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Investor Sentiment and Stock Return Comovement: the Role

of Information and Innovation

Abstract

| find that stock return comovement following positive investor sentiment is lower than that
following negative investor sentiment. Further analysis suggests that this difference is associated
with higher firm-specific information production and innovation output following positive
sentiment. Specifically, following positive investor sentiment, the media and financial analysts
produce more firm-specific information, short sellers and institutional investors conduct more
informed trading, and firms produce more innovations. VVarious cross-sectional tests confirm that
the difference in information production and innovation output indeed contributes to the
difference in comovement between positive sentiment periods and negative sentiment periods.
Overall, my results shed light on the nontrivial role of information producers and innovation
generators in shaping the relation between sentiment and comovement.

Keywords: Investor sentiment; Information production; Innovation; Stock return
comovement
JEL Code: G12; G14



1. Introduction

The traditional theory based on frictionless markets argues that stock return comovement
should be determined by the comovement of the stocks’ fundamental values. However, empirical
evidence suggests that the correlation of firms’ fundamentals only partially explains stock return
comovement and that systematic noise trading is a plausible alternative explanation (Morck,
Yeung, and Yu 2000). As an important driving force of systematic noise trading, investor
sentiment is thus linked to stock return comovement (Barberis, Shleifer, and Wurgler, 2005;
Kumar and Lee, 2006; Morck, Yeung, and Yu 2013). Previous literature on how sentiment
affects stock return comovement naturally focuses on the role of noise traders’ irrational
behaviors. However, other market participants (e.g. informed arbitrageurs and firm CEOs) also
respond actively to investor sentiment (De Long et al., 1990; Baker and Wurgler, 2000, 2002)
and their effects on stock return comovement can be non-trivial. To draw a complete picture of
the relation between investor sentiment and stock return comovement, it is important to consider
the role of other market participants. In this paper, we directly examine whether and how other
market participants’ responses to investor sentiment affect stock return comovement.

Motivated by Veldkamp (2006a, 2006b) and Morck, Yeung, and Yu (2013) (MYY), we focus
on three types of market participants: information suppliers, informed arbitrageurs and creative
firms. Specifically, the information suppliers we consider are the media and analysts and the
informed arbitrageurs are short sellers and institutional investors. We hypothesize that following
high sentiment periods, 1) information suppliers would produce more information (Hypothesis 1);
2) informed arbitrageurs would conduct more informed arbitrage that incorporates more
information into stock prices (Hypothesis 2); and 3) creative firms would produce more

innovations that elevate fundamental volatility (Hypothesis 3). Both higher information



production and higher firm-specific fundamental volatility are found to be associated with lower
stock return comovement (MYY, 2000; Campbell et al., 2001; Durnev et al., 2003; Jin and
Myers, 2006; Chun et al., 2008; Hutton, Marcus, and Tehranian, 2009; Irvine and Pontiff 20009;
Dang, Moshirian, and Zhang, 2015). We thus predict a negative relation between lagged investor
sentiment and stock return comovement. Our three hypotheses on how the three types of market
participants react to investor sentiment are crucial to our analysis and are built on the following
theoretical and empirical findings of the previous literature.

First, Veldkamp (2006a, 2006b) show that demand for information about assets increases with
the value of the assets. According to her model, the value of information about assets depends on
the total payoff variance that is determined by both risk and the value of assets at risk. Intuitively,
for a given amount of risk, investors want to know more about high-valued assets because they
have more value at risk in those assets. Since stocks are overvalued following high sentiment
periods and undervalued following low sentiment periods, we conjecture that following high
sentiment periods, more information will be produced because of increased demand for
information, which leads to lower stock return comovement.

Second, MY'Y (2013) argue that when investors are overly pessimistic, stocks are underpriced
and the cost of equity capital is likely to be high, which deters arbitrage by informed investors.
However, when investors are overly optimistic, stocks are overpriced, and the cost of equity
capital is likely to be low. With a lower cost of equity capital, informed arbitrageurs can conduct
more informed arbitrage. Because informed arbitrage is an important channel through which
firm-specific information is incorporated into stock prices, stock return comovement following

high sentiment periods is expected to be lower than that following low sentiment periods.



Third, MYY (2013) also conjecture that the lower cost of equity capital following high
sentiment periods not only increases informed arbitrage but also enables creative firms to
produce more innovations that elevate firm-specific fundamental volatility. The elevated
fundamental volatility eventually reduces stock return comovement. Consistent with the other
two market participants, creative firms’ response to investor sentiment also predicts a negative
relation between lagged sentiment and stock return comovement.

We first test our prediction on the relation between lagged investor sentiment and stock return
comovement. We compute the annual investor sentiment index as the average of the monthly
Baker and Wurgler (2006) sentiment index over the year. We follow MYY (2000) to compute
the R% of the regressions of weekly stock returns on CRSP value-weighted returns and use the
logistic-transformed R?s as our stock return comovement measure. We estimate both stock-level
regressions and market-level regressions. We find that R-square is negatively related to lagged
investor sentiment, suggesting that stock return comovement following high sentiment periods is
significantly lower than that following low sentiment periods. The results are also economically
significant. A one-standard deviation increase in investor sentiment is associated with a decrease
of 18.8% of the standard deviation in the logistic-transformed R-squares. Our results are robust
to an alternative measure of investor sentiment—a binary measure of the sentiment index
following Stambaugh, Yuan, and Yu (2012) and an alternative measure of stock return
comovement proposed by Piotroski and Roulstone (2004). We also find that the negative relation
between lagged investor sentiment and stock return comovement holds in five other major stock
markets (United Kingdom, Germany, France, Canada and Japan). To ease the concern that our
results are merely capturing the countercyclical pattern of stock return comovement documented

by Brockman, Liebenberg, and Schutte (2010) (BLS), we add the sentiment index to the main



regressions of BLS, and we find that lagged investor sentiment is still negatively and
significantly related to stock return comovement.

We next examine whether our findings are associated with the above three hypotheses derived
from Veldkamp (2006a, 2006b) and MYY (2013). To investigate the first hypothesis that
information suppliers produce more information following high sentiment periods, we follow
Dang, Moshirian, and Zhang (2015) to construct a news commonality measure and a news
coverage measure. A lower level of news commonality is associated with higher firm-specific
news production and a higher level of news coverage is associated with higher total news
production. We find a negative relation between lagged investor sentiment and news
commonality and a positive relation between lagged investor sentiment and news coverage,
suggesting that more firm-specific news and total news are produced following high sentiment
periods. In terms of economic significance, a one-standard-deviation increase in sentiment index
is associated with a decrease of 3.1% of the standard deviation in news commonality.

Having documented an increase in information production following high sentiment periods,
we then provide evidence that information suppliers do contribute to the effect of investor
sentiment on stock return comovement. The media and analysts are traditionally regarded as
important information suppliers (Piotroski and Roulstone, 2004; Veldkamp, 2006a; Chan and
Hameed, 2006; Hameed et al., 2015). We find that the negative relation between lagged investor
sentiment and stock return comovement is more pronounced in the stocks that have higher media
coverage and higher analyst coverage, which is consistent with our hypothesis that information
suppliers’ reactions to sentiment can have a significant impact on stock return comovement.

The second and third hypotheses rely on one intuitive assumption: high investor sentiment

leads to low cost of equity capital. We first analyze this assumption before we examine the two



hypotheses. Specifically, we follow Hail and Leuz (2006) to compute five measures of cost of
equity capital and investigate their relations with our investor sentiment measure. We find that
all five measures of cost of equity capital are negatively correlated with investor sentiment at the
1% level. Economically, a one-standard deviation increase in sentiment index is associated with
a decrease of 6.4% of the standard deviation in the cost of capital. Our findings confirm that high
investor sentiment is associated with a lower cost of equity capital.

We then examine our hypothesis about the informed arbitrageurs’ responses to investor
sentiment. We consider short sellers and institutional investors as informed arbitrageurs. We find
that both stocks’ short interest and institutional investors’ trading intensity increase after investor
sentiment increases, indicating that higher investor sentiment is associated with more informed
arbitrage. In addition, the negative relation between stock return comovement and lagged
investor sentiment is more pronounced in stocks with lower cost of short selling and stocks with
higher institutional ownership. These stocks are exactly the ones that are more likely to be traded
by short sellers and institutional investors. Overall, our findings suggest that informed
arbitrageurs’ reactions to investor sentiment have significant explanatory power for our main
findings.

We finally investigate the third hypothesis. If the lower cost of equity capital induced by high
sentiment enables creative firms to produce more innovations that reduce stock return
comovement, we should find a) a positive relation between investor sentiment and innovation
output and b) a more significant reduction in stock return comovement for stocks whose values
are sensitive to innovations.

We obtain the innovation data from Kogan et al. (2017). We use the number of patents, the

adjusted number of citations and the value of patents as our innovation output measures and find



that the level of innovation output is positively associated with investor sentiment. An increase
of one standard deviation in the sentiment index coincides with an increase of 2.7% of the
standard deviation in the value of patents scaled by book assets. We also find that the effect is
more pronounced in financially constrained firms. A recent paper by Dang and Xu (2016) finds
similar results. Finally, we follow Hsu, Tian, and Xu (2014) to compute a measure of high-tech
intensiveness and use this measure to identify the stocks whose values are sensitive to
innovations. We find that the negative relation between lagged investor sentiment and stock
return comovement is more pronounced in high-tech stocks, suggesting that creative innovations
are an important channel through which investor sentiment affects stock return comovement.

Our paper contributes to two strands of the literature. We first contribute to the stock return
comovement literature by providing additional empirical evidence on the relation between
investor sentiment and stock return comovement. Prior studies mainly focus on the role of
sentimental noise traders in generating stock return comovement but neglect the fact that other
market participant also actively react to investor sentiment. For example, Barberis, Shleifer, and
Wurgler (2005) propose “friction-based” and “‘sentiment-based” theories to explain excessive
comovement. Kumar and Lee (2006) find that correlated retail trading, which is likely to be
driven by sentiment, is positively related to stock return comovement for stocks with high retail
concentration. In these studies, investor sentiment is linked to stock return comovement through
the noise traders’ irrational behaviors. Our results and the well-documented explanations based
on noise traders’ irrationality are not mutually exclusive. We offer an additional channel through
which investor sentiment affects stock return comovement. We also contribute to the literature
on the effects of bubbles on financial markets (e.g., Ventura 2012; Martin and Ventura, 2012).

Our finding that high investor sentiment lowers the cost of equity capital for creative innovators



and thus leads to creative innovations is consistent with the theoretical models in which bubbles

reduce inefficient investment and increase efficient ones (Martin and Ventura 2012).

2. Data and sample construction

We describe how we construct our key variables in this section. These key variables include
investor sentiment index, stock return comovement, implied cost of equity capital and innovation
output. We obtain investor sentiment index from Baker and Wurgler (2006) and we construct
stock return comovement using stock returns from CRSP. We exclude stocks whose prices are
below 2 USD. We follow Hail and Leuz (2006) to use financial variables from Compustat and
analyst forecast data from I\B\E\S to compute our implied cost of equity measures. Our
innovation output data are from Kogan et al. (2017). The sample period of our main analysis is
between 1981 and 2014 because the earnings forecasts of two-periods to five-periods ahead and
the long-term earnings growth forecasts used to compute implied cost of equity capital are

available from 1981.

2.1 Investor sentiment index

Our investor sentiment measure is from Baker and Wurgler (2006). Their sentiment index is
based on five potential sentiment proxies including the dividend premium, the closed-end fund
discount, the number and first-day returns on IPOs, and the equity share in new issues. They
provide monthly sentiment index from July 1965 to December 2014. We compute the average of
monthly sentiment index of each year as our annual sentiment measure (Sentiment;). We also
follow the literature (e.g. Stambaugh, Yu, and Yuan, 2012) to compute the sample median of the

annual sentiment index and create a dummy variable, Senti_high;, which equals 1 if the annual



sentiment index of year t is above the sample median and 0 otherwise. We use Sentiment; in our

main analyses and Senti_high; in robustness tests.

2.2 Stock return comovement

We construct two stock return comovement measures. We first follow MY'YY (2000) to regress
weekly stock return on CRSP value-weighted market return for each stock in each year.
Specifically, we estimate the following regression for each stock in each year

Ri=a+B*MKktRet; i+¢i Q)

where R;; is the weekly (Wednesday to Wednesday) return of firm i in week t and MktRet; is the
CRSP value-weighted weekly return in week t. We include only common stocks (share code of
10 or 11) and we winsorize weekly returns at 99%. We require a stock to have at least 30 weekly
returns within a year and we drop stocks with prices lower than 2. We then apply a logistic
transformations to the R-squares of Eq.(1)

Ln_Rsqi r=In(R% 1/(1-R%1)) (2)
where R? 1 is the R-square of Eq.(1) for stock i in year T and Ln_Rsg; 1 is our return comovement
measure based on MYY (2000). For robustness check, we also follow Piotroski and Roulstone
(2004) to construct another stock return comovement measure. We add lagged market return and
industry return to Eq.(1) to estimate the R-squares

Ri=a+B1*MktRet; +B,*MktRet; .1 +B3*IndRet; ; +B4*IndRet; .1+ €t (3)
where IndRet;; is the value-weighted return of the industry which firm i belongs to in week t.
Our industry classification is based on two-digit SIC. We also exclude the return of stock i when
calculating IndRet;;. Similarly, our second measure of stock return comovement is defined as

Ln_Rsq_Indir=In(Ind_R%+/(1-Ind_R? 1)) (4)



where Ind_ R% 1 is the R-square of Eq.(3) for stock i in year T and Ln_Rsq_Ind; is our return

comovement measure based on Piotroski and Roulstone (2004).

2.3 Implied cost of equity capital

We follow Hail and Leuz (2006) to use the average of four measures of ICOC proposed by the
prior literature as our main ICOC measure. Specifically, the four measures are r_GLS from
Gebhardt, Lee, and Swaminathan (2001), r_CT from Claus and Thomas (2001), r_OJN from
Ohlson and Juettner-Nauroth (2005) and r_PEG from Easton (2004), respectively. Four different
models are employed to compute these four measures of ICOC. Each measure is essentially the
internal rate of return that equates the current stock price to the present value of expected future
residual incomes or abnormal earnings. Since all of these measures are widely used in prior
literature (e.g. Hail and Leuz (2006); Chen et al. (2010); Cao et al. (2015); Cao et al. (2017)) and
it is not clear which measure is a best proxy for ICOC, we also report results using each of the
four measures. We strictly follow Hail and Leuz (2006) to compute these measures and please
refer to Hail and Leuz (2006) and Appendix C for a detailed description of the construction

procedures.

2.4 Innovation output

We obtain patent data from Kogan et al. (2017). Their patent data are from Google Patents and
they also complement the citations extracted from Google data with the hand-collected reference
data of Nicholas (2008). Please refer to the Online Appendix of Kogan et al. (2017) for a detailed

description of the data. Their patent database includes 1,928,123 patents that can be matched to



firms in CRSP from 1926 to 2010 and 27% of these patents are not included in the NBER Patent
data.

We merge the patent data with CRSP/Compustat merged data and we adopt the data
requirements in Kogan et al. (2017). Specifically, we exclude firms with missing values for book
assets and SIC codes. We also remove firms in industries that have no patents during our sample
period. Because there is a significant drop in numbers of patents applied for between 2005 and
2006 due to the truncation problem, our sample period is specified as 1981 to 2005. We exclude
firms in financial and utility industries (SIC codes 6000 to 6799 and SIC codes 4900 to 4949).

We follow Hall, Jaffe, and Trajtenberg (2001, 2005) and Kogan et al. (2017) to construct three
innovation output measures. The first measure of innovation output is the number of patents
applied for by a firm in a specific year (Patent;;). The second measure of innovation output is the
adjusted number of citations of all patents applied for by a firm in a specific year (Cites;;). The
raw number of citations is subject to truncation bias: patents continue to receive citations over
long periods but we only observe the citations up to the end of the sample period. The truncation
bias is a more serious concern for patents granted in the later years of the sample period because
these patents have less time to receive citations. To address the truncation bias concern, we
follow Hall, Jaffe, and Trajtenberg (2005) to scale the raw number of citations of each patent by
the average number of citations of all patents applied for in the same year and in the same
technology class. The third measure of innovation output is the value of all patents applied for by
a firm in a specific year (Patent_Val;;). Kogan et al. (2017) provide this measure in their patent
data. To compute the value of a given patent, they first estimate the stock return around the
patent issuance date that is attributable to the value of the patent. They then define the value of

the patent as the product of the estimate of the stock return due to the value of the patent times
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the market capitalization of the firm that is issued the patent. Please refer to Kogan et al. (2017)
for a detailed description of the method they employ to compute the value of each patent. We
follow Kogan et al. (2017) to scale all the three innovation output measures by book assets. In

robustness tests, we also follow the literature to use unscaled innovation output measures.

2.5 Other control variables

We also include a set of firm-level and market-level control variables in our analyses. For
analyses on stock return comovement, we follow Chan and Hameed (2006) to include firm size,
turnover rate and stock return volatility. To address the concern that other market characteristics
may drive both investor sentiment and stock return comovement, we also include market total
value, market return, market return volatility and NBER recession indicator. For analyses on
innovation output, we follow prior research on innovation (e.g. Chang et al. 2015; Cornaggia et
al. 2015) to control book assets, return on assets, R&D expenditure scaled by book assets, firm
age, sales growth and market-to-book ratio. The definitions of these variables are in Appendix B.
The summary statistics of these variables are reported in Table 1.

[Insert Table 1 Here]

3. Stock comovement and investor sentiment

We examine the relation between stock return comovement and lagged investor sentiment in
this section. We first report results of our baseline model. We then perform several robustness
tests using alternative key variables, more control variables including business cycle measures,

extended sample periods, and international data.
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3.1 Baseline Model
Our baseline model is specified as
Ln_Rsqi=ai+B1*Sentiment.;+ B,*Size; i+ F3*Turnover;++ [4*RetStd; ;

+ Bs*MktVali+B¢*MktReti+ B7*MktStdi+ Bs*NBER_Recession +eg; ¢ (5)
where Ln_Rsq;; is the logistic-transformed R-square defined by Eq. (2) for stock i in year t. We
also follow Piotroski and Roulstone (2004) to use an alternative stock comovement measure,
Ln_Rsq_ind;; defined by Eq. (4), as our dependent variable. Sentiment..; is the average of the
monthly BW sentiment index of year t-1. We include firm fixed effect and cluster standard errors
at firm level in the regressions. To be consistent with the sample periods of the following
analyses that use data from I\B\E\S, our sample period is set as 1981 to 2014. In an additional
robustness test, we also report results using the full sample period of the sentiment index which
is 1965 to 2014,

The results are presented in Table 2. The dependent variable in Column (1) and Column (2) is
Ln_Rsq;i; defined by Eq. (2) and the dependent variable in Column (3) and (4) is Ln_Rsq_Ind;;
defined by Eq. (4). Our key variable of interest is the Sentiment..;. We find that the coefficients
on the Sentiment;.; are negative and highly significant at 1% level in all four regression models
(t-statistics ranges from -8.65 to -23.11). The negative relation is also economically significant.
For example, a coefficient of -0.117 on Sentiment;; indicates that a one-standard-deviation
increase in the sentiment index is associated with a decrease of 5.9% of the standard deviation in
the logistic-transformed R-squares.

The coefficients on the control variables are generally consistent with findings in prior
literature. For instance, firm size is positive correlated with stock comovement because big firms

have larger weights in total market returns. Turnover rate is positively correlated with stock
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comovement because more actively traded stocks tend to react to information in a more timely
and synchronous manner (Chan and Hameed (2006)).

We conduct several robustness tests. Bris, Goetzmann, and Zhu (2007) find that stocks’ R%s
following negative market returns are higher than that following positive market returns. To
address the concern that our finding may be explained by their results, we include past two years’
stock returns and market returns as control variables and repeat the analysis. The results are
reported in Table Al. The negative relation between lagged investor sentiment and stock return
comovement remains unchanged. In addition, the Baker and Wurgler sentiment index is
available from 1965 so we perform an unreported test using data from 1965 to 2014. We find
quite similar results.

[Insert Table 2 here]

3.2 Market-level analyses
In addition to the stock level analyses in section 3.1, we also conduct market level analyses in
this section. We first compute the market level stock comovement for each year from 1981 to
2014 and then examine the relation between market level stock comovement and investor
sentiment. Specifically, we estimate the following model:
Ln_MktRsg=a+f1*Sentiment.;+ B,*MktVal+S3*MktRet+ B ,*MktStd;
+ Bs*NBER_Recession+¢; (6)
where Ln_MKktRsq; is the market stock comovement in year t. We follow MY'Y (2000) to define

Ln_MktRsq; as the logistic-transformed average of R of all stocks in year t:

2 _MiR}*SSTyt
MktR t_ZiS—S’I‘Lt (7)
Ln_MktRsq=In(MktR?/(1- MktR?)) (8)
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where R%; is the R-square of Eq. (1) for stock i in year t and SST; is the sum of squared total
return variations of stock i in year t. We also use simple average of R? of all stocks to compute
MKtR?.
[Insert Table 3 here]

The results are presented in Table 3. We first use MYY’s R® to compute market stock
comovement. We use simple average R? in Model (1) and SST-weighted average in Model (2).
We then replace MYY’s R? with PR’s R? and report the results in Model (3) and (4). Although
we only have 34 observations for the regressions, we find a negative relation between the market
stock comovement and the sentiment index. The t-statistics of the coefficients on Sentiment;;
ranges from -1.84 to -2.07. Given the limited number of observations, we think the negative
relation can be considered as statistically significant. In terms of economic significance, as
shown in Model (4), a one-standard-deviation increase in the sentiment index is related to a
decrease of 18.8% of the standard deviation in the logistic-transformed market R-squares. The

findings in the market level analyses are consistent with the findings in the stock level analyses.

3.3 Analyses based on a binary measure of sentiment
The key sentiment variable used in the above analyses is the level of the BW sentiment index.
In this section, we follow Stambaugh, Yu, and Yuan (2012) to use a binary measure of sentiment,
Senti_high;.1, to conduct robustness tests. Senti_high.; is a dummy variable which equals 1 if the
sentiment index of year t-1 is above the sample median of sentiment index and O otherwise. We
simply replace Sentiment;; with Senti_high;.; in Eq. (5) and Eq. (6) and then repeat the analyses.
Table A2 reports results of the stock level regressions (Eq. (5)) and Table A3 reports the results

of the market level regressions (Eg. (6)). We find that current period stock return comovement is
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negatively and significantly correlated with the last period binary sentiment measure at both
stock level and market level. In terms of the statistical significance of the stock level regressions,
the coefficients on Senti_high:.; across all four models of Table A2 are highly significant at the 1%
level (t-statistics range from -2.93 to -16.64). Despite the limited number of observations for the
market level regressions, the coefficients on Senti_high.; in three out of four models of Table A3
are significant at the 10% level (t-statistics range from -1.77 to -1.90). The results are also
economically significant. For example, the coefficient on Senti_high.; in Model (2) of Table A2
indicates that the difference in stock return comovement between low sentiment periods and high
sentiment periods is 7.5% percent of standard deviation in the logistic-transformed R-square. For
market level regressions, as shown in Model (2) of Table A3, the difference in stock return
comovement between low sentiment periods and high sentiment periods is 35.3% of the standard
deviation in market average stock return comovement. The significantly negative relation
between current period stock comovement and last period investor sentiment still holds after we
replace the level of sentiment index (Sentiment.;) with the binary sentiment measure

(Senti_highg.1).

3.4 International evidence

Baker, Wurgler, and Yuan (2012) construct investor sentiment indices for other five countries.
These countries are United Kingdom, France, Canada, Germany and Japan. With these sentiment
indices, we examine whether the negative relation between investor sentiment and stock return
comovement still holds in the international markets. Specifically, we first compute the R-squares
of stocks in major stocks exchanges in each of the five countries and then we estimate Eq. (5).

Following Chan and Hameed (2006), we do not include industry returns when estimating R-
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squares because industry returns are problematic in international markets. We report the results
in Table 4. We use the level of sentiment index in Model (1) and (2) and use the binary sentiment
index in Model (3) and (4). The coefficients on the sentiment measures are always negative and
significant at the 1% level, which is consistent with our findings based on the U.S. sample.

[Insert Table 4 Here]

3.5 Business cycle

Brockman, Liebenberg, and Schutte (2010) find that stock return comovement is
countercyclical because of higher information production during boom periods. A natural
concern is that the negative relation between sentiment and stock return comovement is merely a
reflection of the relation between sentiment and business cycle. To address this concern, we first
examine the correlation between our sentiment index and their measure of business cycle?.
Because their analysis is at quarterly frequency, we compute the quarterly sentiment index as the
average of monthly sentiment index over the quarter. The correlation between quarterly
sentiment and quarterly GDP growth is only 0.1 with a p-value of 0.2. This is not surprising
because the Baker and Wurgler (2006) sentiment index has been orthogonalized to several
macroeconomic conditions when they construct this measure.

Second, we include the quarterly sentiment index in the regressions of Table 4 of BLS (2010)
and re-estimate these regressions using the U.S. market data. To be consistent with their settings,
the dependent variable is the measure of stock return comovement used in BLS (2010) which
follows Campbell et al. (2001). We also use the same control variables as their paper. The results

are reported in Table 5. Model 2 and Model 3 show that the negative relation between sentiment

2 BLS (2010) use three business cycle variables including two indicators of expansions and GDP growth. The
following two tests are based on GDP growth. We use the other two indicators in unreported tests and find similar
results.
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and stock return comovement is still significant even after controlling for GDP growth which is a
main indicator of business cycle in BLS (2010). The economic significance is also non-trivial.
The R-squares of Model 1 increase by 83% after we include the sentiment index, suggesting that
investor sentiment captures another significant portion of variations of stock return comovement
that cannot be explained by business cycle. In addition, a one-standard-deviation increase in
investor sentiment (GDP growth) is associated with a decrease of 8.88% (10.25%) of the
standard deviation in stock return comovement.

[Insert Table 5 Here]

4. The effect of information suppliers

The findings in section 3 are consistent with our main prediction built on the three hypotheses
on how different types of market participants, i.e., information suppliers, informed arbitrageurs
and creative firms, respond to investor sentiment. Recall that the three hypotheses are:
Hypothesis 1: Following high investor sentiment, information suppliers would produce more
information;
Hypothesis 2: Following high investor sentiment, informed arbitrageurs would conduct more
informed arbitrage that incorporates more information into stock prices;
Hypothesis 3: Following high investor sentiment, creative firms would produce more
innovations that elevate fundamental volatility.

We examine Hypothesis 1 in this section and the other two hypotheses in the following
sections. If Hypothesis 1 is a valid explanation for our main findings, we should find: a) more
firm-specific information in the whole market is produced following high sentiment periods and

b) the negative relation between lagged investor sentiment and stock return comovement
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concentrates on the stocks that are widely covered by information suppliers. We follow the
literature to consider the media and analysts as traditional information suppliers (e.g. Veldkamp,
2006a; Hameed et al., 2015). We first examine the relation between lagged investor sentiment
and firm-specific news production and then test the effects of the media coverage and the analyst
coverage on the negative relation between lagged investor sentiment and stock returns

comovement.

4.1 Firm-specific news production

We provide evidence that firm-specific information increases with investor sentiment in this
section. Measuring firm-specific information production is difficult. We use the news
commonality measure (NewsR?;;) constructed by Dang, Moshirian and Zhang (2015) as our firm-
specific information production measure. NewsR?%; is the R-square of the regression of the
weekly news score (ESS) for firm i on the weekly market news score (MktESS) in year t. A high
NewsR?%; means that the information about firm i is highly related to the market information,
suggesting less firm-specific information being produced. The news score (ESS) provided by
RavenPack basically indicates how firm-specific news events are categorized and rated as having
a positive or negative effect on stock prices. It ranges from 0 to 100 (0 means most negative, 50
means neutral and 100 means most positive). We examine the relation between NewsR? and our
two sentiment measures (senti_high and sentiment) and report the results in Table 6. We find the
coefficients on the sentiment measures are all negative and significant at the 1% level.
Economically, a one-standard-deviation increase in sentiment index is associated with a decrease
of 3.1% of the standard deviation in news commonality. The negative relation between sentiment

and news R-square indicates that more firm-specific information is produced following high
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sentiment periods. Although stock return comovement is more related to firm-specific news
production, we also analyze how investor sentiment affects total news production. We construct
an annual measure of news coverage for each firm (NewsCover;;) and study its relation with
investor sentiment. The result is reported in Column 3 of Table 6. The positive and significant
coefficient on investor sentiment suggests that total news production is also higher following
high sentiment periods.

[Insert Table 6 Here]

4.2 The effect of media coverage

The media are without doubt important information suppliers in financial markets. They have
incentives to produce more information when the demand for information increases. If
information generators play an important role in driving the negative relation between lagged
investor sentiment and stock return comovement, we expect the negative relation to be more
pronounced in stocks widely covered by the media.

We first construct a measure of news coverage (NewsCover;;) for each stock each year using
the data from RavenPack. We then estimate the following regression model:

Ln_Rsq_Ind; =a;+f1*Sentiment;;+£,*Sentiment;;*NewsCover; 1., +
B3s*NewsCover; .1+ B4*Xi et 9)

where NewsCoveri:. is the annual average of the daily number of times that stock i is mentioned
by the media in year t-1. To be included in our sample, observations’ relevance scores and
novelty scores must be 100. Our focus is 8,. We report the results in Table 7. Consistent with
our prediction, 3,5 are always negative and significant at the 1% level. Economically, a one-

standard-deviation increase in news coverage is associated with an increase of 37.6% of the
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sentiment sensitivity of stock return comovement. The media are a nontrivial factor that is
driving our main finding.

[Insert Table 7 Here]

4.3 The effect of analyst coverage
Analysts are also important information generators in the stock market. Stocks followed by
more analysts are more transparent and suffer less from information asymmetry problem (e.g.
Brennana and Subrahmanyam (1995); Hong, Lim, and Stein (2000)). Following the above
arguments in section 4.2, we expect to find a significant effect of analyst coverage on the
negative relation between lagged investor sentiment and stock return comovement.
Our analyst coverage data are from I\B\E\S. We estimate the following regression:
Ln_Rsq_Ind; =a;j+f1*Sentiment;;+£,*Sentiment,;*AnalystCover; .1+
Bs*AnalystCover; 1+ B4*Xt+eit (10)
where AnalystCover;; is our measure of analyst coverage. We follow He and Tian (2013) to
construct two measures of analyst coverage. The first one is the natural logarithm of 1 plus the
average of monthly number of analyst estimates for stock i in year t (AnalystCoverl). The second
one is the natural logarithm of 1 plus the number of unique analysts who make at least 1 earnings
forecast for stock i in year t (AnalystCover2). The results are presented in Table 8. The negative
and significant coefficients on the interaction term suggest that the negative relation between
investor sentiment and stock return comovement concentrate on stocks with high analyst
coverage. Overall, this finding and the one in section 4.2 are consistent with our first hypothesis
about information suppliers.

[Insert Table 8 Here]
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5. Implied cost of equity capital (ICOC) and investor sentiment

So far, our evidence supports the Hypothesis 1 about information suppliers we propose in
section 1. Before we move on to test the Hypothesis 2 about informed arbitrageurs and the
Hypothesis 3 about creative firms, we examine one intuitive assumption that both Hypothesis 2
and Hypothesis 3 rely on. The assumption is that high investor sentiment leads to low cost of
equity capital. We provide evidence for the assumption in this section by analyzing the relation
between lagged investor sentiment and cost of equity capital.

We follow Hail and Leuz (2006) to construct a measure of ICOC (r_avg) and estimate the
following model

r_avgi=ai+pB1*Sentiment.;+y*X; +ei (12)
where r_avg; is the average of four measures of ICOC of stock i in year t. The four measures of
ICOC are r_GLS from Gebhardt, Lee, and Swaminathan (2001), r_CT from Claus and Thomas
(2001), r_OJN from Ohlson and Juettner-Nauroth (2005) and r_PEG from Easton (2004). A
detailed description of these measures is provided in section 2.3 and Appendix C. X;; are the
same set of control variables used in Eq. (5).

[Insert Table 9 Here]

As shown in Column (1) of Panel A of Table 9, r_avg is negatively correlated with Sentiment
with a t-value of -16.53 and a coefficient of -0.003. The result is also economically significant. A
one-standard-deviation increase in sentiment index is associated with a decrease of 6.4% of the
standard deviation in the cost of equity capital. The dependent variables in Column (2) to
Column (5) are r_PEG, r_CT, r_OJN and r_GLS, repectively. We find quite similar results: the

coefficients on Sentiment are -0.003 for the Model using r_PEG (t-stat=-9.59), -0.003 for the
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Model using r_CT (t-stat=-18.01), -0.005 for the Model using r_OJN (t-stat=-14.00) and -0.002
for the Model using r_GLS (t-stat=-12.37), respectively.

We also perform a market level analysis where we use the value-weighted average of ICOC
across all stocks as the dependent variable:

ICOC=ai+f1*Sentiment;;+y*Xi+&; (12)
where ICOC; is the value-weighted average of r_AVG/r_PEG/r_CT/r_OJN/r_GLS across all
stocks in year t. X; are the same set of market level control variables used in Eq. (6). Panel B of
Table 9 presents the results. The sentiment index is negatively correlated with the market cost of
equity capital (ICOC,) in all five models. The coefficient on Sentiment.; is significant at the 5%
level (t-stat=-2.20) for the model based on r_CT and marginally significant (t-stat=-1.64) for the
model based on r_avg, repectively. The small number of observations and the potential
measurement errors in each individual measure of ICOC may limit our ability to find significant
results for the other three Models. Economically, a coefficient of -0.004 in Model (1) indicates
that a one-standard-deviation increase in sentiment index is related with a decrease of 11.5% of
the standard deviation in cost of equity capital.

For robustness check (unreported), we replace the level of sentiment index (sentiment) with the
binary sentiment measure (senti_high) in Eq. (11) and Eq. (12) and repeat the analyses. The
results remain unchanged. Therefore, evidence in this section suggests that the overpricing

induced by high sentiment indeed leads to lower cost of equity capital for firms.

6. The effect of informed arbitrageurs
In this section, we investigate Hypothesis 2 which is about how informed arbitrageurs’

responses to investor sentiment affect stock return comovement. We consider short sellers and
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institutional investors as informed arbitrageurs (Boehmer, Jones, and Zhang (2008); Diether, Lee,

and Werner (2009); Puckett and Yan, 2011; Chen, Jegadeesh, and Wermers, 2000).

6.1 Short sellers
Evidence in prior literature suggests that short-sellers are mainly sophisticated investors (e.g.
Asquith, Pathak, and Ritter (2005); Boehmer, Jones, and Zhang (2008); Diether, Lee, and
Werner (2009); Engelberg, Reed, and Ringgenberg (2012)). For example, Boehmer, Jones, and
Zhang (2008) find that 75% short sales are executed by institutional investors and Diether, Lee
and Werner (2009) document a robust negative relation between short volume and future stock
returns. We can reasonably assume that firm-specific information is incorporated into stock
prices through short sales. If informed arbitrageurs contribute to our main findings in section 3,
short sellers, as one important group of arbitrageurs, would be likely to play a role. Specifically,
we predict that a) there would be more short selling activities following high sentiment periods
and b) the negative relation between lagged investor sentiment and stock return comovement
would be more pronounced in stocks with lower cost of short selling because short sellers are
less constraint to generate firm-specific information through their trades for these stocks.
To test these two predictions, we estimate the following two regressions, respectively:
Shortintensity; =a;+p*Sentiment,; +S,*X; +&i¢ (13)
Ln_Rsq_Ind;=a;+B,*Sentiment,;+S,*Sentiment,.;*ShortCost;.; + S3*ShortCost.1+ S5 Xirteir  (14)
where Eq. (13) is used to examine the first prediction and Eq. (14) is for the second prediction.
Shortintensity;; is the intensity of short selling activity. We use both the change of the natural

logarithm of a stock’s short interest ratio and the change of the natural logarithm of a stock’s
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lendable value as the short selling intensity measures®. The results of Eq. (13) are reported in
Panel A of Table 10. Consistent with our prediction, the change of short interest (lendable value)
is positively (negatively) associated with lagged investor sentiment, suggesting that more shares
are sold short and fewer shares are available for lending following high sentiment periods. Short
sellers are more active after high investor sentiment.

Panel B of Table 10 reports the results of Eq. (14). ShortCost;.; represents our measure of cost
of short selling. We construct two measures of cost of short selling based on stocks’ loan fees
and stocks’ lendable value, respectively. The first one is LoanFee_high;; which equals 1 if the
average loan fee of stock i in year t is above the sample median and 0 otherwise. The second one
is the Lendable_high;; which equals 1 if the average lendable value of stock i in year t is above
the sample median and 0 otherwise. The lendable value of a stock is scaled by the market value
of that stock. Our focus is S, and we expect it to be positive for the regressions using
LoanFee_high; .1 and negative for the regressions using Lendable_high; ;. Consistent with our
prediction, the coefficients on the interaction terms are always positive and significant at the 1%
level in column (1) and (2) where we use LoanFee_high;:1 and negative and significant in
column (3) and (4) where we use Lendable_high; 1. In unreported tests, we also use the binary
sentiment measure and find quite similar results. The effect is also economically significant: the
coefficient on Sentiment;.; for stocks with low cost of short selling is -0.328, while it is -0.174 for
stocks with high cost of short selling, indicating a 47% difference in the sentiment sensitivity of
stock return comovement. The results suggest that the difference in stock comovement between
high sentiment periods and low sentiment periods concentrates on stocks with low cost of short
selling. Overall, the short sellers’ response to investor sentiment supports Hypothesis 2 in section

1 regarding the behavior of informed arbitrageurs.

* The lendable value of a stock is scaled by the market value of that stock
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[Insert Table 10 Here]

6.2 Institutional investors

Another group of informed arbitrageurs we investigate is institutional investors. Compared to
retail investors, institutional investors are often referred to as more rational and informed
investors (e.g. Puckett and Yan, 2011; Chen, Jegadeesh, and Wermers, 2000; Kacperczyk, Sialm,
and Zheng, 2005). Their trades are likely to convey more firm-specific information to the market.
If informed arbitrageurs like institutional investors play an important role in shaping the negative
relation between lagged investor sentiment and stock return comovement, we conjecture that a)
institutional investors are more active following high sentiment periods and b) the negative
relation should be more pronounced in stocks with higher institutional ownership.

We collect the institutional ownership data from Thomson Reuters 13f Institutional Holding
database. We estimate the following two regressions to examine the above two conjectures,
respectively:

Instintensity; =a;+S:*Sentiment,.+B,*X; i +&i (15)
Ln_Rsq_Ind; =a;+p,*Sentiment,;+S,*Sentiment,.;*InstHold; ., + Bs*InstHold; .1+ B4*X+eiy (16)
where Eq. (15) is for the first conjecture and Eq. (16) is for the second conjecture. Our measure
of institutional trades intensity, Instintensity;;, is the absolute value of the change in natural
logarithm of institutional holdings of stock i in year t. This measure follows the spirit of
Piotroski and Roulstone (2004). Higher Instintensity;; is likely to be associated with larger net
changes in institutional holdings and more active institutional trades. The results of Eq. (15) are
presented in Panel A of Table 11. The coefficient on lagged investor sentiment is positive and
significant at the 1% level. Institutional investors are trading more actively following high

sentiment periods, which confirms our first conjecture.
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We present the results of Eq. (16) in Panel B of Table 11. InstHold;.; is the value of stock i
held by institutions scaled by the market value of stock i in year t-1. As shown in the table, 8,s
are negative and significant at the 1% level in all four models. Economically, a one-standard-
deviation increase in InstHold;.; is associated with an increase of 95.2% in the sentiment
sensitivity of stock return comovement. Again, these findings are largely consistent with
Hypothesis 2 in section 1.

[Insert Table 11 Here]

7. The effect of creative firms
Finally, we analyze Hypothesis 3 in this section. We examine whether the low cost of equity
capital induced by high sentiment enables firms to accelerate creative innovations that increase

firm-specific event intensity and eventually decreases stock return comovement.

7.1 Innovation output and investor sentiment

If high investor sentiment fosters creative destructions, we expect that the innovation output
following high sentiment periods should be higher than that following low sentiment periods. We
rely on the following regression to test our prediction

Innovation; = aj+f1*Sentiment; 1 +y*Xi (+&i a7

where Innovation;; is the innovation output of stock i in year t. We use the number of patents
(Patents; ), the adjusted number of citations (Cites;;) and the value of the patents (Patent_Value;)
as our innovation output measures. We follow Kogan et al (2017) to scale the three measures by

book assets. X;; is a set of control variables including natural logarithm of book assets, return on
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assets, R&D expenditures, natural logarithm of firm age, sales growth rate and market-to-book
ratio. We expect 8, to be positive and significant. The results are reported in Table 12.
[Insert Table 12 Here]

As shown in Table 12, ;s in all specifications are positive and significant at the 1% level.
Economically, a f1 of 0.613 in Model (6) suggests that a one-standard-deviation increase in
sentiment index is associated with an increase of 2.7% of the standard deviation in the value of
patents scaled by book assets. The results here are consistent with our prediction that high
sentiment enables firms to produce more innovations. In an additional unreported test, we
replace the level of sentiment with the binary sentiment measure and re-estimate Eq. (17) and we
find quite similar results.

Theoretically, a decrease in cost of capital should have a larger impact on financially
constrained firms (Almeida, Campello, and Weisbach, 2004). If investor sentiment affects
innovation output through the cost of equity capital channel, we should find that the effect
documented in Table 12 is more pronounced in financially constrained firms. We use three
measures to identify financially constrained firms: High_HP;;, Low_payoutj; and No_divid;.
High_HP;; is a dummy variable which equals 1 if the Hadlock-Pierce index of firm i is above the
sample median HP in year t and O otherwise. Low_payout;; is a dummy variable which equals 1
if the payout ratio of firm i is below the sample median payout ratio in year t and 0 otherwise.
No_divid;; is a dummy variable which equals 1 if firm i does not pay dividend in year t and O
otherwise. We interact our measures of financial constraints with the sentiment variable in Eq.
(17) and re-estimate the model. The results are presented in Table 13. The coefficients on the

interaction terms are positive and significant at the 1% level in all the specifications. The results
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suggest that the positive relation between sentiment and innovation output concentrates on firms
that are financially constrained, which is consistent with our prediction.

[Insert Table 13 Here]

7.2 The effect of high-tech intensiveness
After showing a difference in innovation output between high sentiment periods and low
sentiment periods, we next provide evidence of the direct impact of innovations on the relation
between lagged investor sentiment and stock return comovement. Hypothesis 3 implies that the
negative relation would be more pronounced in firms whose values are sensitive to innovations.
We follow Hsu, Tian, and Xu (2014) to use a measure of high-tech intensiveness to identify
these firms. Our regression is specified as:
Ln_Rsq_Ind; =a;+f1*Sentiment.;+[,*Sentiment..; *High-Tech;+
Bs*High-Techi+ B4*Xi+eiy (18)
where High-Tech; is a dummy variable which equals 1 if the high-tech intensiveness of the
industry that firm i belongs to is above the sample median and O otherwise. Industry j’s high-tech
intensiveness is computed in the following way. Every year t, we use all firms in industry j to
regress the natural logarithm of the ratio of market value to total assets on R&D expense scaled
by total assets over the past five years. The coefficient on R&D expense scaled by total assets is
the temporary high-tech intensiveness of industry j in year t. We take the time series median of
industry j’s temporary high-tech intensiveness as the high-tech intensiveness of industry j. The
results of the regressions are reported in Table 14. The negative coefficients on the interaction
terms suggest that the negative relation between investor sentiment and stock return comovement

concentrates on stocks that are sensitive to innovations. Economically, the difference in the
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sentiment sensitivity of stock return comovement between high-tech firms and low-tech firms is
15%. We argue that this is evidence showing that creative innovations are an important channel
through which investor sentiment affects stock return comovement.

[Insert Table 14 Here]

8. Conclusion

| find a negative relation between lagged investor sentiment and stock return comovement. |
investigate how market participants other than noise traders contribute to this negative relation. |
show that both firm-specific news production and innovation output are higher following high
sentiment periods. Moreover, the negative relation is more pronounced in the stocks that have
higher news coverage, higher analyst coverage, lower cost of short selling, higher institutional
ownership, and higher high-tech intensiveness. Overall, my evidence suggests a nontrivial role of
other market participants in shaping the relation between sentiment and comovement, which
confirms the hypotheses derived from Veldkamp (2006a, 2006b) and Morck, Yeung, and Yu

(2013).
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Table 1 Summary statistics

This table presents the summary statistics of the variables used in this paper. Ln_Rsq is the logistic-
transformed R-square following MYY (2000). Ln_ME is the natural logarithm of year-end market
capitalization. Turnover is the average monthly turnover rate in a year. RetVol is the volatility of daily
stock returns in a given year. r_CT is a measure of cost of equity capital (COC) from Claus and Thomas
(2001), r_OJN is a measure of COC from Ohlson and Juettner-Nauroth (2005), r_GLS is a measure of
COC from Gebhardt, Lee, and Swaminathan (2001), r_PEG is a measure of COC from Easton (2004).
r_AVG is the average of these four measures. Patents value is the value of all patents applied for by a
firm in a specific year. Cites is the adjusted number of citations of all patents applied for by a firm in a
specific year. Patents is the number of patents applied for by a firm in a specific year. Senti_high; is a
dummy variable which equals 1 if the sentiment index of year t is above the sample median and 0
otherwise. Sentiment is the average of monthly Baker and Wurgler sentiment index in a given year.
MktVal is the natural logarithm of total capitalization across all stocks in the market. MktRet is the annual
CRSP value-weighted index return. MktRetVol is the volatility of daily index returns within a year.

Panel A: R2 Analysis

Variable N Mean Std Min P25 P50 P75 Max
Ln_Rsqg_Ind 146921 -1.479 1136  -7.889 -2.226 -1.471 -0.699  2.568
Ln_Rsq 148144  -2.706  2.157 -24.273 -3.648 -2.261 -1.247 2.028
LN_NewRsq 53798  -4.674 2240 -23951 -5.727 -4203 -3.115 -0.165
Size 146921  5.208 2.082  -2.096  3.666 5.048 6.611  13.374
Turnover 146921  0.088 0.136 0.000 0.021 0.048 0.106 8.440
RetVol 146921  0.033 0.019 0.001 0.019 0.028 0.041 0.530
Panel B: Cost of Equity Capital Analysis

r_ AVG 50807 0.114 0.027 0.061 0.094 0.109 0.130 0.224
r CT 50807  0.097 0.024 0.048 0.080 0.093 0.110 0.175
r_OJN 50807  0.135 0.041 0.068 0.105 0.125 0.156 0.289
r GLS 50807  0.097 0.024 0.051 0.080 0.094 0.112 0.174
Panel C: Innovation Analysis

Patents_value 107681 3.703  13.158  0.000 0.000 0.000 0.190  87.360
Cites 107681  1.848 6.845 0.000 0.000 0.000 0.000  48.260
Patents 107681  1.935 6.389 0.000 0.000 0.000 0.234  43.469
Panel D: Market-level Variables

Sentiment 34 0.318 0575 -0.625 -0.064  0.206 0.641 2.152
Senti_high 34 0.500 0.508 0 0 0.5 1 1
MktVal 34 15828 0.953 14.069 14.907 16.205 16.650 17.182
MktRet 34 0.123 0.171  -0.382 0.018 0.157 0.253 0.357
MktRetVol 34 0.010 0.004 0.005 0.007 0.008 0.012 0.025
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Table 2 Stock comovement and sentiment: stock-level
This table presents the results of the regression of stock return comovement on investor sentiment. We

estimate the following model:

Ln_Rsgi=a;+B*Sentiment 1+ £,*X +&i
where Ln_Rsq;, is the logistic-transformed R-square defined by Eq. (2) for stock i in year t. Sentiment,; is
the average of the monthly BW sentiment index of year t-1. Ln_Rsq_lInd;; is the logistic-transformed R-
square defined by Eq. (4) for stock i in year t. Other control variables are defined in Appendix B. The
sample period is from 1981 to 2014. In Model (1) and Model (2), we use Ln_Rsq;; of MYY (2000) as the
dependent variable. In Model (3) and Model (4), we use Ln_Rsq_Ind; of Piotroski and Roulstone (2004)
as the dependent variable . All the regressions include firm fixed effect and standard errors are clustered
at firm level. t-statistics are reported in parentheses.

1) 2) 3) 4
VARIABLES Ln_Rsq Ln_Rsq Ln_Rsqg_Ind Ln_Rsqg_Ind
Sentiment -0.095*** -0.222%** -0.042%** -0.117%**
(-9.95) (-23.11) (-8.65) (-24.77)
Size 0.527*** 0.292***
(53.38) (57.75)
Turnover 0.907*** 0.508***
(8.40) (8.78)
Retstd -5.713*** -0.973***
(-10.40) (-4.00)
Mktval -0.495*** -0.199***
(-36.39) (-28.47)
Mktret -0.022 -0.085***
(-0.64) (-5.26)
Mktretvol 120.163*** 72.435***
(71.99) (85.86)
NBER_Rec -0.215*** -0.085***
(-12.19) (-9.69)
Constant -2.687*** 1.432%** -1.473*** -0.506***
(-796.44) (7.31) (-855.52) (-4.97)
Observations 151,265 148,144 150,004 146,921
R-squared 0.358 0.428 0.439 0.532
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Table 3 Stock comovement and sentiment: market-level
This table presents the results of the regression of stock return comovement on investor sentiment at the
market level. We estimate the following model:

Ln_MktRsg=a+S*Sentiment,;+ S2*X+&;
where Ln_MktRsq; is the logistic-transformed market R-square defined by Eqg. (8) in year t. Sentiment,, is
the average of the monthly BW sentiment index of year t-1. Ln_MktRsq_Ind is the logistic-transformed
market R-square defined by Piotroski and Roulstone (2004) in year t. Other control variables are defined
in Appendix B. The sample period is from 1981 to 2014. We use simple average in Model (1) and SST-
weighted average R® in Model (2). We then replace MYY’s R*with Piotroski and Roulstone (2004)’s R?
and report the results in Model (3) and (4). t-statistics are reported in parentheses.

1) ) ®3) (4)
VARIABLES Ln_MktRsq Ln_MktRsq Ln_MktRsq_Ind Ln_MktRsqg_Ind
Sentiment -0.254** -0.232** -0.162* -0.139*
(-2.08) (-2.07) (-2.01) (-1.84)
Mktval 0.075 0.062 0.087* 0.077*
(1.06) (1.01) (1.80) (1.83)
Mktret -0.014 -0.222 -0.080 -0.228
(-0.03) (-0.51) (-0.26) (-0.79)
Mktretvol 73.432*%* 85.204*** 54.846*** 63.576***
(2.67) (3.60) (2.96) (3.98)
NBER_Rec 0.004 0.111 0.025 0.109
(0.01) (0.45) (0.12) (0.66)
Constant -3.649*** -3.679*** -3.052%** -3.082***
(-3.40) (-3.84) (-4.29) (-4.86)
Observations 34 34 34 34
R-squared 0.458 0.609 0.569 0.700
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Table 4 Stock comovement and sentiment in international markets
This table presents the results of the regression of stock return comovement on investor sentiment across
five countries. These five countries are United Kingdom, Canada, Germany, France and Japan. We
estimate the following model:

Ln_qui,j,tIai+,81*Sentimentj‘t_1+ ﬁz*xi’j'ﬁ'gi‘j’t
where Ln_Rsq;; is the logistic-transformed R-square defined by Eq. (2) for stock i of country j in year t.
Senti_high; .1 is a dummy variable which equals 1 if the sentiment index of country j in year t-1 is above
the sample median of the sentiment index of country j and O otherwise. Sentiment;., is the average of the
monthly sentiment index of country j in year t-1. Other control variables are defined in Appendix B. The
sample period is from 1981 to 2014. In Model (1) and Model (2), we use Senti_high;.., as the sentiment
index. In Model (3) and Model (4), we use Sentiment;.... All the regressions include firm fixed effect and
standard errors are clustered at firm level. t-statistics are reported in parentheses.

1 2) 3 4)
VARIABLES Ln_Rsq Ln_Rsq Ln_Rsq Ln_Rsq
Sentiment -0.031*** -0.057*** -0.095*** -0.083***
(-4.32) (-7.99) (-6.00) (-5.85)
Size 0.420*** 0.422***
(38.83) (39.06)
Turnover -0.000** -0.000**
(-2.06) (-2.08)
Retstd 4.518*** 4,390***
(7.89) (7.66)
Mktval -0.209*** -0.223***
(-11.52) (-12.66)
Mktret -0.676*** -0.652***
(-20.95) (-20.56)
Mktretvol 37.764*** 37.788***
(34.28) (34.30)
Constant -2.927%** -3.127%** -2.884*** -2.898***
(-13,784.54) (-13.62) (-387.90) (-13.11)
Observations 117,706 117,706 117,706 117,706
R-squared 0.320 0.359 0.321 0.359
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Table 5 The effect of business cycle
This table presents the results of the regression of stock return comovement on a business cycle variable,
investor sentiment and several control variables.
Ln_Rsq,_Campbell=a;+B,*GDP_Growth.+£,*Sentiment,;+ B3*X+¢&
Where Ln_Rsq,_Campbell is measure of stock return comovement following Campbell et al. (2010).
GDP_Growth., is the change of natural logarithms of quarterly real GDP in quarter t-1. Sentiment,; is the
average of monthly Baker and Wurgler (2006) sentiment index over quarter t-1. NumofStk; is the
logarithm of the number of stocks in the U.S. market in quarterly t. Delist_Pct; is the proportion of stocks
that delisted in quarter t. HHI_Stk, and HHI_Ind, are the Herfindahl index of the entire market based on
firm-level sales and industry-level sales in quarter t, respectively. All the regressions include firm fixed
effect and standard errors are clustered at firm level. t-statistics are reported in parentheses.

1) ) 3
VARIABLES R2 R2 R2
GDP_Growth -13.123*** -12.113*** -4,524%**
(-4.19) (-4.15) (-2.74)
Sentiment -0.140*** -0.045**
(-2.78) (-2.06)
NumofStk -1.113***
(-7.07)
Delist_Pct 0.289***
-7.93
HHI_Stk -182.325***
(-6.33)
HHI_Ind 6.105
-1.45
Constant -0.915*** -0.877*** 8.509***
(-26.88) (-27.80) -5.52
Observations 137 137 137
R-squared 0.092 0.168 0.76
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Table 6 News production and sentiment
This table presents the relation between news production and investor sentiment. We estimate the
following model

NewsR? =a;+f,*Sentiment.,+ B,*X; +ei;
Where NewsR?%; is the news commonality measure defined by Dang, Moshirian and Zhang (2015) for
stock i in year t. NewsCover;. is the annual average of the daily number of times that stock i is mentioned
by the media in year t-1. Other variables are the same as those in Table 2. The sample period is from 2000
to 2014. All regressions include firm fixed effect and standard errors are clustered at firm level. t-statistics
are reported in parentheses.

1) 2 3)
VARIABLES NewsR? NewsR? NewsCover
Sentiment -0.047*** -0.121*** 0.016***
(-3.00) (-6.02) (13.22)
Size 0.107*** 0.030***
(5.51) (4.92)
Turnover -0.174*** 0.063***
(-2.70) (3.04)
Retstd 4.246%** 0.022
(4.63) (0.16)
Mktval -0.447*** 0.827***
(-5.96) (50.41)
Mktret -0.409*** 0.070***
(-5.09) (14.66)
Mktretvol -15.165%** 30.557***
(-3.53) (39.60)
NBER_Rec -0.179*** -0.076***
(-4.90) (-22.52)
Constant -4.665*** 2.275* -14.031***
(-1,611.01) (1.80) (-48.18)
Observations 54,068 53,798 48,986
R-squared 0.156 0.159 0.759




Table 7 The effect of media coverage
This table presents the effect of analyst coverage on the relation between stock return comovement and
investor sentiment. We estimate the following model:

Ln_Rsq_Ind; =a;+B*Sentiment,,;+£,*Sentiment,;*NewsCover; 1+ Ss*NewsCover; 1+ S4*Xi+&i¢
where Ln_Rsq_Ind;; is the logistic-transformed R-square defined by Eq. (4) for stock i in year t.
Sentiment,; is the average of the monthly BW sentiment index of year t-1. NewsCover;, is the annual
average of the daily number of times that stock i is mentioned by the media in year t-1. Other control
variables are defined in Appendix B. The sample period is from 2000 to 2014. All the regressions include
firm fixed effect and standard errors are clustered at firm level. t-statistics are reported in parentheses.

D 2)
VARIABLES Ln_Rsqg_Ind Ln_Rsqg_Ind
Sentiment -0.038*** -0.134***
(-4.81) (-16.48)
Sentiment *NewsCover -0.084*** -0.129***
(-3.22) (-5.38)
NewsCover 0.190*** -0.080***
(7.42) (-4.76)
Size 0.275***
(30.93)
Turnover -0.151***
(-5.00)
Retstd 4.272%**
(8.14)
Mktval 0.344***
(10.61)
Mktret 0.012
(0.46)
Mktretvol 88.036***
(50.02)
NBER_Rec -0.393***
(-27.73)
Constant -1.139*** -9.491***
(-148.79) (-17.32)
Observations 52,992 52,638
R-squared 0.570 0.637
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Table 8 The effect of analyst coverage
This table presents the effect of analyst coverage on the relation between stock return comovement and
investor sentiment. We estimate the following model:

Ln_Rsq_Ind; =a;+B*Sentiment,,+S,*Sentiment,;*AnalystCover; .+ Ss*AnalystCover;+ £,*X; t+eiy
where Ln_Rsq_Ind;; is the logistic-transformed R-square defined by Eq. (4) for stock i in year t.
Sentiment,; is the average of the monthly BW sentiment index of year t-1. We use two measures of
analyst coverage. The first one is the natural logarithm of 1 plus the average of monthly number of
estimates for stock i in year t (AnalystCoverl). The second one is the natural logarithm of 1 plus the
number of unique analysts who make at least 1 earnings forecast for stock i in year t (AnalystCover2).
Other control variables are defined in Appendix B. The sample period is from 1981 to 2014. In Model (1)
and Model (2), we use AnalystCoverl;, as our measure of loan fee. In Model (3) and Model (4), we use
AnalystCover2;;. All the regressions include firm fixed effect and standard errors are clustered at firm
level. t-statistics are reported in parentheses.

(1) ) 3) (4)
VARIABLES Ln_Rsqg_Ind Ln_Rsg_Ind Ln_Rsqg_Ind Ln_Rsqg_Ind
Sentiment -0.020*** -0.106*** -0.013** -0.100***
(-3.04) (-16.73) (-1.99) (-15.73)
Sentiment*AnalystCover -0.014*** -0.011** -0.020*** -0.016***
(-2.89) (-2.47) (-4.75) (-4.18)
AnalystCover 0.249%** 0.076*** 0.221*** 0.082***
(25.10) (9.26) (28.31) (12.57)
Size 0.281*** 0.278***
(56.19) (55.76)
Turnover 0.490*** 0.481***
(8.75) (8.73)
Retstd -1.005*** -0.996***
(-4.15) (-4.12)
Mktval -0.200*** -0.203***
(-28.86) (-29.29)
Mktret -0.086*** -0.089***
(-5.34) (-5.53)
Mktretvol 71.958*** 71.441%**
(85.03) (84.29)
NBER_Rec -0.082*** -0.072%**
(-9.41) (-8.12)
Constant -1.694*** -0.488*** -1.694*** -0.442%**
(-191.02) (-4.84) (-215.42) (-4.39)
Observations 149,964 146,881 149,964 146,881
R-squared 0.448 0.533 0.450 0.533
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Table 9 Implied cost of equity capital (ICOC) and sentiment
This table presents the results of the regressions of five measures of ICOC on investor sentiment index.
We estimate the following model

r_AVG;=a;+f*Sentiment, ;+y*X; +&iy

where r_AVG;, is the average of four measures of ICOC of stock i in year t. The four measures of ICOC
are r_GLS from Gebhardt, Lee, and Swaminathan (2001), r_CT from Claus and Thomas (2001), r_OJN
from Ohlson and Juettner-Nauroth (2005) and r_PEG from Easton (2004). A detailed description of these
measures is provided in section 2.3 and Appendix C. X, are the same set of control variables used in Eq.
(5). Stock-level regressions include firm fixed effect and standard errors are clustered at firm level. t-

statistics are reported in parentheses.

Panel A: Stock-level regressions

1) (2) 3) 4) 5)
VARIABLES r AVG r PEG r CT r OJN r GLS
Sentiment -0.003*** -0.003*** -0.003%** -0.005%** -0.002%**
(-16.53) (-9.59) (-18.01) (-14.00) (-12.37)
Size -0.012% % -0.017%%* -0.004%*%* -0.017%%* -0.012%%*
(-43.01) (-39.32) (-14.46) (-37.49) (-39.68)
Turnover 0.011%** 0.010%** 0.013%** 0.012%** 0.008***
(4.40) (3.17) (5.06) (3.47) (4.04)
Retstd 0.138%** 0.263%** 0.088*** 0.283%** -0.083%**
(7.50) (8.96) (4.95) (9.22) (-5.23)
Mktval -0.005%** -0.003%** -0.003%** -0.006%** -0.010%**
(-12.69) (-4.60) (-6.57) (-8.57) (-24.19)
Mktret 0.004%** 0.006%** -0.003%** 0.003%** 0.010%**
(5.93) (5.25) (-4.36) (2.88) (17.72)
Mktretvol 0.013 -0.221 %% 0.172%** -0.200%** 0.300%**
(0.33) (-3.62) (4.83) (-3.11) (8.95)
NBER_Rec 0.003%** 0.005%** 0.001** 0.003%** 0.003%**
(7.05) (7.62) (2.28) (4.14) (9.10)
Constant 0.275%** 0.281%** 0.158%** 0.335%** 0.325%**
(45.74) (29.85) (28.28) (33.39) (55.15)
Observations 50,807 50,807 50,807 50,807 50,807
R-squared 0.617 0.550 0.543 0.543 0.656
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Panel B: Market-level regressions

1 2) 3 4) ®)
VARIABLES r AVG r PEG r CT r OJN r GLS
Sentiment -0.004 -0.003 -0.006** -0.004 -0.004
(-1.64) (-0.92) (-2.20) (-1.51) (-1.30)
Mktval -0.020*** -0.023*** -0.012*** -0.025*** -0.021***
(-14.46) (-12.56) (-6.74) (-13.89) (-14.46)
Mktret 0.010 0.016 -0.004 0.016 0.012
(1.18) (1.56) (-0.39) (1.51) (1.32)
Mktretvol -0.147 -0.231 -0.225 -0.059 -0.073
(-0.39) (-0.57) (-0.44) (-0.16) (-0.18)
NBER_Rec 0.008 0.009* 0.012 0.006 0.006
(1.54) 1.77) (1.42) (1.18) (1.37)
Constant 0.431*** 0.485*** 0.283*** 0.533*** 0.423***
(19.18) (16.03) (10.45) (17.28) (18.57)
Observations 34 34 34 34 34
R-squared 0.899 0.896 0.685 0.921 0.892
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Table 10 The effect of short selling
This table presents the effect of investor sentiment on short selling activity and the effect of cost of short
selling on the relation between stock return comovement and lagged investor sentiment. We estimate the
following two models:
ShortIntensity; =a;+B*Sentiment,,+5,*X; i +&i¢

Ln_Rsq_Ind; =a;+B,*Sentiment.;+S,*Sentiment,.;*ShortCost; .1+ S3*ShortCost; .1+ B4*X (t+&iy
Panel A reports the results of the first model. ShortIntensity;; is the change of the natural logarithm of a
stock’s short interest ratio in Column 1 and 2 of Panel A and the change of the natural logarithm of a
stock’s lendable value in Column 3 and 4. The lendable value of a stock is scaled by the market value of
that stock. Sentiment,; is the average of the monthly BW sentiment index of year t-1. Panel B reports the
results of the second model. Ln_Rsq_Ind;; is the logistic-transformed R-square defined by Eq. (4) for
stock i in year t. We use two measures of cost of short selling. The first one is LoanFee_high;., which
equals 1 if the average loan fee of stock i in year t-1 is above the sample median and 0 otherwise. The
second one is the Lendable_high;.; which equals 1 if the average lendable value of stock i in year t-1 is
above the sample median and 0 otherwise. Other control variables are defined in Appendix B. The sample
period is from 2002 to 2014. In Column (1) and Column (2), we use LoanFee_high;; as our measure of
loan fee. In Column (3) and Column (4), we use Lendable_high;;. All the regressions include firm fixed
effect and standard errors are clustered at firm level. t-statistics are reported in parentheses.

Panel A: Shorting activity and sentiment

(1) 2) (3) 4)

VARIABLES Shortinterest_diff Shortinterest_diff Lendable_diff Lendable_diff
Sentiment 0.153*** 0.565*** -0.170*** -0.208***
(9.06) (20.44) (-13.58) (-11.89)
Size 0.100*** 0.059***
(6.11) (5.57)
Turnover 0.910*** 0.151**
(8.68) (1.99)
Retstd 4.696*** -1.182
(5.25) (-1.62)
Mktval -2.798*** -3.085***
(-54.16) (-100.92)
Mktret -0.081 -1.801***
(-1.01) (-40.10)
Mktretvol ST7.177%** -225.247***
(-19.15) (-79.20)
NBER_Rec -0.850*** 0.969***
(-16.17) (32.75)
Constant 0.308*** 47.232%** 0.498*** 54.290***
(597.98) (55.48) (1,485.49) (105.28)
Observations 36,415 36,184 35,584 35,358
R-squared 0.142 0.290 0.220 0.572
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Panel B: The effect short selling

D 2) 3) 4
VARIABLES Ln_Rsg_Ind Ln_Rsg_Ind Ln_Rsqg_Ind Ln_Rsqg_Ind
Sentiment -0.299*** -0.328*** -0.065*** -0.126***
(-21.59) (-19.63) (-2.62) (-4.97)
Sentiment*ShortCost 0.271%** 0.154*** -0.219%** -0.212%**
(9.69) (5.83) (-7.70) (-7.76)
ShortCost -0.157%** -0.047%** 0.259*** 0.105***
(-11.64) (-3.79) (15.20) (6.68)
Size 0.190*** 0.190%***
(18.40) (18.47)
Turnover -0.074** -0.088***
(-2.30) (-2.69)
Retstd 0.885* 0.982**
(1.80) (2.00)
Mktval 0.229*** 0.200%***
(6.80) (5.85)
Mktret 0.429*** 0.440%***
(11.73) (12.15)
Mktretvol 103.010*** 103.373***
(43.53) (44.67)
NBER_Rec -0.556*** -0.579***
(-20.46) (-21.44)
Constant -0.923*** -7.115%** -1.144%** -6.713***
(-192.35) (-12.55) (-104.36) (-11.76)
Observations 39,490 39,229 39,469 39,208
R-squared 0.590 0.660 0.591 0.661
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Table 11 The effect of institutional holding
This table presents the effect of investor sentiment on institutional trades and the effect of analyst
coverage on the relation between stock return comovement and lagged investor sentiment. We estimate
the following two models:
Instintensity; .=a;+8*Sentiment, 1 +5,*X; +&i

Ln_Rsq_Ind;=a;+B,*Sentiment,;+S,*Sentiment,.;*InstHold; ., + B3*InstHold; .1+ B4*Xi+ei
Panel A reports the results of the first model. Instintensity;; is the absolute value of the change in natural
logarithm of institutional holdings of stock i in year t. Sentiment.; is average of the monthly BW
sentiment index within year t-1. Panel B reports the results of the second model. Ln_Rsq_Ind;; is the
logistic-transformed R-square defined by Eq. (4) for stock i in year t. InstHold;, is the value of stock i
held by institutions scaled by the market value of stock i in year t-1. Other control variables are defined in
Appendix B. The sample period is from 1981 to 2014. All the regressions include firm fixed effect and
standard errors are clustered at firm level. t-statistics are reported in parentheses.

Panel A: Institutional trades and investor sentiment

D (2)
VARIABLES Instintensity Instintensity
Sentiment 0.043*** 0.027***
(15.14) (9.11)
Size -0.016***
(-5.12)
Turnover 0.103***
(3.53)
Retstd -0.043
(-0.24)
Mktval -0.085***
(-22.00)
Mktret 0.063***
(6.17)
Mktretvol 2.114***
(3.98)
NBER_Rec -0.026***
(-4.31)
Constant 0.279*** 1.688***
(270.75) (31.72)
Observations 107,279 106,527
R-squared 0.335 0.346
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Panel B: The effect of institutional trades

1) (2
VARIABLES Ln_Rsqg_Ind Ln_Rsqg_Ind
Sentiment 0.011 -0.050***
(1.27) (-6.17)
Sentiment*InstHold -0.086*** -0.167%**
(-5.12) (-10.28)
InstHold 0.835*** 0.383***
(32.98) (19.22)
Size 0.275%**
(53.12)
Turnover 0.498***
(8.59)
Retstd -0.675***
(-2.66)
Mktval -0.224%**
(-31.54)
Mktret -0.097***
(-5.92)
Mktretvol 71.533***
(83.80)
NBER_Rec -0.086***
(-9.75)
Constant -1.774%%* -0.170*
(-186.79) (-1.66)
Observations 146,755 144,755
R-squared 0.457 0.538
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Table 12 Innovation output and investor sentiment
The table presents the results of the regressions of innovation output on investor sentiment. We estimate

the following model

Innovation; = a;+B*Sentiment,.; +y*X;+ei;
where Innovation;; is the innovation output of stock i in year t. We use the number of patents (Patent;,),
the adjusted number of citations (Cites;;) and the value of the patents (Patent_Value;;) as our innovation
output measures. All the three measures are scaled by book assets. X;; is a set of control variables
including natural logarithm of book assets, return on assets, R&D expenditures, natural logarithm of firm
age, sales growth rate and market-to-book ratio. All variables are defined in Appendix B. The sample
period is from 1981 to 2005. All regressions include firm fixed effect and standard errors are clustered at
firm level. t-statistics are reported in parentheses.

) 2) 3 4) ®) (6)
VARIABLES Cites Cites Patents Patents Patent_value Patent value
Sentiment 0.235*** 0.202*** 0.227*** 0.175*** 0.538*** 0.613***
(7.66) (6.31) (8.65) (6.78) (12.44) (13.18)
Ln AT -0.355*** -0.479*** 0.492***
(-5.71) (-8.02) (3.28)
ROA 0.536*** 0.193 1.162***
(2.97) (1.11) (3.89)
R&D 14.769*** 16.892*** 28.244***
(10.71) (13.67) (12.75)
Ln_Age -0.449*** 0.002 0.327***
(-6.07) (0.03) (2.86)
Salegrow -0.111** -0.064 -0.224***
(-2.04) (-1.30) (-2.79)
MB 0.159*** 0.155*** 1.096***
(4.48) (5.07) (14.53)
Constant 1.780*** 3.400*** 1.874*** 2.915%** 3.336*** -2.760***
(131.38) (11.72) (161.56) (10.77) (174.83) (-3.49)
Observations 123,054 107,681 123,054 107,681 123,054 107,681
R-squared 0.514 0.534 0.557 0.584 0.631 0.666
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Table 13 Innovation output and sentiment: subsample test
The table reports the effect of sentiment on innovation output in financially constraint firms. We estimate
the following model

Innovation; = a;+B,*Senti.;+£,*Sentiment,;*Constraint; ., +Constraint; . ;+ y *Xi ++€i
where Innovation;; is the innovation output of stock i in year t. We use both the number of patents
(Patent;y) and the adjusted number of citations (Cites;;) as our innovation output measures. We use three
measures to identify financially constrained firms: High_HP;;, Low_payout;; and No_divid;;. High_HP;;
is a dummy variable which equals 1 if the Hadlock-Pierce index of firm i is above the sample median HP
in year t and O otherwise. Low_payout;, is a dummy variable which equals 1 if the payout ratio of firm i is
below the sample median payout ratio in year t and O otherwise. No_divid;; is a dummy variable which
equals 1 if firm i does not pay dividend in year t and O otherwise. X;; are the same set of control variables
used in Table 12. All regressions include firm fixed effect and standard errors are clustered at firm level.
t-statistics are reported in parentheses.

Panel A: High_HP

@ (2 3 4) ®) (6)
VARIABLES Cites Cites Patents Patents Patent_value Patent value
Senti 0.235***  (0.086***  0.227***  0.073*** 0.538*** 0.477***
(7.66) (3.94) (8.65) (4.62) (12.44) (9.07)
Senti* High_HP 0.263*** 0.232*** 0.312***
(3.70) (4.05) (3.27)
High_HP 0.208 0.170 0.627**
(1.62) (2.47) (2.53)
Ln_AT -0.306*** -0.438*** 0.610***
(-4.90) (-7.15) (3.67)
ROA 0.535*** 0.193 1.140%**
(2.97) (1.11) (3.82)
R&D 14.733*** 16.860*** 28.204***
(10.69) (13.65) (12.74)
Ln_Age -0.416*** 0.030 0.400***
(-5.49) (0.43) (3.36)
Salegrow -0.110** -0.063 -0.221%**
(-2.03) (-1.29) (-2.76)
MB 0.162*** 0.158*** 1.101***
(4.56) (5.15) (14.58)
Constant 1.780***  3.010***  1.874***  2589*** 3.336*** -3.739%**
(131.38) (9.32) (161.56) (8.21) (174.83) (-3.90)
Observations 123,054 107,681 123,054 107,681 123,054 107,681
R-squared 0.514 0.534 0.557 0.585 0.631 0.666
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Panel B: Low_Payout

1) ) @) (4) (%) (6)
VARIABLES Cites Cites Patents Patents  Patent value Patent value
Sentiment 0.235***  -0.039*  0.227*** -0.018 0.538*** 0.272***
(7.66) (-1.67) (8.65) (-0.77) (12.44) (4.07)
Sentiment* Low_Payout 0.334*** 0.269*** 0.476***
(6.61) (6.19) (5.18)
Low_Payout -0.085 -0.135** -0.292**
(-1.23) (-2.12) (-2.03)
Ln_AT -0.356*** -0.481*** 0.486***
(-5.74) (-8.08) (3.24)
ROA 0.562*** 0.204 1.170***
(3.07) (1.15) (3.89)
R&D 14.770*** 16.874*** 28.202***
(10.72) (13.65) (12.71)
Ln_Age -0.447%** 0.005 0.333***
(-6.04) (0.07) (2.91)
Salegrow -0.110** -0.063 -0.222%**
(-2.03) (-1.28) (-2.76)
MB 0.162*** 0.157*** 1.100***
(4.54) (5.11) (14.53)
Constant 1.780***  3.455***  1.874*** 3.013*** 3.336*** -2.549***
(131.38) (11.84) (161.56) (11.04) (174.83) (-3.18)
Observations 123,054 107,624 123,054 107,624 123,054 107,624
R-squared 0.514 0.534 0.557 0.585 0.631 0.666
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Panel C: No_Divid

1) (2) 3) (4) ®) (6)
VARIABLES Cites Cites Patents Patents Patent value Patent value
Sentiment 0.235*** -0.027 0.227*** -0.004 0.538*** 0.278***
(7.66) (-1.25) (8.65) (-0.18) (12.44) (4.69)
Sentiment* No_Divid 0.337*** 0.264*** 0.491***
(6.57) (6.17) (5.65)
No_Divid -0.153* -0.209*** -0.244
(-1.70) (-2.60) (-1.42)
Ln AT -0.358*** -0.485*** 0.487***
(-5.77) (-8.13) (3.23)
ROA 0.553*** 0.203 1.186***
(3.06) (1.16) (3.97)
R&D 14.737*** 16.851*** 28.193***
(10.69) (13.64) (12.73)
Ln_Age -0.445*** 0.007 0.333***
(-6.01) (0.11) (2.91)
Salegrow -0.110** -0.062 -0.222%**
(-2.03) (-1.27) (-2.77)
MB 0.162*** 0.157*** 1.100***
(4.55) (5.12) (14.55)
Constant 1.780***  3.502***  1.874***  3.071*** 3.336*** -2.593***
(131.38) (21.77) (161.56) (11.04) (174.83) (-3.20)
Observations 123,054 107,679 123,054 107,679 123,054 107,679
R-squared 0.514 0.534 0.557 0.585 0.631 0.666
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Table 14 The effect of high-tech intensiveness
This table presents the effect of analyst coverage on the relation between stock return comovement and
investor sentiment. We estimate the following model:

Ln_Rsq_Ind; =a;+B*Sentiment,+S,*Sentiment,;*High_Tech;+ §s* High_Tech; + 8,*Xi+&i;
where Ln_Rsq_Ind;; is the logistic-transformed R-square defined by Eq. (4) for stock i in year t.
Sentimenty; is the average of the monthly BW sentiment index of year t-1. High-Tech; is a dummy
variable which equals 1 if the high-tech intensiveness of the industry that firm i belongs to is above the
sample median and 0 otherwise. Industry j’s high-tech intensiveness is computed in the following way.
Every year t, we use all firms in industry j to regress the natural logarithm of the ratio of market value to
total assets on R&D expense scaled by total assets over the past five years. The coefficient on R&D
expense scaled by total assets is the temporary high-tech intensiveness of industry j in year t. We take the
time series median of industry j’s temporary high-tech intensiveness as the high-tech intensiveness of
industry j. Other control variables are defined in Appendix B. The sample period is from 1981 to 2005.
All the regressions include firm fixed effect and standard errors are clustered at firm level. t-statistics are
reported in parentheses.

1 2
VARIABLES Ln_Rsg_Ind Ln_Rsq_Ind
Sentiment -0.034*** -0.109***
(-4.00) (-13.56)
Sentiment*High_Tech -0.028** -0.019*
(-2.50) (-1.88)
High_Tech -0.073** -0.021
(-2.31) (-0.88)
Size 0.283***
(52.05)
Turnover 0.462***
(8.10)
Retstd -1.356***
(-4.99)
Mktval -0.222%**
(-30.25)
Mktret -0.114***
(-6.29)
Mktretvol 73.406***
(76.99)
NBER_Rec -0.066***
(-6.75)
Constant -1.384*** -0.058
(-72.92) (-0.54)
Observations 116,660 114,667
R-squared 0.432 0.528
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Table Al Stock return comovement and investor sentiment: more controls
This table presents the results of the regression of stock return comovement on investor sentiment. We
estimate the following model:

Ln_Rsgi=a;+B*Sentiment. 1+ £,*X +&i
Sktret, 11_Stkret, 12_Stkret is the annual return of stock i in year t, t-1 and t-2, respectively. Mktret,
11_Mtkret, 12_Mtkret is the annual market return in year t, t-1 and t-2, respectively. Other variables are
defined in Table 3. All the regressions include firm fixed effect and standard errors are clustered at firm
level. t-statistics are reported in parentheses.

1) (2
VARIABLES Ln_Rsq Ln_Rsqg_Ind
Sentiment -0.266*** -0.154***
(-21.60) (-25.76)
Size 0.544*** 0.321***
(34.99) (34.57)
Stkret -0.132*** -0.104***
(-4.53) (-4.81)
11 Stkret 0.089*** 0.032***
(8.28) (5.08)
12_Stkret 0.085*** 0.034***
(9.68) (6.80)
Turnover 0.780*** 0.471%**
(5.63) (7.76)
Retstd -4.320*** 0.085
(-6.10) (0.26)
Mktval -0.476*** -0.202***
(-26.89) (-20.44)
Mktret -0.099** -0.141***
(-1.96) (-5.29)
11 Mktret -0.580*** -0.383***
(-12.86) (-17.01)
12_ Mktret -0.774*** -0.384***
(-23.97) (-22.80)
Mktretvol 122.633*** 75.173***
(62.64) (74.16)
NBER_Rec -0.520*** -0.298***
(-20.58) (-23.06)
Constant 1.182*** -0.534***
(4.92) (-4.13)
Observations 113,478 112,221
R-squared 0.447 0.560
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Table A2 Stock comovement and binary sentiment measure: stock level
This table presents the results of the regression of stock return comovement on investor sentiment. We

estimate the following model:

Ln_Rsqi=a;i+pB1*Senti_high1+ B2*X+ei;
where Ln_Rsq;; is the logistic-transformed R-square defined by Eq. (2) for stock i in year t. Senti_highy; is
a dummy variable which equals 1 if the sentiment index of year t-1 is above the sample median of the
sentiment index and O otherwise. Ln_Rsq_Ind;; is the logistic-transformed R-square defined by Eq. (4) for
stock i in year t. Other control variables are defined in Appendix B. The sample period is from 1981 to
2014. In Model (1) and Model (2), we use Ln_Rsq;; of MY'Y (2000) as the dependent variable. In Model
(3) and Model (4), we use Ln_Rsg_Ind; of Piotroski and Roulstone (2004) as the dependent variable . All
the regressions include firm fixed effect and standard errors are clustered at firm level. t-statistics are

reported in parentheses.

1) (2 3) 4
VARIABLES Ln_Rsq Ln_Rsq Ln_Rsqg_Ind Ln_Rsqg_Ind
Senti_high -0.032*** -0.132*** -0.028*** -0.085***
(-2.93) (-12.02) (-5.37) (-16.64)
Size 0.526*** 0.292***
(52.61) (56.96)
Turnover 0.996*** 0.551***
(8.77) (9.08)
Retstd -5.829*** -1.049***
(-10.51) (-4.28)
Mktval -0.478*** -0.193***
(-35.05) (-27.44)
Mktret 0.020 -0.064***
(0.58) (-4.00)
Mktretvol 117.087*** 70.868***
(70.42) (84.32)
NBER_Rec -0.213*** -0.079***
(-11.94) (-8.96)
Constant -2.703*** 1.188*** -1.473%** -0.596***
(-457.19) (6.02) (-517.08) (-5.82)
Observations 151,265 148,144 150,004 146,921
R-squared 0.358 0.426 0.439 0.531
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Table A3 Stock comovement and binary sentiment measure: market-level

This table presents the results of the regression of stock return comovement on investor sentiment at the
market level. We estimate the following model:

Ln_MktRsq=a+p£1*Senti_high,1+ S2*X+&;
where Ln_MktRsq; is the logistic-transformed market R-square defined by Eq. (8) in year t. Senti_high, is
a dummy variable which equals 1 if the sentiment index of year t-1 is above the sample median of
sentiment index and 0 otherwise. Ln_MktRsg_Ind, is the logistic-transformed market R-square defined by
Piotroski and Roulstone (2004) in year t. Other control variables are defined in Appendix B. The sample
period is from 1981 to 2014. We use simple average in Model (1) and SST-weighted average R? in Model

(2). We then replace MYY’s R?with Piotroski and Roulstone (2004)’s R? and report the results in Model
(3) and (4). t-statistics are reported in parentheses.

1) (2 3 4)
VARIABLES Ln_MktRsq Ln_MktRsq Ln_MktRsq_Ind Ln_MktRsq_Ind
Senti_high -0.246* -0.243* -0.163* -0.150*
(-1.77) (-1.90) (-1.84) (-1.83)
Mktval 0.083 0.067 0.091* 0.079*
(1.22) (1.07) (2.97) (1.89)
Mktret 0.021 -0.193 -0.059 -0.212
(0.04) (-0.47) (-0.20) (-0.78)
Mktretvol 70.979** 82.994*** 53.293** 62.266***
(2.48) (3.39) (2.76) (3.77)
NBER_Rec 0.033 0.141 0.045 0.129
(0.11) (0.57) (0.22) (0.76)
Constant -3.719%** -3.698*** -3.081*** -3.081***
(-3.73) (-3.88) (-4.60) (-4.92)
Observations 34 34 34 34
R-squared 0.442 0.602 0.559 0.697
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Appendix B: Variable definitions

Variables Definitions Source
Sentiment and R-squares
Ln_Rsq The logistic-transformed R-square of the regressions of CRSP
Eq.(1)
Ln_Rsg_Ind  The logistic-transformed R-square of the regressions of CRSP
Eq.(3)
Ln_MktRsq The logistic-transformed market average R-square defined CRSP
by Eq. (7)
Senti_high A dummy variable which equals 1 if the annual Baker and ~ BW (2006)
Wurgler (2006) sentiment index is above the sample
median and O otherwise
Sentiment The average of monthly Baker and Wurgler (2006) BW (2006)
sentiment index within a year
Ln_ME The natural logarithm of the year-end market capitalization CRSP
(shrout*prc)
Turnover The average of monthly turnover rate within a year CRSP
RetVol The volatility of daily stock returns in a year CRSP
Mktval The year-end total market value (totval) for the whole CRSP
market
Mktret The annual value-weighted market return CRSP
Mktretvol The volatility of daily value-weighted market returns CRSP
within a year
NBER_Rec NBER based recession indicator NBER
Sentiment and cost of equity capital (COC)
r GLS COC defined by Gebhardt, Lee, and Swaminathan (2001) Compustat, IBES
r CT COC defined by Claus and Thomas (2001) Compustat, IBES
r OJN COC defined by Ohlson and Juettner-Nauroth (2005) Compustat, IBES
r PEG COC defined by Easton (2004) Compustat, IBES
r AVG The simple average of r_GLS, r_CT,r_OJN and r_PEG Compustat, IBES
Sentiment and innovation output
Patent The number of patents a firm applies for scaled by total Kogan,
asset in a year Papanikolaou,
Seru, and
Stoffman (2017)
Cites The adjusted number of citations of all patents a firm KPSS (2017)
applies for scaled by total assets in a year
Ln_ AT The natural logarithm of total assets (at) Compustat
ROA Income before extraordinary items plus ieferred income Compustat
taxes minus preferred dividends (ib+txdi-dvp)/at
R&D R&D expense scaled by total assets (xrd/at) Compustat
Ln_Age The natural logarithm of the age of a firm CRSP
Salegrow The annual growth rate of sales Compustat
MB Market-to-book ratio ((at-ceq)+(csho*prcc_f))/at Compustat
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High_HP A dummy variable which equals 1 if the HP index Compustat
(Hadlock and Pierce (2006)) of a firm is above the sample
median and 0 otherwise

Low_Payout A dummy variable which equals 1 if the payout ratio Compustat
(dvpsx_f/epspx) of a firm is below the sample median and 0
otherwise

No_divid A dummy variable which equals 1 if a firm does not pay Compustat
dividend in a year and O otherwise

Sentiment and news commonality

NewsR* The logistic-transformed R-squares of regressions of RavenPack

weekly news sentiment scores of a firm on weekly market
news sentiment scores in a year
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Appendix C: Construction of implied cost of equity capital

We follow Hail and Leuz (2006) to construct four measures of COC and use their simple average
as our main measure of COC. We provide detailed descriptions of the four models used to
construct the four measures in this section. The variables used in the models are defined as
follows:

pt: the stock price of a firm at time t

eps:: the expected future earnings per share of a firm for year t

k: the average of payout ratios over the three years before year t

d:: the expected dividend per share for year t, measured as last-year dividend per share
g_li: long-term earnings growth forecast from IBES at time t

g:: the economic growth rate, measured as the annualized median of one-year-ahead
monthly inflation rates

bvi: the book value of equity per share from Compustat for year t. For the years beyond
the initial year, we estimate book value of equity per share as bvi.1=bvi+epsi1-epsi1*k

To be included in our sample, an observation should have nonmissing values on p, €pSt+1, €PSt+2
and either epsi3 through epsws or an estimate of long-term earnings growth. We also require
epsw2> epsw+1. T0 ensure the financial information is publicly available at the time of estimating
COC, we measure stock prices and analyst forecasts as of month +6 subsequent the fiscal year
end. Therefore, the one-period-ahead earnings forecast of a firm, epsi.1, is six months prior to its
fiscal year-end.

1. Easton (2004) Model

P = (eps,,, +r _PEGxd,,, —eps,,;)/r _PEG’

t+1

2. Claus and Thomas (2001) Model

p, =bv, +25:epsm —r_CT xbv,., + (eps,s—r_CT xbv,,)1+g,)
V& @er_cTy (L+r_CT)(r_CT-g,)

Where bv; is from Compustat and bv., is estimated as bVi+,1+epSt+- epSw+-><K. If epsi+3 through
epsi+s are missing, then we use the following equation to estimate them: epSi,=€pSi+.
1%(1+9_li+r-1).

3. Ohlson and Juettner-Nauroth (2005) Model
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p, = €PS.4 + €PSi., —€PSy, — r_o‘]N(epSt+1_dt+1)
' r_OJN r_OJN(r_OJN —g,)

4. Gebhardt, Lee,and Swaminathan (2001) Model

o —by + 23: eps. —r_GLSxbv, +i (ROEv.—r_GLS)xbv,_, . (ROE o~ T _GLS) b,
~ (I+r_GLS)* p—, (L+r_GLS)" (+r_GLS) " xr_GLS
We use the expected future earnings per share for the initial three years. Beyond the initial three
years, the forecasted return on equity is assumed to be decreasing linearly over the next nine
years to the sector-specific median return on equity over the past five years. If the sector-specific
median return on equity is negative, we replace it with the country-year median return on equity.
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