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1. Introduction

Now, the question is no longer, as it was a few decades ago, whether investor sentiment
affects stock prices, but rather how to measure investor sentiment and quantify its effects.

Malcolm Baker and Jeffrey Wurgler

In recent years, the usefulness of an investorilment measure to predict stock market
returns has been the subject of frequent inquifiesast number of empirical investigations with
different measures of investor sentiment have bmsmucted While theoretical models have
early incorporated the existence of noise tradeis equilibrium asset pricing (Black, 1986; De
Long, Shleifer, Summers and Waldmann, 1990), ecglirevidence on the correct proxy to
guantify sentiment does not provide clear findings.

Several empirical studies have attempted to measwestor sentiment. These studies
identified direct and indirect sentiment meastir@rect sentiment measures are derived from
surveys directly asking individuals how they febbat current or future economic and stock
market conditions while indirect ones representeatic and financial variables susceptible to
capture investors’ state of mind.

Numerous significant publications focus on the iotpaf direct sentiment measures on stock
returns. Unfortunately, the results appear to besitee to the measure used. Solt and Statman
[1988] and Clarke and Statman [1998] point out thaestor sentiment compiled by Investors
Intelligence survey is not useful as a contraryigatbr. They report no statistically significant
relationship between the sentiment index and swles#gstock returns. Contrary to previous
findings, Brown and Cliff [2005] show that excessioptimism leads to periods of market
overvaluation and high current sentiment is folldw®y low cumulative long-run returns. De

Bondt [1993] finds that individual investors sureeyby the American Association of Individual



Investors forecast future stock returns. Otherisgifbcusing on indexes of consumer confidence
analyzed the impact of sentiment on the stock ntarkdoo [1999] reports a strong
contemporaneous relationship between the changesnstimer confidence index and the stock
returns. However, by examining the causal relaiorong the variables, she finds that returns
Granger-cause consumer confidence at very shodmsr but not vice versa. In another study,
Lemmon and Portniaguina [2006] find that sentimedéx as proxied by consumer confidence is
able to forecast the returns of small stocks amdehwith low institutional ownership. More
recently, Schmeling [2009] and Zouaoui, Nouyrigatl 8eer [2011fonfirm this finding in an
international context.

The benefits of using surveys to measure sentim@nsignificant. Surveys take into account
the psychological dimension of individuals (optimispessimism and neutrality) in accordance
with their socioeconomic characteristics. They stgadardized questions making measurement
more precise and permit to have large and reguitas $eries. Surveys also provide information
about investors’ state of mind even without soptased financial theory to validate them.
Nevertheless, surveys also have boundaries. Bastple size is often limited. Further, the so-
called “prestige bias”, i.e. the tendency for reggents to answer in a way that make them feel
better, often impact the survey results. Sometimesn more pervasive, since most survey
opinions are gradually submitted throughout a weeka month period, the results do not
correspond to investor sentiment during a givemtioi-time, but to a mix of recent and old
opinions. Other potential problem is that survesponses are weighted equally regardless of the
magnitude of funds managed by respondents. Finaligh the exception of the survey
UBS/Gallup, no distinction is made between theeddht levels of optimism or pessimism. These
limitations explain why other papers suggest usngnomic and market variables as implicit

sentiment proxies instead.



Neal and Wheatley [1998] examine the forecast paf¢hree popular measures of investor
sentiment: the level of discount on closed-end fuihe ratio of odd-lot sales to purchases and the
net mutual fund redemptions. They find that closad- fund discount and net redemptions
predict the size premium better than the odd-lbor8rown and Cliff [2004] scrutinize various
direct and indirect sentiment indicators. They refat direct (surveys) and indirect measures of
sentiment are correlated. Although indicators ofntiseent strongly correlate with
contemporaneous market returns, they show thainsemt has little predictive power for near-
term future stock returns. Qiu and Welch [2006[dfimo association between the discount of
closed-end fund and the UBS/Gallup sentiment suri#wever, they show that the consumer
confidence index is highly correlated to UBS/Gallgentiment survey. Therefore, they
recommend the use of the confidence index instdathe closed-end fund discount as a
sentiment measure.

Baker and Wurgler [2006] construct a sentimentxnae a linear combination of six indirect
measures, namely the closed-end fund discountpgagithm of the NYSE share turnover ratio,
the number of IPOs, the average first-day retumdROs, the share of equity issues in total
equity and debt issues and the dividend premiurmefas the log difference of the average
market-to-book ratios of dividend payers and noyepa They show that stocks difficult to value
and to arbitrage react more strongly to investotiseent than the other categories of stocks with
opposite characteristics.

Indirect measures have a tremendous advantagedoeet one, they are relatively easy to
construct as they are based on simple market thatmect indicators are observed in real time
and reflect both the power of market participant ahe strength of their bullishness or
bearishness. However, using economic and finamaigbles as investor sentiment measure also

raise difficulties. First, some indirect indicatardy on controversial theoretical explanations
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Second, the indicatol@are endogenous to the market and economic actisttythey may not
measure exclusively investor sentiment. These a@tdis are an amalgam of the economic
expectations and sentiment and the process ofirsglane from the other could prove difficult if
not impossible.

Which investor sentiment indicator should be usdd®date, the behavioral models are still
silent as to what indicator should be used to ast&sr validity. Indeed, although numerous
studies on the issue of investor sentiment haven lpedlished, relatively little research has
focused on their relative efficacy in predictingute stocks returns. Further, very few studies are
identified and those are limited to compare direith indirect indicators (See Qiu and Welch,
2006; Feldman, 2010).

The purpose of this article is to test which ofstaeneasures is the most pertinent predictor of
future stock returns. Each indicator presents awgms and limitations. Furthermore, each
individual indicator could measure sentiment apecgfic point in the market cycle and no during
the sample perioll These considerations induce us to consider hieabést empirical approach is
to condense several imperfect indicators into agresgate index. As a result, we build a new
measure of sentiment by combining several well-kmalivect and indirect sentiment indicators.
Specifically, we split the raw sentiment indicaioto a rational component related to economic
fundamentals and a psychological component linkedvestor sentiment. Using a panel of
investor sentiment measures, we develop a new csitepgentiment indicator and a new
composite fundamental indicator. We subsequentigrporate these two indicators in a model
studying simultaneously the impact of economic ameéntals and the impact of investor
sentiment on the stock returns.

The analysis yields three important results. Fiks,find that our composite sentiment index

produces a faithful reproduction of the bubbles arekhes during our study period, i.e. July
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1981 to December 2010. For instance, our composgitx records a significant decline when the
speculative bubble of October 1987 burst. Betwi¥38 and 2003, it peaks in March 2000 at the
beginning of the internet bubble. During the pergtddied, our indicator is at its lowest level
during the recent sub-prime crisis.

Second, we show that the rational approach caradwantageously completed by the
behavioral approach. In agreement with the clabsory, we report a significantly relationship
between the investors’ rational expectations apdsthck returns. Specifically, we find that small
stocks, value stocks, young stocks, unprofitabtekst and intangible stocks are less (more)
vulnerable to the business cycle after periodsatdtarized by good (bad) economic expectations.
In agreement with the behavioral approach, we ftivad investor sentiment impact stocks hard to
value and difficult to arbitrage even after coritng for economic fundamentals and structural
risks factors. Specifically, these stocks earn (bwgh) returns following periods when investor
sentiment is high (low).

Third, we find that our measure outperforms theepffopular measures routinely used in the
literature (direct, indirect and other compositeaswes) in predicting returns of long-short
portfolios based on different characteristics desijto reflect the stocks hard to value and
difficult to arbitrage. This finding suggests thae strength of our composite measure comes
from the simultaneous effect of the combinatiomath direct and indirect indicators.

The remainder of the paper proceeds as follows.s€oend section presents the data used to
study the impact of investor sentiment on the stoekirns. This section also develops our
composite indicators and builds the long-short fpbas. The third section presents the
methodology and analyses the empirical resultsimdda The fourth section compares our
composite index to other sentiment indicators uguaded in the literature. The fifth section

concludes the study.



2. Data

The data used in this study were collected fronessdsources. Our study includes financial
and macro-economic variables and survey resitiible 1 presents the list of variables and

sources of data used.

a. Fundamental and sentiment indicator

Investor sentiment can be defined as a belief atobute cash flows and investmergks that
is not warranted by fundamentals. Each individuahtisnent proxy is likely to include a
sentiment component as well as idiosyncratic corapbnhat are unrelated to sentiment. To
circumvent this problem, we use principal composesmalysis to remove these idiosyncratic
components by combining them together into an aggeeindex. Therefore, given that there is
no uncontroversial and universally accepted semtimeeasure, we construct a synthetic
indicator which combines direct and indirect seetitnmeasures. The strength of the composite
indicators is that they take into account multipteurces of information. Hence, a composite
indicator should better reflect the changes of stwes’ sentiment than any measure used
individually”.

Our study focuses on two direct sentiment indicagord four indirect sentiment indicators.
This choice is supported by the following threetdad=irst, our selection is the result of the
established relationship between each selectednmsanit index and the equity market. Prior
studies show that each sentiment index seizes sntiee stock market aspects not already
contained in traditional macro-economic indicat@®gcond, although both direct and indirect
measures of investor sentiment have been employprevious studies, it remains unclear which
measures are actually the most appropriate, and/hich extent they represent the same

informational content. We find it reasonable tcemthat combining several imperfect measures



using both direct and indirect will lead to a bettme. Third, data availability narrows the
options; some indicators are only available overtstime periods.

An aggregate index is constructed from a princqguahponent analysis (first component) of
six sentiment measures identified in previous ssidiUniversity of Michigan consumer
confidence index (UMI), the Investors Intelligersead Bull-Bear (1), the number of IPOs in a
given month (NIPO), the average monthly first-dayurns on IPOs (RIPO), the net new cash
flows of US equity mutual funds (FLOW) and finatlye closed-end fund discount (CEFD). All
proxies are measured monthly over the period frone1981 to December 2010.

Panel A of Table 2 reports the correlations betwisenraw sentiment indicatorg/e note
that direct sentiment measures are highly corrélatgh indirect measureshis result sheds
some light on the fact that certain indirect measurave acquired a solid reputation as sentiment
measuresThe |l index is positively correlated with FLOW, RD and NIPO and negatively
correlated with CEFDWhen Il index increases, CEFD drops indicating thaestors are more
optimistic. We also find a significant negative redation between CEFD and FLOW; large
discounts reduce the magnitude of FLO®énsistent with the hypothesis which states th@sIP
occur during periods of high investor optimism, mae a significant correlation between UMI
and the variables RIPO and NIPO. Finally, we obsean-significant correlations between UMI
and the variables CEFD and FLOW. Thus, the corosldtetween the indicators is not perfect;
this underlines the benefit of extracting the commomponent of the indicators.

The raw sentiment indicators encompass a psycluabgomponent related to sentiment and
a rational component related to economic fundanteme noted by several studiemvestors’
sentiment varies in part for entirely rational @as related to the macroeconomic conditions.
When an investor is bullish or bearish, this cob&l a rational reflection of future period’s

expectation or irrational enthusiasm or a combamatf both. To isolate sentiment consists



precisely of identifying investors’ optimism (passsm) although there is not a good (bad)
economic reason for being so. To separate theseaspects, it is necessary to split the raw
sentiment indicators in two components: a ratiama, reflecting the economic fundamentals and
a psychological component, reflecting investor iseant. To this end, we regress the raw
sentiment indicators on contemporaneous varialblas ¢apture the component related to the
business cycle, i.e. macroeconomic “fundamentaig’se treat the residuals from the regression

as our purer measure of sentiment unwarrantedrmafmentals:

|
SENT =a,+B ) FUND, +&, (1)

i=1

Where SENTIis one of the raw sentiment variables, is the constant an@; are the
parameters to be estimated. FUNP the set of fundamental variables representatgpmnal
expectations. These variables include growtindtistrial production (IP), inflation (INF), term
spread (TS), default spread (DS), and growth iralder (DC), nondurable (NDC) and services
consumption (SC). Similar to the literature, weuass that the information conveyed by these
variables is quite complete and sufficient to ceptthe economic rational expectations. The
fitted values of Equation 1 capture the rationamponent and the residual capture the
psychological component.

Panel B of Table 2 reports the correlations betwienraw sentiment indicators and the
macroeconomic variables. The largest coefficientcofrelation is between University of
Michigan consumer confidence index and the defsuritad (-58.3%). The smallest coefficient is
between the Investors Intelligence index and tlogvgr of non-durable goods (-0.2%). The range
of these coefficients shows that the macroeconeaniables reflecting rational anticipations can
explain a trivial part or a large part of the ra@nsment indicators. The adjusted Rnge from

7.4 10 39.1%.



In constructing our synthetic sentiment index, whofv closely the methodology of Baker
and Wurgler [2006]. We start by estimating thetfipsincipal components of six currern (
investor sentiment proxies and their lagd)(. This gives a first-stage index with six loadirigs
the current proxies and six loadings for the laggedxies. Finally, our sentiment index
represents the first principal component of sixxpme (each proxy or its lag) most highly
correlated with the first stage-index. This proaedieads to the following composite sentiment

index:

CS, =0.208UMI,” +0.19111 ", + 0.204NIPO]
+0.183RIPO_, + 0.234FLOW,", - 0.211CEFD/”, (2)

The first principal component explains about 52%tleé sample variance in the macro-
adjusted sentiment proxfesWe can see that all individual sentiment measak¢ain a similar
weight (around 0.2) within the overall equation fbe CSI. We find that the coefficients of the
sentiment indicators have all the expected sigieyTare positive for the survey data, the
variables related to IPOs and mutual fund flowse Tegative sign on the closed-end fund
discount is consistent with the interpretation rofastor sentiment, the greater the discount, the
more investors are bearish.

The same procedure is applied to fundamental psokie order to extracta composite
fundamental index. The first principal componentlains about 42% of the sample variance. We
also find that all individual fundamental measunese similar weight and display the expected

sign. The composite fundamental ind€k() is as follows:

CFl, =0.134JMI”+0.1511 7, + 0.12INIPO’
+0.101RIPO7, + 0.198FLOW,", — 0.118CEFD/, (3)

Does our composite index capture the fluctuationseintiment? Unfortunately, there is not

yet a method to evaluate the correctness of afgpgcoxy for sentiment. Baker and Wrugler
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[2007] recommend an eyeball test as the best mdthadlidate that the indicator adequately
reflects investor sentiment. They state that if@p succeeds in capturing sentiment, it lines up
with recognized bubbles and crashes during thegemalysed.

Figure 1 illustrates the evolution of the sentimeminposite indicator during the period from
July 1981 to December 2010. The sentiment indicditops sharply in the year 1987, it reaches
its lowest level in November 1987. This situati@mincides with the market crash of October 19,
1987. Significant decreases are also seen durimgdhapse of the bonds market in 1994 and
during the collapse of LTCM in 1998. Moreover, waean increase of the composite index at
the peak of the market in 2000. Over the period812303, the composite index reaches its
highest level in March 2080This date coincides with the peak of the Dot.c@ime composite
sentiment index starts to decrease in April 20005 tecline accelerates after the attacks of
September 11, 2001. As anticipated, the index sl@ws a large decrease in 2008 during the
sub-prime crisis. Overall, the composite sentimedex produces a faithful reproduction of the

bubbles and crashes during our study period.

b. Firm characteristics

Our sample includes all common stocks (share ctfieend 11) currently or formerly listed
on the NYSE, AMEX and NASDAQ between July 1981 ddhelcember 2010, thus avoiding
survivorship bias. Stock returns and firm charasties are from the merged CRSP-Compustat
database. We form long-short portfolios based aaradieristics designed to reflect the stocks
that are hard to value and difficult to arbitragellowing Baker and Wurgler [2006, 2007], the
firm characteristics considered are: size, firm'evgh potential and distress, age, profitability,

dividend policy, tangibility and arbitrage costs.
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Size is the market capitalization measured as giioe shares outstanding from CRSP.
Firm’s growth potential and distress characteristiclude market-to-book computed as the
market value at the end of the calendar year divioethe book value reported anytime during
the fiscal yeatt. Age is the number of months since the firm'stfegppearance on the CRSP
tapes. Profitability is captured by the return @seds defined as the earnings divided by total
assets. Asset tangibility is captured by propgstgnt and equipment over total assets. Dividend
policy is dividends per share at the ex date miigtifby compustat shares outstanding divided by
book equity. Arbitrage costs are measured by idiosgtic volatility measured by the standard
deviation of residuals (over 60 months precedingntim®) in the regression of individual stock
returns on Fama and French (1993) risk fafors

We construct long-short portfolios based on eacliirof characteristics, using differekt
time horizons (1, 6, 9 and 12 months). In particuwee use the calendar approach of Jegadeesh
and Titman [2001] to minimize the bias of autockatien arising from the construction of event-
time portfolios over multi-period horizons. Each mtig we form three equally weighed
portfolios by sorting the firms on each correspogdiharacteristic. The bottom (top) one-third
ranked stocks of each characteristic are desigresteedLow (High) portfolio. We then calculate
in every month of horizork the difference between the average returns ofctirestructed
extreme portfoliogLow-high). Finally, the holding period return for long-shgortfolios is the
average monthly return over the previdusionths of thek differential portfolios estimated for

that month.
3. Methodology and empirical results

We use the model of Lemmon and Portniguina [2006¢$t the impact of investor sentiment

on the stock returns. This model offers a conslderbenefit; it allows studying simultaneously
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the impact of economic fundamentals (estimatedguie raw sentiment index) and the impact
of investor sentiment on stock returns. For thiasom, it is really useful to examine the
contribution of behavioral finance theory to thasdical finance theory. The empirical model
used is of the following form:

R(jLow),t - R(jHigh),t =(a, +a,C3 ) + (B, + B,CFl_,)RMRF, + Etj (4)

WhereR!Low) Rl nigh) 1is one-month holding period retdfrfor long-short portfolios based on
characteristicg. Low is defined as a firm in the bottom three CRfgRiles and High is defined
as a firm in the top three CRSP deciles.i&8hd CFl; are the lagged values of the composite
sentiment index and the fundamental composite ingespectivelyRMRF; is the excess return
on the CRSP value-weighted index for month

Lemmon and Portniguina’s model extends the CAPNhiBgrating both rational component
reflecting the economic fundamentals and psycholdgicomponent reflecting investor
sentiment. This model allows the conditional marketa to be a function of economic
fundamentals and allow the pricing error to depemdhvestor sentiment.

Under the rational hypothesis, the time variationthe expected returns of the long-short
portfolios is related to the economic fundamentals, investors rationally forecast future
macroeconomic conditions. There is now substartiaence that firms on the fringe, and firms
with a higher likelihood of financial distress, ar®re sensitive to changes in the business cycle
(Chan and Chen, 1991; Jagannathan and Wang, 1986)cdnditional market betas of these
firms should increase (decrease) following periotisow (high) expectations about economic
fundamentals. Therefore, we expect that the coeffi@, will be significantly less than zero.

Under the behavioral hypothesis, the time variatiothe expected returns of the long-short

portfolios is affected by investor sentiment if gtwefficienta, is significantly less than zero. The
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proposed explanation is that investors tend tovalee stocks that are difficult to arbitrage and
hard to value when they are optimistic, and to wwalee these stocks when they are pessimistic.
However, as every mispricing is eventually corrdcexcessive optimism is inevitably followed
by a decrease in stock prices when markets retufandamentals. Therefore, these difficult to
arbitrage and hard to value stocks earn low (higi)irns following periods when investor
sentiment is high (low). The opposite outcome sthdnd observed during period of low investor
sentiment.

The regression results from the model (4) are ptegen Table 3. For panel A, the empirical
results support both hypotheses. The coefficiestimatesn, andp, are negative and statistically
significant at conventional levels. A negative diigant 3, coefficient confirms that small stocks
are more (less) vulnerable to change in the busirsgles after periods of pessimistic
(optimistic) economic prospects. This establishedifg supports the classical finance theory
that small stocks fluctuate more with business eyahd have higher risk exposure to the
changing risk premium. Further, consistent with thehavioral hypothesis, the significant
negativea, coefficient shows a relationship between the ldggentiment variable and the size
premium. This result provides supports to that @nimon and Portniguina [2006] and reinforces
the behavioral finance theory that establishesoWervaluation (undervaluation) of small cap
relative to large cap when investors are bullista(ish).

Similar results are summarized in panel B. Thefficients estimates, andp, validate both
the rational and behavioral hypotheses. The negaign of the coefficien, corroborates the
main argument of the classical finance theory thatmarket-to-book ratio shows how vulnerable
value stocks are to financial distress. Furthermtire value premium is negatively correlated
with the lagged psychological factor. Value stosk®w higher (lower) expected returns than

growth stocks after periods characterized by exeessvestor pessimisifoptimism). This result
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reflects the undervaluation (over-valuation) of walstocks relative to growth stocks when
investors are bearish (bullish).

Baker and Wurgler [2006] find a U-shaped relatiopdtetween investor sentiment and the
returns on portfolios sorted by book-to-market. &fpzally, they show that both extreme value
and growth stocks are more sensitive to investotirment than more established firms. These
stocks are performing better (worse) than thosd eitmedium book-to-market ratio when
sentiment is low (high). To compare our resultshimse reported by Baker and Wrugler [2006],
we re-estimate model (4) by sequentially replatirigdependent variable with the excess returns
of value stocks and with the excess returns of gratocks. Our resuftdonly partially mirror
those of Baker and Wurgler [2006]. We find evidetit only value stocks significantly react to
investor sentiment. Specifically, we find that #secess returns on value stocks are higher after
periods of low sentiment and lower following pesodf high sentiment. Although our results
only partially mirror those of Baker and Wurgle©Of5], they are similar to those of Kumar and
Lee [2006]. These authors find that individual istees tend to overweight their portfolios with
value stocks. They also show that while there wstsaang correlation between investor sentiment
and the returns of value stocks, the relationskigvben investor sentiment and growth stocks is
weak.

In panels C, D and E, the returns of the long-shortfolios are significantly and negatively
correlated with the lagged economic fundamentdie. doefficient$, are also negative although
not significant in panels F and G. In all the pan@vidence indicates a significant negative
relationship between the sentiment factor and dhaé portfolio returns. This last result supports
the hypothesis that investor sentiment is an ingmbrfactor in the return generating process of
common stocks. As shown in table 3, the incremeatiisted R due to the addition of the

variable sentiment range from 3.1 to 5.9%.
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To assess the robustness of our results, we ruessgns in which we allow the market betas
to vary directly with other fundamental variablesually used in the literature to predict stock
returns. In addition to the composite fundamemadek, we include the dividend yield on the
market (DIV), the default spread (DS) and the thmemth treasury rate (INT). We also include
the premium on a portfolio of small stocks relatieelarge stocks (SMB), the premium on a
portfolio of high book-to-market stocks relative ltov book-to-market stocks (HML) and the
premium on a portfolio of stocks with high pastures relative to stocks with low past returns

(UMD)*, as control variables. To do so, we run the foifmymodet>:

Rlowe = Ritigne = (@1 +a,C8 ) + (B, + B,CFl, + B;DIV,, + B,DS.; + BINT_ )RMRF,
+ 9, SVIB, + J,HML, + SUMD, + &/ (5)

The results in table 4 are qualitatively identitalthose reported previously, although the
statistical significance of the variable CSI iggblly weaker. Except for the panel F, the results
show that the variable CSkmains significant with the expected negative sgyen after
controlling for traditional variables and structumesk factor. This results suggest that the
predictive power of the variable CSI is unrelatedime-varying expected returns or economic
cycles. Due to the addition of the variable sentiméhe incremental adjusted Ricreases from
2.9 to 5.1%°. Additionally, the large majority of the coefficies estimates for the indicator CFI
are negative and significant at the conventionaklleThis finding is thought-provoking and
suggests that our aggregate fundamental inded&ttar candidate to forecast stock returns than
other fundamental variables usually used in tleediure.

Overall, the rational and behavioral hypothesesbatt validated by our resutfs We find
that small stocks, value stocks, young stocks, afitpble stocks and intangible stocks are less

(more) vulnerable to the business cycle after psrioharacterized by good (bad) economic
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expectations. Our results also show that periodsacierized by excessive investors’ optimism

(pessimism) are followed by low (high) returns $tocks difficult-to-value and hard-to-arbitrage.
4. Comparing therelevance of sentiment indicators

To measure investor sentiment we developed a cdtepioslex that combines direct and
indirect sentiment indicators. This index was pmefé to using exclusively a direct or indirect
sentiment measure. Is our composite indicator isemelevance than the alternative measures
used in previous studies? This section scrutinizeselevance of our synthetic sentiment index.

One way to operate is to compare the results daddain the previous section with those
obtained on the basis of an alternative sentimesatsuwre. To do so, we re-estimate the model (4)
using some popular sentiment measures usuallyins literatureand compare findings with
those reported above. Specifically, we contrastindicators with a set of direct, indirect and
composite indicatord-or the sake of brevity, we present only the cogffit estimatespf) and
(o) respectively assessing the rational and the befawnypotheses.

* TheComposite Sentiment Index vs. direct measures

First, we compare our composite sentiment indegach of the direct measures used in its
construction, i.e.: the University of Michigan canser confidence index (UMI) and the
Investors Intelligence index (ll). Second, we conepaur indicator with the Conference Board
survey of consumer confidence (CBIND) used by dt@99] and Lemmon and Portniguina
[2006]. Finally, we compare our composite indicatoth that of the American Association of
Individual Investors (AAIl) used by Brown [1999] @ffFisher and Statman [2003]

The results depicted in Table 5 show that almdsth@& coefficients estimates, are not
significant. Among the 28 coefficients estimatgs there is only three significant coefficients.

Results indicate that the 1l index forecasts tlze premium and the value premium and that AAlI
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indicator predicts only the size premium. We albeayve that the two consumer sentiment index
(UMI and CBIND) do not significantly impact the storeturns. These results diverge from those
reported by Lemmon and Portniguina [2006] who reporsignificant negative relationship
between the consumer sentiment index and the giemipm in the following 3-month.
Moreover, we note the low correlation between thonal expectations from each sentiment
indicator and the future stock returns. Indeedy @hé rational component from both consumer
sentiment indexes predicts the value premium.

* TheComposite Sentiment Index vs. indirect measures

We first compare the predictive power of our conigogrdex with each indirect measure
used in its construction, i.e.: the number of IRRKO), the average monthly first-day returns on
IPOs (RIPO), the net new cash flows of US equityualifunds (FLOW) and the closed-end
funds discount (CEFD). We also compare our comeositiex with two indirect indicators
commonly used in the literature: the ratio of odtifpurchases to sales (ODDLGY)nd the
NYSE ARMS index (ARMS).

The sentiment indicator ODDLOT is employed by Naadl Wheatley [1998]. A ratio that is
greater (less) than one indicates bullish (beasghfiment. The ARMS index is used by Simon
and Wiggins Il [2001] and Wang, Keswani and Tay@006]. This ratio represents the number
of advancing issues scaled by the advancing volulineled by the number of declining issues
scaled by the declining volume. Richard Arms, winst introduced this ratio, argues that a ratio
that is lower (higher) than one indicates that erket is overbought (oversold) and that this
should be treated as a bullish (bearish) sign.

Table 5 shows that with the exception of the ODDL@iio, the predictive power of indirect
indicators is quite disappointing. The ODDLOT ratas significant predictive abilities for

returns on portfolios sorted by size, profitabiliynd tangibility. When CEFD is used as a
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sentiment indicator, only the rational expectatioomponent predicts the portfolio returns. This
result is consistent with Swaminathan’s [1996] angut to link the information in discounts to
expectations of future earnings growth and expiectaof future inflation.

* TheComposite Sentiment Index vs. other composite index

We now evaluate two other popular sentiment com@asdicators routinely used in the
literature, i.e. the Brown and Cliff composite iRnd@C) and the Baker and Wurgler composite
index (BWY°. The results in Table 5 show that the BC indexdasts portfolio returns better
than the BW index. The BC index forecasts better tbturns of portfolios ranked by age,
tangibility and dividend policy. The results alsbow that the two composite indicators
outperform the direct and the indirect individuatasures in predicting future portfolio returns.
This result confirms that the integration of seVgnaxies is a fruitful approach for measuring
investor sentiment.

Finally, we perform an additional robustness testvtaluate the pertinence of the proxies
selected to construct our composite sentiment inté build a “new CSF that incorporates
two additional proxies for sentiment, i.e. AAIl adRMS and re-estimate model (4). Findihg
shows that the “new CSI” has lower predictive &pithan the initial CSI. This result suggests
that the greater predictive power of the CSI isbptily due to its ability to capture more and
better the variable sentiméht

Overall, our composite indicator exhibits supermpedictive power than those all other
sentiment indicators habitually used in the literat Indeed, none of direct, indirect and
alternative composite sentiment indicators recpraslictive power as significant as those of our
composite index. This result led us to believe thatsuperiority of our measure comes from the

simultaneous effect of the combination of both cliend indirect indicators.
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6. Conclusion

Measuring investor sentiment and quantifying ife@k on the stock market is at the center
of academic research in behavioral finance. Thidysenriches the literature on the relationship
between investor sentiment and stock returns. tticpéar, we split the raw sentiment indicator
into a rational component related to economic fumelatals and a psychological component
linked to investor sentiment. Using a panel of cli@end indirect sentiment measures, we develop
a new composite sentiment indicator and a new csitgptundamental indicator. As a result, we
investigate simultaneously the impact of economindamentals and the impact of investor
sentiment on the stock returns. Our results shaat the rational approach can be usefully
completed by the behavioral approach.

Consistent withthe traditional approach, we report a significantjationship between the
investors’ rational expectations and the stockrnstuCertain characteristics make companies
more vulnerable to changes in the business cyelpatticular, we found that small stocks, value
stocks, young stocks, unprofitable stocks and gitde stocks are less (more) vulnerable to the
business cycle after periods characterized by goad) economic expectations.

Consistent with the behavioral approach, we firat thvestor sentiment impact stocks hard
to value and difficult to arbitrage. After contialj for economic fundamentals and structural
risks factors, we find that pricing error covariaignificantly with the sentiment component. In
particular, the stocks hard to value and diffidoltarbitrage earn low (high) returns following
periods when investor sentiment is high (low).

We also compare our composite sentiment index¢h gseasure used in its construction and
to several other popular measures routinely usetdriterature. We report a dominance of our

composite measure in forecasting stock returns.doomposite index provides a better measure
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of sentiment by condensing the state of mind ofeey large sample of investors (consumer
confidence index, investors intelligence indexseld-end fund discount, mutual funds flows, the
average monthly first-day returns on IPOs and tmalver of IPOs). This result led us to believe
that the superiority of our composite measure cofmues the wealth of information exploited in

its construction using both direct and indirect maas.

NOTES

! Other researchers use exogenous non-economia<attat affect investor mood such as sunshine ¢Hiesfer and
Shumway, 2003], lunar cycles [Yuan, Zheng and 2005], sport [Edmans, Garcia and Norli, 2007] dagon disasters
[Kaplanski and Levy, 2010].

“ For example, several controversial theories haenbsuggested to explain the closed-end fund digcely. agency
costs, fund liquidity, fund diversification, marketgmentation and investor sentiment.

® The results of these studies take into accountBdeer and Wrugler composite indicator that inclufgy indirect
indicators.

* It's difficult to use a unique indicator to meastinvestor sentiment. The closed-end fund discdoninstancewill not
be a worthwhile proxy if a large number of investbave come to prefer open-end funds. During soroetim, the
number of IPOs is equal to zero although the maskeot necessarily at the lower level during tkeqd studied.

® This hypothesis will be revisited in the fourttcgen.

® See for example Brown and Cliff [2005], Lemmon &ttniaguina [2006] and Baker and Wurgler [2008) 7.

" Baker and Wrugler [2006] argue that the timinghaf variable must be taken into account because samables may
reflect a change in sentiment earlier than other.

® The sentiment proxies are standardized to haveamruof zero and a standard deviation of one.

® The fluctuations of the composite index during $peculative bubble of 2000 (Internet bubble) aretmiess significant
than the fluctuations during the crash of Octol#871 One possible explanation is that the fallricgs in 1987 has been
more drastic (about 23% in one day) than duringrnternet bubble (the decrease took place overakn®nths).

% High idiosyncratic risk makes arbitrage risky (8®ergler and Zhuravskaya, 2002).

™ In order to make results easier to interpret, aeehrescaled the proxy for the variable “Arbitragsts” such that lower
value corresponds to the stocks the most diffimutirbitrage. The rescaling is accomplished byntakihe reciprocal of the
proxy used to capture arbitrage costs, i.e. (Ltfabe costs).

2 For the sake of brevity, we present only the tesot a one-month holding period return.

13 Results are available upon request.

“The monthly time series of theses factors areiméxafrom Ken French’s data library.

' The variable SMB is not included as a control alalé in panel A because it is highly correlatechvitie dependent
variable by construction. Similarly, HML is not inded as a control variable in panel B becausesoliigh correlation
with the dependent variable.

' As robustness check we also run the regressidigimtion (2) using the first principal componernfr the six raw
investor sentiment indicators used in this studye Basic results, not reported, are unchanged.

" Overall, results are significant for the 6-monttdahe 9-month periods and not significant for #emonth period. By
and large, the statistical significance of the fioeits estimate decreases as the holding periotkases. Results are
available upon request

'8 AAIl data are available for the period July 198Mtecember 2010.

Y ODDLOT data are available for the period July 1&8December 1998.

%% Brown and Cliff's data are available for the periduly 1981 to December 1998. As far as Baker andg\si’s
composite sentiment index is concerned, data aiasle for the period July 1981 to December 2007.

L The “new CSI” is estimated for the period JulI30 December 2010.

22 The results are not reported due to space limitati

% The new first principal component captures a lopreportion of the sample variance (about 36 %)etilse, all of the
individual sentiment indicators of the “new CSI"Veasmaller factor loading than those of initial CBhe exclusion of
some variables does not also improve the results.
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Table 1: Description of the variables used for the construction of the sentiment index

Code | Variables | M easur es | Sour ces
I nvestor sentiment indicators
UMl University of Michiganconsumer sentiment indgx Five questions maklng up the University of Michigan Survey
consumer sentiment index Research Center
Il Investors Intelligence index Bull minus Bear spread Investors Intelligence

NIPO Number of IPOs Number of IPOs in a given month http://bear.cba.ufl.edu/ritter
RIPO First-day returns on IPOs Average rgﬁr}'::rjgsﬂrst-day returns http://bear.cba.ufl.edu/ritter
FLOW Net new cash flows of US equity mutual fundp Inflows-outflows)/Total asset Investment Company Institute

http://www.ici.org/index.html

Equal-weighted average difference

CEFD Closed-end fund discount between the NAV of closed-end fund Wall Street Journal
and the stock price of fund
CBIND Conference B(_)ard survey of consumer Five questions _makln_g up the consumer Conference Board
confidence sentiment index
AAIl American Association of Individual Investors Ratio of bullish to bearish responsps American Association of Individual
index Investors
ODDLOT ODDLOT ratio Ratio of odd-lot purchasesstes New York Stock Exchange
Advancinglssue
Declininglssues
ARMS ARMS index NYSE AdvancingVolume Datastream
DecliningVolumse
First component from the principal
Csl Composite sentiment index component analysis of six sentiment
measures
First component from the principal
BC Brown and Cliff composite index component analysis of numerous Brown and Cliff

sentiment measures

First component from the principal
BW Baker and Wurgler composite index component analysis of six sentiment
measures

Baker and Wurgler
http://people.stern.nyu.edu/jwurgler

(Continued)
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Table 1 (continued): Description of the variables used for the construction of the sentiment index

M acr oeconomics variables

Change in the natural logarithm o

IP Growth of industrial production : . S Federal reserve system
industrial production index
INF Inflation Change in the natu.ral logarithm o Federal reserve system
the Consumer Price Index
Difference between the yields on|
TS Term spread 10-year U.S. government bonds a Federal reserve system
3-month Treasury bills
Moody’'s Baa-rated corporate bon
DS Default spread yield less the Aaa-rated corporate boi Datastream

yield

DC, NDC and SC

Growth of durable goods, non-durable goods &

services consumption expenditures

n Change in the natural logarithm o
gurable goods, non-durable and serviq

consumption expenditures

Federal reserve system
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Tableau 2: Monthly correlations between sentiment indicators and macr oeconomic variables

This table reports thPearsorcorrelationcoefficientsbetweensentimentindicators and macroeconomi@riables. UMI is the University of Michigan consenconfidence index. Il is the Investors Intelligen
spread Bull-Bear. NIPO represents the number oSIlPQ given month and RIPO denotes the averagéhtydirst-day returns on IPOs. FLOW is the net neash flows of US equity mutual funds and CEFDhis t
closed-end funds discount. IP is the growth in gtdal production. INF is the inflation rate. STthe term spread. DS is the default spread. CD, @N& CS are the growth in durable, nondurable,sandices
consumption, respectively. The sample period iresughonthly data from June 1981 to December 2070 **** denote statistical significance at 1%, 5%nd 10%, respectively.

Panel A I UMI CEFD NIPO RIPO FLow I INF 13 TS DS CD CND CS
! Mean 12.144 87.977 7.287 31.946 17.017 0698 ! 0252 0.168 1.964 1.094 0.565 0.406 0.9434
1 Std 15.276 12.236 6.234 24.700 17.579 0928 | 0273 0.681 1.112 0.489 0.521 0.627 0.963
! I 1 !
1 1
| UMI 0.312% 1 1
[ 1
I CEFD -0.287*** 0.082 1 |
1 1
1 NIPO 0.165** 0.341%** -0.062 1 1
[ 1
I RIPO 0.288** 0.371%** 0.082 0.079 1 |
1 1
I FLOW _ _ 03927z _ _0026 _ 0347 041z~ _ 0110 _ _ 1 _
Pand B

INF -0.309%**  .0.192%* 0.223%* -0.028 -0.051 -0.156** 1

IP 0.024 0.326%+* -0.021 0.351%** 0.091 0.120* 0.042 1

TS 0.036 -0.332%* -0.436%+* 0.024 -0.321%* 0.111 -Q35** 0.066 1

DS -0.028 -0.583%* 0.078 -0.116 -0.178%* 0,161 (034 -0.258**  0.281%** 1

CcD -0.012 0.022 -0.010 0.121* 0.104 -0.053 0.051 822 0.032 0.106 1

CND -0.002 0.042 0.088 0.048 0.141* -0.021 0.271%+  2B*** -0.041 -0.041 0.549%** 1

CS 0.065 -0.067 0.057 0.110 0.046 0.027 0.017 0.032  092. 0.281**  0.401*** -0.008 1
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Table 3: Timeseriesregressions of portfolio returns on the composite sentiment index and the fundamental composite
index

This table presents the results of the estimatfdrecmmon and Portniguina’s model. The estimatiobased on the following model:
R(]Low),t - RJHigh),t = (al + O'ZCSI t—1) + (:81 + IBZCFI t—l) RM RFt + ‘gtl
RiLow -Reigny: 1S one-monttholding period return for long-short portfolios kdson characteristics j. Low is defined as a fimthie bottom three CRSP deciles and High is
defined as a firm in the top three CRSP decit®;; andCFl,; are the lagged values of the composite sentinmelexi and the fundamental composite index respéygtive
RMRF; is the excess return on the CRSP value-weiglmeexi for month t. The long-short portfolios arenfied based on firm characteristics, i.e.: Size, Mttt book

ratio, Age, Profitability, Tangibility, Dividend Riey and 1/Arbitrage costs. The sample period idelimonthly data from July 1981 to December 2@18dj.R shows the
improvement of the adjusted R? after the additibthe sentiment indicator. The Newey-West adjuststtistics of the coefficient estimates are regmih the parentheses.

rxx *% % denote statistical significance at 1%9%6, and 10%, respectively.

Pandl A: Panel B: Panel C: Panel D: Panedl E: Pandl F: Pand G:
size Mar ket to-book ratio Age Profitability Tangibility Dividend Policy  1/Arbitrage costs
Intercept 0.002* -0.005 * 0.003 0.000 0.004** 0.000 0.002
(1.74) (-1.68) (0.11) (0.97) (2.15) (0.230) (0.655)
CSh, -0.032** -0.021* -0.024* -0.020 ** -0.031%** -0.011* -0.020**
(-2.06) (-1.99) (-2.01) (-2.04) (-2.81) (-1.87) (-2.12)
RMRF, 0.812%+* 0.711%** 0.961*** 0.816 *** 0.959%** 0.870%** 1.120%*
(3.45) (3.13) (2.86) (3.49) (2.66) (3.305) (3.976)
CFl.y x RMRR  -0.058*** -0.042* -0.039* -0.032 * -0.023* -0.003 -0.002
(-3.18) (-1.98) (-1.87) (-1.85) (-1.83) (-0.907) (-1.357)
Adj.R* 0.239 0.198 0.184 0.201 0.185 0.156 0.168
A adj.R 0.059 0.045 0.052 0.039 0.041 0.031 0.053
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Table4: Timeseriesregressions of portfolio returns, controlling for the other fundamental risk factors
This table presents the results of the estimatfdrecmmon and Portniguina’s model augmented by thercdfundamental risk factors. The estimation isdobon the
following model:

R(]Lcrw),t - R(JHigh),t = (al + O’ZCS t—l) + (/81 + ﬁzCFI t-1 + 183D|Vt—l + /84D5t—1 + ﬁsl NTt—l) RMRFt
+J,9MB, + J,HML, + UMD, + &/
Riow.-Rmighyt 1S one-monttholding period return for long-short portfolios kdson characteristics j. Low is defined as a fimthie bottom three CRSP deciles and High is

defined as a firm in the top three CRSP deci3,; andCFl, are the lagged of composite sentiment index aadithdamental composite index respectivEliV is the
dividend yield on the markeDS is the default spread ahNT is the three-month treasury raRMRF ; is the excess return on the CRSP value-weigmgelxi for month t.
SMB is the premium on a portfolio of small stocks tiekato large stocksAML is the premium on a portfolio of high book to netrktocks relative to low book to market
stocks andJMD is the premium on a portfolio of stocks with higast returns relative to stocks with low past meuiThe long-short portfolios are formed basedion f
characteristics, i.e.: Size, Market-to book raf\ge, Profitability, Tangibility, Dividend Policy @hl/Arbitrage costs. The sample period includesthigrdata from July
1981 to December 201@ adj.R shows the improvement of the adjusted R? afteraitidition of the sentiment indicator. The Newey-Wasdjustedt-statistics of the

coefficient estimates are reported in the pareethe®™*, **, * denote statistical significance a?d, 5%, and 10%, respectively.

Pan€l A: Pane€l B: Pan€l C: Pane€l D: Pane€l E: Pan€l F: Pan€ G:
Size Market-to book ratio Age Profitability Tangibility Dividend Policy 1/Arbitrage
Intercept 0.009 (1.73) -0.003 (-1.21) 0.004 (1.12) -0.003 (-0.87) 0.006(1.89) 0.002(0.34) 0.007(0.87)
CSh, -0.029* (-2.02) -0.020* (-1.97) -0.019+(-1.98) -0.018* (-1.96) -0.027 (-2.51) -0.009 (-1.55) -0.017+(-1.99)
RMRF, 0.806* (3 .65) 0.706* (3.09) 0.897+ (3.66) 0.855* (3.38) 0.897+ (3.76) 0.870* (4.30) 1.110* (3.26)
CFl., x RMRR  -0.044* (-3.07) -0.038* (-2.02) -0.035(-1.92)  -0.033+*(-1.99) -0.019(-1.71) -0.009(-1.10) -0.002(-1.355)
DIV.; x RMRE  0.098 (1.432) 0.101 (1.52) 0.143* (1.97) 0.105 (1.57) 0.132 (1.66) 0.099 (1.22) 0.128* (2.11)
DS.. x RMRR  -0.023* (-2.24) -0.019* (-1.98) -0.016 (-0.87)  -0.014 (-0.98) -0.017 (-1.54) -0.02%+ (-2.09) -0.022+ (-2.67)
INT.1 x RMRR 0.012 (1.45) 0.014 (0.71) 0.027 (1.76) 0.024+ (1.98) 0.013 (1.61) 0.019* (1.97) 0.011 (1.23)
SMB 0.132 (1.16) 0.234 (1.74) 0.099 (1.12) 0.245+ (1.98) 0.097 (0.91) 0.145 (1.66)
HML 0.142 (0.92) 0.07 (0.56) -0.082 (-0.98) 0.133 (0.65) -0.198+ (-2.06) -0.087 (-0.99)
UMD 0.050 (1.12) -0.081 (-0.89) 0.064 (1.47) 0.072+ (1.98) 0.066 (1.76) 0.098 (1.92) -0.049 (-1.27)
Adj.R? 0.269 0.203 0.206 0.212 0.196 0.176 0.258
A adj.R 0.051 0.041 0.046 0.029 0.034 0.030
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Table5: Therelevance of alter native sentiment indicators

This table reports theoefficients estimategl{) and ;) of Lemmon and Portniguina’s modesing an alternative sentiment indicator. UMI i thniversity of Michigan consumer confidence indixs the
Investors Intelligence spread Bull-Bear. NIPO repres the number of IPOs in a given month and RiBtes the average monthly first-day returns @sIFFLOW is the net new cash flows of US equityuaut
funds. CEFD is the closed-end fund discount. AAltHe American Association of Individual Investeentiment index. ODDLOT is the ratio of odd-lot ghases to sales. ARMS is the NYSE ARMS index. Btbés
Brown and Cliff composite sentiment index and BWhis Baker and Wurgler composite sentiment indéwe Jample period includes monthly data from Jug11® December 2010, except for AAll, ODDLOT and
the two alternative composite indexes. AAll data available for the period July 1987 to DecembeOQ2@DDLOT and Brown and Cliff's data are availafile the period July 1981 to December 1998. Baker a
Waurgler’s data are available for the period Jul$11® December 2007. The Newey-West adjustedistitat of the coefficient estimates are reportethenparentheses. ***, ** * denote statisticalrsficance at 1%,
5%, and 10%, respectively.

Sentiment m res Panel A Panel B Panel C Panel D Panel E Panel F Panel G
cast size Market-to book Age Profitability Tangibility Dividend Policy 1/Arbitrage costs
Dir ect measur es a2 B2 [L7] B2 [L7] B2 (L7 B2 [L7] B2 [L7] B2 (L7 B2
Il -0.013** -0.008 -0.041*** -0.009 -0.001 0.005 -0.000 0.005 -0.001 -0.001 -0.001 0.005 0.001 -0.001
(-1.981)  (-1.246)  (-2404)  (-1.157)  (-0.728)  (1.114)  (-0.352)  (1.099)  (-0.547)  (-0.269)  (-1.098)  (0.170)  (0.309)  (-0.313)
UMI -0.000 0.006 -0.000 -0.021* -0.001 0.011 -0.003 0.002 -0.002 -0.009 -0.000 0.005 -0.005 -0.002
(-0.762)  (0.307)  (-0.727)  (-1.667)  (-0.639)  (1.106)  (-1.035)  (0.989)  (-1.029)  (-1.244)  (-0.136)  (0.663)  (-1.265)  (-0.278)
AAII -0.009* 0.007 -0.001 -0.005 -0.009 0.009 -0.008 -0.009 -0.008 -0.008 0.009 0.004 -0.003 -0.009
(-1.781) (0.010)  (-0.127)  (-1.267)  (-1.239)  (0.106)  (-1.009)  (-0.987)  (-0.919)  (-1.244)  (1.009)  (0.928)  (-0.876)  (-1.098)
CBIND -0.001 0.004 -0.002 -0.018** 0.007 -0.009 -0.003 -0.004 0.009 0.008 -0.001 0.005 -0.005 -0.009
(-0.106)  (0.207)  (-0.654)  (-1.989)  (-0.435)  (0.106)  (-1.085)  (-0.989)  (-1.009)  (1.244)  (-0.105)  (0.639)  (-1.098)  (-1.159)
Indirect measur es a2 B2 [L7] B2 [L7] B2 Qo B2 [L7] B2 [L7] B2 Qo B2
NIPO -0.008 -0.040*** 0.000 -0.013* 0.000 -0.009 -0.000 -0.003 -0.002 -0.005 -0.000 -0.021*** -0.006 -0.019
(-1.012)  (-2.739) (0.261)  (-1.802)  (-1.475)  (-1.629)  (-0.799)  (-0.632)  (-1.337)  (-1.201)  (-0.307)  (-2721)  (-1.334)  (-1.618)
RIPO 0.000 0.006 -0.000 0.002 0.000 0.025 0.000 0.009 0.000 -0.004 0.000 0.006 0.000 -0.004
(1.261)  (0.315)  (-1.607)  (0.544)  (1.450)  (1.225)  (1.246)  (1.446)  (1.256)  (-0.823)  (1.198)  (1.604)  (1.234)  (-1.591)
FLOW -0.005 -0.004 0.000 -0.002 -0.000 0.096 -0.002 0.002 0.000 -0.007 -0.001 -0.000 -0.001 -0.002
(-0.627)  (-0.694)  (0.435)  (-0.968)  (-0.062)  (0.473)  (-0.869)  (1.033)  (0.178)  (-1.056)  (-0.731)  (-0.198)  (-0.368)  (-0.596)
CEFED -0.001 0.082** 0.000 0.036** 0.000 0.028*** 0.000 0.009 0.000 0.008 0.000 -0.027** 0.000 0.018*
(-0.859)  (1.985) (0.229)  (2.258) (0.838)  (2.553) (0.710)  (1.613)  (0.710)  (1.131)  (0.119)  (-2.246) (0.288)  (1.922)
ODDLOT -0.028* 0.002 -0.001 -0.002 0.001 -0.022* -0.021* 0.002 -0.024* -0.019* 0.004 0.008 0.007 0.001
(1.869) (0.096)  (-0.987)  (-0.627)  (0.861)  (L752) (L771) (0.770)  (1.895) (-1.798) (0.098)  (1.361)  (1.474)  (0.243)
ARMS -0.002 0.008 -0.005 0.002 -0.015 -0.005 -0.007 0.005 0.006 0.006* 0.007 0.005* -0.002 0.003
(-0.543)  (1.086)  (-0.377)  (0.240)  (-1.093)  (-0.461)  (-0.573)  (1.161) (0.04) (2.104) (0.588)  (2.203) (-0.844)  (1.080)
Composite measures o2 B2 a B2 a B2 () B2 0 B2 0 B2 () B2
BW -0.012* -0.022* -0.031** -0.018* -0.008 0.038 -0.002 0.007 -0.008 -0.049** -0.001 -0.001 -0.019** -0.001
(-1.687)  (-1.765)  (-2.686)  (-1.894)  (-0.985)  (0.730)  (-0.907)  (1.352)  (-1.369)  (-1.991)  (-0.995)  (-0.449)  (-2.214)  (-0.198)
BC -0.019** -0.004 -0.042*** -0.027* -0.032** 0.035 0.006 0.005 -0.042** -0.055 -0.017* -0.002 -0.011* -0.002

(-1981)  (-0.442)  (-2.881)  (-L786)  (2072)  (0.680)  (1.354)  (L205)  (-2202)  (-1.299)  (1945)  (-0.623)  (-1.891)  (-0.442)
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Figure 1. Composite sentiment index and composite fundamental index, July 1981 to December 2010

This figure shows the development of the compositetiment index (CSI) and the composite fundamentix (CFI) over time. We regress each raw semtime
indicator on the growth in industrial productiohetinflation, the term spread, the default spreatitae growth in durable, nondurable, and serviesumption. The fitted
values of the regression capture the fundamentapooent and the residual capture the sentiment ocnemi. The composite (fundamental) sentiment indeonstructed
from a principal component analysis (first compdher six sentiment (fundamental) indicators idéeatl in previous studies: the consumer confidemckex, the investors
intelligence index, the number of IPOs, the avenagathly first-day returns on IPOs, the mutual fariildws and the closed-end fund discount. The st proxies are
standardized to have a mean of zero and a staddaration of one.
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