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Abstract

The aim of this paper is to study the influence of investor attention on the French stock market activity
and volatility. Following an original way, we construct a non-standard proxy of investor attention on
the basis of investors' online search behavior exclusively provided by “Google insights for search”.
We find that Google search volume is a reliable proxy of investor attention. Interestingly, we show
that investor attention is strongly correlated to trading volume and is a significant determinant of the
stock market illiquidity and volatility. Most importantly, this evidence is maintained even after
controlling for the financial crisis effect.
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1. Introduction

An assumption often made in financial literature is that
investors have infinite cognitive resources. However,
drawing on reality, investors

have actually scarce cognitive abilities (Kahneman,
1973). That is, having limited time and effort, investors
could only attend to a limited

set of information (Grossman and Stiglitz, 1980; Barber
and Odean, 2008). Accordingly, value-relevant
information might be sometimes

ignored, and temporary mispricing would probably arise.
In this paper, we aim to discover whether investor
attention is relevant for

the stock market activity and volatility. We follow an
original way and proxy investor attention on the basis of
weekly Google search volume

(Mondria et al., 2010; Da et al., 2011). Then,whilemost
previous studies focus mainly on the US stock market, we
investigate the case of the

French stock market.

‘Google insights for search’ provides the online search
volume of any query termsubmitted to Google since
2004. In today's digitalworld, the

Internet has become an intuitive information research
tool. Allowing easy access to informationmostly at a
negligible cost, people relymainly

on search engines to draw information from the Internet.
Specifically, the advantage of using Google search data,
in contrast to other search

engines, is that Google maintains a very high market
share in France (91.2%)1 with 9 out of 10 French online
users in February 2013.

Intuitively, if someone is googling something, he is
obviously paying attention to it (Da et al., 2011). Thus,

given Google's popularity as the most used Internet
search engine in France, we believe that Google insights
provides a reliable description of the French investor
attention, so that any remaining noise would be
negligible.

Up to now, the relevance of Google search volume has
been well established over a number of settings. These
include, among others,

influenza activity, unemployment rate, housing prices,
and automobiles sales (Ginsberg et al., 2009; Kulkarni et
al., 2009; Choi and Varian, 2009). In this paper, using
Google search volume as a proxy of investor attention,
we extend the existing literature in several directions.
First, we provide support to Barber et al. (2009), and
show that retail investors are able of moving market
activity. Investors using the Internet, and

especially Google, would be mostly oriented to the same
information.

By reacting in unison to that information, their
tradingwould then affect the stockmarket activity and
even volatility. Second, we provide further evidence to
the attention allocation theory (Mondria et al., 2010). In
particular, we find that market-related Google search
volume has a greater impact on the stock market activity
and volatility. Thus, investors are more likely to process
more market rather than firm-specifi information. Finally
and most importantly, we find that investor attention
drives significantly both stock illiquidity and volatility,
even after

controlling for the financial crisis effect by themean of
Quandt Andrews breakpoint test.

The remainder of this paper is organized as follows. The
next section reviews the related studies on attention.
Section 3 defines the data and

reports basic statistics. The following section discusses
the empirical results. The final section concludes.

2. Literature review

Merton (1987) introduces the concept of investor
recognition and suggests that investor attention may be
relevant for stock pricing and

liquidity. More recently, Barber and Odean (2008) define
the attention grabbing stocks as the stocks that have first
retain investors' attention,

such attention being caught by news headlines, high
abnormal trading volume, and extreme returns.
Accordingly, stocks acquiring higher

attention become relatively more traded than stocks
receiving less attention. Building on this evidence, some
theoretical works in finance

show that attention plays an effective role in the
investor's learning and trading behavior and investigate
the effect of limited investor attention on the stock
market activity (Mondria et al., 2010; Peng, 2005; Peng
and Xiong, 2006; Latoeiro et al., 2013). The key finding
of these studies is that investor attention interacts with
some cognitive biases affecting the way investors react to
information. Further, as discussed below, investors
restrict their attention to a limited set of stocks. Thus,
newinformation is not instantaneously incorporated into
stock prices. This delay of response is theoretically
attributed to limited investor attention bias which



influences information dissemination into stock prices.
Finally, investor attention was introduced recently as a
new financial  transmission channel of crises
acrossmarkets (Mondria and Quintana-Domeque, 2012).
The assumption that investor attention influences stock
markets is also supported empirically by a number of
studies using several proxies

for attention. Grullon et al. (2004) find that advertisement
expenditures are positively related to the number of
investors and thus to the stock

market liquidity. DellaVigna and Pollet (2009) show that
the stock price reaction to news released to the media on
Fridays is weaker than

when news is released on other days of the week (when
investors may be inattentive).Moreover, Fang and Peress
(2009) report a negative

relationship between media coverage and stock market
returns. While these studies define standard and intuitive
proxies2 for investor attention, we employ, in this paper,
an active attention measure, namely Google search
volume, simply referred hereafter as GSV. The use of
GSV as a direct measure of investor attention was
introduced to the financial literature by Da et al. (2011)
and Mondria et al. (2010). Most

importantly, Da et al. (2011) show that GSV is more
efficient than previous passive measures of attention. The
authors find also that

GSV is correlated with the large first-day return and the
long-run underperformance of IPO stocks. Otherwise,
Mondria et al. (2010)

show that higher GSV is followed by greater inward
investment. Interestingly, in both of these studies, the
effect is directly referred to increased investor attention.
Moreover, a recent but growing stream of literature
highlights the power of GSV over a variety of settings in
the financial literature. In

particular, a strand of this literature suggests that GSV
helps to explain the stock market activity. Ding and Hou
(2011) show that higher level of investor attention as
measured by GSV is associated with a larger shareholder
base and leads to improved stock liquidity. Similarly,
Bank et al. (2011) find that greater GSV leads to an
increased trading activity, higher stock liquidity and
greater future returns in the short

run. Otherwise, Dimpfl and Jank (2011), Vlastakis and
Markellos (2012) and Kita and Wang (2012) suggest that
investors' online search

behavior is greater in periods of high volatility.
Specifically, Vlastakis and Markellos (2012) show that
GSV explains approximately 50% of

the variability in the Market Volatility Index (the VIX).
They also report an economically robust link between
GSV and several measures of stock volatility, even after
controlling for the stock market return and information
supply. Kita and Wang (2012) suggest that the volatility
of

returns during higher GSV periods is often larger. More
specifically, Drake et al. (2012) analyze investors' Google
search behavior around

earning announcement. They find that GSV could
partially anticipate the information content of earning
news. Thus, online search influences

the market pricing of earnings news and facilitates price
discovery.

Drawing to analogy, online search is a reliable proxy for
the French investors' attention. In financial markets,
information is the most valuable resource. An investor

paying attention would search for new information. In
recent decades, thanks mostly to the Internet; the cost of
accessing huge amounts of information has been
drastically reduced, while the volume of information
supplied has increased massively. Thus, it is not
unrealistic to admit that most France based investors are
regular users of the Internet, making Google insights for
search a

particularly useful data source. Understanding the role of
investor attention on the stock market activity is
important given that prior research

in this area was empirically slowed down. As we discuss
below, this empirical question can be assessed, today,
with these data, which we describe in the following
section.

3. Data and preliminary analysis

3.1. Google search volume: a proxy of investor
attention

Since 2004, Google insights allows access to the relative
online search volume for any query term submitted to
Google. The actual search volume is normalized by the
total search volume of all the keywords. Then, the
normalized search volume is further scaled by the highest
level of online search. This scaling procedure makes
GSV nicely presented in a [0, 100] interval. Hence, a
decrease in GSV does not necessarily imply a reduction
in the absolute number of online search queries; it means
mainly that the popularity of that particular query

term is decreasing over time. However, due to the
scaling, the search volume of two keywords is not
comparable. Lastly, Google search data

is available on a daily basis for a period less than 90 days
and on a weekly basis from 2004.

We are well aware that the search term used to identify a
stock on Google is of crucial importance. An investor
who is seeking for information about a particular firm
inputs either the firm name or the stock ticker. Following
Vlastakis and Markellos (2012), we choose GSV of firm
names rather than stock tickers, for a broad measure of
the French investor attention. In general, French investors
are more likely using the firm name to express their
demand for stock-specific information on Google.
Furthermore, query-by-ticker procedure tends to be
unproductive for the French stocks as search frequencies
are much lower, resulting in many missing values.

3.2. The Amihud (2002) illiquidity ratio: a proxy of
market illiquidity

We follow Goyenko et al. (2009) and Xiong et al. (2013)
and proxy liquidity by the Amihud (2002) illiquidity
ratio, calculated as follows:

Mige = |re] /TVq 1)

As Eq. (1) shows, theAmihud (2002) illiquidity ratio is
calculated by dividing the absolute return of stock i on
period t by the traded volume



in Euros. As indicator of illiquidity, a high ratio represents a less liquid
stock (high price impact of trades). The Amihud (2002) illiquidity
ratio is calculated from daily data on returns and volume that are readily
available over long periods of time for most markets. Therefore, while
this measure is more general and less accurate, it allows us to study
the time series effects on liquidity.”

3.3. The standard deviations of returns: a proxy of market volatility

We follow previous work of stock market volatility and proxy vola-
tility by the standard deviation of returns Barnea and Logue (1975),
Chae (2005) and Ascioglu et al. (2007).* For each week, volatility is
measured using data from open days of the week.

3.4. Sample period and basic statistics

We start by a sample which consists of the 40 stocks listed in the CAC
40 index (as of January 2004) and traded in Euronext Paris. For each
stock in our sample, we manually draw the corresponding GSV data.
Our sample-period goes from January 02, 2004 to June, 29, 2010. The
sample period starts in 2004 because Google data is available only
from this year onwards. To guarantee unbiased results, we exclude
stocks with less than 20 weekly search volume data. We drop also the
stocks for which the GSV in eight or more consecutive weeks equals
zero. Finally, we exclude from our sample stocks such as “Thales” and
“TF1" to avoid noise associated with the fact that these terms may
have some other meaning in France. Besides, Google insights allows us
to filter the search volume so that only queries submitted within
France are available. On the basis of these restrictions, we have finally
a sample which consists of 27 out of the 40 initial stocks. Table 1 pre-
sents the stocks included in our sample along with the corresponding
stock tickers and the search terms we finally adopted. Note that we em-
ploy for each firm its name as given by Euronext Paris.

Table 2 reports descriptive statistics for GSV while Table 3 reports
the unit root tests (Augmented Dickey Fuller (ADF) and Phillips-
Perron (PP) tests). As it can be seen in Table 2, GSV is positively skewed
with excess kurtosis while normality can be heavily rejected in all cases
with 99% confidence. Otherwise, there is strong variability in the French
investor attention across stocks. Specifically, Axa has the highest aver-
age GSV in our sample (72,407) while Vinci has the smallest (6693).
Accordingly, the GSV variables referred to hereafter are logarithmically
transformed. The results reported by Table 3 indicate that, for all the
stocks in our sample, GSV is stationary around a deterministic trend.
Building on this evidence, a trend is included in the regressions.

4. Empirical results

We first start by examining the relationship between investor atten-
tion and trading activity. An obvious measure of trading activity is the
stock traded volume (Chordia et al,, 2007). Table 4 presents correlation
coefficients between GSV and trading volume. The results report that
investor attention and stock traded volume are positively and signifi-
cantly correlated in most cases (15 out of 27 cases) at the 5% level;
while correlation is significant and negative in 5 cases at the 5% level.
This evidence is strong for both stock-specific and market-related GSV
but correlation is much stronger between investors' attention and trad-
ing volume at the market rather than the firm level.

? Note that in the robustness check part, we use alternative measures of stock market
liquidity.

* Note that in the robustness check part, we model conditional volatility rather than his-
torical volatility.

Table 1

List of stocks in the sample and search queries.
Stock Ticker Search query
Air Liquide Al “air Liquide"
Axa cs “axa”
Arcelor Mittal MT “arcelor mittal”
Bnp Paribas BNP “bnp paribas”
Bouygues EN “bouygues”
Cap Gemini CAP “cap Gemnini"
Carrefour CA “carrefour”
Crédit Agricole ACA “credit Agricole”
Danone BN “danone"
Dexia DEXB “dexia”
EADS EAD “eads”
France Télécom FIE “france télécom”
Lafarge LG “lafarge”
Lagardére MMB “lagardére”
L'oréal OR “l'oréal”
LVMH MC “lvmh"
Michelin ML “michelin”
Pernod Ricard RI “pernod ricard"
Peugeot uG “peugeot”
PPR PP “ppr*
Renault RNO “renauit”
Saint Gobain SGO “saint gobain”
Sanofi SAN “sanofi”
Société Générale GLE “société générale”
Total FP “total”
Vinci DG “vinci”
Vivendi VIVI “vivendi"
CAC 40 ~FCHI “cac 40"

Table 2

Descriptive statistics of Google search volume.

This table reports the descriptive statistics of the original GSV variables. GSV is the firm
name search frequency defined as the weekly search volume index of a firm name on Goo-
gle, scaled from 0 to 100 by Google insights for search. The sample period spans from Jan-
uary 2004 to June 2010. In addition to the mean of the distribution, this table reports the
kurtosis and the skewness. This table reports also the Jarque-Berra (J-B) normality test
statistic. *, **, *** denote 10%, 5% and 1% significance levels.

Stock Mean Skew. Kurt. ]-B

Air liquide 41,3687 1.3072 5.1541 162,094
Arcelor Mittal 29.7888 0.7933 36248 44,477
Axa 72,4070 0.4555 3.9933 25.661***
Bnp Paribas 61.3126 —0.1873 1.8414 20.943**
Bouygues 39.4454 26130 21.5929 5268.736"**
Cap Gemini 26.1828 13392 4.5550 135.493***
Carrefour 67.1002 32818 32818 33.861"*"
Crédit Agricole 66.1769 —0.4699 24298 36.606"*"
Danone 33.8495 1.0060 35346 61221
Dexia 17.2182 82897 98.5637 5542912
Eads 39.4896 08318 3.4009 41.370***
Essilor 41.8525 1.3463 5.7509 209.306""*
Lafarge 44.0295 0.7165 3.3700 30.942%*
Lagardére 16.5752 3.6755 30.0645 377.417**
L'oréal 33.2949 0.6580 3.2768 32.223**
LVMH 41,9882 0.8298 34531 41.810""
Michelin 61.9056 0.7192 34739 32398
Pernod Ricard 29.4277 0.9403 5.1989 118.266™*"
Peugeot 63.6578 0.7685 3.5206 43.039***
PPR 34.7758 1.3821 5.5618 200.635""
Publicis Groupe 27.0885 25702 14,0101 2085.529***
Renault 56.6371 06747 3.6991 32627
Saint Gobain 43.0767 1.1682 54650 162946
Sanofi 22.3156 3.4769 28.6051 9943.741°*
Société Générale 55,2094 —05122 26141 16.926""*
Total 60.3539 0.5925 3.1784 20.290***
Vinci 6.6932 11.0197 154.1847 329713.5**
Vivendi 253657 1.7302 6.2322 316.719***
CAC 40 13.1504 54774 44,1304 2525.947***




Table 3
Unit root tests on Google search volume.

This table reports the results of two unit root tests of Google search volume: the
Augmented Dickey-Fuller test (ADF, Dickey and Fuller (1979)) and the Phillips-Perron
test (PP, Phillips and Perron (1988)). GSV is the firm name online search frequency, scaled
from 0 to 100 by Google insights for search. The sample period spans from January 2004 to
June 2010. The null hypothesis is the existence of a unit root (stationarity).

*.*%, *** denote 10%, 5% and 1% significance levels.

Stock ADF PP

Air Liquide —16.664""" —15.084**
Axa —11.007"*" —10.578 =**
Bnp Paribas —5.858""" —5.164""*
Bouygues —7.554"* —7471***
Cap Gemini —12.603"** —12.922**
Carrefour —6.483"" —6.463*"*
Danone —8.936"" —B8.888*"*
Dexia —9.224*" —=9.310*"
EADS —9.913* —9.939***
France Télécom —5.686""* —5.128**
Lafarge —13.489 *** —13.863***
Lagardére —10467*** —10.630"**
L'oréal —13627*" —13.849*"
LVMH —0,958*** —10.145***
Michelin -3.360"" —3.795**"
Pernod Ricard —B8.966 *** —-9,117**
Peugeot —6.530"* —6.525""
PPR —12479"* —12,678***
Renault —7.170** =7.197**
Saint Gobain —10.929*** —11.080"*"
Sanofi -—9.903""* —10.189***
Total —6.574"* —6.364™"
Vinci —7.763*** —7.782%*
Vivendi —9.135** —9.243***
CAC 40 —5.718* —5622*

4.1. Investor attention and market illiquidity

Findings in Table 4 suggest that higher level of investor attention
measured by greater online search activity may lead to higher liquidity.
To further investigate whether investor attention is a determinant of
stock liquidity, we regress, for each stock in our sample, the Amihud
(2002) illiquidity ratio by the one-week lagged GSV, while controlling
for other known determinants of illiquidity. Our main variables are
actually: stock-specific investor attention (LnGSV;) and market-related
(LnGSVyy). As defined previously, stock-specific investor attention is
derived from GSV of the firm name provided by Google insights for
search. Likewise, market-related investor attention is proxied by GSV
of the keyword “CAC 40". Since little attention has been paid on measur-
ing the separate impact of specific and market-related investor atten-
tion, we choose to control for the relevance of market-related GSV as a
determinant of the stock market activity. Moreover, according to
Vlastakis and Markellos (2012), market-related GSV enhances the
explanatory power of firm-specific GSV in their regression analysis.

Formally, we estimate the following model that we call Model (1):

ILUQy = o+ By Ln(GSVy_y ) + By Ln(GVS)y,_, +B5 StdDev,,_,

+4 Return;,_; + fB3sln (Murket-VaIueu_]) a
)
+3¢ Trading_Volume;,_, + 157(Ln(Market-Value,—‘tﬁi)

*Ln(GSV,-_,_, )) + B QG 4 B st =1 4B

Note that to account for a possibly endogenous interdependence
between the stock's illiquidity and its determinants, we employ a one-
week lag structure. Otherwise, Ln(Market _ Value;; _ 1) » Ln(GSV;, _ 1)
is an interaction variable. We expect the coefficients 3, and [3; to have
opposing signs, since it is commonly supposed that larger firms would

be more liquid and obviously, investor attention increases with the
size of the firm.

Results reported in Table 5 show that, at least one GSV variable is
significant at 95% level for all but 3 stocks in our sample. The coefficient
of the stock-specific GSV is significantly negative for 10 out of 27 stocks,
confirming the finding in Table 4. Thus, illiquidity would decrease with
stock-specific investor attention. While, when it is significant, the coef-
ficient of market-related GSV is positive for 19 out of 27 stocks. We
attribute higher online search frequency of market-related information
to an increased investors' uncertainty (Dzielinski, 2011), which may
obviously increase illiquidity.

The coefficients of market value are significantly positive in most
cases: illiquidity decreases with the size of the firm. It is commonly
admitted that investors prefer large rather than small firms. Thus, as
we focus on the CAC 40 stocks, it is not surprising that the coefficients
on trading volume are significantly negative in most cases. However,
the effect of returns and standard deviations of returns remains limited.
For the entire sample, the interaction term has a sign opposite to the one
for GSV. As expected, for larger firms, the impact of investors' attention
on stock illiquidity becomes weaker (Banlk et al., 2011).

The adjusted R? values vary between 0.23 for Total and 0.78 for
Renault, which indicates a good fit of the models. Thus, in most cases,
the variables used explain sufficiently liquidity formation in the French
stock market.

Thus, firms that are grabbing more investor attention are more
liquid. According to market microstructure theory, we attribute the neg-
ative relationship between stock-specific GSV and stock market illiquid-
ity to a reduction in asymmetric information costs. As we discussed
below, given the vast array of information provided and limited attention
bias, investors have to be selective in information processing. For stocks
with low investor recognition, information asymmetry becomes more
pronounced. Hence, when people pay more attention on a stock by

Table 4
Correlation between trading volume and Google search volume,

This table presents the correlation coefficients between stock trading volume and Google
search volume variables. Stock-specific and market-related GSV is proxied by Google search
volume of the firm name and Google search volume of the term “CAC 40", respectively.

*,**, *** denote significance at the10%, 5% and 1% levels, respectively.

Stock Stock-specific Market-related
Air liquide —0.5058"** 0.699***
Arcelor Mittal 0.2835"*" 0.560"*
Axa 0.1255** 0.380**
Bnp Paribas 0.5106"*" 0.478 ***
Bouygues —0.0010 0431**"
Cap Gemini 0.0136 0.236***
Carrefour —0.1728"" 0.287**
Crédit Agricole 0.2480"** 0365
Danone 0.1637*** 0.295"*"
Dexia 0.1140°** 0.067
Eads 0.2075*** 0.089*
France Telecom 0.0944* 0.458°**
Lafarge —0.1242*" 0.430***
Lagardére 03172 0.105**
L'oréal 0.0868 0313
LVMH 0.0537 0.454"*
Michelin 0.4094*** 0.490***
Pernod Ricard 0.1646*** 0.456"**
Peugeot —0.1005* 0.308***
PPR —0.1093*" 0414
Renault 0.1406*** 0227
Saint Gobain 0,1594*** 0454
Sanofi 0.1048** 0.134*
Société Générale 0.2309*** 0.446"**
Total 0.5643*** 0.609***
Vinc —04597"*" 0.600***
Vivendi =0.0095 0.343***




Table 5

The investor attention effect on stock illiquidity.

This table reports the role of investor attention as a determinant of stock market liquidity. Liquidity is proxied by the Amihud ( 2002) illiquidity ratio, obtained by dividing, for every trading
day over the period 2004-2010, the absolute return of that day by the corresponding traded volume in Euro. Stock-specific and market-related investor attention is proxied by Google
search volume of the firm name and Google search volume of the term “CAC 40", respectively. The control variables are as follows: the one-lag of [the standard deviation of returns as
a proxy of volatility, the stock market return, the firm size proxied by the natural logarithm of market value, the value of the stock traded volume, an interaction term between the market
value and stock-specific GSV to control for the influence of a stock’s GSV conditional on its market value, a trend and finally the stock illiquidity]. Then, we estimate for each stock the fol-

lowing time-series regression:

HLIQy = o+ By Ln(GSVy—y) + By Ln(GVS)yy,_y + BBy Std_Dev,,_, + [3; Return;,_, + BsLn(Market Value;,_,) + s Trading_Volume,,_,
By (Ln(Market Value; ) + Ln(GSV{,_y)) + [y ILLIQi,_y + Po + (t=1) + &

All reported coefficients are of standardized variables with a mean equal to 0 and a standard deviation of 1. The Adj. R values assess if the independent variables that are added to the
regression enhance the overall explanatory power of the regression. P values are presented in parentheses under the coefficient estimates. *, **, *** denote significance at the10%, 5%

and 1% level, respectively.

Stock a B 32 3 f34 35 s B s f3a Adj.R* QA
Air liquide —0.0178 9.0022
(0,8930) (0,9973)
Arcelor Mittal —0.1406"* —0.0092 2.4062
(0.029) (0.9047) (1.0000)
Axa 0.4400°* —3.9342** 0.0263*** 0.0061*** —00116"** 3.8946"* 04331"*" 06832"** 26.504""
(0.018) (0.034) (0.007) (0.001) (0.003) (0.033) (0.000) (0,0000) (0.0000)
Bnp Paribas —03920"* —13.9129*** 0.1165"*" 0.0967°** —0.0818"** 13.9641"** 0.0023*** 0.1493***  06333"** 19.8715
(0.013) (0.005) (0.008) (0.003) (0.000) (0.005) (0.010) (0.011) (0.0000) (03200)
Bouygues —04895*** 0.2388***  0.1407** 0.0028*** 05623 05714""" 8.0925
(0.000) (0.000) (0,019) (0.000) (0.000)  (0.0000) (0.9996)
Cap Gemini —03254** 0.1819"** 0.0679* —03639*** —0.0976** 0.0019** 0.4405**" 05788"** 55584
(0.026) (0.000) (0.065) (0.000) (0.066) (0.022) (0.000) (0.0000) (1.0000)
Carrefour —03229** 0.1151* 0.0789** —0.1200** 0.0018**" 02201*** 04697*** 7.5263
(0.000) (0.033) (0.047) (0.037) (0.000) (0.000) (0.0000) (0.9999)
Crédit Agricole —13,5968*** 0.1450"** —10.3030**" 14.1676"** 03912*** 0.7141*** 8.9502
(0.000) (0.000) (0.000) (0.000) (0.000)  (D.0DDD) (0.9975)
Danone —00126 4.4541
(0.8245) (1.0000)
Dexia —7.3612** 03616 —0.0828" 7.1897"* 0.7499*** 06524*** 20.5012
(0.012) (0.000) (0.045) (0.013) (0.000)  (D.00DD) (0.2788)
Eads 0.5488*** —20.5811*" —10.1651*** 20.7147* —0.0030*** 03349*** 06131*** 105922
(0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.0000) (0.9779)
France Telecom —31.6717**  0.1502** 0.1528** 0.1554 31.5683*" 0.2874*** 02655"** 3.1027
(0.022) (0.018) (0.050) (0.221) (0.022) (0.000)  (0.0000) (1.0000)
Lafarge 0.1217*** —0.1981*** 0.0011* 04618 06257""" 6.8661
(0.007) (0.001) (0.097) (0.000) (0.0000) (1.0000)
Lagardére 0.1940*** —0.0661**" 0.0001"* 0.3408*** 05559*** 15.0665
(0.009) (0.004) (0.097) (0.000) (0.0000) (0.7209)
L'oréal —0.5073** 0.1635*** —0.3639*** 0.0030*** 0.2519*** 04541*** 4.8405
(0.000) (0.007) (0.000) (0.000) (0.000) (0.0000) (1.0000)
LVMH —0.3573""" —8.6168*" —0.1109"" 05624*** —04819***  —0.2921*** 8.4634* 0.0021*** 0.1453*** 0.6492*** 10.7611
(0.004) (0.075) (0.019) (0.000) (0.000) (0.000) (0.078) (0.003) (0.002) (0.0000) (0.9740)
Michelin 0.3384*** —95537** 0.1600"** —0.1240"** —20.8472"** 9.5489*** 0.0015*** 0.2741*** 04627*** 3.5940
(0.010) (0.006) (0.009) (0.002) (0.002) (0.007) (0.010) (0.000) (0.0000) (1.0000)
Pernod Ricard —0.8010"** 02453 —0.2109*** 0.0046*** 0.4244*** 04050*** 6.6976
(0.011) (0.000) (0.000) (0.010) (0.000) (0.0000) (1.0000)
Peugeot 0.2255** 0.2854" =00013""  0.3551" 06923"** 96744
(0.033) (0.000) (0.046) (0.000)  (0.0000) (0.9924)
PPR —0.4489"** 0.1548*** —0.3797"** 0.0026*** 0.3316*** 0.6716*** 5.4523
(0.000) (0.001) (0.000) (0.000) (0.000) (0.0000) (1.0000)
Renault —6.0308"* 0.1783*** —0.0713* 6,2173* 0.0045"** 0.4481*** 0.7801*** 23.1776
(0.019) (0.000) (0.001) (0.020) (0.000) (0.000) (0.0000) (0.1455)
Saint Gobain 0.2328* 03073***  0.1639" —0.0529** 0.0010° 0.3709*** 0.6120** 7.8557
(0.090) (0.000) (0.015) (0.029) (0.090) (0.000) (0.0000) (0.9998)
Sanofi —0.2961*** 0.1394*** 0.0017*** 04637*** 04287*** 7.2364
(0.008) (0.008) (0.004) (0.000)  (0.0000) (1.0000)
Société Générale —16.1012*** 0.1290*** —10.2500*"* —0.0644** 16.6464"** 04788 0.7077*** 11.7817
(0.000) (0.002) (0.000) (0.016) (0.000) (0.000) (0.0000) (0.9406)
Toral 0.0716*** —0.4722* 0.3334"** 02361'** 87.1463"**
(0.002) (0.038) (0.002)  (0.0000) (0.0000)
Vinci —0.5029*" 0.6288* 05141* —0.6313**" 0.0029** 04334*** 03941*** 117.942***
(0,017) (0.050) (0.000) (0.000) (0.015) (0.000) (0.0000) (0.0000)
Vivendi —=0.3376** 20.3025*** 0.2746*** —20.2020*** 0.0019*** 0.3916*** 05106*** 3.1875
(0.006) (0.007) (0.000) (0.007) (0.004) (0.000)  (0.0000) (1.0000)

actively searching information about it on the Internet, they acquire
relevant information and may eventually invest in that stock. As a result,
stocks with increased investor attention become more liquid. This, the

kind of public interest captured by GSV represents actually the degree
to which a respective asset is traded by uninformed investors. In con-
trast to the stock-specific GSV effect, market-related GSV is positively



Table 6

The investor attention effect on stock volatility.

This table reports the results of the investor attention effect on stock market volatility. Volatility is proxied by the standard deviations of returns. Our sample period spans from 2004 to
2010. Stock-specific and market-related investor attention is proxied by Google search volume of the firm name and Google search volume of the term “CAC 40", respectively. The control
variables are as follows: the natural logarithm of the trading velume in Euros, the stock market return, a trend and finally the one lag of the stock market volatility. Then, we estimate for
each stock the following time-series regression:

Std_Dev, = at+yy Ln(GSVy) + Y, Ln(GVS)y, + ¥3 Ln(Trading Volume;,) + vy, LnReturn;, + s« + Yy StdDevi, _, +&,.

The Adj. R? values assess if the independent variables that are added to the regression enhance the overall explanatory power of the regression. P values are presented in parentheses under

the coefficient estimates.

*, "%, *** denote significance at the10%, 5% and 1% levels, respectively.

Stack 6 Yo Y Y2 Vs Ya Ys Adj. R? QA
Air liquide —0.1075* 00109* 0.0082*** 0.2855*** 0.3948"** 0.7000*** 8.5001
(0.039) (0.063) (0.010) (0.000) (0.000) (0.000) (0.9341)
Arcelor Mittal 0.1960°** 0.0109*** 0.0092*** —0.0001"" 04347 0.3096* 15.5221
(0.000) (0.010) (0.002) (0.019) (0.000) (0.000) (0.2048)
Axa —0.3199"* 0.0448" 00171°* 03884 04522 0.8544""* 146.1111°**
(0.002) (0.015) (0.000) (0.000) (0.000) (0.000) (0.0000)
Bnp Paribas —0.0883*** —0.0169*** 00154*** 0.0059*** 0.0001"** 02775 0.5399"** 15.7171
(0.001) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.1938)
Bouygues —0.0745"* 0.0126*** 0.0023** 0.0249°* 02378** 0.4905°* 11.7897
(0.011) (0.000) (0.044) (0.015) (0.000) (0.000) (0.6623)
Cap Gemini —0.1125"* 0.0105*** 0.0055** 02266 0.3297** 12.7373
(0.000) (0.000) (0.000) (0.000) (0.000) (0.5662)
Carrefour —0.1020*** 000751*** 0.0047*** 0.0166" 0.2620°** 0.4745"** 21.3670
(0.000) (0.000) (0.000) (0.081) (0.000) (0.000) (0.591)
Crédit Agricole —0.0762"** —0.0174"*" 0.0184°* 0.0061*** 0.0402°* 0.3149**" 0.6010""* 14,0201
(0.002) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.3067)
Danone 0.0102*** 03402 0.5402"** 36.9588"**
(0.009) (0.000) (0.000) (0.0002)
Dexia —0.0580" 0.01987*** 0.0114°** 02201 0.0001*** 02624"*** 0.4675** 6.6275
(0.063) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.9922)
Eads 0.0076** 0.0043*" —0.0299** 03224 03326 14,1245
(0.000) (0.000) (0.005) (0.000) (0.000) (0.2986)
France Telecom —0.1212°" —0.0063** 0.0047°** 0.0074*** —0.0001"*" 0.1746™* 0.9700°*" 85778
(0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.9300)
Lafarge —0.0745""" 0.0055" 0.0098"** 0.00002°* 03779"* 0.5127"** 18.0264
(0.002) (0.071) (0.000) (0.037) (0.000) (0.000) (0.1636)
Lagardére —0.0700°** 0.0105"** 0.0025** 0.00001** 0.1993*** 0.4151*** 17.3931
(0.001) (0.000) (0.024) (0.015) (0.000) (0.000) (0.1950)
L'oréal —0.1412°** 0.0089"** 0.0070*** 0.4420°** 13.8362
(0.000) (0.000) (0.000) (0.000) (0.4589)
LVMH —0.1062"*" 0.0100°** 0.0342** 0.0047** 02160"* 0.4290*** —0.1062
(0.000) (0.000) (0.004) (0.001) (0.000) (0.000) (0.000)
Michelin 0.1519 —0.0254** 00180*** 0.0056*** 03356""* 0.4492°* 12.3189
(0376) (0.045) (0.000) (0.000) (0.000) (0.000) (0.6086)
Pernod Ricard —0.1266"*" 0.0051°** 0.0099*** 0.0049°** 0.0216* 02662 0.5399°** 24.7368
(0.000) (0.000) (0.000) (0.000) (0.023) (0.000) (0.000) (0.187)
Peugeot 0.0249°** 0.0027** 0.00002* 0.2988*"* 0.4416** 21,6398
(0.000) (0.042) (0.019) (0.000) (0.000) (0.541)
PPR —0.0699"** 0.0140*** 0.0412°* 03151** 0.5940"** 21.6787
(0.001) (0.000) (0.000) (0.000) (0.000) (0.534)
Renault —0.0955*** 0.01605** 00320°** 0.00003*" 03247 0.5722*** 213895
(0.007) (0.000) (0.001) (0.011) (0.000) (0.000) (0.587)
Saint Gobain 0.8610"* 0.0439°** 0.0353** 0.00004** 0.2867*** 0.5387°** 17.6446
(0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.1820)
Sanofi —0.1140*** 0.0040* 0.0081"* 0.0044"** 0.1750*** 03184 13.0183
(0.000) (0.028) (0.000) (0.000) (0.001) (0.000) (0.5381)
Société Générale —0.0804*"* —00179"** 0.0184"* 0.0061°** —0.00002"* 02750%** 0.5777*** 127126
(0.000) (0.000) (0.000) (0.000) (0.015) (0.000) (0.000) (0.5687)
Total —0.1386"" 0.0188"** 04491*** 0.0028°** 0.9489*** 122.1879"*"
(0.011) (0.000) (0.000) (0.000) (0.000) (0.0000)
Vind —0.1010* 0.0154"* 0.0209"** 0.0479" 48084
(0.072) (0.008) (0.000) (0.012) (1.0000)
Vivendi —0.0862*"* 0.0038"*" 0.0076"** 0.0031°** —0.0072 0.00001* 0.3001°* 04213 23.7686"
(0.000) (0.003) (0.000) (0.002) (0.474) (0.081) (0.000) (0.000) (0.0263)

related to illiquidity. To the extent that higher market-related GSV
reveals increased investors' uncertainty (Dzielinski, 2011), this
would partially explain higher market illiquidity following market
information's online search.

Finally, to check whether our results are sensitive to any liquidity mea-
sure, we replicate our analyses by considering alternative liquidity mea-
sures, More precisely, we replace in Model (1) the Amihud (2002)
illiquidity ratio by the following liquidity measures:



- The turnover price impact variable (TPI): (Florackis et al., 2011)
1ol = Ll (2)

Basically estimated from the Amihud (2002) illiquidity ratio, the
TPI just replaces the trading volume in the denominator by the
turnover. Thus, this measure is less influenced by inflation and
size. Similarly, a stock with a higher TPI ratio can be interpreted
as being more illiquid.

The Amivest ratio: (Cooper et al., 1985 and Hasbrouck, 2009):

TVii
[riel

AMIVEST,, = 3)

As shown in Eq. (3), the Amivest liquidity ratio is calculated by
the ratio of trading volume TV, of stock i in period t to the corre-
sponding absolute return |ry. In contrast to the Amihud (2002) il-
liquidity ratio, a high estimate indicates greater stock liquidity.
Overall, the results, not reported here for brevity but available upon
request, confirm the main result of our analysis based on the
Amihud (2002) illiquidity ratio: stock-specific investor attention
measured by GSV of firm names is positively related to liquidity
and drive it significantly in most cases. This confirms our previous
findings and supports that results are not driven by any particular
measure of liquidity.

4.2. Google search volume and stock market volatility

Empirical analysis reported in Table 5 shows that stock illiquidity is
negatively related to investor attention as measured by stock-specific
GSV. This suggests that higher level of investor attention expressed
through Google search behavior affects market activity. Building on
this evidence, does investor attention affect the stock market volatility?
To answer this question, we regress, for each stock in our sample, the
standard deviations of returns on (LnGSV;) and (LnGSVy,), as previously
defined, while controlling for other known determinants of volatility.

Formally, we estimate the following model that we call Model (11):

Std_Dev;, = o+, Ln(GSVu) Fy, L(GVS)y, +v; Ln (deing_\!ol'ume,',)
+Ys LnReturn; + s+t + By Std_Dev;,_; +&;,. (I

Results summarized in Table 6 are almost as expected. In particular,
for all the stocks in our sample, there is at least one GSV variable which
is significant. When it is significant, stock-specific GSV has mixed signs
for 11 out of 27 stocks. First, attention increases volatility by incorporat-
ing more information into prices. Second, attention decreases volatility
by reducing uncertainty.

On the other side, market-related GSV is significantly positive for all
the stocks at the 1% level. Moreover, the effect of market-related inves-
tor attention is stronger than that of the stock-specific investor atten-
tion. As with Vlastakis and Markellos (2012), attention depends on
the market state. Further, investors tend to process more market rather
than stock-specific information (Peng and Xiong, 2006). Collectively,
market-related GSV would reflect market-wide uncertainty leading to
excessive transactions, since only less specific information is reflected
on asset prices.

GSV variable effects are economically significant even after control-
ling for other known determinants of stock volatility. Indeed, as usual,
the link between trading volume and volatility is strongly confirmed
in most cases. The effect of stock returns remains limited. Historical vol-
atility is highly persistent with most coefficients on the first lag being
significantly positive. Further, the adjusted R? values ranging between
30.96% for Arcelor Mittal and 97.00% for France Telecom substantiate a
fairly good fit of the models.

Thus, results reported in Table 6 support strongly a significant link be-
tween GSV and stock volatility as measured by the standard deviations of
returns. As robustness test, we employ an alternative measure of stock
volatility to assess the robustness of this result. Precisely, we use GARCH
(1,1)° to model conditional volatility after controlling for GSV variable
effect (Bollerslev, 1986; Engle, 1982). Overall, our findings, not reported
here to save space but available upon request, confirm the main finding
of our analysis based on the standard deviations of returns: investor
attention measured by GSV is significantly related to volatility in most
cases. This confirms that our findings are not exclusively due to any par-
ticular measure of volatility.

4.3. The financial crisis effect

Our sample period, running from January 02, 2004 to June, 29,
2010, includes extreme market shocks with significant losses
(i.e., the 2007-2009 global financial crises). Thus, it is obvious to check
the stability of the models. That is, we perform a Quandt-Andrews
breakpoint test (QA, Andrews (1993)). The latter detects one or more
structural breakpoints in the sample, with a chosen trimming region of
15% of the sample period. Under the null hypothesis of “no structural
breakpoints”, we obtain the maximum of likelihood ratio F-statistics for
every regression.

The results reported in the last column of Tables 5 and 6 confirm our
main findings. First, the link between stock illiquidity and its determi-
nants, especially GSV, is stable over the sample period for all but 3 stocks
of our sample. Accordingly, investor attention leads significantly the
stock market illiquidity, even after controlling both for other known
liquidity determinants and the financial crisis effect. Similarly, the link
between GSV and stock volatility is stable for 24 out of 27 stocks.
Thus, joint to traditional factors, investor attention drives significantly
the stock market volatility even after controlling for the market state
changes.

5. Conclusion

In this paper, we contribute to the existing literature by providing
further evidence that investor attention is a determinant of the stock
market activity and volatility. While prior studies focus mostly on the
US stock market, we choose to use, for the first time, Google French
data. More precisely, using several measures of liquidity, we show that
investor attention, measured by Google search volume, drives signifi-
cantly the stock market liquidity. We also find that investor attention
is a significant determinant of the stock market volatility. Most impor-
tantly, using the Quandt Andrews breakpoint test, we show that these
links are economically stable over time.

To the extent that investors use Internet to acquire financial infor-
mation that has not yet been fully incorporated into stock prices, we
emphasize, from our results, that investor attention would accelerate
information dissemination into stock prices. Consequently, the act of
seeking information on the Internet would help to increase stock mar-
ket efficiency (Drake et al., 2012). That is, given the increasing use of
the Internet in all over the world, we expect that the power of online
search behavior in the academic literature would be certainly going to
increase. In particular, we believe that Google search volume can be
used in other settings to further our understanding of how investor
attention impacts capital markets. Specifically, as an extension to the
growing strand of literature on the predictive power of GSV, we sup-
pose that GSV would be able to forecast futures outcomes in the French
stock market.

* Orders of the GARCH model are chosen based on information criteria which show that
GARCH (1,1) is the best model in most cases.
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