous changes

in investor sentiment. The ‘Friedman’ and ‘create-space’ effects reflect the long-run

(permanent) impact of noise trading on excess returns associated with the influence

of the magnitude of sentiment changes on the future volatility of returns.

In a market environment where noise traders are present, the ‘hold-more’ effect

implies that noise traders’ increased holdings of risky assets when their sentiment be-

comes more bullish raises market risk and thereby increases expected returns; and

conversely, when they are bearish. However, noise traders overreact to good and
bad news. Consequently, asset prices are either too high or too low depending on

whether noise traders are on average optimistic or pessimistic. The overreaction in-

duces ‘price pressure’ and lowers expected returns. Market returns will correlate with

changes in investor sentiment and the direction of the correlation depends on which

effect dominates.

Moreover, the magnitude of the changes in perceptions about the asset’s risk by

noise traders associated with their shifts in sentiment also impact expected returns.

Noise traders usually have poor market timing (buy high and sell low) due to their
inclination to transact together with other noise traders. Their capital losses from

poor market timing are larger the greater is the magnitude of the change in their mis-

perceptions. The Friedman effect implies that such changes result in higher market

risk and lower expected returns. The extent of the adverse impact that the Friedman

effect has on expected returns depends on the ‘space’ noise trading creates. A rise in

noise traders’ misperceptions increases price uncertainty and crowds out risk-averse

informed investors. Consequently, the larger is the proportion of noise trading, the

higher will be expected returns.
We employ a generalized autoregressive conditional heteroscedasticity (GARCH)

in-mean model (Bollerslev, 1986, 1987; Engle et al., 1987) to show that both the con-

ditional volatility and excess returns are affected by investor sentiment. Numerous

studies have examined the tradeoff between risk (often measured by conditional vari-

ance) and expected return in securities markets. The collective evidence so far is in-

conclusive. An often-cited work by French et al. (1987) provides empirical evidence

of a positive relationship between market excess returns and predicted volatility.

Using a modified model of conditional volatility, Glosten, Jagannathan and Runkle
(GJR (1993) hereafter) suggest that shocks to the market have an asymmetric impact

on market volatility depending on the nature of the shock. 7 More importantly,

along with other researchers (Abel, 1988; Backus and Gregory, 1993), their results

suggest that the price of risk over time can be negative. Our study sheds light on

7 An extensive discussion of alternative GARCH models can be found in Bollerslev et al. (1992, 1994).
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how sentiment and sentiment-induced noise-trading affect the tradeoff between risk

and return.

A proper characterization of the temporal variation of the conditional volatility is

important. An accurate volatility estimate is useful in determining the prices of many

financial instruments including options. It is also crucial in mapping out portfolio
strategies over time since diversification decisions hinge on temporal risk. If senti-

ment has a significant impact on the temporal variation of conditional volatility,

leaving sentiment out is likely to lead to inaccurate forecasts of asset prices and sub-

optimal portfolio decisions.

We examine the relationship between market volatility, excess returns, and inves-

tor sentiment for three different market indices, the Dow Jones Industrial Average

(DJIA), the Standard and Poor’s 500 (S&P500) and the NASDAQ, from the begin-

ning of 1973 through October 6, 1995. 8 In this paper, we use the widely publicized
Investors’ Intelligence of New Rochelle, NY, sentiment index as a direct measure of

investor sentiment. As a barometer of the temperament of individual investors, this

index has been noted to be a good indicator of how market psychology can swing

from outright pessimism to extreme overconfidence (Pring, 1991). 9

Our main findings suggest that sentiment is a significant factor in explaining equity

excess returns and conditional volatility. Specifically, our results consistently show

that sentiment is a priced risk factor. Excess returns are contemporaneously posi-

tively correlated with shifts in sentiment. Furthermore, we find that the magnitude
of shifts in sentiment has a significant impact on the formation of conditional vola-

tility of returns and expected returns. Bullish (bearish) shifts in sentiment lead to

downward (upward) revisions in the volatility of returns and are associated with

higher (lower) future excess returns. The significance of investor sentiment in ex-

plaining the formation of conditional volatility and expected return is robust across

different indices and subperiods.

8 Although there are some stocks in common across these indices, there are significant differences in

their construction by the manner in which the returns are weighted and their relative composition of large

versus small capitalization stocks as well as of technology versus cyclical non-technology firms. These

differences lead to very different patterns of risk and return.
9 Prior studies on investor sentiment have concentrated on the information content of sentiment index

in predicting the future performance of the stock market. Investors use the bearish (bullish) sentiment

index, measured as the ratio of the number of investment advisors who are bearish (bullish) to the total

number of advisors who are either bullish or bearish, as a contrarian indicator on the presumption that

most investment services are trend followers. It is generally believed that an extremely bearish attitude of a

large number of services signals the bottom of market trough and the onset of a bull market. For instance,

Colby and Mayers (1988) suggest that when the bullish index hits 37.5% (78.2%), a bull (bear) market is

forthcoming; thus signaling a buy (sell). Though the sentiment index is a popular technical indicator, Solt

and Statman (1988) reject its usefulness as a predictor of the direction of the stock market. Nonetheless,

Hulbert (1997), who tracks the performance of investment newsletters, recently affirmed the indicator’s

credibility for its superior market-timing performance over the last decade. Moreover, as shown by Siegel

(1992), in contrast to changes in consensus corporate profit forecasts, swings in sentiment correlate well

with stock returns and can explain changes in stock prices around the October 1987 Stock Market Crash.
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The remainder of the paper proceeds as follows. Section 2 of the paper presents

the data source and the empirical model. Section 3 discusses the empirical results,

diagnostic tests, and the impact of investor sentiment across two subperiods. The last

section provides some concluding remarks.

2. Empirical design

In this section we describe the sentiment index and model that is the basis for our

empirical analysis of the impact of sentiment on the relation between equity excess

returns and conditional volatility.

2.1. Sentiment index

The sentiment index used in this paper, based on data provided by Investors’ In-

telligence of New Rochelle, NY, is widely recognized to reliably predict market

movements (Siegel, 1992). Each week, the editor of Investors’ Intelligence reads

and rates over 135 independent advisory services. 10 Letters are labeled ‘bullish’

when the advisory service recommends stock for purchase or predicts that the mar-

ket will rise. 11 Letters are rated as ‘bearish’ when the advisory service recommends

closing long positions or opening short ones because the market is predicted to de-
cline. Letters are classified as ‘correction’ when the advisory service predicts a bull

market but advises clients to hold off buying, or predicts a bear market but sees a

short-term rally in the near future.

The sentiment index shown in Fig. 1 is computed at the end of each week as the

ratio of the number of investment advisory services that are bullish relative to the

number of advisory services that are either bullish or bearish. 12 Technicians perceive

a decrease in the proportion of advisory services that are bearish to below 20% as a

signal of an approaching market peak and the onset of a bear market. An increase in
the proportion of advisory services that are bearish to 60% is an indication of per-

vasive pessimism and is interpreted by contrarians as a signal of an approaching

market trough and the onset of a bull market (Reilly and Brown, 1997, p. 779).

Because individual investors are the primary targets of investment advisory ser-

vices, the recommendation made by these services influence individual investor trad-

ing and changes in the sentiment of independent advisors proxy for the changing

mood of individual investors. 13 In a market where price is determined not only

10 The temporal consistency of the sentiment index rating is maintained because there have only been

two editors of Investors’ Intelligence since its inception, namely, the late founder of the service, Abe

Cohen, and the present editor, Michael Burke.
11 Because of their potential bias toward buy recommendations, letters from brokerage houses are

excluded.
12 Alternatively, the sentiment index can be computed as the ratio of the number of advisory services

that are bearish as a percentage of the number of services that are either bullish or bearish.
13 Brown and Cliff (1999) argue that the Investors’ Intelligence sentiment index is a proxy for

institutional sentiment because many of the authors of the newsletters are current or retired market

professionals.
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by fundamentals but also by noise trading, the optimism or pessimism of individual

investors can be an important factor.

2.2. Sample period and stock return proxies

Our sample covers the period from January 5, 1973 to October 6, 1995. 14 Three

different market indices, namely, the DJIA, S&P500, and NASDAQ, are used to

characterize the overall performance of the market. The DJIA is a price-weighted av-

erage of 30 large ‘blue-chip’ stocks. Recognizing the limitations in the composition

and construction of the index, it is nonetheless the most widely followed and re-

ported stock index. If sentiment is market wide, then its impact should appear in this

index. In contrast, the S&P500 and NASDAQ are both value-weighted indices that

reflect the return of large and small capitalization stocks respectively. The returns on
the S&P500 and NASDAQ are obtained from CRSP, and the returns on the DJIA,

from Investors’ Intelligence. 15 The weekly average three-month T-Bill yield, ob-

tained from DRI, is used as a surrogate for the riskfree rate of interest in computing

the weekly excess returns for each stock index.

Fig. 1. Investors’ Intelligence sentiment index.

14 Although the sentiment index has been constructed since 1963, we chose the 1973–1995 period

because of changes in the reporting frequency of the sentiment index and the unavailability of the

NASDAQ index data prior to 1973.
15 Cum-dividend returns are widely known to be highly correlated to the ex-dividend returns and to be

consistent with prior studies, we use ex-dividend returns.
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2.3. Empirical hypotheses

DSSW (1990) argue that arbitrage is limited in a market where informed agents

have shorter horizons than noise traders and are concerned with resale prices. The

optimism or pessimism of noise traders causes transitory divergences between price

and intrinsic value. Furthermore, to the extent sentiment induced trading occurs

contemporaneously across many assets in the markets, the additional variability in

returns is a systematic (non-diversifiable) risk that is priced in equilibrium. In partic-

ular, we test two hypotheses that result from the interaction of the four effects of sen-
timent on returns and volatility shown in Fig. 2.

2.3.1. Hypothesis 1

In DSSW, the net result of a change in investor sentiment on mean returns de-

pends on the importance of the ‘price-pressure’ relative to the ‘hold-more’ effects.

On one hand, when the average sentiment of noise traders is bullish (bearish), the

trading of noise traders creates price pressure that results in a purchase (sale) price

higher (lower) than fundamental value and thereby lowers expected returns. On the
other hand, noise traders’ increased (decreased) demand for the risky assets as their

sentiment become more bullish (bearish) amplifies (reduces) the level of market risk,

and thereby results in a higher (lower) expected returns. Consequently, the mean re-

turn is higher (lower) when the sentiment of noise traders becomes more bullish only

if the hold-more effect dominates (is weaker than) the price-pressure effect. But when

noise traders’ sentiment become more bearish, the net result on mean return is al-

ways negative since both the price-pressure and hold-more effects are reinforcing.

2.3.2. Hypothesis 2

In DSSW, changes in the noise traders’ misperceptions about the asset’s risk also

affect prices. On one hand, there is the Friedman effect. Changes in noise traders’ mis-

perceptions occur at the worst possible time. Because noise traders buy (sell) most of

the risky asset just when other noise traders are buying (selling), they are most likely

to suffer a capital loss. The greater is the magnitude of the change in their mispercep-

tions, the more damage their poor market timing does to their returns. The changes

Fig. 2. Impact of sentiment on volatility and returns.
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in the noise traders’ misperceptions about the asset’s risk result in lower expected re-

turns. On the other hand, there is the create-space effect. A rise in noise traders’ mi-

sperceptions about the asset’s risk increases price uncertainty and reduces risk-averse

sophisticated investors desired holdings in risky assets. Noise traders benefit more

from their trading when their momentum crowds out risk-averse sophisticated inves-
tors. 16 Overall, mean returns are higher (lower) when the create-space effect is more

(less) important than the Friedman effect.

2.4. The generalized autoregressive conditional heteroscedasticity model

In DSSW (1990), the impact of noise trading on the price of risky assets is a result

of interaction of four effects. The hold-more and price-pressure effects are related to

the direction of shifts in noise trader sentiment, and influence mean returns directly.
The Friedman and create-space effects are related to the magnitude of the shifts in

noise trader sentiment, and influence mean returns indirectly through changes in

noise traders’ misperceptions of the asset’s risk.

To model the four effects of noise trading, we propose a GARCH-in-mean model,

which includes contemporaneous shifts in investor sentiment in the mean equation

and lagged shifts in the magnitude of investor sentiment in the conditional volatility

equation. 17 The model takes the following form:

Rit � Rft ¼ a0 þ a1hit þ a2Jant þ a3Octt þ a4 DSt þ eit ð1Þ
where Rit is the weekly return on a market index (DJIA, S&P500, and NASDAQ), Rft

is the riskfree rate, and DSt is a measure of noise trader risk associated with the

weekly shifts in sentiment of the 135 independent advisory services monitored by

Investors’ Intelligence. 18 Two alternative measures of the noise trader risk are used

in Eq. (1). 19 The first measure is computed as the change in the Investors’ Intelli-

gence sentiment index, DSt ¼ DSIt � SIt � SIt�1; the second as the percentage change

in the Investors’ Intelligence sentiment index, DSt ¼ %DSIt � DSIt=SIt�1. Further-

more, in Eq. (1), eit � Nð0; hitÞ and

hit ¼ b0 þ b1e
2
it�1 þ b2e

2
it�1It�1 þ b3hit�1 þ b4Rft þ b5ðDSt�1Þ2Dt�1

þ b6ðDSt�1Þ2ð1� Dt�1Þ ð2Þ

16 Because informed traders have short horizons and care about resale price, they will not transact

against noise traders even when they know that noise traders are misinformed. Noise traders can enlarge

their space either through an increase in the number of noise traders or an increase in noise induced

trading without a change in the number of noise traders. In DSSW (1990), the proportion of noise traders

present in the market is fixed and measured in l.
17 The second moment measure of noise trader risk is VarðDSIt�1Þ. Since the mean of the change in

sentiment is close to zero, the variance of the change in sentiment can be approximated by ðDSIt�1Þ2.
18 Investors’ Intelligence initiates its evaluation of the 135 investment advisory newsletters on Friday of

each week. The sentiment index, SIt, computed each week is made publicly available to yearly subscribers

to Investors’ Intelligence on Wednesday morning of the following week.
19 The sentiment index, SIt is highly autocorrelated. Changes in sentiment index are used to capture the

innovations.
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where (i) It�1 ¼ 0 if eit�1 6 0 and It�1 ¼ 1 if eit�1 > 0; and (ii) Dt�1 ¼ 0 if DSt�1 6 0 and

Dt�1 ¼ 1 if DSt�1 > 0. 20 Although the results are not reported herein we find that

lagged changes in sentiment DSt�1 in the mean equation (1) are not significant and

their importance is completely captured in the market’s formation of conditional

volatility hit in Eq. (2). In other words, the long-horizon correlation between senti-
ment changes and stock returns that Brown and Cliff (1999) document reflects the

effect of sentiment changes on risk.

In Eq. (2), we recognize through the dummy variable It�1 that investors in forming

their expectations of conditional volatility may perceive positive and negative shocks

differently. In particular, we expect b2 to be negative; that is to say, a negative shock

is more likely to cause a larger upward revision of volatility than a positive shock of

similar magnitude. This is because the leverage effect is different for negative than for

positive shocks. That is, a surprisingly bad (good) stock market performance causes
the debt ratio of the firm to be higher (lower). Investors perceive the company to be

more (less) risky and subsequently revise their expectation of conditional volatility

upward (downward). Indeed, Nelson (1991) finds that news arriving in the market

tends to affect volatility in an asymmetric manner, depending on the nature of the

news. Similarly, GJR (1993) find that the magnitude of the change in market vola-

tility is greater for bad news than for good news.

In addition, we recognize in Eq. (2) through the dummy variables Dt�1 and

ð1� Dt�1Þ that the magnitude as well as direction of shifts in investor sentiment
can have an asymmetric impact on conditional volatility. In forming expectations

of conditional volatility, individual investors may react differently to the magnitudes

of the shifts in bullish and bearish sentiment.

Lastly, we include the riskfree rate in the conditional volatility equation because

equity market volatility is found to be greater in periods of high inflation. The dummy

variables for January and October account for the well-documented seasonal effect in

equity excess returns.

The net impact of hold-more and price-pressure effects on excess returns is re-
flected in the mean equation through the sign and the significance of the coefficient

a4. The coefficients ðb5; b6Þ in the conditional volatility equation capture the effect

of the magnitude of shifts in sentiment on volatility formation. The coefficient a1

reflects the net impact of the Friedman and the create-space effects on excess

returns.

3. Empirical results

This section presents our empirical evidence on the relation between sentiment,

conditional volatility, and excess returns.

20 Note that we specify only one lag in our GARCH model. Bollerslev et al. (1992) suggest that

GARCH (1,1) is a parsimonious yet appropriate specification in most applications.
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Table 1

Summary statistics of return, excess return, and sentiment index—full period: January 5, 1973–October 6,

1995; subperiod 1: January 5, 1973–May 18, 1984; subperiod 2: May 25, 1984–October 6, 1995

Mean Standard

deviation

Min Max Autocorrelation

q1 q2 q3 q4

Panel A: Weekly returns (%)

DJIA

Full period 0.1315 2.2320 �14.1252 11.8604 �0.0682 0.0300 0.0613 �0.0338

Subperiod 1 0.0239 2.3822 �8.6790 11.8604 �0.0978 0.0085 0.1247 �0.0683

Subperiod 2 0.2391 2.0674 �14.1252 7.5540 �0.0354 0.0517 �0.0275 0.0080

S&P500

Full period 0.1362 2.1226 �13.0071 13.2047 �0.0369 0.0106 0.0795 �0.0280

Subperiod 1 0.0528 2.2934 �9.1119 13.2047 �0.0531 �0.0240 0.1505 �0.0470

Subperiod 2 0.2197 1.9351 �13.0071 7.1217 �0.0186 0.0541 �0.0237 �0.0031

NASDAQ

Full period 0.1745 2.2174 �21.2781 9.1082 0.1866 0.0925 0.1457 0.0227

Subperiod 1 0.1088 2.2811 �9.0733 9.1082 0.1848 0.1024 0.2127 0.0165

Subperiod 2 0.2402 2.1517 �21.2781 7.7372 0.1867 0.0803 0.0710 0.0289

Panel B: Excess returns (%)

DJIA

Full period �0.0077 2.2358 �14.2368 11.7158 �0.0646 0.0329 0.0638 �0.0311

Subperiod 1 �0.1398 2.3872 �8.8529 11.7158 �0.0934 0.0117 0.1271 �0.0653

Subperiod 2 0.1244 2.0671 �14.2368 7.3523 �0.0358 0.0516 �0.0278 0.0077

S&P500

Full period �0.0029 2.1262 �13.1186 13.0600 �0.0335 0.0134 0.0818 �0.0253

Subperiod 1 �0.1109 2.2985 �9.2465 13.0600 �0.0487 �0.0206 0.1529 �0.0439

Subperiod 2 0.1050 1.9345 �13.1186 6.9200 �0.0192 0.0537 �0.0243 �0.0037

NASDAQ

Full period 0.0353 2.2219 �21.3896 8.9636 0.1898 0.0959 0.1485 0.0259

Subperiod 1 �0.0548 2.2872 �9.2358 8.9636 0.1890 0.1063 0.2154 0.0201

Subperiod 2 0.1255 2.1529 �21.3896 7.6270 0.1875 0.0813 0.0719 0.0298

Panel C: Sentiment index

SIt (%)

Full period 56.0250 14.2872 22.0568 94.5978 0.9461 0.8859 0.8337 0.7832

Subperiod 1 55.9420 16.2819 22.0568 94.5978 0.9372 0.8735 0.8236 0.7732

Subperiod 2 56.1081 11.9782 27.6178 86.5653 0.9609 0.9045 0.8453 0.7918

DSIt
Full period �0.0002 0.0464 �0.2023 0.1889 0.0060 �0.0074 �0.0008 �0.0045

Subperiod 1 �0.0005 0.0567 �0.2023 0.1889 0.0006 �0.0112 0.0015 �0.0029

Subperiod 2 0.0001 0.0330 �0.1497 0.1187 0.0225 0.0038 �0.0075 �0.0089

%DSIt
Full period 0.0038 0.0908 �0.3771 0.4949 0.0583 �0.0583 �0.0041 �0.0497

Subperiod 1 0.0054 0.1124 �0.3771 0.4949 0.0042 �0.0840 0.0163 �0.0316

Subperiod 2 0.0022 0.0620 �0.2749 0.2629 0.2409 0.0276 �0.0711 �0.1021

(continued on next page)
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3.1. Summary statistics

As reported in Panel A of Table 1, the overall weekly returns over the entire sam-

ple period are 0.1315% for the DJIA (6.838% annually), 0.1362% (7.082% annually)
for the S&P500, and 0.1745% (9.074% annually) for the NASDAQ. The autocorre-

lations indicate that the weekly returns on the DJIA and S&P500 are weakly corre-

lated at lags 1 and 3, in contrast to NASDAQ, which exhibits strong correlation at

lags 1 through 3––a pattern consistent with Lo and MacKinlay’s (1988) finding that

the highest positive weekly autocorrelation occurs in portfolios of small stocks.

In addition, the means of returns in Panel A and excess returns in Panel B show

that stocks performed poorly in the first subperiod relative to the second. Moreover,

the standard deviations are in general higher in the first subperiod, indicating a more

Table 1 (continued)

Mean Standard

deviation

Min Max Autocorrelation

q1 q2 q3 q4

Panel D: Change in sentiment index, DSIt
Full period

DSIt > 0 0.0172 0.0268 0.0000 0.1889 0.0067 0.0025 0.0073 �0.0014

DSIt < 0 �0.0173 0.0290 �0.2023 0.0000 0.0134 �0.0028 0.0001 0.0035

Subperiod 1

DSIt > 0 0.0220 0.0323 0.0000 0.1889 �0.0006 �0.0051 0.0064 �0.0039

DSIt < 0 �0.0225 0.0344 �0.2023 0.0000 0.0059 �0.0062 �0.0013 0.0017

Subperiod 2

DSIt > 0 0.0123 0.0187 0.0000 0.1187 0.0161 0.0119 �0.0028 �0.0074

DSIt < 0 �0.0122 0.0210 �0.1497 0.0000 0.0232 �0.0062 �0.0082 �0.0032

Panel E: % Change in sentiment index, %DSIt
Full period

%DSIt > 0 0.0347 0.0581 0.0000 0.4949 0.0835 0.0463 0.0758 �0.0009

%DSIt < 0 �0.0309 0.0521 �0.3771 0.0000 0.1358 �0.0066 0.0206 0.0307

Subperiod 1

%DSIt > 0 0.0457 0.0717 0.0000 0.4949 0.0155 �0.0216 0.0569 �0.0275

%DSIt < 0 �0.0402 0.0618 �0.3771 0.0000 0.0510 �0.0322 0.0115 0.0103

Subperiod 2

%DSIt > 0 0.0238 0.0371 0.0000 0.2629 0.1818 0.1356 �0.0163 �0.0697

%DSIt < 0 �0.0215 0.0380 �0.2749 0.0000 0.2577 �0.0570 �0.0710 �0.0299

This table provides summary statistics for the weekly return, excess return, and sentiment index over the

period from January 5, 1973 to October 6, 1995 and its two subperiods of equal length. Weekly returns

(Panel A) and excess returns (Panel B) are reported for three indices: the DJIA, S&P500, and NASDAQ.

The sentiment index (Panel C) computed at the end of each week by Investors’ Intelligence, SIt, is defined

as the ratio of the number of investment advisory services that are bullish relative to the number of

advisory services that are either bullish or bearish. Two measures of changes in investor sentiment are used

in Panel C: DSIt ¼ SIt � SIt�1 and %ðDSItÞ ¼ DSIt=SIt�1. To indicate the direction of the changes in

sentiment in Panels D and E, we use ‘‘>0’’ (‘‘<0’’) to denote more bullish (bearish) sentiment.
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turbulent period for the equity market. The differences in means of returns and ex-

cess returns are statistically significant across the two subperiods.

As shown in Panel C, the sentiment index has a mean of 56.03% and a stan-

dard deviation of 14.29%, respectively. Note that the sentiment index shows a high

first-order autocorrelation of 0.9461. In contrast, the alternative noise trader risk
measures, DSIt and %DSIt, which measure shifts in investor sentiment, have low

first-order serial correlations of 0.0601 and 0.0583 respectively and effectively capture

the innovations in investor sentiment.

Panel C also shows that over the entire sample period, the average weekly change

and percentage change in sentiment of �0.02% and 0.38% respectively, are relatively

small. For the subperiods, the average change and percentage change in sentiment re-

main small, although the second subperiod shows a slightly higher average change and

slightly lower average percentage change in sentiment relative to the first subperiod.
Overall, the mean statistics suggest that investor sentiment is rather stable over time.

In addition, the large standard deviations indicate that the low average weekly

change and percentage change in sentiment are due to the fact that negative and pos-

itive shifts in investor sentiment are offsetting. As anticipated, when we breakdown

the shift in sentiment according to direction as in Panels D and E, we see much higher

averages for both negative and positive shifts in sentiment. For the overall sample,

the average change (percentage change) in bullish sentiment was 1.72% (3.47%),

whereas the average change (percentage change) in bearish sentiment was �1.73%
(�3.09%); with both averages displaying a magnitude much greater than the overall

average sentiment change.

3.2. Estimated generalized autoregressive conditional heteroscedasticity results

For each of the three stock indices, we estimate a base model that excludes senti-

ment as an explanatory variable in the mean and conditional volatility equations.

The estimated coefficients of the GARCH models for the three stock indices are re-
ported in Table 2. The major findings are summarized below.

First, the time-invariant portion of excess returns is positive and significant; but

the time-varying portion of excess returns varies inversely with conditional volatility.

Investors are rewarded when they take a moderate amount of risk, but are penalized

for taking high risks. 21 These results are quite consistent with previous findings of a

negative price for time-varying risk (GJR, 1993; De Santis and Gerard, 1997). This

relation, which appears to contradict conventional capital asset pricing model pre-

dictions, is likely in time periods where the savings rate is high but alternative invest-
ment opportunities are limited (GJR, 1993), or in periods where inflation is high

and the term structure is downward sloping (Boudoukh et al., 1993). 22 In numerical

21 Average conditional volatility is found to be around 4.5%.
22 Campbell and Hentschel (1992) also argue that the conventional GARCH (1,1) model fails to

estimate the price of conditional risk precisely. By including an additional term to capture the impact of

volatility feedback on expected excess return, the estimate of price of risk becomes positive and statistically

significant.
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Table 2

Conditional volatility, excess return, and sentiment index, January 5, 1973–October 6, 1995

Base model Model 1 Model 2

DJIA S&P500 NASDAQ DJIA S&P500 NASDAQ DJIA S&P500 NASDAQ

a0 0.581��� 0.455��� 0.634��� 0.679��� 0.525��� 0.707��� 0.761��� 0.589��� 0.744���

hi;t �0.128��� �0.108��� �0.119��� �0.173��� �0.146��� �0.171��� �0.196��� �0.173��� �0.219���

Jant 0.300� 0.068 0.018 �0.174 �0.146 0.087��� �0.136 �0.095 0.463���

Octt �0.281� �0.249� �0.475��� �0.245� �0.175 �0.126 �0.098 �0.175 0.055

DSIt 	 10 1.816��� 1.704��� 1.670���

%DSIt 	 10 1.003��� 0.909��� 0.965���

b0 0.009 �0.009 0.377��� 0.302��� 0.082 0.415��� 0.385��� 0.119� 0.509���

e2i;t�1 0.146��� 0.190��� 0.273��� 0.376��� 0.354��� 0.383��� 0.423��� 0.398��� 0.214���

e2i;t�1It�1 �0.128��� �0.174��� �0.258��� �0.353��� �0.325��� �0.349��� �0.402��� �0.373��� �0.216���

hi;t�1 0.858��� 0.847��� 0.781��� 0.699��� 0.743��� 0.707��� 0.659��� 0.712��� 0.713���

Rf ;t 0.042��� 0.038��� 0.008 0.034�� 0.040��� �0.001 0.032�� 0.042�� 0.007

ðDSIt�1 	 10Þ2Dt�1 �0.566��� �0.423�� �0.796���

ðDSIt�1 	 10Þ2ð1� Dt�1Þ 0.517 0.358 1.511

ð%DSIt�1 	 10Þ2Dt�1 �0.142��� �0.120��� �0.133���

ð%DSIt�1 	 10Þ2ð1� Dt�1Þ 0.440 0.201� 0.369

Log-likelihood �1456.61 �1370.80 �1421.70 �1321.55 �1233.51 �1271.74 �1325.88 �1234.08 �1282.19

Diagnostic tests on standardized residuals

Ljung–Box Q-statistic 37.802 64.373��� 61.042��� 35.461 60.739��� 53.076��� 27.180 28.334 37.441

Bera–Jarque statistic 51.859��� 64.946��� 78.785��� 33.302��� 34.837��� 49.864��� 54.610��� 28.365��� 86.599���

This table reports the GARCH-in-mean models, described by Eqs. (1) and (2), for the DJIA, S&P500, and NASDAQ indices over the full period from January

5, 1973 to October 6, 1995. The base model does not include the effect of investor sentiment. Models 1 and 2 incorporate the effect of changes in investor

sentiment as measured by DSIt and ð%DSItÞ, respectively. Dummy variables Dt�1 and 1� Dt�1 are used to indicate the direction of changes towards more

bullish and more bearish sentiment, respectively. The Ljung–Box Q-statistics tests for serial correlation in standardized residuals for lags up to 30. Normality

tests are based on the Bera–Jarque statistics.
�Significance at 10% level.
��Significance at 5% level.
���Significance at 1% level.
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simulations of a dynamic asset pricing model, Backus and Gregory (1993) find that

the exact functional form between excess returns and conditional variances (covari-

ances) of asset returns can be increasing, decreasing, flat, or non-monotonic. The ex-

act functional form depends on both the preferences of the representative agent and

the stochastic structure of the economy.
Second, across the three stock indices, all of the estimated GARCH coefficients in

the base models are significant. We confirm that surprises have an asymmetric effect

on conditional volatility. Negative shocks cause higher upward revisions in volatility.

In addition, as GJR (1993) find, volatility is generally greater when inflation rates are

projected to be higher in the future. The coefficients for the riskfree rate are positive

and significant for both theDJIA and S&P500 though interestingly not forNASDAQ.

To the base model in Table 2, we then add measures of noise trader risk associated

with shifts in sentiment in the mean and volatility equations. The change in senti-
ment is utilized in Model 1 and the percentage change in sentiment in Model 2.

We find that investor sentiment is an important factor in explaining equity excess

returns and changes in conditional volatility. Across the three stock indices, the higher

log-likelihood function values attest to the significant improvement in the goodness

of fit when either the change in sentiment or the percentage change in sentiment are

included as explanatory variables in the GARCH models.

In the mean equation for each of the three stock indices, a shift in sentiment has a

significant positive impact on excess return regardless of the measure of noise trader
risk used, namely, the change or percentage change in sentiment (DSIt 	 10 or

%DSIt 	 10). In Model 1, for a 1% change in sentiment, the average weekly excess

return is affected approximately 0.18% for DJIA, and 0.17% for the S&P500 and

NASDAQ. Similarly, in Model 2, for a 1% change in sentiment, there is approxi-

mately a 0.1% change in average weekly excess return for the DJIA and NASDAQ

and 0.09% for the S&P500. These results are consistent with Section 2.3.1.

The hold-more effect tends to dominate the price-pressure effect and leads to an

increase in excess returns when noise traders are more bullish. In particular, when
sentiment becomes more bullish, optimism induces noise traders to hold more of

the risky assets than fundamentals would indicate, and thereby, secure the compen-

sation for bearing the increase in risk associated with sentiment. However, the higher

risk premium due to increased demand (hold-more) is partially offset by the unfavor-

able price at which noise traders transact (price-pressure).

Similarly, as sentiment becomes more bearish, there is a reduction in excess re-

turns. Noise traders choose to hold less of the risky assets when they are more pes-

simistic, and consequently, are unable to capture the risk premium related to
sentiment. In addition, there is a negative price impact caused by sentiment-induced

sales of securities.

A significant positive correlation between excess returns and changes in sentiment

is found for all three indices. These results are contradictory to conventional wisdom

that noise trader risk should only affect small stocks (LST, 1991; Neal and Wheatley,

1998), and consistent with Brown and Cliff (1999) who also find no support for the

premise that sentiment is primarily an individual investor phenomenon that affects

only the securities they trade (e.g. small stocks and closed-end mutual funds).
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We also find that the magnitude of the change or percentage change in sentiment

has a significant impact on the formation of conditional volatility. Bullish shifts in

sentiment in the current period result in statistically significant downward revisions

in the volatility of future returns. Conversely, bearish shifts in sentiment in the cur-

rent period lead to upward revisions in volatility of future returns though with
less significance. 23 The magnitude of the percentage change in sentiment does

not appear to lead to differential revisions in volatility. However, the magnitude

of the change in sentiment causes the largest revisions in volatility for the NASDAQ

index.

Overall, our results show that shifts in sentiment have an asymmetric impact on

conditional volatility and the introduction of sentiment does not change the negative

relation between the equity excess returns and conditional volatility. As the magni-

tude of shifts in bullish (bearish) sentiment increases, there is an upward (downward)
revision in the volatility of future returns thereby resulting in higher (lower) future

excess returns. This is consistent with Brown and Cliff’s (1999) finding that there

is a strong correlation between sentiment and long-horizon (2–3 years) returns.

The permanent effect of noise trading on expected return is through its impact on

the market’s formation of risk and reflects the interaction of DSSW’s Friedman and

create-space effects. Due to their inclination to transact together, noise traders usu-

ally have poor market timing (they buy high and sell low). The Friedman effect

implies that asset prices tend to be negatively affected when noise traders’ mispercep-
tions are more severe. But the extent that asset prices are adversely influenced by the

Friedman effect depends on the ‘space’ noise trading creates. The higher excess re-

turn associated with volatility revisions due to bullish sentiment shifts indicates that

the positive effect on price of the space created by sentiment-induced noise trading is

large enough to offset the negative effect on price of poor market timing. In contrast,

there is a lower excess return associated with volatility revisions due to bearish sen-

timent shifts. In this case, the positive effect on price associated with noise trader cre-

ated space is not sufficient to offset the negative effect on price associated with poorly
timed sales of securities triggered by bearish shifts in sentiment.

Lastly, we find that when sentiment is excluded, there are statistically significant

seasonal factors in excess returns. Across the three stock indices, excess returns

are lower in October. Surprisingly, excess returns are higher in January only for

the DJIA. However, when the effect of sentiment is introduced in both the mean

and conditional volatility relations, we find a January effect only for NASDAQ; a

clear indication that the additional excess return in January is primarily a small stock

phenomenon as documented in previous research (Banz, 1981). Moreover, the Octo-
ber dummy is only marginally significant for the DJIA, which leads us to believe that

the documented lower excess return in October may simply reflect the impact of sen-

timent changes on conditional volatility.

23 But as Table 3 shows, the significance of bearish sentiment changes increases when we correct the

model for the serial correlation in standardized residuals.
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3.3. Correcting for non-normality in the standardized residuals

The performance of GARCH specifications for the entire sample is examined by

computing the distributional statistics of the standardized residuals. If the model fits

the data properly, the standardized residuals should be free of serial correlation and
should approximately follow a normal distribution. At the bottom of Table 2, we re-

port the Ljung–Box Q-statistic for testing serial correlation in standardized residuals

for lags up to 30, and the Bera–Jarque statistic for testing normality in the standard-

ized residuals.

The standardized residuals indicate that the specifications in Eqs. (1) and (2) fail to

remove the serial correlations in our data series. Moreover, as we have seen in many

GARCH studies, the Bera–Jarque statistics show that the standardized residuals con-

tinue to exhibit a non-normal distribution, indicating that although a GARCHmodel
with conditional normal errors has fatter tails than the normal distribution (Bollerslev,

1986), it does not adequately account for all the leptokurtosis in data. The remaining

serial correlation and excess kurtosis suggest that standard errors under the assump-

tion of conditional normality may understate the true standard errors for the para-

meters when conditional leptokurtosis is present (Baillie and Bollerslev, 1991).

We modify our model in Eq. (1) to include lagged excess return terms to assist in

removing the serial correlations (Dickey and Fuller, 1979; Balvers et al., 2000) in,

and possibly reducing the non-normality of, the standardized residuals. The follow-
ing equation replaces Eq. (1) and is estimated in conjunction with Eq. (2):

Rit � Rft ¼ a0 þ a1hit þ a2Jant þ a3Octt þ a4 DSt þ
Xn

k¼1

ckðRit�k � Rft�kÞ þ eit:

ð3Þ

Observe from the summary statistics reported in Table 1 that serial correlation is

most pronounced at lag 1 for the DJIA and S&P500 and strongest at lag 3 for NAS-

DAQ. Consequently we re-estimate our empirical model for DJIA and S&P500 with

the addition of an excess return term at lag 1, and for NASDAQ with excess return

terms at both lags 1 and 3. The results are reported in Table 3.
As anticipated the lagged excess return terms are highly significant across all three

indices regardless of the measure of sentiment shift used. The results on both the

mean and conditional variance equations are very similar to those reported in Table

2. The notable difference is that some of the weak seasonal effects associated with Oc-

tober dummy are no longer significant and the upward revisions in conditional vol-

atility from bearish shifts in sentiment are more statistically significant.

An inspection of the diagnostic statistics shows that serial correlations are effec-

tively removed once the lagged variables are included in the specification but some
trace of leptokurtosis remains. McCurdy and Morgan (1988) suggest that departures

from conditional normality are likely to be associated with major events and lead us

to suspect that the excess kurtosis may be due to extreme values in the data sample.

We remove the effect of a few extreme values (those that are two standard deviations

away from the mean) in our data sample and recalculate the diagnostic statistics. The
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Bera–Jarque statistics suggest that the conditional errors are now normally distrib-

uted.

3.4. Robustness check over subperiods

In summary, we find consistent results in support of the DSSW model across three

different indices for both changes and percentage changes in investor sentiment. In

Table 3

Conditional volatility, excess return, and sentiment index, January 5, 1973–October 6, 1995 Correcting for

non-normality in standardized residuals

Model 1 Model 2

DJIA S&P500 NASDAQ DJIA S&P500 NASDAQ

a0 0.551��� 0.564��� 0.818��� 0.609��� 0.196�� 0.869���

hi;t �0.158��� �0.177��� �0.240��� �0.190��� �0.070��� �0.265-
���

Jant 0.143 0.047 0.755��� �0.190 0.163 0.740���

Octt �0.201 �0.163 �0.005 �0.180 �0.164 �0.154

DSIt 	 10 2.027��� 1.914��� 1.883���

%DSIt 	 10 1.065��� 1.021��� 0.960���

Rit�1 � Rft�1 �0.179��� �0.166��� 0.005 �0.168��� �0.148��� 0.013

Rit�3 � Rft�3 0.140��� 0.126���

b0 0.087�� 0.061 0.336��� 0.078�� 0.004 0.597���

e2i;t�1 0.145��� 0.165��� 0.233��� 0.122��� 0.073��� 0.384���

e2i;t�1It�1 �0.115��� �0.140��� �0.215��� �0.103��� �0.034�� �0.358-
���

hi;t�1 0.832��� 0.833��� 0.757��� 0.858��� 0.891��� 0.616���

Rf ;t 0.028��� 0.025��� 0.007 0.022��� 0.021��� 0.006

ðDSIt�1 	 10Þ2 Dt�1 �0.238 �0.263� �0.487���

ðDSIt�1 	 10Þ2ð1� Dt�1Þ 0.309� 0.266� 0.887���

ð%DSIt�1 	 10Þ2 Dt�1 �0.068� �0.068�� �0.106-
���

ð%DSIt�1 	 10Þ2ð1� Dt�1Þ 0.143��� 0.094�� 0.418���

Log-likelihood �1303.81 �1213.46 �1262.50 �1308.19 �1233.04 �1247.26

Diagnostic tests on standardized residuals

Ljung–Box Q-statistic 26.61 27.79 19.19 25.38 25.91 20.82

Bera–Jarque statistic 2.89 3.97 4.72 4.51 2.99 5.03

This table reports the results of GARCH-in-mean models after removing the serial correlation in residuals,

for the DJIA, S&P500, and NASDAQ indices over the full period from January 5, 1973 to October 6,

1995. Models 1 and 2 incorporate the effect of changes in investor sentiment as measured by DSIt and
ð%DSItÞ, respectively. Dummy variable It�1 is used to indicate that positive shocks may be perceived

differently from negative shocks by investors in forming their expectations of conditional volatility.

Dummy variables Dt�1 and ð1� Dt�1Þ are used to indicate the direction of changes towards more bullish

and bearish sentiment, respectively. The Ljung–Box Q-statistic tests for serial correlation in standardized

residuals for lags up to 30. Normality tests are based on the Bera–Jarque statistics corrected for a few

extreme values of the standardized residuals (two standard deviations away from the means).
�Significance at 10% level.
��Significance at 5% level.
���Significance at 1% level.
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Table 4

Robustness of conditional volatility, excess return, and sentiment index over subperiods: January 5, 1973–

October 6, 1995

January 5, 1973–May 18, 1984 May 25, 1984–October 6, 1995

Base model Model 1 Model 2 Base model Model 1 Model 2

Panel A: DJIA

a0 0.324 0.627��� 0.906��� 0.706��� 0.765��� 0.647���

hi;t �0.081� �0.184��� �0.282��� �0.157��� �0.189��� �0.151���

Jant �0.284 �0.060 0.107 �0.026 �0.079 0.084

Octt �0.490� �0.107 �0.240 �0.186 �0.133 0.164

DSIt 	 10 1.851��� 1.670���

%DSIt 	 10 1.084��� 0.863���

b0 0.601�� 1.147��� 1.692��� �0.017 0.149 0.112

e2i;t�1 0.148��� 0.376��� 0.486��� 0.205��� 0.293��� 0.287���

e2i;t�1It�1 �0.094��� �0.354��� �0.485��� �0.204��� �0.271��� �0.255���

hi;t�1 0.779��� 0.586��� 0.308��� 0.706��� 0.694��� 0.692���

Rf ;t 0.009 0.004 0.039 0.126��� 0.070��� �0.090���

ðDSIt�1 	 10Þ2Dt�1 �0.912��� �1.092���

ðDSIt�1 	 10Þ2

ð1� Dt�1Þ
0.069 0.411

ð%DSIt�1 	 10Þ2Dt�1 �0.051 �0.471���

ð%DSIt�1 	 10Þ2

ð1� Dt�1Þ
0.097 0.104

Log-likelihood �787.06 �695.82 �682.36 �662.92 �624.35 �630.76

Panel B: S&P500

a0 0.633��� 1.232��� 0.571��� 0.700��� 0.601��� 0.852���

hi;t �0.149��� �0.364��� �0.213��� �0.124��� �0.133��� �0.272���

Jant �0.161 �0.067 0.023 0.227 �0.044 0.082

Octt �0.450� �0.209 �0.147 �0.105 �0.231 �0.070

DSIt 	 10 1.983��� 1.475���

%DSIt 	 10 0.988��� 0.740���

b0 0.387�� 1.191��� 0.350��� 0.000 �0.024 0.102

e2i;t�1 0.228��� 0.494��� 0.475��� 1.058��� 0.455��� 0.241���

e2i;t�1It�1 �0.195��� �0.502��� �0.460��� �1.032��� �0.437��� �0.249

hi;t�1 0.754��� 0.441��� 0.645��� 0.361��� 0.696��� 0.714���

Rf ;t 0.029 0.054��� 0.026�� 0.201��� 0.083��� �0.062���

ðDSIt�1 	 10Þ2Dt�1 �0.937��� �0.873�

ðDSIt�1 	 10Þ2

ð1� Dt�1Þ
0.188 0.416

ð%DSIt�1 	 10Þ2Dt�1 �0.012 �0.025

ð%DSIt�1 	 10Þ2

ð1� Dt�1Þ
0.078 0.230

Log-likelihood �747.84 �646.52 �638.58 �608.91 �580.12 �591.14

Panel C: NASDAQ

a0 0.708��� 0.887��� 0.860��� 0.974��� 0.842��� 0.615���

hi;t �0.134��� �0.239��� �0.244��� �0.264��� �0.203��� �0.121���

(continued on next page)
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this section we examine the robustness of our results by splitting our entire sample

into two subperiods, each with an about equal number of observations: January 5,

1973–May 18, 1984 and May 25, 1984–October 6, 1995. For each subperiod, we first

run a baseline GARCH model followed by the same GARCH specification with ei-

ther the change or percentage change in sentiment added. The results are shown in

Table 4.

Based on subperiod results, the change in sentiment tends to be more significant in

explaining volatility formation than the percentage change in sentiment. For both
the DJIA and S&P500, only bullish changes in sentiment matter in revising condi-

tional volatility. But for NASDAQ we find that both bullish and bearish shifts in

sentiment are important, and that in three out of the four cases, the upward (down-

ward) revision of volatility is larger (smaller) when investors become more bearish

(bullish). The fact that bearish shifts in sentiment is more important for smaller

stocks is consistent with the conjecture of DSSW noise trader model and the notion

that noise trader risk should be most relevant in markets where institutional holdings

are relatively low (LST, 1991).

4. Concluding remarks

The DSSW (1990) model predicts that the direction and magnitude of changes in

noise trader sentiment are relevant in asset pricing. Empirical tests focused on the

impact of sentiment either on the mean or variance in asset returns alone are mispec-

ified and at best incomplete. In this paper we use a GARCH framework to jointly
test the four behavioral effects delineated in the DSSW noise trader model. Our speci-

Table 4 (continued)

January 5, 1973–May 18, 1984 May 25, 1984–October 6, 1995

Base model Model 1 Model 2 Base model Model 1 Model 2

Jant �0.066 0.238�� 0.298 0.981��� �0.645��� 0.009���

Octt �0.837��� �0.335 �0.240 �0.119 �0.263 0.433�

DSIt 	 10 1.667��� 1.675���

%DSIt 	 10 0.925��� 0.533���

b0 0.496��� 0.811��� 0.433��� 0.234��� 0.518��� 1.044���

e2i;t�1 0.256��� 0.552��� 0.298��� 0.252��� 0.513��� 0.216���

e2i;t�1It�1 �0.226��� �0.515��� �0.274��� �0.261��� �0.483��� �0.243���

hi;t�1 0.742��� 0.479��� 0.679��� 0.836��� 0.661��� 0.630���

Rf ;t 0.017 0.037�� 0.024 0.004 �0.001 �0.024

ðDSIt�1 	 10Þ2Dt�1 �0.891��� �1.461���

ðDSIt�1 	 10Þ2

ð1� Dt�1Þ
1.052��� 1.200�

ð%DSIt�1 	 10Þ2Dt�1 �0.168��� �0.010���

ð%DSIt�1 	 10Þ2

ð1� Dt�1Þ
0.368� 0.403���

Log-likelihood �744.76 �641.99 �637.08 �655.36 �612.35 �645.06
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fication allows us to explicitly test the impact of noise trader risk on both the forma-

tion of conditional volatility and expected return as suggested in DSSW (1990).

Moreover, in contrast to prior empirical studies where noise trader risk is proxied

by closed-end mutual fund discounts, we use a direct measure of investor sentiment

compiled by Investors’ Intelligence instead.
We find that shifts in sentiment are negatively correlated with the market volatil-

ity; that is, volatility increases (decreases) when investors become more bearish (bull-

ish). The significance of sentiment on conditional volatility implies that conventional

measures of temporal variation in risk omit an important factor. Moreover, among

the three indices we examine, sentiment has the most profound impact on NASDAQ.

This is consistent with LST’s (1991) finding that closed-end fund discounts (which

proxy for investor sentiment) have the highest correlation with the smallest stocks.

Individual investors are not only the primary readers of independent investment ad-
visory newsletters but also the predominant shareholders of small capitalization

stocks. Sentiment and noise trading should affect the volatility of the NASDAQ

most.

In addition, although the inclusion of sentiment does not change the negative re-

lation between the equity excess return and conditional volatility documented in

prior studies, we find that higher (lower) excess returns are associated with a decrease

(increase) in conditional volatility resulting from larger bullish (bearish) shifts in sen-

timent for both small as well as large capitalization stocks. These results are consis-
tent with the market reaction to noise trading as suggested by DSSW’s Friedman

and create-space effects. The permanent effect of noise trading on expected return

is through its impact on the market’s formation of risk.

Lastly, we find that there is a positive relation between shifts in sentiment and ex-

cess returns across the three indices which indicates that the increase in risk premium

associated with the hold-more effect is relatively more important than the negative

impact of the price-pressure effect on expected return. Sentiment is not an individual

investor phenomenon that affects only small capitalization stocks.
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