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We examine the asymmetry in the predictive power of investor sentiment in the cross-section
of stock returns across economic expansion and recession states. We test the implication of be-
havioral theories and evidence that the return predictability of sentiment should be most pro-
nounced in an expansion state when investors' optimism increases. We segregate economic
states according to the NBER business cycles and further implement a multivariate Markov-
switching model to capture the unobservable dynamics of the changes in the economic regime.
The evidence suggests that only in the expansion state does sentiment perform both in-sample
and out-of-sample predictive power for the returns of portfolio formed on size, book-to-
market equity ratio, dividend yield, earnings-to-price ratio, age, return volatility, asset tangi-
bility, growth opportunities, and 11 widely documented anomalies. In a recession state, how-
ever, the predictive power of sentiment is generally insignificant.
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1. Introduction

Behavioral theories posit that investors may form erroneous stochastic beliefs, either with excessive optimism or pessimism,
and therefore incorrectly evaluate asset values, causing asset prices to deviate from their intrinsic values (see, e.g., De Long et al.
(1990), Lee et al. (1991), and Kumar and Lee (2006)). The mispricing gets corrected as the economic fundamentals are revealed
and sentiment wanes. The pricing correction results in a negative relation between investor sentiment and future stock returns.
As a consequence, investor sentiment exhibits predictive power for stock returns. Lemmon and Portniaguina (2006) show that
investor sentiment can predict the returns on small size stocks. Baker and Wurgler (2006) present evidence that the pattern of
the return predictive effect of sentiment varies with stock characteristics such as firm size, volatility, and age.

Recently, Stambaugh et al. (in press) document that the long-short and the short-legs of the anomaly strategies are more prof-
itable in months following high sentiment, while the long-legs of the strategies have similar returns following high and low sen-
timent. Yu and Yuan (2011) find that the relation between the expected return and volatility of the U.S. stock market hinges on
investor sentiment. Ho and Hung (2009) show that incorporating investor sentiment in modeling the dynamics of risk exposures
enhances the explanatory power of asset pricing models for stock returns. Brown and Cliff (2004) document a contemporaneous
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relation between changes in investor sentiment and U.S. stock market returns. Schmeling (2009) reports that when consumer
confidence is high, future stock returns tend to be lower in most of the 18 industrialized countries.

This paper contributes to the literature by studying, across different states of the economy, cross-sectional predictability pat-
terns of investor sentiment in stock returns. Our goal is to capture the asymmetry in the predictive power of investor sentiment in
stock returns in times of flourishing economic environments when investors are becoming more optimistic and in times of eco-
nomic downturns when investors become more pessimistic.

We separate the state of the economy into expansion and contraction regimes according to the business cycles designated by
the NBER. We further segregate the economic regimes using a two-state Markov-switching model of stock returns with a time-
varying state transition matrix (see, also, Perez-Quiros and Timmermann (2000), and Ozoguz (2009)).3 We remove the potential
impact of shifts in sentiment on regime shifts in the process of identifying regimes. 4 Specifically, we orthogonalize the monthly
returns of Fama and French (1993) market, SMB, and HML portfolios from the variation in sentiment, and then use the residuals of
the portfolio returns to estimate the parameters of the Markov-switching model.

Next, we control for the state of the regime to examine the return predictive power of sentiment. We treat the state of the re-
gime as an exogenous input and estimate predictive regressions using the regime-sorted data (regimes identified by the NBER
and the Markov-switching model). To completely control for the effect of regime shifts, we eliminate the observations at the turn-
ing points where the regime switches from one state to another. We test whether the state of the regime affects the significance of
the regression coefficient on sentiment in the model.

We employ the monthly orthogonalized sentiment index of Baker and Wurgler (2006) as a proxy for investor sentiment5 to
predict monthly returns of the equal-weighted portfolios that are long and short, respectively, in stocks with high and low values
of firm characteristics. We consider a wide range of firm characteristics including size, book-to-market ratio, dividend yield,
earnings-to-price ratio, age, return volatility, R&D expense-to-assets ratio, fixed assets, sales growth, and external finance-to-
assets. In the predictive regressions we follow Stambaugh et al. (in press) to include control variables that may affect stock
returns including firm size, and book-to-market ratio.6

Our results shed light on the relation between the state of the economy and the predictive ability of sentiment in stock returns.
The most striking finding of the paper is that only in an economic expansion state does investor sentiment show a significant and
robust predictive power in stock returns. In contrast, when the economy is in contraction, the return predictive ability of senti-
ment is generally insignificant. Furthermore, the return predictive power of sentiment is not only regime dependent but also ex-
hibits a cross-sectional pattern. When the economy is in expansion, higher sentiment is associated with lower subsequent stocks
returns of firms with small size, young age, low book-to-market ratio, high return volatility, non-earnings, non-dividend-paying
status, high intangible assets, and high growth opportunities.7

Note that in contrast to Baker and Wurgler (2006) who use the annual orthogonalized sentiment index to predict monthly
stock returns, in this study we utilize their monthly sentiment index. Using the annual sentiment measure to predict monthly
stock returns may not timely reflect the variation in sentiment, and may also inappropriately fit into the regime-switching frame-
work which models random shifts in the economic regime.

Our study is therefore able to reveal the return predictive ability of sentiment in stock returns over short-term horizons. For
example, in the expansion state as classified by the NBER, one unit increase in the orthogonalized sentiment index (which equals
one standard deviation increase, because the indexes are standardized; see, Baker and Wurgler (2006)) in one month is associ-
ated with +1.96% of the return in the next month on the portfolio that is long old age stocks and short young stocks, after con-
trolling for other determinants of stock returns.

In order to detect the source of the predictive power of sentiment, we apply a conditional beta model to examine whether the
predictive effect of sentiment is attributable to time-varying systematic risk or mispricing. We find that the predictability patterns
reflect mispricing and the subsequent pricing correction, rather than time-variation in the market beta, even after conditioning on
the state of the economy.

Finally, we implement several analyses for robustness checks. First of all, we further elaborate on the asymmetry in the pre-
dictive pattern using the Michigan Consumer Confidence Index which has been used in prior research to study the relation be-
tween investor sentiment and stock returns (see, Lemmon and Portniaguina (2006), among others). Secondly, we also conduct
a predictive regression with regime dummy variables. This predictive regression includes regime dummies independently in

3 Many studies have demonstrated that the Markov-switching model provides a rather flexible filter to extract the latent regime from observed time-series
data and is rather useful to characterize the evolution of regime shifts related to the business cycle (see, e.g., Whitelaw (2000), Ang and Bekaert (2002), Ang
and Chen (2002), and Guidolin and Timmermann (2008)). Moreover, the results from using the Markov-switching model are helpful to confirm the main results
from using the NBER index, and thus enhance the robustness of our findings.

4 The reason for doing so is to mitigate the concern that, in addition to changing fundamentals, regime shifts may be also due to changes in investor sentiment.
5 Baker and Wurgler (2006) construct the orthogonalized sentiment index by regressing each of their six raw sentiment proxies on macroeconomic variables

and then obtaining the first principal component of the regression residuals. The descriptions of the Baker and Wurgler's (2006) orthogonalized sentiment index
data are given in Section 3.1. The sentiment index data are available for both annual and monthly frequencies from Jeffrey Wurgler's website: http://pages.stern.
nyu.edu/~jwurgler/.

6 Our conclusions remain unchanged when we add extra liquidity andmomentum factors. To confirm the robustness of our findings, we also compute the boot-
strapped p-value based on the procedure of Kosowski et al. (2006) for testing. Our conclusions continue to hold.

7 As suggested by the associate editor, we further conduct tests using value-weighted portfolios. The results (available upon request) are qualitatively similar
and do not change our conclusions. It is worth to note that the return predictability of investor sentiment is generally weaker using value-weighted portfolios.
This is consistent with the argument of Baker and Wurgler (2006) that large firms are less affected by sentiment, and thus value-weighted returns may obscure
the predictive effect of sentiment.
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addition to making sentiment loadings conditional on dummies. Thirdly, we further control for macroeconomic variables, includ-
ing the yield spread, default premium, dividend-to-price ratio, the growth rate of industrial production, and the growth rate of
personal consumption expenditures in durables, nondurables and services, in the predictive regressions. Fourthly, for compre-
hensive coverage on the cross-section of stock returns, we also examine 11 asset pricing anomalies that firmly survive even
after adjusting for exposures to the three factors of Fama and French (1993). Overall, the results confirm our main findings
that the return predictive power of investor sentiment on these anomalies is significant only in an economic expansion state, re-
gardless of using either the NBER classification or the regime-switching framework to identify the state of the economy.8

The evidence in this paper suggests the two-regime pattern of the return predictive ability of sentiment. It is important to note
that our analysis does not completely rule out other sources that could drive the two-regime pattern. Stambaugh et al. (in press),
for example, give an insightful discussion on the possible ways of time-variation in the cross-sectional dispersion of investors'
views. Investigating the statistical properties over time of the cross-sectional distribution of investors' views could be a fruitful
path for future research.

The rest of the paper is organized as follows. We develop our hypothesis in Section 2. Section 3 presents the multivariate
Markov-switching model and characterizes the economy regimes. Section 4 describes the stock data and sentiment measures,
tests our hypothesis and reports the findings. Section 5 conducts robustness checks, and further analyzes 11 well-documented
asset pricing anomalies. Section 6 concludes. The Appendix contains the details of the bootstrap procedure.

2. Hypothesis development

The hypothesis in this paper is based on the following arguments. First, prior studies have shown that overpricing occurs in
good times and underpricing appears in bad times. For example, Daniel et al. (1998) show that a string of good (bad) news related
to the economy or firms leads to overpricing (underpricing). Gervais and Odean (2001) argue that agents attribute success heavi-
ly to superior ability rather than luck. Since most investors are long in stocks, in times when the market gains, the aggregate over-
confidence becomes higher, leading to more aggressive trading. Further, these effects may rise late in a bull market and attract
more investment capital, pushing prices even higher.

Indeed, our evidence (detailed in Section 3.3 and reported in Table 2) is consistent with the findings in the literature, and sug-
gests that when the economy is in expansion, investors' optimism grows as reflected by the increase in sentiment. In contrast,
investor sentiment tends to decrease when the economy is in contraction. As argued by Brown and Cliff (2005), when investor
sentiment increases with the market price, the build-up of optimism leads to an extended period of market overvaluation. In con-
trast, investors' growing pessimistic beliefs in bad times may result in assets being underpriced.9

Second, empirical evidence and behavioral models demonstrate that the sentiment-driven overpricing is more prevalent than
underpricing due to the limits of arbitrage and short sales constraints. De Long et al. (1990) analyze the limits of arbitrage, and dem-
onstrate that arbitrageurs not only bear fundamental risk but also face the noise trader risk. Arbitrageurs' positions are deterred by the
additional risk that investors' optimism could become more extreme in the near future, and that stock prices could increase even
more significantly. Shleifer and Vishny (1997) show that investors may withdraw capital from institutional arbitrageurs when it is
most needed. Further, arbitrageurs also face the financing risk of meeting margin calls (Mitchell et al. (2002)).

Importantly, short sales constraints keep negative opinions off the market, and thus allow substantial overpricing (Ofek et al.
(2004) and Chang et al. (2007)).10 Jones and Lamont (2002), for example, show that the level of shares sold short in the U.S. mar-
ket is rather low.11 Nagel (2005) finds that most sophisticated professional investors never sell short and therefore cannot trade
against overpricing. Moreover, some studies report that market efficiency is weakened during the booming or bubble periods. For
example, Lamont and Thaler (2003) identify violations of the law of one price during the rapid rise of technology stocks prices.
Ofek and Richardson (2003) also provide evidence against market efficiency during the booming period in the late 1990s.

In contrast, executing buying trades is straightforward when pessimistic investors depress stock prices below fundamental
values. The long-only institutional investors such as most mutual funds can increase holdings of underpriced stocks. Furthermore,
in response to drastic declines in stock prices or in times of crisis, regulators often place severe restrictions on short sales and dis-
courage securities lending (Lamont (2005)), thereby preventing large negative changes in the market price (Bris et al. (2007)).

The above evidence, taken together, suggests that the sentiment-driven overpricing, which most likely occurs in an economic
expansion state, is relatively difficult to be arbitraged away than underpricing which probably appears in an economic contraction
state. The extent of pricing deviations from fundamentals, and hence the correction for mispricing, is greater during economic ex-
pansions than during contractions. The immediate implication, and our hypothesis, is that the return predictive ability of investor

8 In unreported results (available upon request) we further use two Markov-switching models with one adding the growth rate of industrial production to the
returns on market, SMB, and HML portfolios, and the other using the industrial production growth rate, and the growth rate of personal consumption expendi-
tures in durables, nondurables and services. The overall results are consistent with our main findings.

9 Baker and Wurgler (2006 and 2007) also demonstrate that as investors value assets subjectively, stocks of firms that are hard to value are most likely to be
affected by shifts in sentiment, and hence mispriced.
10 The constraints for taking short positions include the risks, costs, legal and institutional restrictions, and the need of sufficient stock supply from investors
who are willing to lend. See Lamont (2005) for detailed discussions.
11 For the U.S. stock market, Figlewski and Webb (1993) also report that, on average, only 0.2% of shares outstanding was sold short for the 1973–1983 period.
Dechow et al. (2001) show that those stocks having short interest greater than 5% of shares outstanding account for less than 2% of all stocks for the 1976–1993
period.
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sentiment may exhibit an asymmetric pattern across different states of the economy, and should be most pronounced in a flour-
ishing economic state.

The closest research related to ours is Stambaugh et al. (in press) who hypothesize that anomalies in the cross-section of stock
returns may reflect mispricing in the presence of sentiment effects and short-sale impediments, where overpricing is more prev-
alent whenmarket-wide sentiment is high than underpricing when sentiment is low. They classify a high (low)-sentiment month
as the one in which the sentiment index value in the previous month is above (below) the sample median. They conclude that
overpricing happens in high-sentiment periods.

Our study differs from theirs in our hypothesis and test designs.We consider overpricing to bemore likely to occurwhen the econ-
omy is in expansion (either classified by theNBER or by theMarkov-switchingmodel) because of investors' growing optimismduring
these periods and the presence of the limits of arbitrage and short sales constraints. In contrast, although underpricingmight happen
when the economy is in contraction, it is less likely.We then separately examine the return predictive effect of sentiment during eco-
nomic expansionanry periods and contractionary periods. In our sample, during economic expansions the sentiment index has a
lower average value but is generally increasing; whereas during economic contractions the sentiment index has a higher average
value but is generally decreasing. This pattern is consistent with the evidence that investor sentiment is mean-reverting (see,
Baker and Wurgler (2006), and Yu, and Yuan (2011)).

Intuitively, during good times investors are likely to face the arrival of a series of good news pointing toward more prosperous
economy outlook and better prospects of future cash flows of companies, while during bad times news of economic downturns or
disappointing information related to firms often comes into light. Thus, it is natural to observe the increase in investor sentiment
over the period of economic expansions, and vice versa. The wave of increasing sentiment during economic expansions results in
overpricing, and such an effect, as argued by Baker and Wurgler (2006), is particularly significant on stocks that are difficult to arbi-
trage and hard to value.

3. Economic regimes and investor sentiment

3.1. NBER business cycles and a multivariate Markov-switching model

We first use the NBER business cycles to classify the state of the economy. We also characterize economic regimes by estimat-
ing a Markov-switching model with time-varying regime transition probabilities. The state of the regime switches at random
times but is driven by a latent regime variable following a Markov chain that is assumed to change over time. Since recent re-
search documents that size and value premiums vary with the state of economic regime (Perez-Quiros and Timmermann
(2000) and Gulen et al. (2008), among others), we characterize economic regimes in the joint process of portfolio returns on
the market, size, and value factors of Fama and French (1993) as in Guidolin and Timmermann (2008). These factors are the
monthly returns on the CRSP value-weighted market index in excess of the one-month T-bill rate and the monthly returns on
the SMB and HML factors.12 Including the size and value factors has the advantage of utilizing more information to characterize
regimes than that contained in the excess market return and thereby reduces the noise of the smoothed probabilities.

We remove the sentiment variation from the factor portfolio returns prior to the estimation of the Markov-switching model.
Specifically, we regress the factor portfolio returns on the sentiment proxy—the Baker and Wurgler's (2006) orthogonalized sen-
timent index. The regressions residuals, labeled with a superscript ⊥, are the factor portfolio returns orthogonalized to the senti-
ment variation. The sample of orthogonalized factor portfolios covers the 504-month period from January 1966 to December
2007, which is dictated by the availability of the sentiment index. The mean returns of the unorthogonalized market, SMB, and
HML portfolios are, respectively, around 0.4%, 0.2%, and 0.5% per month with volatility of 4.5%, 3.3%, and 2.9% per month. The port-
folio returns are all skewed and leptokurtic. The orthogonalized factors retain the appealing properties (such as skew and lepto-
kurtosis) of the unorthogonalized ones.

We model the joint distribution of the vector of orthogonalized returns of the 3 factor portfolios, rt⊥, as a multivariate Markov-
switching process driven by a common discrete regime variable st which takes two integer values {1,2} as:

r⊥t ¼ μst
þΦst

Xt−1 þ εt ; ð1Þ

where Xt−1 is the vector of publicly available information for predicting stock returns, μst is the 3×1 vector of the regime-
dependent intercepts, Φst is the 3×3 matrix of the regime-dependent coefficients. The vector of return innovations εt∼N(0,Ωst)
is assumed to follow a multivariate normal distribution with zero means and a regime-dependent variance–covariance matrix
Ωst. The discrete regime variable st is assumed to follow a two-state first-order Markov chain governed by a 2×2 transition prob-
ability matrix with time-varying elements in which

p11;t ¼ Pr st ¼ 1ð jst−1 ¼ 1;ΔCLIt−1Þ ¼ N a1 þ b1ΔCLIt−1ð Þ;
p22;t ¼ Pr st ¼ 2ð jst−1 ¼ 2;ΔCLIt−1Þ ¼ N a2 þ b2ΔCLIt−1ð Þ; ð2Þ

where ΔCLIt−1 is the one-month lagged value of the change in log composite leading indicator and N(⋅) is the cumulative density
function of a standard normal variable.13 The regime variable st, as a latent variable, can be statistically inferred by the realized

12 These factors can be downloaded from Kenneth French's data library at: http://mba.tuck.dartmouth.edu/pages/faculty/ken.french.
13 The composite leading indicator data are taken from the OECD's web-page at: http://stats.oecd.org/Index.aspx?DatasetCode=MEI_CLI.
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observations. The possibilities of the regimes at each time point can be characterized by filtered probabilities Pr(st|Yt) and
smoothed probabilities Pr(st|YT), where Yt is the information set at time t and YT is the complete information set.

The vector of Xt−1 comprises dividend yield, default premium, and the short-term interest rate, following Perez-Quiros and
Timmermann (2000) and Ozoguz (2009). The dividend yield is defined as the dividends on the valued-weighted CRSP index
over the past 12 months. We construct the dividend payout series using the value-weighted return including dividends, and
the price index series associated with the value-weighted return excluding dividends. The dividend series is the sum of dividend
payout over the past 12 months. The default premium is the yield spread between Baa and Aaa corporate bonds. The short-term
interest rate is defined as the 90-day T-bill rate. We obtain the Baa and Aaa corporate bond yields and the short-term interest rate
data from the web-page of the Federal Reserve at St. Louis.14

3.2. Empirical results of the multivariate Markov-switching model

Denote the set of parameters by Θ=(μ1,μ2,Φ1,Φ2,Ω1,Ω2,a1,a2,b1,b2). Because the number of parameters is large and will
cause severe problems in numerical optimization, we are not able to estimate the Markov-switching model of Eqs. (1) and (2)
by maximum likelihood method directly. We adopt a pragmatic approach instead. We divide the set of parameters into two sub-
sets: Θ1=(μ1,μ2,Φ1,Φ2,Ω1,Ω2) and Θ2=(a1,a2,b1,b2). Given an initial value of Θ1

(0), we use the maximum likelihood estimation
to obtain the estimates of Θ2

(1). We then take these estimates as inputs and use the EM algorithm of Hamilton (1990) to estimate
Θ1
(1). We repeat these procedures iteratively until we achieve convergence. We compute the standard deviations of the parameter

estimates following the standard convention of the maximum likelihood approach. Table 1 reports the results from the estimation
of the two-state Markov-switching model. Fig. 1 plots the historical patterns of the smoothed probabilities for two regimes.

14 The web-page is at: http://research.stlouisfed.org/fred2/categories/22/.

Table 1
Parameter estimates of the Markov-switching model for the orthogonalized market, SMB, and HML returns.

Parameters Market SMB HML

Panel A: Mean parameters
Constant, Regime 1 −0.031 0.014 0.017
Constant, Regime 2 −0.002 −0.015 −0.001
Default premium(Deft−1), Regime 1 38.181** 12.556 −2.391
Default premium(Deft−1), Regime 2 20.607** 9.826 −3.195
Interest rate(It−1), Regime 1 −7.202** −2.576 2.242
Interest rate(It−1), Regime 2 −2.787** −2.658** 0.020
Dividend yield(Div t−1), Regime 1 0.797 −0.466 −0.551
Dividend yield(Div t−1), Regime 2 0.016 0.620** 0.031

Panel B: Correlations/Volatilities
Regime 1
Market 0.068**
SMB 0.282** 0.055**
HML −0.358** −0.295** 0.047**
Regime 2
Market 0.035**
SMB 0.312** 0.023**
HML −0.387** −0.213* 0.022**

Panel C: Transition matrix parameters

Regime 1 Regime 2
Constant 0.505 1.502**
Leading indicator(ΔCLIt−1) −54.464** 19.955**

Note: This table reports the results of the parameter estimates for the Markov-switching model:

r⊥t ¼ μst
þΦst

Xt−1 þ εt ;

where μst is the 3×1 intercept vector in regime st, Φst is the 3×3 regime-dependent coefficients, Xt−1 is the vector of dividend yield (Div t−1), default premium
(Deft−1) and interest rate (It−1), and εt∼N 0;Ωstð Þ is the 3×1 innovation vector of returns. st is an unobserved state variable driven by a two-state first-order
Markov chain governed by a 2×2 transition probability matrix with time-varying elements

Pr st ¼ ið jst−1 ¼ i;ΔCLIt−1Þ ¼ N ai þ biΔCLIt−1ð Þ; i ¼ 1;2;

where ΔCLIt−1 is the one-month lagged value of the change in log composite leading indicator and N(⋅) is the cumulative density function of a standard normal
variable. The three series are excess returns on the value-weighted market portfolio and returns on Fama and French's (1993) SMB and HML portfolios that have
been orthogonalized to sentiment. The sample period is from January 1966 to December 2007. Values reported on the diagonals of the correlation matrices are
volatilities. All estimates are monthly. * and ** denote significance at 5% and 1% levels, respectively.
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The decision criterion for inferring the state of the regime at each time point is that the regime has smoothed probability above
0.5.15 This decision rule is reasonable because very few of the smoothed probabilities as shown in Fig. 1 lie between 0.3 and 0.7.
We identify regime 1 as a high-volatility economic contraction state and regime 2 as a low-volatility economic expansion state.
The upper panel of Fig. 1, which plots the historical patterns of the smoothed probabilities of regime 1, shows that this regime cap-
tures most of the NBER recessions16 (the shaded areas) and episodes of sharp declines in stock prices since the 1960s. These include
the 1969–1970 recession, the oil crisis in 1973, the stockmarket crashes in 1973–1974 and 1987, the GulfWar in the early 1990s, the
default of the Russian sovereign bonds and the near collapse of Long TermCapitalManagement in 1998, the Internet bubble burst and
corporatemalfeasance in the beginning of the 2000s. In contrast, as displayed on the lower panel of Fig. 1, regime 2 coversmost of the
bull markets with growing stock prices since the mid-1960s and the run-ups in the 1980s and 1990s.17

15 According to this criterion, there are 136 points classified as regime 1 and 326 points classified as regime 2. There are 42 points classified as regime turning
points.
16 The data is taken from NBER's web-page at: http://www.nber.org/cycles/cyclesmain.html.
17 In unreported results and figures (available upon request), we also analyze whether the expansion (recession) periods characterized by Markov-switching
model cover bull (bear) markets using the definitions of bull and bear markets of Hardouvelis and Theodossiou (2002). Indeed, the identified expansion (reces-
sion) regime covers most of the bull (bear) markets.
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Fig. 1. The smoothed probabilities of the two-stateMarkov-switchingmodel for the orthogonalizedmarket, SMB, andHML returnsThis figure plots the smoothed prob-
abilities for the two-stateMarkov-Switchingmodel comprisingmonthly excess returns on the value-weightedmarket portfolio and return series on Fama and French's
(1993) SMB and HML portfolios that have been orthogonalized to sentiment variation. The upper (lower) panel displays the smoothed probabilities of Regime 1
(Regime 2). The sample period is from January 1966 to December 2007. Parameters estimates underlying these plots are reported in Table 1. Regime 1 is a high-
volatility recession state that captures episodes of sharp declines in stock prices since 1960, such as the two oil shocks in the 1970s, the Gulf War in the beginning
of the 1990s, the default of the Russian sovereign bonds and the collapse of Long Term Capital Management surrounding the crash in 1998, the internet bubble
burst and corporate malfeasance in the beginning of the 2000s. Most of the periods classified as regime 1 occur in the NBER recessions (the shaded areas). Regime 2
is a low-volatility expansion state that covers most of the bull markets with growing stock prices since the mid-1960s, including the run-ups in the 1980s and 1990s.
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Panel C of Table 1 displays the parameter estimates of a1, a2, b1, and b2 associated with the transition probabilities in Eq. (2).
The coefficient b1 (b2) on the change in the composite leading indicator is significantly negative (positive), indicating that an in-
crease in the leading indicator decreases (increases) the probability of staying in regime 1 (regime 2). We also sort the growth
rate of industrial production (obtained from the web-page of the Federal Reserve at St. Louis) based on the identified regimes.
The results (available upon request) show that the average monthly growth rate of industrial production is 0.04% in regime 1
and 0.32% in regime 2. The volatility of the industrial production growth rate in regime 1 is higher than that in regime 2. These
pieces of evidence, taken together, confirm the economic interpretation that the regimes characterized by the Markov-
switching model are indeed associated with underlying economic fundamentals.

We proceed to the mean parameter estimates in Eq. (1). Panel A of Table 1 suggests that the coefficient estimates of the excess
market return on the default premium are highly significant and positive in both regimes. The coefficient estimate of SMB on the de-
fault premium is significantly positive in regime 1. Themagnitude of the coefficient estimates on the default premium in the contrac-
tion state is larger than that in the expansion state, suggesting that the default premium is more important during economic
recessions or bearish markets and is particular relevant to the size premium. These findings are consistent with those of Perez-
Quiros and Timmermann (2000). The coefficient estimates of the excessmarket return on the lagged interest rate are statistically sig-
nificant and negative in both regimes. For the SMB factor portfolio, the coefficient on the lagged interest rate is significantly negative
in regime 2.

Panel B of Table 1 presents the estimates of volatilities and correlations in the diagonals and the off-diagonals of the correla-
tion matrices, respectively, showing that in regime 1 (regime 2) the monthly volatility of the excess market return is 6.8% (3.5%).
This result is consistent with the finding reported by Schwert (1990) that stock market volatility tends to be high during econom-
ic recessions. The correlation between the market portfolio and the SMB portfolio is positive, while the HML portfolio is negatively
correlated with both the market portfolio and the SMB portfolio, suggesting that HML may serve as a hedge against the market
portfolio.

3.3. The link between economic regimes and investor sentiment

We find that the smoothed probability of the recession state (regime 1) moves in the same direction with the NBER recession
indicator. The Spearman's correlation coefficient between the NBER recession indicator and the smoothed probability of regime 1
(as shown in Table 2) is about 0.35. The regression coefficient estimate of the smoothed probability of regime 1 on the NBER re-
cession indicator gives a positive value of 0.33 and is significant at the 1% level.

We use the orthogonalized, monthly sentiment index of Baker and Wurgler (2006) as the measure of investor sentiment. The
top panel of Fig. 2 plots the historical pattern of the sentiment index between January 1966 and December 2007. The sentiment
index shows a spike before the 1970s and then turns into negative for a long period during the 1970s which might be attributable,
in part, to a series of oil crises. The sentiment index became positive in the 80s until the Gulf War in the early 90s. Investor sen-
timent reached a spike before the Dot-Com bubble burst and then became negative afterwards until 2003 when the market
recovered.

Table 2 shows that the correlation coefficient between the level of investor sentiment and NBER recessions is positive 0.11.
Similarly, the correlation coefficient between the level of investor sentiment and the recession regime 1 identified by the two-
state Markov-switching model is also positive 0.27. These indicate that the Baker and Wurgler (2006) index has a higher average
value during recessions than that during expansions.

Notice that investor sentiment tends to drop when the NBER recession index (and the smoothed probabilities of recession re-
gime 1) indicates a recession state. Investor sentiment exhibits an increasing pattern when the NBER index (and the smoothed
probabilities of expansion regime 2) indicates an expansion state.

The NBER recession index (or the smoothed probabilities of recession regime 1) is negatively correlated with the change in sen-
timent, −0.20 (or −0.11). These negative correlations indicate that when the economy is in recession (expansion) investor

Table 2
Correlations between the NBER recession index, smoothed probability of Regime 1, sentiment, and change in sentiment.

Spearman's rank correlations

NBERt Pr(st=1|YT) SENTIMENTt⊥ ΔSENTIMENTt⊥

NBERt 1.00
(−)

Pr(st=1|YT) 0.35** 1.00
(0.00) (−)

SENTIMENTt⊥ 0.11** 0.27** 1.00
(0.01) (0.00) (−)

ΔSENTIMENTt⊥ −0.20** −0.11** 0.10** 1.00
(0.00) (0.02) (0.02) (−)

Note: This table reports the Spearman's rank correlations matrix for the NBER recession index NBERt, the smoothed probability of Regime 1 (a contraction state)
Pr(st=1|YT), the sentiment index SENTIMENT⊥, and the change in the sentiment index ΔSENTIMENT⊥. The p-values are in parentheses and * and ** denote sig-
nificance at 5% and 1% levels, respectively.
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sentiment tends to decrease (increase). Thus, while during recessions investor sentiment is relatively high, on average, it exhibits a
tendency to drop. On the other hand, during expansions investor sentiment is relatively low, on average, it exhibits a tendency to
increase.18

4. Predictive regressions for long-short portfolios

4.1. Data and sample

In our predictive regressions, we use the equally weighted portfolios formed on firm characteristics: (i) size (ME), (ii)
book-to-market ratio (BE/ME), (iii) dividend yield (D/P), (iv) earnings-to-price ratio (E/P), (v) firm age (AGE), (vi) return
volatility (SIGMA), (vii) R&D expense-to-assets (RD/A), (viii) fixed assets (measured by property, plant and equipment over
assets, PPE/A), (ix) sales growth (GS), and (x) external finance-to-assets (EF/A).19 ME is the market equity at the end of
each June. BE/ME is book equity at the last fiscal year end of the prior calendar year t−1 divided by market equity at
the end of December in year t−1. D/P is the total dividends paid from July of year t−1 to June of year t divided by market
equity in June of year t. E/P is earnings before extraordinary items at the last fiscal year end of the prior calendar year t−1
divided by market equity at the end of December in year t−1.AGE is measured by the period of time since firm founding
and is computed based on Jay Ritter's historical founding dates data for 9089 IPOs in the U.S. during 1975–2009.20 SIGMA is
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Fig. 2. The historical patterns of the sentiment proxiesThe upper panel plots the Baker and Wurgler's (2006) monthly orthogonalized sentiment index for the
period from January 1966 to December 2007 and the lower panel displays an orthogonalized consumer sentiment measure of the University of Michigan consum-
er confidence index for the period from January 1978 to December 2007.

18 One of the referees suggests us to check for any causality relation between economic state and sentiment, such as lead-lag relation. We thus utilize a VAR
model and conduct the Granger causality test. The results do not show a clear lead-lag or Granger causality relation between sentiment and economic regimes.
19 The data of the portfolios formed on size, book-to-market ratio, dividend yield, and earnings-to-price ratio are from Kenneth French's data library.
20 The age measure based on a firm's founding date captures the actual survival period of a firm and is widely used in the corporate finance literature. In con-
trast, the number of years since the firm's first appearance on CRSP mainly reflects the period of time since listing, but not precisely the age of a firm. Jay Ritter
provides more detailed information on the data of founding dates and their applications at: http://bear.warrington.ufl.edu/ritter/ipodata.htm.
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Table 3
Summary statistics for the portfolio returns.

Decile ≤0 1 2 3 4 5 6 7 8 9 10

Portfolios formed on size
Mean 1.43 1.09 1.13 1.09 1.13 1.06 1.11 1.04 1.01 0.89
Standard Deviation 6.72 6.46 6.23 6.01 5.80 5.48 5.31 5.18 4.76 4.58
Skewness 0.33 −0.06 −0.19 −0.32 −0.35 −0.38 −0.29 −0.30 −0.22 −0.22
Excess kurtosis 2.83 2.83 2.40 2.26 2.51 1.94 2.23 1.68 1.56 1.87

Portfolios formed on book-to-market
Mean 0.65 1.00 1.11 1.24 1.28 1.40 1.48 1.51 1.65 1.86
Standard Deviation 7.59 6.47 6.09 5.76 5.44 5.29 5.12 5.17 5.49 6.29
Skewness 0.02 −0.22 −0.30 −0.32 −0.26 −0.16 −0.08 0.14 0.07 0.61
Excess Kurtosis 2.78 1.86 2.51 3.02 3.53 3.62 3.91 4.27 4.42 4.96

Portfolios formed on dividend yield
Mean 1.30 1.18 1.28 1.24 1.31 1.28 1.36 1.34 1.38 1.29 1.18
Standard Deviation 7.59 5.79 5.35 5.13 4.95 4.72 4.57 4.32 4.19 3.84 4.07
Skewness 0.20 −0.53 −0.52 −0.36 −0.49 −0.39 −0.48 −0.42 −0.22 0.10 1.07
Excess kurtosis 2.31 2.23 3.21 3.70 3.74 3.80 3.82 4.48 4.59 4.42 8.47

Portfolios formed on earnings/price
Mean 1.34 0.95 1.16 1.15 1.21 1.27 1.31 1.36 1.42 1.56 1.67
Standard Deviation 8.62 6.89 5.95 5.56 5.24 5.09 4.95 4.80 4.76 4.97 5.74
Skewness 0.60 −0.15 −0.35 −0.36 −0.38 −0.42 −0.31 −0.28 0.02 0.02 0.14
Excess kurtosis 3.51 1.91 2.33 3.00 4.26 4.20 4.48 4.34 4.92 4.77 4.45

Portfolios formed on age
Mean 0.63 1.22 1.06 1.24 1.43 1.59 1.59 1.27 1.24 1.27
Standard Deviation 8.83 8.53 8.08 8.08 7.32 7.54 6.99 6.31 5.78 5.28
Skewness 0.21 0.23 0.13 0.28 −0.12 0.13 0.04 −0.19 −0.47 −0.79
Excess kurtosis 3.81 2.75 1.97 2.38 1.91 1.77 2.07 2.64 2.69 4.70

Portfolios formed on sigma
Mean 1.48 1.53 1.56 1.62 1.64 1.62 1.67 1.64 1.75 1.79
Standard Deviation 3.14 3.79 4.30 4.88 5.33 6.05 6.81 7.43 8.53 9.76
Skewness −0.56 −0.59 −0.76 −0.50 −0.49 −0.26 −0.03 0.09 0.37 0.60
Excess kurtosis 9.07 6.56 6.75 5.93 5.05 4.49 3.65 3.53 3.59 4.56

Portfolios formed on R&D expense/assets
Mean 1.50 1.42 1.50 1.59 1.71 1.70 1.87 1.91 1.91 2.05
Standard Deviation 5.82 5.97 5.54 5.41 6.29 6.86 7.66 8.30 8.95 10.40
Skewness −0.09 −0.12 −0.18 −0.47 0.00 0.03 0.28 0.22 0.50 0.88
Excess Kurtosis 5.45 3.37 5.64 5.13 4.01 3.47 3.42 2.64 3.54 5.44

Portfolios formed on fixed assets
Mean 1.11 1.14 1.17 1.20 1.37 1.23 1.38 1.36 1.38 1.39
Standard Deviation 6.99 7.30 7.29 7.23 5.69 7.13 5.55 5.36 5.11 4.87
Skewness 0.01 0.04 0.04 0.03 −0.29 0.01 −0.30 −0.37 −0.41 −0.44
Excess kurtosis 2.46 2.36 2.47 2.49 3.30 2.51 3.51 3.57 3.85 3.60

Portfolios formed on sales growth
Mean 1.63 1.58 1.55 1.52 1.49 1.10 1.04 0.93 0.81 0.60
Standard Deviation 7.99 7.08 6.57 6.21 6.01 6.70 7.04 7.40 7.94 8.60
Skewness 0.45 0.26 0.17 0.05 −0.03 −0.19 −0.15 −0.08 0.03 0.09
Excess kurtosis 2.78 2.68 3.05 3.18 3.25 2.56 2.51 2.51 2.58 2.62

Portfolios formed on external finance/assets
Mean 1.78 1.66 1.56 1.52 1.49 1.02 0.93 0.83 0.69 0.47
Standard Deviation 6.83 6.22 5.72 5.55 5.47 6.42 6.73 7.17 7.81 8.86
Skewness 0.20 −0.01 −0.15 −0.19 −0.22 −0.15 −0.08 −0.02 0.07 0.22
Excess kurtosis 3.19 3.20 3.34 3.55 3.61 2.79 2.77 2.79 2.92 3.33

Note: This table reports the summary statistics of the monthly equal-weighted portfolio returns formed on size, book-to-market, dividend yield, earnings/price,
age, volatility, R&D expense/assets, fixed assets, sales growth, and external finance/assets. All portfolios are constructed at the end of each June. At the end of June
in year twematch all NYSE, AMEX, and NASDAQ stocks based onME, BE/ME, D/P, E/P, AGE, SIGMA, RD/A, PPE/A, GS, and EF/A.ME is the June market equity of year t.
BE/ME is book equity at the last fiscal year end of the prior calendar year t−1 divided by market equity at the end of December of the prior year t−1. D/P is the
total dividends paid from July of the prior year t−1 to June of the present year t divided by market equity at June of the present year t. E/P is earnings before
extraordinary at the last fiscal year end of the prior calendar year t−1 divided by market equity at the end of December of the prior year t−1. AGE is measured
by the period of time since firm founding and is computed based on Jay Ritter's historical founding dates data for 9089 firms going public in the U.S. during
1975–2009. SIGMA is the standard deviation of monthly returns over the 12 months ending in June of year t and we only consider firms that have at least 10
returns to estimate sigma. RD/A is the R&D expense at the last fiscal year end of the prior calendar year t−1 divided by total assets at the end of December of
the prior year t−1. PPE/A (fixed assets) is measured by property, plant expense divided by total assets at the end of December of the prior year t−1. GS
(sales growth) is the change in net sales divided by prior-year net sales. EF/A is the change in assets minus the change in retained earnings divided by divided
by total assets at the end of December of the prior year t−1. For size, book-to-market, age, sigma, R&D expense/assets, there are 10 portfolios corresponding
to each decile. There are 11 portfolios for dividend yield and earnings/price in which “≤0” represents the portfolios for non-dividend-paying stocks and non-
earning stocks. The values of portfolio returns are in terms of percentage. The sample period for the size, book-to-market, earnings, dividend, volatility, and
fixed assets portfolios is from January 1966 to December 2007. The R&D, age, sales growth, and external finance portfolios begin by January 1975, January
1980, July 1967, and July 1967, respectively, and end by December 2007.

225S.-L. Chung et al. / Journal of Empirical Finance 19 (2012) 217–240



Author's personal copy

Table 4
Predictive regressions for long-short portfolio returns (with Newey–West p values).

NBER recession index Markov-switching model

Long-short All Rec. Exp. Regime 1 (Rec.) Regime 2 (Exp.)

Portfolios formed on size
Only Sentiment⊥

10−1 0.71** (0.01) −0.06 (0.93) 1.03** (0.00) 0.13 (0.79) 1.04** (0.00)
5−1 0.39* (0.02) −0.14 (0.71) 0.55** (0.01) 0.08 (0.76) 0.51* (0.02)

Cont1rolling for RMRF, SMB, and HML
10−1 0.34** (0.01) 0.10 (0.58) 0.51** (0.00) 0.17 (0.46) 0.36** (0.01)
5−1 0.30* (0.02) 0.00 (0.98) 0.36* (0.05) 0.19 (0.34) 0.27 (0.12)

Portfolios formed on book-to-market
Only Sentiment⊥

10−1 0.26 (0.25) 0.46 (0.48) 0.19 (0.50) 0.16 (0.73) 0.44* (0.02)
5−1 0.51** (0.01) 0.58 (0.23) 0.48 (0.07) 0.30 (0.21) 0.54** (0.00)

Controlling for RMRF, SMB, and HML
10−1 0.01 (0.97) −0.12 (0.63) 0.14 (0.25) −0.22 (0.30) 0.24* (0.04)
5−1 0.23* (0.02) 0.16 (0.43) 0.33** (0.01) 0.17 (0.37) 0.31** (0.00)

Portfolios formed on dividend yield
Only Sentiment⊥

10−=0 1.03** (0.00) 1.07** (0.01) 0.97** (0.01) 0.82 (0.07) 1.13** (0.00)
5−=0 0.83** (0.00) 0.62 (0.13) 0.92** (0.00) 0.72 (0.06) 0.86** (0.00)

Controlling for RMRF, SMB, and HML
10−=0 0.51** (0.00) 0.74** (0.01) 0.51** (0.01) 0.34 (0.14) 0.47* (0.03)
5−=0 0.44** (0.00) 0.44 (0.06) 0.56** (0.00) 0.43 (0.06) 0.40** (0.01)

Portfolios formed on earnings/price
Only Sentiment⊥

10−≤0 0.86** (0.00) 1.12** (0.01) 0.82** (0.01) 0.97** (0.01) 0.77** (0.00)
5−≤0 0.95** (0.00) 0.87 (0.12) 1.08** (0.00) 0.88 (0.07) 0.90** (0.00)

Controlling for RMRF, SMB, and HML
10−≤0 0.54** (0.00) 0.95** (0.00) 0.54* (0.02) 0.68** (0.01) 0.42 (0.06)
5−≤0 0.57** (0.00) 0.75 (0.08) 0.70* (0.02) 0.60 (0.10) 0.47* (0.05)

Portfolios formed on age
Only Sentiment⊥

10−1 2.03** (0.00) 1.52 (0.15) 2.57** (0.00) 3.87** (0.01) 1.42** (0.00)
5−1 1.58** (0.00) 1.36* (0.04) 1.74* (0.02) 3.18** (0.00) 0.76* (0.05)

Controlling for RMRF, SMB, and HML
10−1 1.21** (0.00) −0.44 (0.53) 1.96** (0.00) 1.00 (0.40) 1.09** (0.00)
5−1 1.26** (0.00) 0.41 (0.58) 1.56* (0.02) 1.80 (0.13) 0.78* (0.05)

Portfolios formed on sigma
Only Sentiment⊥

10−1 −1.77** (0.00) −1.67 (0.25) −1.91** (0.00) −2.51* (0.03) −1.54** (0.00)
10−5 −1.34** (0.00) −1.52 (0.14) −1.45** (0.00) −2.01* (0.02) −1.05** (0.00)

Controlling for RMRF, SMB, and HML
10−1 −1.08** (0.00) −0.54(0.60) −1.34** (0.00) −1.20 (0.13) −0.92** (0.00)
10−5 −0.94** (0.00) −0.38 (0.70) −1.12** (0.00) −1.14 (0.09) −0.75** (0.01)

Portfolios formed on R&D expense/assets
Only Sentiment⊥

10−1 −0.61 (0.11) −1.86 (0.12) −0.34 (0.46) −1.12 (0.20) −0.58 (0.10)
10−5 −0.60* (0.04) −0.63 (0.37) −0.52 (0.16) −0.82 (0.22) −0.72* (0.03)

Controlling for RMRF, SMB, and HML
10−1 −0.00 (1.00) −0.63 (0.37) 0.16 (0.69) −0.11 (0.87) −0.21 (0.40)
10−5 −0.13 (0.59) −0.15 (0.80) −0.08 (0.79) −0.13 (0.79) −0.33 (0.12)

Portfolios formed on fixed assets
Only Sentiment⊥

10−1 0.42 (0.06) 0.52 (0.33) 0.33 (0.23) 0.61 (0.16) 0.23 (0.38)
5−1 0.23 (0.11) 0.29 (0.37) 0.16 (0.34) 0.33 (0.22) 0.08 (0.64)

Controlling for RMRF, SMB, and HML
10−1 0.11 (0.45) 0.31 (0.23) 0.09 (0.65) 0.33 (0.17) −0.17 (0.26)
5−1 0.08 (0.47) 0.17 (0.40) 0.05 (0.72) 0.19 (0.31) −0.12 (0.32)

Portfolios formed on sales growth
Only Sentiment⊥

10−1 −0.28 (0.16) −0.22 (0.58) −0.34 (0.21) −0.26 (0.48) −0.36* (0.02)
10−5 −0.72** (0.00) −0.69 (0.13) −0.77** (0.01) −0.78 (0.08) −0.71** (0.00)
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measured by the standard deviation of monthly stock returns over the 12 months ending in June of year t, for firms with at
least 10 return observations. Following Baker and Wurgler (2006), we measure asset tangibility by RD/A and PPE/A and
growth opportunities by GS and EF/A. RD/A is the R&D expense at the last fiscal year end of the prior calendar year t−1
divided by total assets at the last fiscal year end of the prior calendar year t−1. PPE/A is measured by property, plant,
and equipment at the last fiscal year end of the prior calendar year t−1 divided by total assets at the last fiscal year
end of the prior calendar year t−1. GS is the change in net sales divided by prior-year net sales. EF/A is the change in assets
minus the change in retained earnings divided by divided by total assets at the end of December of the prior year t−1.

At the end of June in year twe sort all NYSE, AMEX, and NASDAQ stocks based onME, BE/ME, D/P, E/P, AGE, SIGMA, RD/A, PPE/A,
GS, and EF/A, and then, for each of the characteristics, allocate them into 10 groups. The decile portfolios are equally weighted.
Monthly portfolio returns are then calculated from July of year t through June of year t+1. Note that the decile portfolios formed
on D/P and E/P only include stocks with positive D/P and E/P, respectively. We include an additional portfolio of non-dividend-
paying stocks (“D/P=0”) and an additional portfolio of non-earnings stocks (“E/P≤0”).

The sample of portfolio returns begins from January 1966 or later, depending on firm characteristics, but all end in December
2007. The returns of portfolios formed on AGE begin from January 1980, which is restricted by the availability of a comprehensive
firm coverage in Jay Ritter's historical founding dates data. The returns of portfolios formed on RD/A begin from January 1975 be-
cause only until 1974 the Financial Accounting Standards Board started to require R&D costs to be expensed. The returns of port-
folios formed on GS and EF/A begin from July 1967 due to the limit of our data sample.

Table 3 reports summary statistics for the portfolio returns in percentage. Average returns are higher on small size stocks than
large size stocks, high book-to-market (value) stocks than low book-to-market (growth) stocks, and high earnings-to-price
stocks than low earnings-to-price stocks. Non-earnings stocks earn high average returns of 1.34% per month over the next
year. There is no obviously cross-sectional effect of dividend yield. The mean returns of the middle AGE deciles are higher than
those of the top and bottom AGE deciles. The mean returns of SIGMA, RD/A, GS and EF/A portfolios generally exhibit a monotonic
pattern. The Jarque–Bera statistic for testing return normality rejects the null at the 5% level for all portfolios. The property of non-
normal distribution is empirically related to the regime-switching feature of stock returns and could invalidate the conventional
t-test in the predictive regression.

4.2. The regression models

Following Baker andWurgler (2006), we use the lagged sentiment measure to predict the equal-weighted returns of the long-
short portfolios that are long in stocks with high characteristic values and short in stocks with low characteristic values. We run

Table 4 (continued)

NBER recession index Markov-switching model

Long-short All Rec. Exp. Regime 1 (Rec.) Regime 2 (Exp.)

Controlling for RMRF, SMB, and HML
10−1 −0.17 (0.25) 0.11 (0.67) −0.37 (0.06) −0.02 (0.92) −0.33* (0.02)
10−5 −0.44** (0.00) −0.33 (0.23) −0.63** (0.00) −0.41 (0.09) −0.47** (0.00)

Portfolios formed on external finance/assets
Only Sentiment⊥

10−1 −0.52* (0.02) −0.59 (0.25) −0.55 (0.08) −0.70 (0.11) −0.43** (0.00)
10−5 −0.85** (0.00) −0.89 (0.12) −0.93** (0.01) −1.07* (0.04) −0.70** (0.00)

Controlling for RMRF, SMB, and HML
10−1 −0.28* (0.05) −0.20 (0.52) −0.45* (0.02) −0.34 (0.18) −0.31** (0.01)
10−5 −0.48** (0.00) −0.49 (0.18) −0.69** (0.00) −0.62* (0.04) −0.39** (0.00)

Note: This table contains the results of (i) regressions of value-weighted long-short portfolio returns on the lagged SENTIMENT⊥,

r i;k2ð Þ;t−r i;k1ð Þ;t ¼ αi þ γi;1SENTIMENT⊥t−1 þ εi;t ;

and (ii) regressions of valued-weighted long-short portfolio returns on the lagged SENTIMENT⊥, the market factor (RMRF), and the Fama–French factors (HML
and SMB),

r i;k2ð Þ;t−r i;k1ð Þ;t ¼ αi þ γi;1SENTIMENT⊥t−1 þ βi;∘RMRFt þ γi;2SMBt

where r(i, k2), t− r(i, k1), t is the long-short portfolio return that longs portfolio k2 and shorts portfolio k1 with firm characteristic i (including size, book-to-market,
dividend yield, earnings/price, age, sigma, R&D expense/assets, fixed assets, sales growth, and external finance/assets) at time t, and k1,k2∈ {≤0,=0,1,2,
…,10}. “1”, “2”, …, and “10” indicate the portfolios in the 1st (the lowest characteristic value), the 2nd, …, and the 10th (the highest characteristic value) deciles,
respectively. “≤0” and “= 0” represent the portfolios for non-earnings stocks and non-dividend-paying stocks. This table only reports the parameter estimates of
γi, 1. The sample period for the portfolios formed on size, book-to-market, dividend yield, earnings/price, sigma, and fixed assets is from January 1966 to December
2007 and those of the portfolios formed on R&D expense/assets, age, sales growth, and external finance/assets begin by January 1975, January 1980, July 1967,
and July 1967, respectively, and end by December 2007. The portfolio returns are in percentage. SENTIMENT⊥ is the Baker and Wurgler's orthogonalized senti-
ment proxy. The column “All” reports the results without regime sorting. The other columns “Rec.” and “Exp.” (“Regime j”, j=1,2) show the results based on
NBER dummy-sorted (regime-sorted) observations as recessions and expansions (regime= j). The Newey–West p-values (lagged terms are determined by
0.75T1/3, where T is the sample length) are in parentheses. * and ** denote significance at 5% and 1% levels, respectively.
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Table 5
Predictive regressions for long-short portfolio returns (with bootstrapped p values).

NBER recession index Markov-switching model

Long-short All Rec. Exp. Regime 1 (Rec.) Regime 2 (Exp.)

Portfolios formed on size
Only Sentiment⊥

10−1 0.71** (0.00) −0.06 (0.55) 1.03** (0.00) 0.13 (0.33) 1.04** (0.00)
5−1 0.39**(0.00) −0.14(0.74) 0.55** (0.00) 0.08 (0.30) 0.51** (0.00)

Controlling for RMRF, SMB, and HML
10−1 0.34** (0.00) 0.10(0.17) 0.51** (0.00) 0.17(0.11) 0.36** (0.00)
5−1 0.30** (0.00) 0.00(0.49) 0.36** (0.00) 0.19*(0.02) 0.27** (0.00)

Portfolios formed on book-to-market
Only Sentiment⊥

10−1 0.26*(0.03) 0.46 (0.16) 0.19(0.06) 0.16 (0.30) 0.44** (0.00)
5−1 0.51** (0.00) 0.58* (0.03) 0.48** (0.00) 0.50 (0.23) 0.54** (0.00)

Controlling for RMRF, SMB, and HML
10−1 0.01(0.49) −0.12(0.83) 0.14* (0.02) −0.22(0.99) 0.24** (0.00)
5−1 0.23** (0.00) 0.16 (0.07) 0.33** (0.00) 0.17(0.07) 0.31** (0.00)

Portfolios formed on dividend yield
Only Sentiment⊥

10−=0 1.03** (0.00) 1.07** (0.00) 0.97** (0.00) 0.82** (0.01) 1.13** (0.00)
5−=0 0.83** (0.00) 0.62** (0.00) 0.92** (0.00) 0.72*(0.03) 0.86** (0.00)

Controlling for RMRF, SMB, and HML
10−=0 0.51** (0.00) 0.74** (0.00) 0.51** (0.00) 0.34** (0.01) 0.47** (0.00)
5−=0 0.44** (0.00) 0.44** (0.00) 0.56** (0.00) 0.43** (0.00) 0.40** (0.01)

Portfolios formed on earnings/price
Only Sentiment⊥

10−≤0 0.86** (0.00) 1.12** (0.00) 0.82** (0.00) 0.97** (0.00) 0.77** (0.00)
5−≤0 0.95** (0.00) 0.87** (0.00) 1.08** (0.00) 0.88*(0.05) 0.90** (0.00)

Controlling for RMRF, SMB, and HML
10−≤0 0.54** (0.00) 0.95** (0.00) 0.54** (0.00) 0.68** (0.00) 0.42** (0.00)
5−≤0 0.57** (0.00) 0.75** (0.00) 0.70** (0.00) 0.60** (0.00) 0.47** (0.00)

Portfolios formed on age
Only Sentiment⊥

10−1 2.03** (0.00) 1.52** (0.01) 2.57** (0.00) 3.87**(0.01) 1.42** (0.00)
5−1 1.58** (0.00) 1.36** (0.00) 1.74** (0.00) 3.18**(0.00) 0.76** (0.00)

Controlling for RMRF, SMB, and HML
10−1 1.21** (0.00) −0.44 (0.87) 1.96** (0.00) 1.00(0.14) 1.09** (0.00)
5−1 1.26** (0.00) 0.41 (0.23) 1.56** (0.00) 1.80*(0.02) 0.78** (0.00)

Portfolios formed on sigma
Only Sentiment⊥

10−1 −1.77** (0.00) −1.67* (0.02) −1.91** (0.00) −2.51*(0.03) −1.54** (0.00)
10−5 −1.34** (0.00) −1.52** (0.01) −1.45** (0.00) −2.01*(0.03) −1.05** (0.00)

Controlling for RMRF, SMB, and HML
10−1 −1.08** (0.00) −0.54(0.18) −1.34** (0.00) −1.20** (0.01) −0.92** (0.00)
10−5 −0.94** (0.00) −0.38(0.20) −1.12** (0.00) −1.14** (0.01) −0.75** (0.01)

Portfolios formed on R&D expense/assets
Only Sentiment⊥

10−1 −0.61*(0.02) −1.86*(0.02) −0.34(0.06) −1.12** (0.00) −0.58** (0.00)
10−5 −0.60** (0.00) −0.63*(0.04) −0.52** (0.00) −0.82(0.07) −0.72** (0.00)

Controlling for RMRF, SMB, and HML
10−1 −0.00(0.55) −0.63(0.12) 0.16(0.82) −0.11(0.35) −0.21* (0.05)
10−5 −0.13(0.19) −0.15(0.33) −0.08(0.34) −0.13(0.31) −0.33** (0.00)

Portfolios formed on fixed assets
Only Sentiment⊥

10−1 0.42** (0.00) 0.52* (0.02) 0.33** (0.00) 0.61** (0.00) 0.23*(0.05)
5−1 0.23** (0.00) 0.29∗ (0.03) 0.16** (0.00) 0.33** (0.00) 0.08 (0.18)

Controlling for RMRF, SMB, and HML
10−1 0.11(0.06) 0.31* (0.02) 0.09(0.15) 0.33 (0.17) −0.17(0.26)
5−1 0.08(0.06) 0.17* (0.05) 0.05(0.21) 0.19 (0.31) −0.12(0.32)

Portfolios formed on sales growth
Only Sentiment⊥

10−1 −0.28** (0.00) −0.22 (0.16) −0.34** (0.00) −0.26 (0.09) −0.36** (0.00)
10−5 −0.72** (0.00) −0.69** (0.01) −0.77** (0.00) −0.78** (0.00) −0.71** (0.00)
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the predictive regressions using the regime-sorted (identified by the NBER and the Markov-switching model) to control for the
effects of regime shifts,

r i;k2ð Þ;t−r i;k1ð Þ;t ¼ αi þ γi;1SENTIMENT⊥t−1 þ �i;t ; ð3Þ

where r(i, k2), t−r(i, k1), t is the return in month t on a long-short portfolio that is long the k2 portfolio and short the k1 portfolio
formed on firm characteristic i, and k1,k2∈{≤0, = 0, 1, 2,…, 10}. We use “1”, “2”, …, and “10” to denote the portfolios of the
1st (the bottom characteristic decile), 2nd, …, and the top characteristic decile, respectively. We use “≤0” and “= 0” to represent
the portfolios of non-earnings stocks and non-dividend-paying stocks, respectively. SENTIMENTt−1

⊥ is the Baker and Wurgler's
(2006) orthogonalized sentiment index in month t−1.

To distinguish the predictability effects from well-known factors, we follow Stambaugh et al. (in press) and control for three
factors in the following multivariate predictive regression,

r i;k2ð Þ;t−r i;k1ð Þ;t ¼ αi þ γi;1SENTIMENT⊥t−1 þ βi;∘RMRFt þ γi;2SMBt þ γi;3HMLt þ εi;t ; ð4Þ

where RMRFt is the return on the CRSP value-weighted market index in excess of the one-month T-bill rate. SMBt and
HMLt are the Fama–French factors. When performing the predictive regressions, we eliminate observations at the turn-
ing points where the economic regime actually switches from one state to another because the portfolio returns of
these samples may be affected by both the investor sentiment and regime shifts. This helps clearly identify the predic-
tive ability of sentiment on stock returns.

4.3. Results

We consider the long-short portfolios, “10−1” or “10−≤(or =) 0”, that are long the top characteristic decile and short the
lowest characteristic decile. We also use the middle decile in the long-short portfolio position to reveal any non-linear relation
between the lagged sentiment and portfolio returns. Table 4 reports the coefficient estimate on sentiment of the predictive re-
gression and the Newey–West p-value (based on two-tailed test) in parentheses. We follow Andrew (1991) and Stock and
Watson (2007) and determine the number of lags by 0.75T1/3, where T is the sample length.

Table 5 (continued)

NBER recession index Markov-switching model

Long-short All Rec. Exp. Regime 1 (Rec.) Regime 2 (Exp.)

Controlling for RMRF, SMB, and HML
10−1 −0.17** (0.01) 0.11 (0.81) −0.37** (0.00) −0.02 (0.43) −0.33** (0.00)
10−5 −0.44** (0.00) −0.33* (0.02) −0.63** (0.00) −0.41** (0.00) −0.47** (0.00)

Portfolios formed on external finance/assets
Only Sentiment⊥

10−1 −0.52** (0.00) −0.59*(0.02) −0.55** (0.00) −0.70** (0.00) −0.43** (0.00)
10−5 −0.85** (0.00) −0.89** (0.00) −0.93** (0.00) −1.07(0.07) −0.70** (0.00)

Controlling for RMRF, SMB, and HML
10−1 −0.28** (0.00) −0.20(0.13) −0.45** (0.00) −0.34** (0.01) −0.31** (0.00)
10−5 −0.48** (0.00) −0.49** (0.01) −0.69** (0.00) −0.62** (0.00) −0.39** (0.00)

Note: This table contains the results of (i) regressions of value-weighted long-short portfolio returns on the lagged SENTIMENT⊥,

r i;k2ð Þ;t−r i;k1ð Þ;t ¼ αi þ γi;1SENTIMENT⊥t−1 þ εi;t ;

and (ii) regressions of valued-weighted long-short portfolio returns on the lagged SENTIMENT⊥, the market factor (RMRF), and the Fama–French factors (HML
and SMB),

r i;k2ð Þ;t−r i;k1ð Þ;t ¼ αi þ γi;1SENTIMENT⊥t−1 þ βi;∘RMRFt þ γi;2SMBt þ γi;3HMLt þ εi;t ;

where r(i, k2), t− r(i, k1), t is the long-short portfolio return that longs portfolio k2 and shorts portfolio k1 with firm characteristic i (including size, book-to-market,
dividend yield, earnings/price, age, sigma, R&D expense/assets, fixed assets, sales growth, and external finance/assets) at time t, and k1,k2∈ {≤0,=0,1,2,
…,10}. “1”, “2”, …, and “10” indicate the portfolios in the 1st (the lowest characteristic value), the 2nd, …, and the 10th (the highest characteristic value) deciles,
respectively. “≤0” and “= 0” represent the portfolios for non-earnings stocks and non-dividend-paying stocks. This table only reports the parameter estimates of
γi, 1. The sample period for the portfolios formed on size, book-to-market, dividend yield, earnings/price, sigma, and fixed assets is from January 1966 to December
2007 and those of the portfolios formed on R&D expense/assets, age, sales growth, and external finance/assets begin by January 1975, January 1980, July 1967,
and July 1967, respectively, and end by December 2007. The portfolio returns are in percentage. SENTIMENT⊥ is the Baker and Wurgler's orthogonalized senti-
ment proxy. The column “All” reports the results without regime sorting. The other columns “Rec.” and “Exp.” (“Regime j”, j=1,2) show the results based on
NBER dummy-sorted (regime-sorted) observations as recessions and expansions (regime= j). The bootstrapped p-values are in parentheses. * and ** denote sig-
nificance at 5% and 1% levels, respectively.
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Without sorting observations by regime, the column “All” shows that the coefficient estimates, γ̂ i;1, are positive and significant
for the long-short portfolios associated with size, book-to-market ratio, age, earnings and dividend-paying status, and the slope
coefficient estimates are negative for the portfolios formed on SIGMA, RD/A, GS, and EF/A, without including any control variables

Table 6
Out-of-sample predictability test results using the Clark and West's (2007) MSPE-adjusted statistic.

NBER recession index Markov-switching model

Long-short All Rec. Exp. Regime 1 (Rec.) Regime 2 (Exp.)

Portfolios formed on size
10–1 2.09** −0.55 3.55** −0.97 2.52**
5–1 1.99** −1.84 2.01** −0.76 2.03**

Portfolios formed on book-to-market
10–1 −0.39 −0.85 −0.16 0.31 −0.64
5–1 1.00 −0.10 2.21** −0.58 0.88

Portfolios formed on dividend yield
10–=0 4.43** 4.90** 3.93** −0.35 2.38**
5−=0 3.29** 2.03** 3.90** 0.33 2.51**

Portfolios formed on earnings/price
10−≤0 4.28** 7.06** 3.93** 2.39** 2.46**
5−≤0 3.76** 4.32** 4.98** 1.30 3.13

Portfolios formed on age
10−1 5.73** −0.04 11.27** −1.77 4.61**
5−1 7.49** −1.83 9.56** 0.35 2.76**

Portfolios formed on sigma
10−1 4.01** 2.93** 8.69** 0.50 5.57**
100−5 3.65** 3.36** 7.60** 1.69* 4.15**

Portfolios formed on R&D expense/assets
10−1 −0.78 −0.54 −0.27 −3.02 0.59
10−5 −1.10 1.41 −1.83 −3.15 1.93*

Portfolios formed on fixed assets
10−1 −0.07 0.89 −1.52 1.09 −1.83
5−1 0.03 0.11 −1.20 0.65 −1.74

Portfolios formed on sales growth
10−1 0.51 −1.29 2.64** −1.92 −0.05
10−5 3.00 0.42 5.14** 0.92 1.50

Portfolios formed on external finance/assets
10−1 1.00 −0.84 3.51** 0.24 −0.23
10−5 2.61 0.96 5.35** 1.45 1.29

Note: This table reports the results of the out-of-sample tests. The Clark andWest's (2007) MSPE-adjusted statistic is computed using the prediction errors of the
unrestricted and restricted models of

r i;k2ð Þ;t−r i;k1ð Þ;t ¼ αi þ γi;1SENTIMENT⊥t−1 þ βi;∘RMRFt þ γi;2SMBt þ γi;3HMLt þ εi;t ;
and

r i;k2ð Þ;t−r i;k1ð Þ;t ¼ αi þ βi;∘RMRFt þ γi;2SMBt þ γi;3HMLt þ εi;t ;

for the returns of the long-short portfolios of size, book-to-market, dividend yield, earnings/price, age, sigma, and R&D expense/assets. The unrestricted model is
the regressions of long-short portfolio returns on the lagged Baker and Wurgler's orthogonalized sentiment proxy, the market factor (RMRF), and the Fama–
French factors (HML and SMB). The restricted model is the predictive regression model without the lagged Baker and Wurgler's orthogonalized sentiment
proxy. The long-short portfolio return that longs portfolio k2 and shorts portfolio k1 with firm characteristic i (including size, book-to-market, dividend yield,
earnings/price, age, sigma, R&D expense/assets, fixed assets, sales growth, and external finance/assets) at time t, and k1,k2∈ {≤0,=0,1,2,…,10}. “1”, “2”, …,
and “10” indicate the portfolios in the 1st (the lowest characteristic value), the 2nd, …, and the 10th (the highest characteristic value) deciles, respectively.
“≤0” and “= 0” represent the portfolios for non-earnings stocks and non-dividend-paying stocks. The sample period for the portfolios formed on size, book-
to-market, dividend yield, earnings/price, sigma, and fixed assets is from January 1966 to December 2007 and those of the portfolios formed on R&D expense/
assets, age, sales growth, and external finance/assets begin by January 1975, January 1980, July 1967, and July 1967, respectively, and end by December 2007.
The portfolio returns are in percentage. SENTIMENT⊥ is the Baker and Wurgler's orthogonalized sentiment proxy. The column “All” reports the results without
regime sorting. The other columns “Rec.” and “Exp.” (“Regime j”, j=1,2) show the results based on NBER dummy-sorted (regime-sorted) observations as reces-
sions and expansions (regime= j). The critical value for the one-sided test at the 5% and 1% significance levels are 1.645 and 1.96, respectively. * and ** denote
significance at 5% and 1% levels, respectively.

230 S.-L. Chung et al. / Journal of Empirical Finance 19 (2012) 217–240



Author's personal copy

in the regressions. The results indicate that, when sentiment is high, future returns on small stocks, young stocks, high volatility
stocks, high growth opportunities, non-earnings stocks, and non-dividend-paying stocks are lower than stocks of large size, old,
value, low volatility, low intangible asset, low growth opportunities, high dividend yields, and high earnings firms. These patterns
are little affected by controlling for RMRF, SMB, and HML. However, the γ̂ i;1 estimates for the portfolios formed on R&D expense-
to-assets become insignificant after controlling for RMRF, SMB, and HML. These results are consistent with the findings of Baker
and Wurgler (2006).

We report the results using the NBER indicator to identify economic regimes, and include side-by-side the results using the
regime-switch model. The columns “Rec.” and “Exp.” (“Regime j”, j=1,2) show the results based on NBER dummy-sorted
(regime-sorted) observations as recessions and expansions (regime= j).

Importantly, the results based on regime-sorted data show that the predictability patterns associated with sentiment are
regime-dependent once we control for the economic regime. Under a recession state (regime 1), the predictive power of investor
sentiment becomes insignificant in most cases after controlling for RMRF, SMB, and HML. In contrast, in an expansion state (re-
gime 2), sentiment shows strong and significant predictive power. High sentiment results in relatively low subsequent returns on
small stocks, young stocks, growth stocks, high volatility stocks, high growth opportunities, non-earning stocks, and non-
dividend-paying stocks. Moreover, the significance of the predictive ability of sentiment is little affected by controlling for
RMRF, SMB, and HML in most cases.21

To further confirm our findings, we perform a bootstrap test procedure to draw robust inferences, following Kosowski et al.
(2006). This approach is useful for many reasons. For example, Table 3 shows that the distributions of returns on portfolios sorted
by stock characteristics may not be normally distributed. The correlation between the endogenous regressors and return innova-
tions may result in biased estimates as shown in Stambaugh (1999). Table 5 reports the bootstrapped p-values in parentheses.
Comparing the results in Table 5 with those in Table 4, the return predictability of investor sentiment are similar, and do not
change our conclusions.

In short, the evidence suggests that controlling for the economic state is crucial for examining the return predictive ability of
sentiment.22

4.4. Out-of-sample test using the MSPE-adjusted statistic of Clark and West (2007)

Since investors only have access to past observations in making forecasts, the in-sample estimation using the full samplemight
cause a possible look-ahead bias. We thus perform an out-of-sample test to examine the robustness of the regime-dependent pre-
dictability patterns associated with sentiment.23 We test whether the predictive power of an unrestricted model (with the pre-
dictor) is better than that of a restricted model (without the predictor) in terms of prediction errors. Clark and West (2007)
develop a test statistic using mean squared prediction errors (MSPE) to measure the prediction performance of models. This
test statistically assesses the difference in MSPEs between the restricted and the unrestricted models. The unrestricted model
is deemed to have better forecasting performance if its MSPE is smaller than that of the restricted model. The unrestricted
model in our test of the predictive power of sentiment is Eq. (4), and the restricted model with a constraint of γi, 1=0, i.e. no pre-
dictive power of sentiment, is

r i;k2ð Þ;t−r i;k1ð Þ;t ¼ αi þ βi;∘RMRFt þ γi;2SMBt þ γi;3HMLt þ �i;t : ð5Þ

For a sample of T observations including R in-sample (t=1,…,R) and P out-of-sample (t=R+1,…,R+P) observations,
we calculate the model prediction errors by performing the recursive estimation and prediction procedures as follows. First,
for each of the long-short portfolios, we estimate models (4) and (5) using the in-sample data, and obtain the sets of the
coefficient estimates, ~λu′

i and ~λc′
i , for the unrestricted and the restricted models, respectively. Next, for months t=R+1,

…,R+P, we recursively update the coefficient estimates and incorporate the out-of-sample realizations of the explanatory
variables xi, tu (with SENTIMENTt− 1

⊥ ) and xi, tc (without SENTIMENTt− 1
⊥ ) to compute the return predictions ~yu

i;t ¼ ~λu′
i x

u
i;t and

~yc
i;t ¼ ~λc′

i x
c
i;t for the unrestricted and restricted models, respectively.24 The prediction errors, ~�ui;t and

~�ci;t , of the unrestricted

21 As suggested by the associate editor, we also separately control for macroeconomic variables including the yield spread, default premium, dividend–price ra-
tio, the growth rate of industrial production, and the growth rate of personal consumption expenditures in durables, nondurables and services. The results (not
reported but available upon request) are consistent with the findings and do not change our conclusions.
22 As suggested by one of the referees, we also perform the predictive regressions based on the regimes identified by sentiment. Low (high) sentiment regime is
the sentiment value in the previous month below (above) the median of the sentiment series. We find that the predictive ability of sentiment is not significant in
both low and high sentiment regimes for most cases. It seems that the two-regime pattern is likely to be driven by fundamentals in this regard.
23 We are grateful for one of the referees for pointing out that the monthly sentiment index of Baker and Wurgler (2006) itself has a look-ahead bias during
construction.
24 In the recursive estimations the sample size available for estimating the coefficients ~λu′

i and ~λc′
i grows as one makes predictions for successive observations.

For example, we first estimate the parameters ~λu′

i and ~λc′
i using data observed from time t=1 to R. We then use these estimates to make the prediction for time

t=R+1.In the next period, we estimate the parameters using data observed from time t=1 to R+1 to incorporate new information. We then use these esti-
mates to make the prediction for time t=R+2. Campbell and Thompson (2008) also use a similar recursive estimation scheme.
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Table 7
Conditional market betas.

NBER recession index Markov-switching model

Long-short All Rec. Exp. Regime 1 (Rec.) Regime 2 (Exp.)

Portfolios formed on size
10−1 γi, 1 0.34** (0.01) 0.13 (0.48) 0.53** (0.00) 0.18(0.44) 0.36** (0.01)
5−1 γi, 1 0.31*(0.02) 0.12 (0.66) 0.36* (0.04) 0.25(0.18) 0.27(0.10)
10−1 βi, 1 −0.01(0.72) 0.01(0.68) −0.05 (0.12) 0.01(0.77) −0.05(0.08)
5−1 βi, 1 0.03(0.26) 0.06 (0.14) −0.01 (0.76) 0.08*(0.04) −0.03(0.47)

Portfolios formed on book-to-market
10−1 γi, 1 −0.01(0.91) −0.37(0.11) 0.15(0.19) −0.32(0.14) 0.24*(0.04)
5−1 γi, 1 0.23*(0.03) 0.09(0.70) 0.34** (0.01) 0.13(0.54) 0.31*(0.04)
10−1 βi, 1 −0.08(1.00) −0.12** (0.00) −0.04 (0.10) −0.13** (0.00) −0.02(0.40)
5−1 βi, 1 −0.04(0.34) −0.03(0.47) −0.02 (0.52) −0.05(0.24) 0.00(0.96)

Portfolios formed on dividend yield
10−=0 γi, 1 0.49** (0.00) 0.50(0.08) 0.52** (0.01) 0.25 (0.29) 0.47 (0.03)
5−=0 γi, 1 0.43** (0.00) 0.29(0.24) 0.57** (0.00) 0.36 (0.15) 0.40** (0.01)
10−=0 βi, 1 −0.07*(0.02) −0.12** (0.00) −0.01(0.85) −0.12** (0.00) −0.02 (0.63)
5−=0 βi, 1 −0.05(0.11) −0.07(0.06) −0.02(0.58) −0.09*(0.03) 0.02 (0.50)

Portfolios formed on earnings/price
10−≤0 γi, 1 0.53** (0.00) 0.84** (0.01) 0.56*(0.02) 0.63*(0.02) 0.42*(0.05)
5−≤0 γi, 1 0.57** (0.01) 0.73(0.07) 0.70*(0.02) 0.57(0.13) 0.47*(0.05)
10−≤0 βi, 1 −0.06(0.09) −0.05(0.29) −0.04(0.30) −0.07(0.13) −0.05(0.22)
5−≤0 βi, 1 −0.02(0.67) −0.01(0.92) −0.01(0.91) −0.04(0.56) 0.02(0.62)

Portfolios formed on age
10−1 γi, 1 1.26** (0.00) −0.30(0.63) 1.96** (0.00) 0.56(0.66) 1.07** (0.00)
5−1 γi, 1 1.30** (0.00) 0.52 (0.46) 1.59*(0.03) 1.53(0.23) 0.73(0.07)
10−1 βi, 1 −0.19(0.08) −0.36** (0.00) 0.01(0.97) −0.46** (0.00) 0.04(0.65)
5−1 βi, 1 −0.15(0.10) −0.29*(0.02) −0.05(0.73) −0.29*(0.04) 0.05(0.62)

Portfolios formed on sigma
10−1 γi, 1 −1.12** (0.00) −0.65(0.40) −1.34** (0.00) −1.48(0.10) −0.89** (0.01)
10−5 γi, 1 −0.98** (0.00) −0.52(0.44) −1.14** (0.00) −1.36(0.07) −0.73** (0.01)
10−1 βi, 1 0.11 (0.25) 0.34** (0.01) 0.00(0.98) 0.29(0.08) −0.07(0.24)
10−5 βi, 1 0.13 (0.17) 0.40(0.28) 0.02(0.84) 0.24(0.08) −0.03(0.56)

Portfolios formed on R&D expense/assets
10−1 γi, 1 −0.01 (0.98) −0.77 (0.16) 0.20 (0.61) −0.07 (0.92) −0.20 (0.41)
10−5 γi, 1 −0.11 (0.63) −0.22 (0.65) −0.06 (0.86) −0.02 (0.96) −0.34 (0.10)
10−1 βi, 1 0.02 (0.32) 0.40 (0.08) 0.07 (0.34) −0.04 (0.72) −0.02 (0.83)
10−5 βi, 1 −0.03 (0.32) 0.22* (0.03) 0.04 (0.50) −0.16 (0.06) 0.02 (0.67)

Portfolios formed on fixed assets
10−1 γi, 1 0.11 (0.45) 0.37 (0.22) 0.10 (0.62) 0.33 (0.20) −0.17 (0.25)
5−1 γi, 1 0.08 (0.50) 0.16 (0.50) 0.07 (0.61) 0.17 (0.39) −0.12 (0.33)
10−1 βi, 1 0.00 (0.95) 0.03 (0.52) −0.01 (0.76) 0.00 (0.94) 0.01 (0.80)
5−1 βi, 1 −0.03 (0.25) −0.01 (0.87) −0.05* (0.05) −0.03 (0.38) −0.03 (0.32)

Portfolios formed on sales growth
10−1 γi, 1 −0.16 (0.31) 0.28 (0.29) −0.38* (0.05) 0.05 (0.83) −0.32* (0.02)
10−5 γi, 1 −0.42** (0.00) −0.07 (0.79) −0.65** (0.00) −0.31 (0.26) −0.47** (0.00)
10−1 βi, 1 0.06* (0.05) 0.09* (0.05) 0.04 (0.41) 0.10* (0.02) 0.00 (0.89)
10−5 βi, 1 0.09 (0.19) 0.13 (0.16) 0.05 (0.19) 0.14 (0.16) −0.01 (0.83)

Portfolios formed on external finance/assets
10−1 γi, 1 −0.26* (0.05) 0.01 (0.97) −0.47*(0.03) −0.25 (0.37) −0.30** (0.01)
10−5 γi, 1 −0.46** (0.01) −0.23 (0.57) −0.70** (0.01) −0.51 (0.13) −0.38** (0.00)
10−1 βi, 1 0.08 (0.11) 0.11 (0.11) 0.03 (0.40) 0.12 (0.06) −0.04 (0.29)
10−5 βi, 1 0.09 (0.16) 0.12 (0.09) 0.03 (0.44) 0.14 (0.36) −0.04 (0.38)
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and the restricted models, respectively, are the differences between the realized and the model predicted returns of the
long-short portfolios. The MSPE-adjusted statistic of Clark and West (2007) is:

MSPE−adjusted ¼
ffiffiffi
P

p
�fffiffiffiffiffiffi
~V f

q ; ð6Þ

where �f ¼ P−1∑RþP
t¼Rþ1

~f t , ~f t ¼ ~ε c2i;t− ~εu2i;t − ~yc
i;t−~yu

i;t

� �2
� �

, and ~V f is the sample variance of ~f t−�f
� �

.

Under the null hypothesis of no difference in the model prediction errors, the MSPE-adjusted statistic is zero. Clark and West
(2007) demonstrate that the asymptotic distribution for the MSPE—adjusted statistic can be approximated by a standard normal
distribution. Note that since it is a one-sided test, the critical values for 5% and 1% significance level are 1.645 and 1.96,
respectively.

We follow the standard convention and set the proportion of in-sample and out-of-sample data (R/P) to 1 in all the tests.
Table 6 reports the results of the out-of-sample test. The first column shows that, without segregating the state of the economy,
sentiment does not exhibit out-of-sample predictive power for returns firmly since ten out of twenty cases in Table 6 are statis-
tically insignificant. This result is in sharp contrast with the in-sample result reported in the first column of Table 4. Noticeably,
the coefficient estimate of γ̂ i;1 changes with the state of the economy, suggesting that the instability of the parameter estimates
causes the discrepancy between the in-sample and out-of-sample results (see also, Butler et al. (2005)).

More importantly, after controlling for the economic state identified by the NBER recession index, in the NBER expansion state
the MSPE-adjusted statistics are significant in most cases, suggesting that investor sentiment does have an out-of-sample predic-
tive power for returns. In the NBER recession state, by contrast, sentiment does not have significant predictive power. This out-of-
sample regime-dependent feature on sentiment remains valid in the results based on the Markov-switching model. The out-of-
sample performance of sentiment after controlling for the state of the economic regime is consistent with the in-sample results
in Table 4.

4.5. Time-variation with sentiment in systematic risk

In the predictive regression model below we allow the market beta to vary with investor sentiment to examine whether the
predictability in the cross-section of stock returns is due to time-varying sensitivity in the market risk factor driven by investor
sentiment,

r i;k2ð Þ;t−r i;k1ð Þ;t ¼ αi þ γi;1SENTIMENT⊥t−1 þ βi;∘ þ βi;1SENTIMENT⊥t−1

� �
RMRFt þ γi;2SMBt þ γi;3HMLt þ �i;t : ð7Þ

We test whether the return predictability of investor sentiment is attributable to the time-varying market beta associated with
investor sentiment. Under the null hypothesis, the slope coefficient βi, 1 in the specification (βi, ∘+βi, 1SENTIMENTt−1

⊥ ) is zero and
statistically insignificant. The results in Table 7 show that, in all cases, the estimate of βi, 1 is indeed close to zero and statistically
insignificant for all portfolios. Again, sentiment exhibits predictive power for stock returns under the NBER expansion state but
not in the NBER recession state. The results based on the Markov-switching model also perform similar pattern. The evidence sug-
gests that the sentiment-driven variation in the market beta does not capture the predictive ability of sentiment on the cross-
section of stock returns.

Notes to Table 7
Note: This table reports the results about regressions of long-short portfolio returns on lagged SENTIMENT⊥, the market factor (RMRF), the Fama–French factors
(HML and SMB), and interaction of RMRF and SENTIMENT⊥,

r i;k2ð Þ;t−r i;k1ð Þ;t ¼ αi þ γi;1SENTIMENT⊥t−1 þ βi;∘ þ βi;1SENTIMENT⊥t−1

� �
RMRFt

þγi;2SMBt þ γi;3 HMLt þ εi;t ;

where r(i, k2), t− r(i, k1), t is the long-short portfolio return that longs portfolio k2 and shorts portfolio k1 with firm characteristic i (including size, book-to-market,
dividend yield, earnings/price, age, sigma, R&D expense/assets, fixed assets, sales growth, and external finance/assets) at time t, and k1,k2∈ {≤0,=0,1,2,
…,10}. “1”, “2”, …, and “10” indicate the portfolios in the 1st (the lowest characteristic value), the 2nd, …, and the 10th (the highest characteristic value) deciles,
respectively. “≤0” and “=0” represent the portfolios for non-earnings stocks and non-dividend-paying stocks. The sample period for the portfolios formed on
size, book-to-market, dividend yield, earnings/price, sigma, and fixed assets is from January 1966 to December 2007 and those of the portfolios formed on
R&D expense/assets, age, sales growth, and external finance/assets begin by January 1975, January 1980, July 1967, and July 1967, respectively, and end by De-
cember 2007. The portfolio returns are in percentage. SENTIMENT⊥ is the Baker and Wurgler's orthogonalized sentiment proxy. The column “All” reports the re-
sults without regime sorting. The other columns “Rec.” and “Exp.” (“Regime j”, j=1,2) show the results based on NBER dummy-sorted (regime-sorted)
observations as recessions and expansions (regime= j). The Newey–West p-values (lagged terms are determined by 0.75T1/3, where T is the sample length)
are in parentheses. ∗ and ∗∗ denote significance at 5% and 1% levels, respectively.
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5. Robustness checks

5.1. Predictive regressions using consumer confidence

For robustness checks, we use the monthly consumer confidence index provided by the Survey Research Center of the University
of Michigan as a proxy for investor sentiment to test the predictive power of sentiment over the period between January 1978, when
the index turned into monthly frequency data, and December 2007.25 Following Baker and Wurgler (2006) and Lemmon and
Portniaguina (2006), we orthogonalize consumer sentiment from macroeconomic variables by regressing the consumer sentiment
on the growth rate of the industrial production, a dummy variable for NBER recessions, and the growth rate of personal consumption
expenditures in durables, nondurables and services.26We denote the regression residuals as ConSENTIMENTt⊥ for the orthogonalized
consumer confidence and plot the time-series observations in the bottom panel of Fig. 2. The orthogonalized sentiment dropped to a
record low level in 1979 and then moved higher gradually before going back down again to a new low by 1992. It increased after-
wards over time and reached a record high by 2000 which is then followed by dramatic decreases until 2003, corresponding to the
boomand burst of the internet stock bubble. The overall pattern resembles that in the upper panelwhich depicts the Baker andWurg-
ler orthogonalized sentiment.

Next, we replace SENTIMENTt−1
⊥ in Eq. (4) by ConSENTIMENTt−1

⊥ and run the predictive regression,

r i;k2ð Þ;t−r i;k1ð Þ;t ¼ αi þ γi;1ConSENTIMENT⊥t−1 þ βi;∘RMRFt þ γi;2SMBt þ γi;3HMLt þ �i;t : ð8Þ

Table 8 reports the coefficient estimates on consumer sentiment. The results show that, in most cases, the orthogonalized sen-
timent of the consumer confidence index exhibits predictive ability for stock returns under the NBER expansion state, but not in
the NBER recession state, suggesting that the predictive power of sentiment is regime-dependent.

The main difference between the results in Tables 4 and 8 is that, without segregating the regime of the economy, the Baker
andWurgler's orthogonalized sentiment is capable of predicting the returns on all portfolios (except the portfolio formed on fixed
asset portfolio) while the orthogonalized consumer confidence is only able to predict the returns on the portfolios formed on firm
size, fixed assets and growth opportunities. The discrepancy in results may be attributable to the difference in the information
content reflected by the different sentiment measures. Consumer confidence mainly reflects the households' outlook about the
economic activities related to the macroeconomic conditions, whereas the measure of Baker and Wurgler's (2006) reveals inves-
tors' outlook about the aggregate stock market.

5.2. Predictive regressions with regime dummies

We also examine the regime-dependency of the predictive power of investor sentiment using regime dummy variables in the
regression model. Specifically, we run the predictive regression:

r i;k2ð Þ;t−r i;k1ð Þ;t ¼ αi;∘ þ αi;1D1 þ αi;2D2 þ δi;1D1 þ δi;2D2

� �
SENTIMENT⊥t−1 þ βi;∘RMRFt þ γi;2SMBt þ γi;3HMLt þ �i;t ; ð9Þ

where Dj is the dummy variable of regime j, which is equal to 1 for regime j, and 0 otherwise. Note that the specification in Eq. (9)
treats the state of the regime as an exogenous variable. In addition to examining the sentiment effect under different regimes, we
allow for the intercept to change with the regime dummies to control for the effect of regime shifts on the subsequent returns. We
use all observations (including the turning points) to run this regression.

Table 9 reports the estimates of the coefficients on the two regime dummies. In the NBER expansions (and regime 2), investor
sentiment displays positive and highly significant predictive power for portfolio returns of all characteristics. In the NBER reces-
sions (and regime 1), however, investor sentiment loses its predictive ability for the cross-section of stock returns. These results
are consistent with those presented in Table 4 and confirm our main finding that the predictive power of investor sentiment is
regime-dependent.

5.3. Predictive regressions for the portfolio returns associated with 11 anomalies

We further examine the predictability of sentiment on the portfolio returns of 11 asset pricing anomalies studied by
Stambaugh et al. (in press). These pricing anomalies are associated with financial distress, net stock issues, composite equity

25 One of the referees noted that the Michigan consumer sentiment index data earlier than 1960 are available. Since the index series started from 1952 at a quar-
terly frequency until 1977, we linearly interpolate the quarterly index to obtain the monthly data for the period 1966/01–1977/12. We start our analyses from
1966/01 because the returns data for all the 10 portfolios of Baker and Wurgler (2006) are available from 1966/01 or later. We add the interpolated series to
the original monthly data (1978/1–2007/12) and run the predictive regressions using this sentiment index. The overall pattern of the results is very similar to
Table 7 and do not change our conclusions. For the purpose of maintaining the consistency of data frequency, we only report the results using this sentiment in-
dex starting from 1978. The details are available upon request.
26 The data of personal consumption expenditures in durables, nondurables and services are obtained from the web-page of the Bureau of Economic Analysis:
http://www.bea.gov/national/index.htm, National Income Accounts Table 2.8.

234 S.-L. Chung et al. / Journal of Empirical Finance 19 (2012) 217–240



Author's personal copy

issues, total accruals, net operating assets, momentum, gross profit-to-assets, asset growth, return-on-assets, and investment-to-
assets. The anomaly associated with financial distress is advocated by Campbell et al. (2008) that firms with high failure proba-
bility have lower returns. To measure financial distress, we follow Chen et al. (2010) and Stambaugh et al. (in press) and adopt
Campbell et al. (2008) failure probability (the third column of their Table 4) and Ohlson's (1980) O-score (model one in his
Table 4).

The anomaly associated with total accruals is suggested by Sloan (1996) that firms with high accruals earn abnormally
lower average returns than those with low accruals. The total accruals are measured by the change in non-cash working

Table 8
Predictive regressions for long-short portfolio returns using consumer confidence (sample period: 1978:1–2007:12).

Long-short All NBER recession index Markov-switching model

Rec. Exp. Regime 1 (Rec.) Regime 2 (Exp.)

Portfolios formed on size
10−1 0.06*(0.03) 0.00(0.94) 0.03*(0.05) 0.02(0.59) 0.01(0.50)
5−1 0.01(0.87) 0.00(0.99) 0.02(0.39) 0.02(0.80) 0.01(0.70)

Portfolios formed on book-to-market
10−1 0.01(0.57) −0.01(0.73) 0.01(0.33) −0.02(0.50) 0.03*(0.03)
5−1 0.01(0.26) 0.01(0.86) 0.02*(0.05) 0.01(0.70) 0.02** (0.00)

Portfolios formed on dividend yield
10−=0 0.03(0.07) 0.05(0.56) 0.04*(0.02) 0.03(0.35) 0.03(0.29)
5−=0 0.01(0.76) 0.07(0.25) 0.01(0.69) −0.01(0.79) 0.03(0.21)

Portfolios formed on earnings/price
10−≤0 0.01(0.71) 0.05(0.45) 0.02(0.56) −0.01(0.92) 0.03(0.21)
5−≤0 0.01(0.77) 0.09(0.21) 0.02(0.64) 0.00(0.95) 0.03(0.21)

Portfolios formed on age
10−1 0.00(0.56) 0.00(0.62) 0.02(0.91) 0.03(0.70) 0.03(0.37)
5−1 −0.01(0.41) −0.03(0.45) 0.00(0.68) 0.00(0.97) 0.01(0.70)

Portfolios formed on sigma
10−1 −0.03(0.33) −0.13(0.17) −0.04(0.28) −0.05(0.53) −0.05*(0.05)
10−5 −0.02(0.53) −0.08(0.27) −0.03(0.37) −0.06(0.42) −0.02(0.34)

Portfolios formed on R&D expense/assets
10−1 0.08(0.09) −0.05(0.46) 0.10*(0.05) 0.16(0.32) 0.01(0.83)
10−5 0.06(0.11) −0.01(0.73) 0.07(0.07) 0.12(0.29) −0.01(0.76)

Portfolios formed on fixed assets
10−1 0.04*(0.02) 0.02(0.59) 0.05**(0.01) 0.06(0.12) 0.02(0.42)
5−1 0.03**(0.01) 0.02(0.49) 0.04**(0.01) 0.04*(0.03) 0.02(0.25)

Portfolios formed on sales growth
10−1 −0.04(0.06) −0.06(0.18) −0.05*(0.04) −0.09(0.27) 0.00(0.84)
10−5 −0.03*(0.04) −0.05(0.34) −0.04*(0.04) −0.07(0.26) −0.01(0.74)

Portfolios formed on external finance/assets
10−1 −0.02(0.21) −0.08(0.14) −0.02(0.29) −0.05(0.12) −0.01(0.65)
10−5 −0.02(0.38) −0.07(0.25) −0.03(0.36) −0.04(0.28) −0.01(0.72)

Note: This table represents the results about regressions of long-short portfolio returns on lagged ConSENTIMENT⊥, the market factor (RMRF), and the Fama–
French factors (HML and SMB),

r i;k2ð Þ;t−r i;k1ð Þ;t ¼ αi þ γi;1ConSENTIMENT⊥t−1 þ βi;∘RMRFt þ γi;2SMBt þ γi;3HMLt þ εi;t ;

where r(i, k2), t− r(i, k1), t is the long-short portfolio return that longs portfolio k2 and shorts portfolio k1 with firm characteristic i (including size, book-to-market,
dividend yield, earnings/price, age, sigma, R&D expense/assets, fixed assets, sales growth, and external finance/assets) at time t, and k1,k2∈ {≤0,=0,1,2,
…,10}. “1”, “2”, …, and “10” indicate the portfolios in the 1st (the lowest characteristic value), the 2nd, …, and the 10th (the highest characteristic value) deciles,
respectively. “≤0” and “=0” represent the portfolios for non-earnings stocks and non-dividend-paying stocks. The sample period for the portfolios formed on
size, book-to-market, dividend yield, earnings/price, sigma, and fixed assets is from January 1966 to December 2007 and those of the portfolios formed on
R&D expense/assets, age, sales growth, and external finance/assets begin by January 1975, January 1980, July 1967, and July 1967, respectively, and end by De-
cember 2007. The portfolio returns are in percentage. ConSENTIMENT⊥ is the orthogonalized consumer sentiment proxy from January 1978 to December 2007.
The column “All” reports the results without regime sorting. The other columns “Rec.” and “Exp.” (“Regime j”, j=1,2) show the results based on NBER dummy-
sorted (regime-sorted) observations as recessions and expansions (regime= j). The Newey–West p-values (lagged terms are determined by 0.75T1/3, where T is
the sample length) are in parentheses. ∗ and ∗∗ denote significance at 5% and 1% levels, respectively.
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capital minus depreciation at the fiscal year-end of year t−1. Non-cash working capital is current assets minus cash and
current liabilities, plus debt in current liabilities, plus taxes payable, scaled by the average of total assets over the fiscal
year-end of years t−1 and t−2.

The anomaly of asset growth is found by Cooper et al. (2008) that firms with high growth in total assets have lower returns.
Asset growth is the annual firm asset growth rate, defined as the change in total assets between years t−1 and t−2, divided by
the lagged total assets at the fiscal year-end of year t−2. The anomaly of net operating assets is found by Hirshleifer et al. (2004)
that firms with high net operating assets earn lower returns. Net operating assets are measured by the operating assets minus

Table 9
Predictive regressions with regime dummies.

Long-short NBER recession index Markov-switching model

Rec. Exp. Regime 1 (Rec.) Regime 2 (Exp.)

Portfolios formed on size
10−1 0.03(0.44) 0.49**(0.00) 0.15(0.23) 0.40**(0.00)
5−1 −0.04(0.42) 0.36*(0.03) 0.19(0.15) 0.28*(0.05)

Portfolios formed on book-to-market
10−1 −0.05(0.41) 0.14(0.13) −0.20(0.17) 0.25**(0.01)
5−1 0.21(0.15) 0.34**(0.00) 0.21(0.11) 0.27**(0.00)

Portfolios formed on dividend yield
10−=0 0.74*(0.02) 0.53**(0.00) 0.38(0.08) 0.54**(0.00)
5−=0 0.41(0.06) 0.55**(0.00) 0.47*(0.05) 0.37**(0.01)

Portfolios formed on earnings/price
10−≤0 0.91**(0.01) 0.53**(0.00) 0.75**(0.01) 0.37*(0.02)
5−≤0 0.72(0.06) 0.69**(0.00) 0.68(0.10) 0.39*(0.02)

Portfolios formed on age
10−1 0.47(0.21) 1.87**(0.00) 1.80*(0.04) 0.90**(0.01)
5−1 0.88(0.07) 1.51**(0.01) 2.48**(0.01) 0.62(0.07)

Portfolios formed on sigma
10−1 −1.30(0.08) −1.33**(0.00) −1.54**(0.01) −0.89**(0.00)
10−5 −1.18(0.13) −1.12**(0.00) −1.46**(0.01) −0.65**(0.01)

Portfolios formed on R&D expense/assets
10−1 −0.93(0.10) 0.13(0.37) −0.23(0.34) 0.01(0.50)
10−5 −0.08(0.45) −0.11(0.36) −0.21(0.32) −0.23(0.14)

Portfolios formed on fixed assets
10−1 0.36(0.07) 0.06(0.37) 0.34(0.08) −0.11(0.27)
5−1 0.23(0.14) 0.0(0.41) 0.20(0.15) −0.08(0.28)

Portfolios formed on sales growth
10−1 0.03(0.45) −0.35*(0.04) −0.05(0.41) −0.31*(0.02)
10−5 −0.37(0.08) −0.61**(0.00) −0.46*(0.04) −0.43**(0.00)

Portfolios formed on external finance/assets
10−1 −0.25(0.20) −0.44**(0.01) −0.40(0.07) −0.21(0.09)
10−5 −0.52(0.09) −0.67**(0.00) −0.70*(0.02) −0.30*(0.02)

Note: This table reports the results about regressions of long-short portfolio returns on the regime dummies, the interactions of regime dummy variables and
lagged SENTIMENT⊥, the market factor (RMRF), and the Fama–French factors (HML and SMB),

r i;k2ð Þ;t−r i;k1ð Þ;t ¼ αi;∘ þ αi;1D1 þ αi;2D2 þ δi;1D1 þ δi;2D2
� �

SENTIMENT⊥t−1 þ βi;∘RMRFt þ γi;2SMBt þ γi;3HMLt þ εi;t ;

where r(i, k2), t− r(i, k1), t is the long-short portfolio return that longs portfolio k2 and shorts portfolio k1 with firm characteristic i (including size, book-to-market,
dividend yield, earnings/price, age, sigma, R&D expense/assets, fixed assets, sales growth, and external finance/assets) at time t, k1,k2∈ {≤0,=0,1,2,…,10}.
“1”, “2”,…, and “10” indicate the portfolios in the 1st (the lowest characteristic value), the 2nd,…, and the 10th (the highest characteristic value) deciles, respec-
tively. “≤0” and “=0” represent the portfolios for non-earnings stocks and non-dividend-paying stocks. The sample period for the portfolios formed on size,
book-to-market, dividend yield, earnings/price, sigma, and fixed assets is from January 1966 to December 2007 and those of the portfolios formed on R&D ex-
pense/assets, age, sales growth, and external finance/assets begin by January 1975, January 1980, July 1967, and July 1967, respectively, and end by December
2007. The portfolio returns are in percentage. SENTIMENT⊥ is the Baker and Wurgler's orthogonalized sentiment proxy. The columns “Rec.” and “Exp.” (“Regime
j”, j=1,2) show the results based on NBER dummy-sorted (regime-sorted) observations as recessions and expansions (regime= j). The Newey–West p-values
(lagged terms are determined by 0.75T1/3, where T is the sample length) are in parentheses. ∗ and ∗∗ denote significance at 5% and 1% levels, respectively.

236 S.-L. Chung et al. / Journal of Empirical Finance 19 (2012) 217–240



Author's personal copy

operating liabilities at the fiscal year-end of year t−1. The operating assets are total assets minus cash. The operating liabilities
are total assets minus debt included in current liabilities, minus long-term debt, minority interests, preferred stocks, and common
equity, and then divided by lagged total assets at the fiscal year-end of year t−2.

Novy-Marx (2010) suggests that, sorting by gross profits-to-assets, firms with higher profits have higher returns than those with
lower profits.Wemeasure gross profits-to-assets by net sales minus costs of goods sold at the fiscal year-end of year t−1, divided by
lagged total asset at the fiscal year-end of year t−1. The anomaly of net stock issues and composite equity issues is found by Loughran
and Ritter (1995) andDaniel and Titman (2006) that the long-runperformance of equity issuers isworse than nonissuerswith similar
firm characteristics. Following Fama and French (2008), net share issuance is the annual share issuance, defined as the natural log of
the ratio of split-adjusted shares outstanding at the end of December of year t−1 to split-adjusted shares outstanding at the end of
December of year t−2. The split-adjusted shares outstanding is equal to Compustat shares outstanding time by the Compustat ad-
justment factor.27 Composite equity issuance is the amount of equity a firm issues in exchange for cash and services, i.e. share
repurchases and SEOs.

Titman et al. (2004) document that firms with high past investment-to-assets may give rise to lower returns. Following
Stambaugh et al. (in press), investment-to-assets is measured by the annual change in gross property, plant, and equipment
plus the annual change in inventories scaled by the lagged book value of assets. Fama and French (2006) and Chen et al.
(2010) find that firms with high past return-on-assets have abnormally higher returns. Jegadeesh and Titman (1993) find that
longing firms that have performed well in the past and shorting stocks that have performed poorly in the past can generate sig-
nificant positive returns over next 3 to 12 months.28

For each anomaly (except for failure probability), at the end of June in year t, we sort stocks based on the measures related to
anomalies and then allocate them into 10 groups. For the anomaly of failure probability, we use monthly rebalancing and remove
all the financial companies in compiling the anomaly pertaining to the failure probability. Following Chen et al. (2010) and
Stambaugh et al. (in press), we compute the monthly value-weighted portfolio returns for each group, and then obtain the
returns of anomalies that are long in the stocks within the highest-performing decile and short in those within the lowest-
performing decile.

Panel A of Table 10 reports the mean returns, the CAPM alphas, and the 3-factor alphas (and t-statistics) for portfolio returns
related to the 11 anomalies. Consistent with the results of Stambaugh et al. (in press), these 11 anomalies are not captured by
either the CAPM or the three factor model of Fama and French (1993) because alphas are significantly different from zero.

To explore the predictive power of investor sentiment across economic regimes for 11 anomalies, we perform the following
predictive regressions using regime-sorted data as identified by the NBER as well as the Markov-switching model

r i;hð Þ;t−r i;lð Þ;t ¼ αi þ γi;1SENTIMENT⊥t−1 þ βi;∘RMRFt þ γi;2SMBt þ γi;3HMLt þ �i;t ; ð10Þ
where r(i,h), t−r(i, l), t is the long-short portfolio return that longs portfolio in the highest-performing decile h and shorts portfolio
in the lowest-performing decile lwith anomaly i. Panel B of Table 10 reports the coefficient estimates on sentiment of the predic-
tive regressions and the Newey–West p-values (based on one-tailed test as suggested by Stambaugh et al. (in press)) in paren-
theses. The first column, without sorting observations by NBER states or regimes, shows that the coefficient estimates, γ̂ i;1, are
positive and significant for the anomalies associated with failure probability, Ohlson's O-score, net stock issues, composite equity
issues, net operating assets, gross profitability, and return-on-assets. These results are also consistent with the findings of
Stambaugh et al. (in press).

Crucially, by controlling for the economic regime identified by either the NBER business cycles or the Markov-switching
model, we find that the predictability pattern associated with sentiment is regime-dependent. The overall evidence suggests
that investor sentiment has stronger predictive power for long-short portfolio returns of the anomaly strategies in the NBER ex-
pansion state (regime 2) than in the recession state (regime 1).

6. Conclusion

In this study we examine, across different states of the economy, the asymmetry in the predictive power of investor sentiment
on the cross-section of stock returns. In addition to characterizing the economic regime by the NBER recession index, we also im-
plement a multivariate Markov-switching model to characterize two economic regimes, the expansion state and the recession
state. We then use the sentiment measures to forecast the returns of stock portfolios formed on firm size, age, return volatility,
R&D expense, fixed assets, sales growth, external finance, book-to-market ratio, earnings-to-price ratio, dividend yields, and 11
well-documented anomalies conditional on the identified economic states.

We find strong evidence, both in-sample and out-of-sample, that the predictive power of investor sentiment is regime-
dependent. Only under the expansion regime investor sentiment exhibits predictive power for the returns of portfolios formed

27 It is worth noting that Pontiff and Woodgate (2008) measure the split-adjusted shares outstanding as CRSP shares outstanding divided by cumulative total
factor to adjust shares outstanding from CRSP.
28 The momentum and ROA anomalies are downloaded from Kenneth French's and Long Chen's websites, respectively.
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on firm characteristics and the anomalies. Time-variation in the market beta driven by investor sentiment cannot account for the
predictive ability of sentiment.

Appendix A. The bootstrap test procedure

We use the predictive regression model (4) to illustrate the testing procedure. The implementation is as follows:

• Step 1: We run the following regression model for returns of the kth portfolio with firm characteristic i:

r i;kð Þ;t ¼ α†
i;kð Þ þ β†

i;kð Þ;∘RMRFt þ γ†
i;kð Þ;1SENTIMENT⊥t−1 þ γ†

i;kð Þ;2SMBt þ γ†
i;kð Þ;3HMLt þ � i;kð Þ;t ; ðA:1Þ

and save all OLS-estimated risk loadings α̂ †
i;kð Þ; β̂

†
i;kð Þ;∘; γ̂

†
i;kð Þ;1; γ̂

†
i;kð Þ;2; γ̂

†
i;kð Þ;3

n o
, residuals �̂ i;kð Þ;t ; t ¼ T0;…; Tn

	 

for all stock portfolios

k=1,…,N, where T0 and Tn are the dates of the first and last observations.

Table 10
Mean returns, alphas, and predictive regressions for 11 anomalies.

Panel A: Mean returns and alphas

Mean return CAPM alpha 3-factor alpha

Failure probability 1.00(2.28) 0.96(2.56) 1.62(4.16)
Ohlson's O-Score 0.71(2.25) 0.74(2.35) 0.94(3.15)
Net stock issues 0.65(3.75) 0.80(4.95) 0.66(4.57)
Comp. equity issues 0.53(4.00) 0.64(4.96) 0.56(4.90)
Total accruals 0.68(3.24) 0.77(3.68) 0.70(3.36)
Net operating assets 0.66(3.27) 0.80(4.03) 0.90(4.47)
Momentum 1.51(5.26) 1.58(5.49) 1.74(5.97)
Gross profitability 0.35(2.08) 0.43(2.57) 0.70(4.34)
Asset growth 0.78(4.13) 0.93(5.19) 0.45(2.94)
Return on assets 1.00(5.16) 1.07(5.58) 1.03(5.59)
Investment/assets 0.78(4.44) 0.84(4.78) 0.52(3.23)

Panel B: Predictive regressions

Long-short All NBER recession index Markov-switching model

Rec. Exp. Regime 1 (Rec.) Regime 2 (Exp.)

Failure probability 0.94*(0.02) −1.09(0.18) 1.27**(0.01) 3.12(0.16) 1.20**(0.01)
Ohlson's O-Score 1.37**(0.00) 0.18(0.43) 1.98**(0.00) 0.76(0.25) 1.50**(0.00)
Net stock issues 0.32*(0.02) 0.06(0.42) 0.24(0.10) −0.47(0.27) 0.29*(0.03)
Comp. equity issues 0.19*(0.04) −0.15(0.25) 0.21(0.06) −0.12(0.42) 0.16(0.14)
Total accruals −0.02(0.45) −0.21(0.33) −0.04(0.45) −0.10(0.41) 0.16(0.20)
Net operating assets 0.74**(0.00) 0.59**(0.00) 0.78**(0.00) 1.02**(0.01) 0.38**(0.01)
Momentum 0.16(0.26) 0.52(0.16) 0.27(0.18) 0.10(0.42) 0.09(0.38)
Gross profitability 0.30*(0.02) 0.49(0.17) 0.36*(0.02) 0.54(0.08) 0.19(0.14)
Asset growth 0.17(0.13) 0.11(0.34) 0.25(0.11) 0.15(0.31) 0.08(0.29)
Return on assets 0.56**(0.01) 1.14**(0.01) 0.56*(0.04) 1.24**(0.00) 0.22(0.06)
Investment/assets 0.08(0.30) −0.02(0.52) 0.12*(0.04) −0.10(0.67) 0.21(0.12)

Note: Panel A reports the mean returns, CAPM's alphas, and 3-factor's alphas for 11 portfolios related to the anomalies and t-statistics are in the parentheses.
Panel B reports the coefficient estimates on sentiment of the predictive regression and the bootstrapped p-values in the parentheses. The regressions of portfolio
returns associated with anomalies on the lagged SENTIMENT⊥, the market factor (RMRF), and the Fama–French factors (HML and SMB)

r i;hð Þ;t−r i;lð Þ;t ¼ αi þ γi;1SENTIMENT⊥t−1 þ βi;∘RMRFt þ γi;2SMBt þ γi;3HMLt þ εi;t ;

where r(i,h), t−r(i, l), t is the long-short portfolio return that longs portfolio in the highest-performing decile h and shorts portfolio in the lowest-performing decile
l with firm characteristic i (the momentum factor will be excluded when we perform the predictive regression for the anomaly associated with momentum).
This table only reports the parameter estimates of γi, 1. The sample period for the anomalies associated with asset growth, total accruals, net operating assets,
and growth profitability is from July 1967 to December 2007 and those associated with net stock issues and composite equity issues begin by July 1975 and
end by December 2007. The anomalies of return-on-assets and investment-to-assets begin by January 1972 and end by December 2007. Failure probability
and O-score begin by January 1976 and January 1979, respectively, and end by December 2007. Momentum is from January 1966 to December 2007. The port-
folio returns are in percentage. SENTIMENT⊥ is the Baker and Wurgler's orthogonalized sentiment proxy. The column “All” reports the results without regime
sorting. The other columns “Rec.” and “Exp.” (“Regime j”, j=1,2) show the results based on NBER dummy-sorted (regime-sorted) observations as recessions
and expansions (regime= j). The Newey–West p-values (lagged terms are determined by 0.75T1/3, where T is the sample length) are in parentheses. ∗ and ∗∗
denote significance at 5% and 1% levels, respectively.
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• Step 2: Denote the cross-section of residuals at time t by ϒ̂ i;t ¼ �̂ i;1ð Þ;t ;…; �̂ i;Nð Þ;t
� �′. We re-sample a sequence of the time indices

sT0
b,…,sTn

b that are drawn randomly from [T0,…,Tn], where b is the index for the bootstrap sample (for example, b=1 means

the re-sample number one). The sequence of the re-sampled residual vectors are given by ϒ̂b
i;tε ; tε ¼ sbT0

;…; sbTn

n o
, where

ϒ̂b
i;t� ¼ �̂bi;1ð Þ;t� ;…; �̂bi;Nð Þ;t�

� �′
.

• Step 3: The pseudo portfolio returns are constructed under the null hypothesis γ(i, k), 1=0 by

rbi;kð Þ;tε ¼ α̂ †
i;kð Þ þ β̂†

i;kð Þ;∘RMRFtε þ γ̂†
i;kð Þ;2SMBtε

þ γ̂†
i;kð Þ;3HMLt� þ �̂

i;kð Þ;t�b ;
ðA:2Þ

for k=1,…,N and tε=sT0
b,…,sTn

b. So, there are N re-sampled time series of stock portfolio returns in a re-sampling, {r(i, k), tε
b,

tε=sT0
b,…,sTn

b}, k=1,…,N.

• Step 4: We run the predictive regression model (4) using the re-sampled data generated in Step 3, and compute the corre-

sponding t-statistic, t γ̂b
i;1

� �
, for γi, 1. Repeating Steps 2 and 3 for M times (the largest b is M), a bootstrap distribution of t-

statistic of γi, 1, t γ̂b
i;1

� �
; b ¼ 1;…;M

n o
, under the null hypothesis (γi, 1=0) is available. We set M=20,000 in our empirical

studies.
• Step 5: We compute the p-value associated with t -statistic by comparing

ffiffiffi
T

p
⋅t γ̂ i;1

� �
to the quintiles of

ffiffiffi
T

p
⋅ t γ̂b

i;1

� �
−t γ̂ i;1

� �h i
to

obtain the p-value. Note that T is the total sample size between T0 and Tn, t γ̂ i;1

� �
and t γ̂b

i;1

� �
are the t-statistics computed by real

data and the b-th re-sampled data, respectively. The bootstrapped p-value may be defined as the probability in favor of the null
hypothesis

Prob
ffiffiffi
T

p
t γ̂b

i;1

� �
−t γ̂ i;1

� �h i
>

ffiffiffi
T

p
t γ̂ i;1

� �� �
:

The readers can refer to Sullivan et al. (1999) for the details of implementing bootstrap methods.
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