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A B S T R A C T

It is now widely recognized in the literature that individuals have limited attention and that salient information
plays a key role in individuals choices. We analyze the salience of two sources of information for investors:
firm-specific and market. Salient information on firm and market levels is captured by 52-week highs and low
indicators while investor attention is filtered by Google web searches. Results show that web searches is a predic-
tor of volume, volatility and returns, and the effects are stronger when using market information. Our findings
help to better understand the sources of information that lead individuals in making investment decisions.

1. Introduction

Recent years have seen a surge in interest on the impact of
individuals’ attention on economic choices. On the theoretical side, new
models have emerged and highlighted a systematic effect of individ-
ual attention on the decision-making process and on prices (e.g. Hirsh-
leifer and Teoh, 2003; Gabaix and Laibson, 2005; Peng, 2005; Peng and
Xiong, 2006; DellaVigna and Pollet, 2007; Bordalo et al., 2012; Kőszegi
and Szeidl, 2012; Bordalo et al., 2013b; Andrei and Hasler, 2015). On
the empirical side, new proxies of attention coming from internet search
data have allowed researchers to overcome limitations of traditional
proxies spurring new avenues of research (Da et al., 2011).1

An important body of research in this literature is concerned with
the effects of limits in attention. The seminal work of Herbert A. Simon
(1955) has relaxed the use of the strong assumption that individuals
make decisions using all the information. Studies assuming that eco-
nomic agents are not able to process all information due to attention

∗ Corresponding author.
E-mail address: ramos@essec.edu (S.B. Ramos).

1 The use of web searches as a measure of investor attention has been extended to several asset classes such as bonds (Dergiades et al., 2014), ADRs (Tang and
Zhu, 2017), REITs (Yung and Nafar, 2017), commodities (Li et al., 2015; Baur and Dimpfl, 2016; Han et al., 2017b,a; Bampinas et al., 2019; Jain and Biswal, 2019),
currencies (Bulut, 2018; Han et al., 2018), and more recently, cryptocurrencies (Panagiotidis et al., 2018; Aalborg et al., 2019).
2 A detailed review about the different ways of modelling inattention can be seen in Gabaix (2019).

capacity limits, and that address these effects can be found in Merton
(1987); Hirshleifer and Teoh (2003); Sims (2003); Peng (2005); Peng
and Xiong (2006); Hirshleifer et al. (2011), among others.2

Salience of information is one the items that researchers have inter-
acted with limited attention. As Taylor and Thompson (1982) define:
“Salience refers to the phenomenon that when one’s attention is dif-
ferentially directed to one portion of the environment rather than to
others”. Research work has demonstrated that salience can explain
decisions made in a wide range of fields. For instance, Hirshleifer and
Teoh (2003) show that investors allocate attention to the most salient
items in financial statements, and consequently, firms have incentives
to manipulate the presentation of information to make selected parts
stand out.

In line with this strand of research, we seek to understand which
pieces of information are more salient for investors’ decisions and
whether they affect economic decisions. In particular, we look at the
problem of limited attention by analyzing the salience of information
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Fig. 1. Relation between salience, attention, perception and decision.

in investment decisions and by focusing on the following research ques-
tions: i) What are the effects of limited investor attention in stock trad-
ing decisions? and, ii) what sources of information are relevant for
investors?

We draw on the Psychology literature by assuming that individuals
have constraints in their attention. Fields like marketing and advertis-
ing have for long acknowledged that consumers are often constrained
in the amount of attention they can devote to evaluate products. In
advertising, companies seek to overcome these constraints by making
their products stand out. The basic mechanism is that salience of infor-
mation affects its perception, and perception affects decision.3 Fig. 1
illustrates the relationship between salience, attention, perception and
decision.

The literature that studies the effects of limited attention shows
that limits in attention creates distortions in decision-making processes.
For instance, in financial markets, prices would incorporate only the
more salient information, which might lead to market inefficiency. We
study the effects of limited attention in a sample of companies using
web data search. Web data search is a widely recognized and reli-
able measure of investor attention. According to limited attention the-
ory, attention is a scarce resource, and constrained investors, therefore,
choose only a few sources of information. We follow Peng and Xiong
(2006)’s model, which theorizes that limited investor attention leads to
category-learning behavior, i.e., investors tend to process more market-
wide information than firm-specific information. We hypothesize that
web searches for market information have more predictive power than
those for firm-specific information. To investigate this hypothesis, we
use reference prices such as 52-week high and low prices, which are
common salient cues and have well-documented effects on investment
decisions. To identify category-learning behavior, we analyze the rela-
tionship between web searches and both firm and market 52-week highs
and lows. Although web searches have been used to analyze investor
attention, their relationship with investor biases has been neglected. To
the best of our knowledge, our paper is the first to analyze this relation-
ship.

Our paper makes several contributions to the literature. First, we
investigate the predictive power of web search queries, measured by
the Google search volume index (GSVI), for the market behavior of
stocks in the EURO STOXX 50 index, and we provide evidence that web
search queries lead one-week changes in stock market activity; specifi-
cally, an increase in web search queries foreshadows a surge in liquidity
and volatility. These findings are consistent with previous evidence of
a relationship between web searches and trading by unsophisticated
investors.

Second, we provide new evidence on the effects of limited atten-
tion in financial markets. Investors can retain only part of the infor-
mation, and must therefore select sources of information. By analyz-
ing the predictability of firm and market information, we address the
salience of information, and find that overall market cues are more
important.

Finally, the results support the prediction of anchoring4 and investor
attention theory that market 52-week highs and lows are reference

3 For a review on the link between psychology and economics, we refer the
readers to the work of DellaVigna (2009).
4 Anchoring is a cognitive bias that can be loosely described as the common

human tendency to rely too heavily on one piece of information when making
decisions even though it may have no logical relevance to the decision at hand
(Tversky and Kahneman, 1974).

prices and heighten trade. Moreover, they show that the effects of web
searches as a predictor of volume are intensified when market levels hit
a 52-week high or low. Specifically, the results suggest that attention
interacts with market 52-week highs and predicts volume and volatility,
whereas market lows seem to predict returns. Firm 52-week highs and
lows also seem to interact with investor attention. We find evidence of
predictability for volume. Fig. 2 depicts the cross correlations between
Google searches and volume in the presence (or absence) of 52-week
high prices, left and right column, respectively. A simple glance at the
figure reveals that there is a difference in the patterns of correlations
and an increase in instantaneous correlation when 52-week high prices
are considered.

Overall, our results show support for the salience of market informa-
tion over firm specific information. Prices change mostly with market
information, sustaining the view that market comovements are a major
source of uncertainty. This paper contributes to the important debates
on the distortions in decision-making processes due to constraints in
attention and learning capacity. To the best of our knowledge this is
the first work to present a test of category learning of constrained atten-
tion.

The structure of the paper is as follows. Section 2 reviews the liter-
ature on investor attention and the recent strand thereof that uses web
search query data. Section 3 describes the data, and Section 4 presents
and explains the methodology used. The empirical results are presented
in Section 5, Section 6 reports on robustness tests, and Section 7 con-
cludes the paper.

2. Literature review

This section reviews several important strands of literature related
to our work. For the sake of the exposition, Fig. 3 presents selected
works on the issues of attention, limits in attention and salience of infor-
mation.

The first strand is the one addressing the effects of investor atten-
tion. Andrei and Hasler (2015) develop a model in which they show that
stock return volatility and risk premia increase with attention. High
attention generates volatile returns, and investors require a large risk
premium to bear this attention-induced risk. Conversely, low attention
generates low return volatility and thus a smaller risk premium. They
further investigate these predictions empirically and find only mixed
support for them in the data.

Testing any theory of attention empirically requires a proxy for
investor attention. Barber and Odean (2008) are among the first
researchers to use proxies for retail investors’ attention, using data
such as extreme returns, abnormal trading volume, news and head-
lines, and analyze how they affect stock returns. They argue that
attention shocks lead to net buying by retail traders, which induces
buying pressure on uninformed retail investors in the short run.
Their findings confirm that individuals buy stocks with high vol-
umes, and large price gains on the previous day, large price drops
on the previous day, and on days with news events. They also con-
firm that the buying behavior of individual investors is more heav-
ily influenced by attention than is the buying behavior of professional
investors.

More recent studies examine data on internet search queries, and
they seem to concur that internet demand for information is a more
reliable proxy for investor attention than, for instance, news headlines.
The link between reading the news and headlines and investor deci-
sions is undoubtedly weaker than that between investor decisions and
searches for information on the internet, as the latter reflects investors’
trading intentions. Da et al. (2011) are among the first to use Google
search volume to proxy attention and study its relationship with the
commonly used measures of attention reported in the literature. The
results indicate that Google search volume is able to capture investors’
attention more efficiently than alternative measures of attention, espe-
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Fig. 2. Cross correlations between volume and lagged (one period) Google searches: (a) for Firms and (b) for EURO STOXX index.

cially in the case of less-sophisticated investors.5
Prior works also relate Google searches to changes in sentiment and

the demand for information. Joseph et al. (2011) analyze searches for
the ticker symbols of stocks in the S&P 500 from the 2005–2008 period
and construct a sentiment factor based on Google search queries. They
find that the sentiment factor has some cross-sectional explanatory
power. Furthermore, other studies report that the demand for infor-
mation, as measured by Google searches, increases significantly during
periods of higher returns (e.g., Dzielinski, 2012; Vlastakis and Markel-
los, 2012).

Second, our study also relates to the literature on the effects of lim-
ited attention. Herbert Simon was one of the first to model attention
as a scarce cognitive resource (Simon, 1955), and individuals do not
take into account all available information in their decisions. Several
works have incorporated the assumption that individuals have capac-
ity constraints and cannot incorporate all available information. For
example, Merton (1987) shows that attention limits cause imperfect
portfolio diversification, and in equilibrium, the stocks of less-known
firms have to offer higher returns to compensate for the lower degree
of diversification. Hirshleifer and Teoh (2003) models firms’ choices

5 Subsequent works have documented a link between investor attention,
proxied by web searches, and liquidity (Bank et al., 2011; Aouadi et al., 2013;
Ding and Hou, 2015; Aouadi et al., 2018), and between investor attention and
volatility (Vlastakis and Markellos, 2012; Dimpfl and Jank, 2016; Chronopoulos
et al., 2018).

between alternative means of presenting information, and the effects
of different presentations on market prices when investors have limited
attention and processing power. Peng (2005) models the effects of a
capacity constraint on the amount of information processed. He theo-
rizes that due to capacity constraints, larger stocks attract more capac-
ity allocation to the extent that they make a greater contribution to the
uncertainty in an investor’s portfolio. As a result, they tend to have a
greater supply of information, and their prices incorporate fundamen-
tal shocks at a faster pace and exhibit less volatility to exogenous firm
announcements. Peng and Xiong (2006)’s model theorizes that limited
investor attention leads to category-learning behavior, i.e., investors
tend to process more market-wide information than firm-specific infor-
mation. If this is the case, we would expect to find that market infor-
mation attracting more attention leads to greater increases in the pre-
dictive power of web searches than similar increases in available firm-
specific information. DellaVigna and Pollet (2007) present a model of
inattention to information about the distant future and find evidence
that investors fail to incorporate predicable but distant demographic
changes. Hirshleifer et al. (2011) model shows how limited attention
explains both under- and overreaction to different earnings compo-
nents.

Empirical works have provided evidence that investors have limited
attention and can be inattentive to important information. DellaVigna
and Pollet (2009) use the weekend as proxy for distraction and find
that investors are more inattentive to market information on Fridays.
Huddart et al. (2009) find that investors are able to evaluate only a lim-
ited amount of information. Hirshleifer et al. (2009) find that investors



Fig. 3. Selected literature on investor attention and salience.

become distracted when there are several announcements in the same
day and they tend to react less to earnings announcements.

The study of salience goes hand in hand with attention. Bordalo
et al. (2012) present a theory of choice among lotteries in which the
decision maker’s attention is drawn to (precisely defined) salient pay-
offs. They study the effects of salient payoffs on choice of lotteries. In
making choices, individuals overweight these salient payoffs relative
to their objective probabilities. Bordalo et al. (2013a) present a simple
model of asset pricing in which payoff salience drives investors’ demand
for risky assets. The key implication is that extreme payoffs receive
disproportionate weight in the market valuation of assets. The model
accounts for several puzzles in finance in an intuitive way, including
preference for assets with a chance of very high payoffs, an aggre-
gate equity premium, and countercyclical variations in stock market
returns.

Research shows that salience of information matters and leads
investors to suboptimal decisions like those of choosing assets with
risky payoffs. Cosemans and Frehen (2017) find that in stock mar-
kets, investors tend to focus on the most salient payoffs and are con-
sequently attracted to purchasing stocks with salient upsides, creating
further excess demand and the overvaluation of such stocks. Instead,
stocks with salient downsides tend to become undervalued and earn
higher returns later on. On the other hand, future returns of overval-
ued stocks are lower. Frydman and Mormann (2018) show, through
experiments, that salient payoffs distort the decision maker perception
of risky choices.

Our study also relates to works on 52-week high and low stock
prices, which are considered important reference points for various
market participants. Several empirical studies document that hitting
high or low prices affects trading behavior (Grinblatt and Keloharju,
2001; Lee and Piqueira, 2017). Huddart et al. (2009) find that trad-
ing volume is higher when the stock price is above the 52-week high
or below the 52-week low, which indicates that both 52-week highs
and lows are important reference points in a decision-making process.
Finally, other studies show that 52-week high and low stock prices are
associated with the exercise of executive stock options (Heath et al.,
1999), the exercise of exchange-traded stock options (Poteshman and
Serbin, 2003), the trading volume (Huddart et al., 2009), the pricing
of mergers and acquisitions (Baker et al., 2012; Ma et al., 2019), the
momentum strategy (George and Hwang, 2004; Bianchi et al., 2016;

Bhootra, 2018; Hao et al., 2018), the asset prices (Huddart et al., 2009;
Li and Yu, 2012; George et al., 2018), and the analyst recommendations
(Lin, 2018). This evidence has been documented in international finan-
cial markets rather than the US. For instance, Liu et al. (2011) find that
the 52-week high strategy generates significantly positive momentum
returns in 10 out of the 20 international markets.

3. Data

3.1. Firm data

The data set comprises information on stocks from the EURO STOXX
50 Index, Europe’s leading blue-chip index for the euro zone. The index
covers 50 stocks from 12 euro zone countries: Austria, Belgium, Fin-
land, France, Germany, Greece, Ireland, Italy, Luxembourg, the Nether-
lands, Portugal and Spain. Stocks are traded on different exchanges such
as Euronext, Deutsche Borse, NASDAQ, London Stock Exchange Group
and Bolsas y Mercados Españoles. This index combines “blue chips”
that share a currency (the euro) but are headquartered in different geo-
graphic areas and operate in different sectors.

In contrast with studies that have focused on small or neglected
stocks to study investor attention, our sample of stocks is composed of
leading firms, the largest companies in the euro zone. Large stocks typ-
ically receive more attention from financial media and coverage from
sell side analysts, such as more frequent recommendations and earnings
forecasts. This difference is important because the evidence on price
surges due to investor attention comes from small firms (Bank et al.,
2011). Moreover, large stocks are widely followed by investors, media
and analysts, and therefore, relevant information such as changes in
fundamentals should be rapidly incorporated into prices. In addition,
theoretical work on limited attention postulates that investor attention
can vary across firms, and individual investors can allocate more atten-
tion to large firms (Peng, 2005). Finally, the results are less likely to be
influenced by liquidity issues.

We consider only firms that are part of the index during the sample
period, because the inclusion and exclusion of a stock from a certain
index is already an event that is associated with media coverage and
investor attention (see Shleifer, 1986; Kaul et al., 2000; Chen et al.,
2004).



We obtain the prices (P) and  volume  (Vol) of the stocks compris-
ing the index from Bloomberg. Prices are weekly and in euros. Let 
Pi,t and Voli,t be the observed weekly closing price and volume of 
stock i, with i = 1, … , n and t = 0, … , T. Thus, the weekly changes 
in price and volume for stock i are defined as ri,t = ln(Pi,t ∕Pi,t−1) and 
volumei,t = ln(Voli,t ∕Voli,t−1).

3.2. Google search volume index

We use the data collected from “Google Insights for Search” to study 
the relationship between internet search queries about a company and 
stock market activity. “Google Insights” is a free service available to 
the public that registers the evolution of the number of searches on a 
particular word or set of words.6 Search queries on Google are aggre-
gated over millions of worldwide users of the Google search engine. 
“Google Insights” provides users with time series data on the number 
of times a particular keyword search term is entered into the Google 
search engine. Data from “Google Insights” are available on a daily basis 
for a 90-day rolling window and on a weekly basis from the beginning 
of 2004.

There is a wide variety of potential search terms to consider. Does a 
search for “Santander” refer to the bank or to the city in northern Spain?
Is a search for “Carrefour” made by a potential investor or simply a 
consumer in search of the nearest supermarket? The current technology 
does not allow us to know the precise final intention of searchers. If 
there is no way to distinguish a “search for knowledge” from a “search 
to decide”,7 three options arise: (1) consider the complete name of the 
firm (“Banco Santander SA”, for example), (2) follow Da et al. (2011) 
and use the ticker symbol of the stock (“SAN”), or (3) follow Vlastakis 
and Markellos (2012) and consider the name of the company (simply 
“Santander”).8 Search items are presented in Table 1.

The default GSVI presented on “Google Trends” is a relative metric 
and is based on the relationship between actual searches and average 
searches over a given period:

GSVI = Actual Number of Searches
Average Number of Searches

.

A GSVI value of one means that there is neither a rise nor a fall in
the web search interest for a given keyword. If the GSVI increases
(decreases), this means that the actual number of searches increases
(decreases) relative to the average.9,10

The sample starts in January 2004 and ends in June 2011,11 and
the frequency is weekly, because Google data are available only after
January 2004 and allow only the weekly export of data, although the

6 A key issue is whether Google is representative of web search queries on
the internet. Search engine rankings in the US can be found at http://www.
comscore.com. According to their data, Google has a market share of approxi-
mately 2/3. World market shares can be found at http://www.netmarketshare.
com/. According to this company, Google has a share of approximately 85%.
7 Broder (2002) defines a taxonomy for web searches, presenting three types

of needs: informational, navigational, and transactional.
8 In Europe, it is less common to search for stocks using ticker symbols than

it is in the US.
9 As in earlier studies, we adopt-up mode “on” for the sake of temporal fair-

ness in which the data are treated as variations from the average, which is
represented by the number 1. In this approach, a value of 3 means three times
more queries than the average for the period considered. To control for the
overall increase in the number of internet searches over time, the data are nor-
malized. The total number of web searches for a particular keyword is divided
by the total number of internet searches during a particular time period.
10 Note that the “Google Insights” system eliminates repeated queries from a
single user over a short period of time so that the level of interest in a particular
topic is not artificially inflated. This normalization was first proposed by Da et
al. (2011) to eliminate time trends and short-term seasonality.
11 In 2012, Google Insights was merged into Google Trends.

service is updated daily.12 After applying the filters, the final sample
contains 36 listed companies from seven countries and nine sectors as
shown in Table 1. The table also presents the sector and the country of
the firms.

Following Da et al. (2011), we use the logarithm of GSVI due to its
distributional properties and the simpler interpretation whereby nega-
tive values represent a decrease in search activity:

ASVIi,t = ln(GSVIi,t) − ln(median(GSVIi,t−1,… ,GSVIi,t−8)). (1)

The variable ASVI indicates the extent to which current web searches
differ from the median over the last eight weeks. This measure is dis-
tinct from GSV I because it seeks to capture abnormal changes.

We use the test developed by Im et al. (2003) to examine whether
a unit root is present in this variable. The test confirms that ASVI is
stationary across the panels.13

3.3. Measuring stock market activity

In this section, we describe measures related to stock market activ-
ity such as volume (volume), returns (r), and volatility. The last is the
estimated volatility from a GARCH(1,1) model (𝜎garch) as a proxy for
firm price volatility and is computed as

ri,t = 𝜇i + 𝜎i,t𝜖i,t

𝜎2i,t = 𝛼0i + 𝛼1i𝜀
2
i,t−1 + 𝛽1i𝜎

2
i,t−1,

(2)

where 𝜀i,t = 𝜎 i,t𝜖i,t is the prediction error for firm i at time t, 𝜎i,t > 0
is the conditional standard deviation of the underlying stock return
(denoted volatility), and 𝜖i,t ∼ NID(0,1). We impose the conditions
that 𝛼0i > 0, 𝛼1i ≥ 0, and 𝛽1i ≥ 0 to guarantee that the conditional
variance for each firm is positive and 𝛼1i + 𝛽1i < 1 to ensure its sta-
tionarity.

We also compute a one-factor alpha 𝛼i,t , where alphas are estimated
with a 52-week rolling window. The index return is the return of the
EURO STOXX index, and the risk-free rate is proxied by the return on
the one-week EURIBOR rate.

Table 2 reports the summary statistics of the firm-level variables.
The mean for all variables is zero or quite close to zero. volume is the
most volatile variable, with a standard deviation of 0.4034, followed by
ASVI, with a standard deviation of 0.1438. The 25th percentile is neg-
ative for all variables except 𝜎garch, the median is approximately zero,
and the 75th percentile is positive and reaches its maximum value for
the variable volume, at 0.2152. Panel B presents correlations between
the main variables. The web search variable (ASVI) is positively corre-
lated with volume and volatility and negatively correlated with returns.
All correlations are low except for that between returns (r) and the one-
factor alpha (𝛼).

4. Methodology

We first investigate whether web search queries (proxied by ASVI)
predict stock market activity in order to validate our measure of atten-
tion. To do so, we estimate the following equation:

xi,t = b0 + b1 · ASVIi,t−1 + b2 · Zi,t−1 + ui,t , (3)

12 In addition, to increase the accuracy of the findings, we exclude stocks with
a GSVI value of zero for at least eight consecutive weeks, as these observations
are not beneficial for research and may even distort the results. GFD Suez and
Munich Re are excluded from the sample after applying this filter.
13 We have also performed the panel unit root test under cross-sectional depen-
dence developed by Breitung and Das (2005); the resulting test statistic is
−26.292 with a p-value of 0 (including a trend). Therefore, we reject the null
that ASVI has unit roots across the panels. Details of the test results are available
from the authors upon request.

http://www.comscore.com
http://www.comscore.com
http://www.netmarketshare.com/
http://www.netmarketshare.com/


Table 1
Sample description. This table presents the sample firms on the EURO STOXX 50 index between 2004 and
2011. The last column is the item searched on Google engine.

Firm Country Industry Item searched

AIR LIQUIDE SA France Basic Materials “Air Liquide”
ALLIANZ SE-REG Germany Financial “Allianz”
AXA SA France Financial “AXA”
BANCO SANTANDER SA Spain Financial “Santander”
BASF SE Germany Basic Materials “Basf”
BAYER AG-REG Germany Basic Materials “Bayer”
BANCO BILBAO VIZCAYA ARGENTA Spain Financial “BBVA”
BNP PARIBAS France Financial “BNP Paribas”
CARREFOUR SA France Consumer, Non-cyclical “Carrefour”
DAIMLER AG-REGISTERED SHARES Germany Consumer, Cyclical “Daimler”
DANONE France Consumer, Non-cyclical “Danone”
DEUTSCHE BANK AG-REGISTERED Germany Financial “Deutsche Bank”
DEUTSCHE TELEKOM AG-REG Germany Communications “Deutsche Telekom”
E.ON AG Germany Utilities “EON”
ENEL SPA Italy Utilities “Enel”
ENI SPA Italy Energy “ENI”
FRANCE TELECOM SA France Communications “France Telecom”
ASSICURAZIONI GENERALI Italy Financial “Generali”
IBERDROLA SA Spain Utilities “Iberdrola”
ING GROEP NV-CVA Netherlands Financial “ING”
KONINKLIJKE PHILIPS ELECTRON Netherlands Industrial “Philips”
L’OREAL France Consumer, Non-cyclical “L’Oreal”
LVMH MOET HENNESSY LOUIS VUI France Diversified “LVMH”
MUENCHENER RUECKVER AG-REG Germany Financial “RWE”
REPSOL YPF SA Spain Energy “Repsol”
NOKIA OYJ Finland Communications “Nokia”
COMPAGNIE DE SAINT-GOBAIN France Industrial “Saint-Gobain”
SANOFI France Consumer, Non-cyclical “Sanofi”
SIEMENS AG-REG Germany Industrial “Siemens”
SOCIETE GENERALE France Financial “Societe Generale”
TELECOM ITALIA SPA Italy Communications “Telecom Italia”
TELEFONICA SA Spain Communications “Telefonica”
TOTAL SA France Energy “Total”
UNICREDIT SPA Italy Financial “Unicredit”
UNILEVER NV-CVA Netherlands Consumer, Non-cyclical “Unilever”
VIVENDI France Communications “Vivendi”

Table 2
Descriptive statistics on panel regression variables. Panel A presents the number of observations,
mean, standard deviation, 25th percentile, median, and the 75th percentile of the variables used
in the panel regressions. Panel B presents correlations. The sample period ranges from 2004:01
through 2011:06. The observations are weekly and returns are in euro.

Panel A: Descriptive Statistics

ASVI volume r 𝛼 �̂�garch

Mean 0.0029 0.0029 0.0000 0.0000 0.0171
Standard Deviation 0.1438 0.4034 0.0440 0.0310 0.0100
25th percentile −0.0550 −0.2261 −0.0196 −0.0147 0.0117
Median 0.0000 −0.0076 0.0015 −0.0004 0.0142
75th percentile 0.0550 0.2152 0.0215 0.0143 0.0185
Number Observations 13,788 14,040 14,040 12,168 14,076

Panel B: Correlations

ASVI volume r 𝛼 �̂�garch

ASVI 1.000
volume 0.065 1.000
r −0.012 −0.082 1.000
𝛼 −0.004 0.004 0.666 1.000
𝜎garch 0.030 0.001 −0.085 −0.022 1.000

where the dependent variables are the previously defined return mea-
sures, volume, and volatility, that is, xi,t = {ri,t , 𝛼i,t , voli,t , 𝜎i,t}, ASVIi,t−1
is the web search indicator, Zi,t−1 are control variables such as previous
week’s return, volume, and volatility, because these variables have pre-
viously been used as proxies for investor attention (see, e.g., Gervais et
al., 2001; Barber and Odean, 2008; Chemmanur and Yan, 2009), and
time dummies that address time effects in the data. If b1 is statistically

different from zero, then web search queries predict the behavior of the
stock market variable.

The model in Eq. (3) predicts a linear relationship between investor
attention and the market variables. However, prior works have argued
that the effects of investor attention can be nonlinear, as investors tend
to react only to securities that grab their attention. Therefore, we test a
different specification to capture potential nonlinear effects, more pre-



cisely a convex relationship:

xi,t = b0 + b1 · ASVIi,t−1 + b2 · ASVI2i,t−1 + b3 · Zi,t−1 + ui,t . (4)

In this way, we can distinguish whether large changes from the average
search queries have a different impact on stock market variables than
do small changes, which will be captured by the coefficient b2.

In addition, we aim to study the effects of limited investor attention.
It is recognized that individuals have limited attention and processing
capabilities, and do not consider all available information in decision
making. Peng and Xiong (2006)’s model presumes that market informa-
tion is more salient than firm information. If this is the case, we would
expect to find that market information leads to larger increases in the
predictive power of web searches than similar increases in available
firm-specific information.

To investigate this, we need to use salient cues, that is, informa-
tion that attracts the attention of investors and is also readily accessible
to investors. The literature has widely documented that 52-week high
and low prices are salient cues to retail investors. They can easily be
found on financial sites and in newspapers, have low search costs, and
can effortlessly be obtained by unsophisticated investors. Moreover,
their effects on investment decisions at several levels are well docu-
mented and are supported by behavioral theories. For instance, George
and Hwang (2004) argue that investors use these cues as an anchor
when they evaluate new information. Huddart et al. (2009) posit that
if investors are able to evaluate only a limited number of companies,
stocks entering investors’ choice sets will be those that attract their
attention. They observe higher volume when stocks surpass their 52-
week high or low, which also results in more buys and positive subse-
quent returns.

We analyze investors’ attention to firm and market highs and lows
and distinguish between them. Following Driessen et al. (2013), we
create dummy variables to indicate whenever the previous week price
is higher than the 52-week high (Phighi,t ) or lower than the 52-week low
(Plowi,t ). We define the following indicators:

Phighi,t =
{
1 if max(0,Pi,t − [max(Pi,t−1,… ,Pi,t−52)]) > 0
0 otherwise

Plowi,t =
{
1 if min(0,Pi,t − [min(Pi,t−1,… ,Pi,t−52)]) < 0
0 otherwise,

where i indexes firms, and t indexes time.
Similarly,Mhigh

t andMlow
t are dummy variables that indicate whether

stock market indexes surpass a 52-week high or low, respectively.

Mhigh
t =

{
1 if max(0,Mt − [max(Mt−1,… ,Mt−52)]) > 0
0 otherwise

Mlow
t =

{
1 if min(0,Mt − [min(Mt−1,… ,Mt−52)]) < 0
0 otherwise.

We also construct indicator variables whenever prices are in the
range of a 52-week high and low. To define the price range, we follow
the thresholds of Driessen et al. (2013); PRange_high is a dummy variable
that indicates whenever the price is within a 3% range below the 52-
week high, and PRange_low is a dummy variable that indicates whenever
the price is within a 3% range above the 52-week low. MRange_high and
MRange_low are dummy variables that indicate whether the market value
of the index is within a 3% range below the 52-week high and above
the 52-low, respectively.

We extend the baseline Eqs. (3) and (4) with the dummy variables
P𝜃i,t and M𝜃

t interacted with changes in ASVI to investigate whether
investor attention differs between firm- and market-level information.

The equations have the following form:

xi,t = b0 + b1 · ASVIi,t−1 + b2 · ASVI2i,t−1 + b3 · P
𝜃
i,t−1

+ b4 · ASVIi,t−1 · P𝜃i,t−1 + b5 · ASVI
2
i,t−1 · P

𝜃
i,t−1

+ b6 · Zi,t−1 + ui,t ,

(5)

where P𝜃i represents the firm price breakthrough indicator, the super-
script 𝜃 = {high, low,Range_highorRange_low}, and

xi,t = b0 + b1 · ASVIi,t−1 + b2 · ASVI2i,t−1 + b3 ·M
𝜃
t−1

+ b4 · ASVIi,t−1 ·M𝜃
t−1 + b5 · ASVI

2
i,t−1 ·M

𝜃
t−1

+ b6 · Zi,t−1 + ui,t ,

(6)

with M𝜃 representing the market breakthrough indicator.
The proposed framework has the advantage of disentangling the

effects of web search queries and price breakthroughs, but it can also
capture the joint effect of both. Prior works indicate that the interac-
tion variables for the 52-week market high and low are more likely to be
significant than the interactions for the 52-week high and low of firms.
If the interaction coefficient is positive (negative), it enhances (miti-
gates) web search queries as a predictor, and confirming that attention
is affected by salient cues.

We separate the analysis into two parts. First, we analyze firm 52-
week breakthroughs and second, we examine stock market 52-week
breakthroughs and their impact on predictability of stock volume,
volatility and returns. Given the structure of the data, we estimate Eqs.
(3)–(6) using panel data. Some advantages of this approach are that it
enhances both the quality and quantity of data available and allows for
more accurate model inference, controlling for the impact of omitted
variables, and for studying the dynamics of the variable of interest with
a relatively short time series. Moreover, intercepts can differ at the firm
level to capture cross-sectional heterogeneity. Since the data can still
present cross-panel and temporal dependencies that may lead to biased
statistical inference, we report panel data estimations, where standard
errors of the coefficient estimates are adjusted for possible cross-panel
correlation and autocorrelation in the residuals.

5. Empirical results

This section presents the empirical results. We begin by describing
the results of portfolios of stocks sorted according to the frequency of
web search queries. Next, we conduct a regression analysis that includes
several controls.

5.1. Portfolios sorted according to web search queries

We begin by constructing portfolios of stocks sorted by changes in
web search queries. Each week, stocks are sorted by the level of changes
in search queries (ASVI) and separated into quartiles. Q1 is the portfo-
lio of stocks with the largest increase in web searches, and Q4 is the
portfolio with the largest decrease. We then compute the mean (or the
median) of the variable of interest for each of the four portfolios. Week
0 is the week that the portfolio is formulated, and we focus on the
Q1-Q4 difference from four weeks before portfolio formation until four
weeks after portfolio formation, i.e., from week −4 to week +4. The
results for the Q1-Q4 gaps in the different variables are presented in
Figs. 4–6. We depict the mean (red line) and the median (black line).

Fig. 4 shows the pattern for volume. In week 0, there is a slight
increase in the volume traded; the Q1-Q4 difference in V ol is 3.07% in
week 0 and 6.5% in the week after portfolio formation. We also observe
that after week 1, the gap becomes slightly negative (in weeks 2, 3 and
4), which means that stocks that previously had the most search queries
experience a decline in trading.

Overall, the evidence suggests a surge in volume traded in the week
subsequent to an increase in web search queries, which is consistent



Fig. 4. Portfolios formed on web search queries and changes in volume.

with the presence of unsophisticated investors. The results are similar
if we use the median instead of the mean.

Fig. 5 depicts the patterns of the return measures around search
queries (the results are in percentage terms). The observed patterns
are less clear in this case. The first row reports the raw returns, and

we observe differences in the mean and median returns of portfolios
Q1-Q4. The mean peaks in week −2, while the median peaks in week
0. After week +2, the difference in the returns of portfolios Q1-Q4
decreases, and in week 4, the gap is −11 b.p. The panel on the right-
hand side depicts the 2-week cumulative returns and reveals a decreas-
ing trend in cumulative returns. At week +4, the gap in cumulative
returns is −20 b.p.

This trend is similar for risk-adjusted returns (𝛼) in the second row.
The median and mean do not seem to move together, even only one
week after portfolio formation. The last panel on the right shows the 2-
week cumulative abnormal returns. Mean and median abnormal returns
are positive, but after week +1 the Q1-Q4 gap narrows.

Fig. 6 depicts the difference in the volatility of the portfolio of highly
searched stocks minus that of the least searched stocks. The figure
reveals a rising trend that starts slowly in week −2 and peaks in week
+1, falling thereafter. Thus, stocks experiencing an increase in search
queries tend to register a surge in volatility.

In summary, the portfolio approach suggests that web search queries
might be related to stock market activity. The figures highlight notice-
able differences in market variables between stocks with higher and
lower search queries that are, nevertheless, short-lived.

A concern in our analysis is that it encompasses the crisis period.
To obtain a snapshot of the impact of the crisis, we reconstruct the
figures while separating out the period of the crisis. We separate the
periods before the sub-prime crisis (January 2004 until the end of July
2007), the crisis (August 2007 until December 2008) and after the crisis

Fig. 5. Portfolios formed on web search queries and returns (in percentage).



Fig. 6. Portfolios formed on web search queries and volatility (𝜎garch).

Fig. 7. Portfolios formed on web search queries and changes in volume-
subperiods.

(January 2009 until June 2011). Figs. 5–7 show that during the crisis,
the pattern of the stock market variables changes. We therefore control
for that effect in the subsequent analysis (see Fig. 8).

5.2. Predictive power of web search queries

The results of testing Eqs. (3) and (4) for the variable volume are
reported in Table 3. The results indicate that an increase in web search
queries for stocks is followed by an increase in volume. Column (1)
shows the estimation without the proxy for investor attention. Column
(2) shows that investor attention ASVI is statistically significant and has
positive coefficients for volume.

As the observed pattern suggests convexity, column (3) presents the
coefficients of the nonlinear specification – Eq. (4) – by presenting the
coefficients of ASVI2t−1. The coefficient is positive and statistically sig-
nificant, and thus, large increases (decreases) in search queries have a
proportionally larger impact than do smaller increases (decreases). The
control variables have a negative coefficient, meaning that an increase
in the previous week’s volume, returns, and volatility tends to predict a
decrease in volume. Columns (4) and (5) show the results of controlling
for the crisis period on the predictive power of web searches. The coef-
ficient of the dummy crisis is negative, indicating lower volume during
that period. We interact search queries with the time dummy crisis, and

Fig. 8. Portfolios formed on web search queries and changes in volatility-
subperiods.

both coefficients indicate that the predictive power of web searches is
lower during that period.

Table 4 reports the results of testing whether web search queries
lead the next week’s volatility. Column (1) shows the estimation with-
out the investor attention proxy. Column (2) adds the investor attention
proxy and indicates that ASVIt−1 is statistically significant with a posi-
tive coefficient; thus, an increase in search queries precedes an increase
in stock volatility, but column (3) indicates that the relationship is not
convex, and thus, large changes do not seem to have a different impact
than small changes. Columns (4) and (5) check whether there are sub-
stantial changes during the crisis period. The coefficient of the interac-
tion variable is negative but not statistically significant.

The predictive power of web attention for returns is presented in
Table 5. Columns (1)–(5) and (6)–(7) show the results for raw returns
and risk-adjusted returns (𝛼), respectively. Note that ASVIt−1 is not sta-
tistically significant. Columns (4), (5), (8) and (9) show the effects of
the crisis, but the coefficients are not statistically significant except for
the time dummy crisis.

5.3. Investor attention paid to firm and market 52-week highs and lows

In this subsection, we analyze whether the predictive power of web
searches is affected by firm and market price breakthroughs. Several
works note that individual investors have limited attention and pro-
cessing capabilities, and consequently, they are not able to process all
available information. Therefore, we analyze whether investors process
more market-level information than firm-level information.

Table 6 - Panel A reports the results for predictability of volume
when the web search variables ASVIt−1 and ASVI2t−1 are interacted with
firm 52-week high and low prices (Phigh and Plow, respectively). As we
are interested in the coefficient of the interaction variables, we present
only their coefficients for the sake of space.14 Columns (1)–(4) reveal
that the predictive power of ASVIt−1 is maintained but also the presence
of nonlinear effects – columns (2) and (4). The price dummies P𝜃i,t−1
are not statistically significant, which leads us to conclude that this
information by itself does not seem to impact volume.

The interaction variables are statistically significant when firm
prices break through or fall into the range of 52-week highs and lows.
For instance, when firm prices are in the range of or surpass 52-week
lows, web attention predicts a decrease in volume. The coefficients of
ASVI2t−1 are 0.045–1.787 and 0.047–0.887. On the contrary, when it

14 Complete tables are available upon request from the authors.



Table 3
Web search queries and predictability of volume. This table presents the estimation of Eqs. (3) and (4).
The dependent variables is volume (volume) of stocks of the EURO STOXX market index. Independent
variables are abnormal changes in Google search colume index (ASVI) as defined in Eq. (1), the square
of ASVI (ASVI2), changes in volume (volume), returns (r) and volatility of returns (𝜎garch) as defined in
Eq. (2). crisis is a dummy that assumes 1 during the period from August 2007 to December 2008 and 0
otherwise. The sample period ranges from 2004:01 through 2011:06. The observations are weekly and
returns are in EUR. T-statistics are in brackets under coefficients. Standard errors are adjusted for
possible cross-panel correlation and autocorrelation in the residuals. All independent variables are
lagged 1 week.∗,∗∗,∗∗∗ denotes statistical significance at the 1, 5 and 10 percent level.

volumet
(1) (2) (3) (4) (5)

ASVIt−1 0.201∗∗∗
(10.78)

0.189∗∗∗
(9.80)

0.210∗∗∗
(10.26)

0.197∗∗∗
(9.44)

ASVIt−1 · crisis −0.041
(−0.83)

−0.033
(−0.61)

ASVI2t−1 0.049∗∗
(2.51)

0.075∗∗∗
(3.37)

ASVI2t−1 · crisis −0.066
(−1.43)

volumet−1 −0.264∗∗∗
(−26.05)

−0.273∗∗∗
(−26.76)

−0.273∗∗∗
(−26.74)

−0.273∗∗∗
(−26.77)

−0.273∗∗∗
(−26.77)

rt−1 −0.444∗∗∗
(−5.52)

−0.433∗∗∗
(−5.38)

−0.434∗∗∗
(−5.39)

−0.434∗∗∗
(−5.39)

−0.435∗∗∗
(−5.41)

𝜎garch,t−1 −1.896∗∗∗
(−5.05)

−1.987∗∗∗
(−5.25)

−1.974∗∗∗
(−5.22)

−1.980∗∗∗
(−5.23)

−1.964∗∗∗
(−5.19)

crisis −2.248∗∗∗
(−107.41)

−0.867∗∗∗
(−26.80)

Constant 0.337∗∗∗
(20.74)

0.549∗∗∗
(26.84)

−1.511∗∗∗
(−111.79)

0.739∗∗∗
(52.84)

0.739∗∗∗
(52.78)

Observations 14,004 13,752 13,752 13,752 13,752
R2 0.538 0.549 0.549 0.549 0.549
Time Dummies yes yes yes yes yes
Firms 36 36 36 36 36

Table 4
Web Search queries and predictability of volatility. This table presents the estimation of Eqs. (3) and (4). The dependent variable
is volatility 𝜎garch of stocks of the EURO STOXX market index. Independent variables are abnormal changes in Google search
volume index (ASVI) as defined in Eq. (1), the square of ASVI (ASVI2), changes in volume (volume), returns (r) and volatility of
returns (𝜎garch). crisis is a dummy that assumes 1 during the period from August 2007 to December 2008 and 0 otherwise. The
sample period ranges from 2004:01 through 2011:06. The observations are weekly and returns are in EURO. T-statistics are in
brackets under coefficients. Standard errors are adjusted for possible cross-panel correlation and autocorrelation in the residuals.
All independent variables are lagged 1 week.∗,∗∗,∗∗∗ denotes statistical significance at the 1, 5 and 10 percent level.

Dependent variable: 𝜎garch
(1) (2) (3) (4) (5)

ASVIt−1 0.001∗∗∗
(3.24)

0.001∗∗∗
(3.02)

0.001∗∗∗
(3.49)

0.001∗∗∗
(3.12)

ASVIt−1 · crisis −0.000
(−0.71)

−0.000
(−0.49)

ASVI2t−1 0.000 0.000
(0.19) (0.96)

ASVI2t−1 · crisis −0.000
(−0.64)

𝜎garch,t−1 0.885∗∗∗
(109.89)

0.885∗∗∗
(108.66)

0.885∗∗∗
(108.65)

0.885∗∗∗
(108.62)

0.885∗∗∗
(108.61)

rt−1 −0.011∗∗∗
(−9.17)

−0.011∗∗∗
(−9.07)

−0.011∗∗∗
(−9.07)

−0.011∗∗∗
(−9.07)

−0.011∗∗∗
(−9.07)

volumet−1 0.000∗∗∗
(2.51)

0.000∗∗
(2.29)

0.000∗∗
(2.29)

0.000∗∗
(2.29)

0.000∗∗
(2.29)

crisis −0.001
(−1.50)

−0.000
(−0.52)

Constant 0.000
(1.08)

0.002∗∗∗
(8.44)

0.002∗∗∗
(8.31)

0.002∗∗∗
(10.77)

0.002∗∗∗
(9.29)

Observations 14,004 13,752 13,752 13,752 13,752
R2 0.926 0.926 0.926 0.926 0.926
Time Dummies yes yes yes yes yes
Firms 36 36 36 36 36



Table 5
Web Search queries and predictability of returns. This table presents the estimation of Eqs. (3) and (4). The dependent variables are returns (r), abnormal
returns (𝛼) of stocks of the EURO STOXX market index. Independent variables are abnormal changes in Google search volume index (ASVI) as defined in Eq.
(1), the square of ASVI (ASVI2), changes in volume (volume), returns (r) and volatility of returns (𝜎garch). crisis is a dummy that assumes 1 during the period
from August 2007 to December 2008 and 0 otherwise. The sample period ranges from 2004:01 through 2011:06. The observations are weekly and returns
are in EURO. T-statistics are in brackets under coefficients. Standard errors are adjusted for possible cross-panel correlation and autocorrelation in the
residuals. All independent variables are lagged 1 week.∗,∗∗,∗∗∗ denotes statistical significance at the 1, 5 and 10 percent level.

Dependent Variable: rt Dependent Variable: 𝛼t
(1) (2) (3) (4) (5) (6) (7) (8) (9) (10)

ASVIt−1 −0.001
(−0.55)

−0.001
(−0.43)

−0.001
(−0.32)

−0.001
(−0.36)

0.000
(0.13)

0.000
(0.12)

−0.001
(−0.31)

−0.001
(−0.39)

ASVIt−1 · crisis −0.002
(−0.37)

−0.000
(−0.05)

0.005
(0.84)

0.007
(1.10)

ASVI2t−1 −0.001
(−0.33)

0.001
(0.29)

0.000
(0.03)

0.002
(0.67)

ASVI2t−1 · crisis −0.004
(−0.85)

−0.006
(−1.21)

volumet−1 0.001
(0.71)

0.000
(0.46)

0.000
(0.46)

0.000
(0.46)

0.000
(0.45)

0.001
(0.91)

0.001
(0.91)

0.001
(0.91)

0.001
(0.90)

0.001
(0.90)

rt−1 −0.054∗∗∗
(−3.61)

−0.054∗∗∗
(−3.55)

−0.054∗∗∗
(−3.55)

−0.054∗∗∗
(−3.55)

−0.054∗∗∗
(−3.55)

−0.025∗
(−1.74)

−0.025∗
(−1.74)

−0.025∗
(−1.74)

−0.025∗
(−1.75)

−0.025∗
(−1.75)

𝜎garch,t−1 −0.009
(−0.08)

−0.004
(−0.04)

−0.004
(−0.04)

−0.003
(−0.03)

−0.003
(−0.04)

−0.026
(−0.34)

−0.027
(−0.34)

−0.027
(−0.34)

−0.027
(−0.35)

−0.027
(−0.35)

crisis 0.036∗∗∗
(10.14)

−0.064∗∗∗
(−18.32)

−0.005∗
(−1.80)

−0.012∗∗∗
(−3.37)

Constant 0.021
(10.42)

−0.024∗∗∗
(−10.58)

−0.024∗∗∗
(−10.45)

−0.010∗∗∗
(−6.30)

0.069∗∗∗
(19.61)

0.001
(0.54)

0.004∗∗∗
(2.69)

0.007∗∗∗
(3.02)

0.007∗∗
(2.32)

0.007∗∗
(2.26)

Observations 14,004 13,752 13,752 13,752 13,752 12,168 12,168 12,168 12,168 12,168
R2 0.524 0.525 0.525 0.525 0.525 0.023 0.023 0.023 0.023 0.023
Firms 36 36 36 36 36 36 36 36 36 36
Time Dummies yes yes yes yes yes yes yes yes yes yes

ranges around a 52-week high, investor attention predicts an increase
in volume, and the value of the coefficient is −0.035 + 0.106.

The crisis changes the coefficients. The predictability of volume is
lower, although not statistically significant, and all the coefficients of
the interaction terms have the opposite sign compared with the non-
crisis period.

Panel B shows the results of interacting web searches with a dummy
that indicates when the stock market hits or ranges around a 52-week
high or low (M𝜃

t−1). Column (5) shows that the interaction coefficient
is positive when the stock market hits a 52-week high. The relation
is convex (0.207–0.075), indicating that an increase in search queries
leads to a stronger increase in volume when the stock market hits a 52-
week high. In columns (6)–(8), the coefficient of ASVI is positive, but
the interaction coefficients are not statistically significant. All market
breakthrough dummies are statistically significant, pinpointing changes
in volume when the stock market hits a breakthrough, which is in
line with earlier studies’ results. When we interact variables with the
dummy crisis, the effects of the crisis move in the opposite direction,
although they are not statistically significant.

Panel A of Table 7 presents the results of ASVIt−1 as a predictor of
volatility and how it changes when firm prices hit or range around a
52-week high or low (P𝜃i,t−1). First, we note that web searches predict
the next week’s volatility: the coefficient of ASVI is positive and statis-
tically significant. Furthermore, predictability is enhanced when firm
prices range around a firm 52-week high or low. In particular, when
they range around a 52-week low, web searches predict an increase
in volatility. During the crisis, the impact of web searches on volatil-
ity changes. Investor attention predicts an increase in volatility when
it reaches a 52-week low, but a decrease in volatility when it ranges
around a 52-week high or low. We also note that the breakthrough dum-
mies are statistically significant when predicting next week’s volatility.
Volatility rises after firm prices reach a 52-week high or low or range
around a 52-week low.

Panel B shows the results of ASVIt−1 as a predictor of volatility and
how it changes when the market reaches or is in the range of a 52-week

high or low (M𝜃
t−1). The coefficient of ASVIt−1 remains positive and is

statistically significant, indicating that web searches predict volatility.
Whenever the stock market breaks through or ranges around a 52-week
high or low, firm volatility tends to increase. The dummy variables for
breakthroughs indicate an increase in the next week’s volatility when
the stock market hits or is near a 52-week low, which is consistent with
investor attention and anchoring theory.

Panel A of Table 8 shows the results for the predictability of return
measures when web searches are interacted with firm 52-week high
and low prices (Phigh and Plow, respectively). We confirm the results in
Table 5, in which the coefficient of ASVI is not statistically significant.
However, it becomes statistically significant when prices range around
a 52-week high. Web attention predicts an increase in returns but not
during the crisis, when the sign is reversed. Firm price dummies are not
statistically significant (see Table 9).

Panel B of Table 8 shows the results for the predictability of return
measures when web searches are interacted with market 52-week high
and low prices (M𝜃

t−1). We confirm the results in Table 5, in which the
coefficient of ASVI is not statistically significant. However, it becomes
statistically significant when market prices hit or range around a 52-
week high or low. Again, during the financial crisis, the coefficient
tends to reverse.

6. Robustness

In this section, we examine whether our results are robust to dif-
ferent specifications. To investigate whether our results are sensitive to
our variable definition, we conduct a variety of untabulated specifica-
tion checks, which are presented in the supplementary appendix.

6.1. Alternative variable specifications

We assessed whether our results hold with another specification of
web search queries. We computed the difference between the current
value of google and the average of the last four weeks for each stock in



Table 6
Changes on predictability of web search queries on volume due to 52-week high and low. This table presents the estimation of Eqs. (5) and (6).
The dependent variable is volume (volume) of stocks of the EURO STOXX market index. Independent variables are abnormal changes in Google search
volume index (ASVI) as defined in Eq. (1)), the square of ASVI (ASVI2). Phigh and Plow are dummy variables that indicate if the price of the stock breaks
through a 52-week high or a 52-week low, respectively. PRange_high and PRange_low are dummy variables that indicate if the price of the stock is in the 3%
range of 52-week high or a 52-week low, respectively. Mhigh and Mlow are dummy variables that indicate if the stock index breaks through a 52-week
high or a 52-week low, respectively. MRange_high and MRange_low are dummy variables that indicates if the price of the stock index is in the 3% range of a
52-week high or a 52-week low, respectively. crisis is a dummy that assumes 1 during the period from August 2007 to December 2008 and 0 otherwise.
We also include in the same regression the same control variables as in Table 3. The coefficients of some variables are omitted for reasons of space. All
independent variables are lagged 1 week.∗,∗∗,∗∗∗ denotes statistical significance at the 1, 5, and 10 percent level. The sample period ranges from
2004:01 through 2011:06. The observations are weekly and returns are in EURO. T-statistics are in brackets under coefficients. Standard errors are
adjusted for possible cross-panel correlation and autocorrelation in the residuals.

Panel A: Firm 52-week high and lows Panel B: Market 52-week high and lows

(1) (2) (3) (4) (5) (6) (7) (8)

ASVIt−1 0.215∗∗∗
(8.77)

0.196∗∗∗
(8.64)

0.218∗∗∗
(6.96)

0.190∗∗∗
(8.30)

ASVIt−1 0.237∗∗∗
(8.08)

0.195∗∗∗
(8.59)

0.199∗∗∗
(5.36)

0.196∗∗∗
(8.63)

ASVI2t−1 0.045
(1.50)

0.045∗
(1.76)

−0.035
(−0.69)

0.047∗
(1.82)

ASVI2t−1 −0.075∗
(−1.84)

0.044∗
(1.69)

0.019
(0.44)

0.044∗
(1.70)

ASVIt−1 · P
high
t−1 −0.170∗∗∗

(−2.69)
ASVIt−1 ·M

high
t−1 −0.066

(−1.20)
ASVI2t−1 · P

high
t−1 −0.024

(−0.36)
ASVI2t−1 ·M

high
t−1 0.207∗∗∗

(3.62)
ASVIt−1 · Plowt−1 −0.163

(−0.68)
ASVIt−1 ·Mlow

t−1 −0.104
(−0.43)

ASVI2t−1 · P
low
t−1 −1.787∗

(−1.81)
ASVI2t−1 ·M

low
t−1 0.099

(0.12)
ASVIt−1 · P

Range_high
t−1 −0.035

(−0.76)
ASVIt−1 ·M

Range_high
t−1 −0.005

(−0.11)
ASVI2t−1 · P

Range_high
t−1 0.106∗

(1.76)
ASVI2t−1 ·M

Range_high
t−1 0.040

(0.70)
ASVIt−1 · P

Range_low
t−1 0.106

(0.85)
ASVIt−1 ·M

Range_low
t−1 −0.186

(−0.65)
ASVI2t−1 · P

Range_low
t−1 −0.887∗

(−1.74)
ASVI2t−1 ·M

Range_low
t−1 −0.032

(−0.04)
ASVIt−1 · crisis −0.053

(−0.94)
−0.049
(−0.85)

−0.054
(−0.90)

−0.027
(−0.46)

ASVIt−1 · crisis −0.074
(−1.26)

−0.035
(−0.58)

−0.033
(−0.51)

−0.054
(−0.85)

ASVI2t−1 · crisis −0.035
(−0.69)

−0.032
(−0.67)

0.057
(0.87)

−0.036
(−0.75)

ASVI2t−1 · crisis 0.085
(1.48)

−0.028
(−0.58)

−0.009
(−0.15)

−0.027
(−0.55)

ASVIt−1 · P
high
t−1 · crisis 0.203

(1.32)
ASVI2t−1 · P

high
t−1 · crisis 0.148

(0.54)
ASVIt−1 · Plowt−1 · crisis 0.317

(1.09)
ASVIt−1 ·Mlow

t−1 · crisis 0.185
(0.65)

ASVI2t−1 · P
low
t−1 · crisis 1.935∗

(1.88)
ASVI2t−1 ·M

low
t−1 · crisis −0.511

(−0.57)
ASVIt−1 · P

Range_high
t−1 · crisis 0.038

(0.32)
ASVIt−1 ·M

Range_high
t−1 · crisis 0.010

(0.04)
ASVI2t−1 · P

Range_high
t−1 · crisis −0.237

(−1.47)
ASVI2t−1 ·M

Range_high
t−1 · crisis −0.164

(−0.35)
ASVIt−1 · P

Range_low
t−1 · crisis −0.099

(−0.62)
ASVIt−1 ·M

Range_low
t−1 · crisis 0.283

(0.91)
ASVI2t−1 · P

Range_low
t−1 · crisis 0.828

(1.56)
ASVI2t−1 ·M

Range_low
t−1 · crisis −0.098

(−0.11)
Phight−1 −0.004

(−0.42)
Mhigh
t−1 −0.285∗∗∗

(−20.67)
Plowt−1 −0.023

(−1.50)
Mlow
t−1 −0.509∗∗∗

(−21.44)
PRange_hight−1 0.010

(1.59)
MRange_high
t−1 1.032∗∗∗

(34.55)
PRange_lowt−1 0.004

(0.42)
MRange_low
t−1 1.551∗∗∗

(48.95)

Observations 12,240 12,240 12,240 12,240 Observations 12,240 12,240 12,240 12,240
R2 0.571 0.571 0.571 0.571 R2 0.571 0.571 0.571 0.571
Time Dummies yes yes yes yes Time Dummies yes yes yes yes
Firms 36 36 36 36 Firms 36 36 36 36



Table 7
Changes on predictability of web search queries on volatility due to 52-week high and low. This table presents the estimation of Eqs. (5)
and (6). The dependent variable is volatility (𝜎garch) of stocks of the EURO STOXX market index. Independent variables are abnormal changes in
Google search volume index (ASVI) as defined in Eq. (1), the square of ASVI (ASVI2). Phigh and Plow are dummy variables that indicate if the price
of the stock breaks through a 52-week high or a 52-week low, respectively. PRange_high and PRange_low are dummy variables that indicate if the price
of the stock is in the 3% range of 52-week high or a 52-week low, respectively. Mhigh and Mlow are dummy variables that indicate if the stock index
breaks through a 52-week high or a 52-week low, respectively. MRange_high and MRange_low are dummy variables that indicates if the price of the
stock index is in the 3% range of a 52-week high or a 52-week low, respectively. crisis is a dummy that assumes 1 during the period from August
2007 to December 2008 and 0 otherwise. We also include in the same regression the same control variables as in Table 3. The coefficients of
some variables are omitted for reasons of space. All independent variables are lagged 1 week.∗,∗∗,∗∗∗ denotes statistical significance at the 1, 5,
and 10 percent level. The sample period ranges from 2004:01 through 2011:06. The observations are weekly and returns are in EURO. T-statistics
are in brackets under coefficients. Standard errors are adjusted for possible cross-panel correlation and autocorrelation in the residuals.

Panel A: Firm 52-week high and lows Panel B: Market 52-week high and lows

(1) (2) (3) (4) (5) (6) (7) (8)

ASVIt−1 0.001∗∗∗
(2.96)

0.001∗∗∗
(3.11)

0.001∗
(1.93)

0.001∗∗
(2.56)

ASVIt−1 0.001∗∗∗
(2.70)

0.001∗∗
(2.51)

0.001∗∗
(2.07)

0.001∗∗∗
(2.80)

ASVI2t−1 0.000
(0.26)

0.000
(0.25)

−0.000
(−0.72)

0.000
(0.28)

ASVI2t−1 −0.000
(−0.86)

0.000
(0.26)

−0.000
(−0.70)

0.000
(0.27)

ASVIt−1 · P
high
t−1 −0.000

(−0.55)
ASVIt−1 ·M

high
t−1 0.000

(0.01)
ASVI2t−1 · P

high
t−1 −0.000

(−0.32)
ASVI2t−1 ·M

high
t−1 0.001∗

(1.96)
ASVIt−1 · P

high
t−1 −0.002

(−0.59)
ASVIt−1 ·Mlow

t−1 0.011∗∗∗
(3.71)

ASVI2t−1 · P
low
t−1 0.001

(0.11)
ASVI2t−1 ·M

low
t−1 −0.001

(−0.07)
ASVIt−1 · P

Range_high
t−1 0.001

(1.15)
ASVIt−1 ·M

Range_high
t−1 −0.000

(−0.16)
ASVI2t−1 · P

Range_high
t−1 0.001

(1.49)
ASVI2t−1 ·M

Range_high
t−1 0.001

(1.48)
ASVIt−1 · P

Range_low
t−1 0.004∗∗∗

(2.84)
ASVIt−1 ·M

Range_low
t−1 0.006

(1.61)
ASVI2t−1 · P

Range_low
t−1 0.010∗

(1.72)
ASVI2t−1 ·M

Range_low
t−1 −0.001

(−0.07)
ASVIt−1 · crisis −0.000

(−0.56)
−0.001
(−1.31)

−0.000
(−0.26)

−0.001
(−0.85)

ASVIt−1 · crisis −0.001
(−0.69)

0.000
(0.17)

−0.001
(−0.74)

−0.000
(−0.56)

ASVI2t−1 · crisis −0.000
(−0.37)

−0.000
(-0.06)

0.000
(0.35)

−0.000
(−0.15)

ASVI2t−1 · crisis 0.000
(0.41)

−0.000
(−0.43)

0.000
(0.23)

−0.000
(−0.25)

ASVIt−1 · P
high
t−1 · crisis −0.001

(−0.65)
ASVI2t−1 · P

high
t−1 · crisis 0.001

(0.45)
ASVIt−1 · Plowt−1 · crisis 0.010∗∗

(2.56)
ASVIt−1 ·Mlow

t−1 · crisis −0.013∗∗∗
(−3.60)

ASVI2t−1 · P
low
t−1 · crisis −0.005

(−0.37)
ASVI2t−1 ·M

low
t−1 · crisis −0.001

(−0.09)
ASVIt−1 · P

Range_high
t−1 · crisis −0.003∗

(−1.71)
ASVIt−1 ·M

Range_high
t−1 · crisis 0.000

(0.09)
ASVI2t−1 · P

Range_high
t−1 · crisis −0.000

(−0.06)
ASVI2t−1 ·M

Range_high
t−1 · crisis 0.004

(0.73)
ASVIt−1 · P

Range_low
t−1 · crisis −0.002

(−0.82)
ASVIt−1 ·M

Range_low
t−1 · crisis −0.005

(−1.28)
ASVI2t−1 · P

Range_low
t−1 · crisis −0.013∗∗

(−2.05)
ASVI2t−1 ·M

Range_low
t−1 · crisis −0.001

(−0.09)
Phight−1 0.000∗∗∗

(2.81)
Mhigh
t−1 −0.000

(−0.65)
Plowt−1 0.001∗∗∗

(3.53)
Mlow
t−1 0.005∗∗∗

(13.44)
PRange_hight−1 0.000

(1.53)
MRange_high
t−1 −0.000

(−0.75)
PRange_lowt−1 0.000

(1.60)
MRange_low
t−1 0.003∗∗∗

(5.87)

Observations 12,240 12,240 12,240 12,240 Observations 12,240 12,240 12,240 12,240
R2 0.925 0.926 0.925 0.925 R2 0.925 0.925 0.925 0.925
Time Dummies yes yes yes yes Time Dummies yes yes yes yes
Firms 36 36 36 36 Firms 36 36 36 36



Table 8
Panel A-Changes on predictability of web search queries on returns due to a firm 52-week high and low. This table presents the estimation of Eqs. (5)
and (6). The dependent variables are returns (r), abnormal returns (𝛼) of stocks of the EURO STOXX market index. Independent variables are abnormal
changes in Google search volume index (ASVI) as defined in Eq. (1), the square of ASVI (ASVI2). Phigh and Plow are dummy variables that indicate if the price
of the stock breaks through a 52-week high or a 52-week low, respectively. PRange_high and PRange_low are dummy variables that indicate if the price of the stock
is in the 3% range of 52-week high or a 52-week low, respectively. crisis is a dummy that assumes 1 during the period from August 2007 to December 2008
and 0 otherwise. We also include in the same regression the same control variables as in Table 3. The coefficients of some variables are omitted for reasons
of space. All independent variables are lagged 1 week.∗,∗∗,∗∗∗ denotes statistical significance at the 1, 5, and 10 percent level. The sample period ranges
from 2004:01 through 2011:06. The observations are weekly and returns are in EURO. T-statistics are in brackets under coefficients. Standard errors are
adjusted for possible cross-panel correlation and autocorrelation in the residuals.

rt 𝛼t

(1) (2) (3) (4) (5) (6) (7) (8)

ASVIt−1 −0.001
(−0.36)

−0.001
(−0.22)

−0.004
(−1.05)

−0.002
(−0.50)

−0.001
(−0.44)

−0.001
(−0.38)

−0.006
(−1.43)

−0.002
(−0.56)

ASVI2t−1 0.003
(0.74)

0.003
(0.79)

0.000
(0.07)

0.003
(0.79)

0.002
(0.68)

0.002
(0.65)

0.001
(0.19)

0.002
(0.66)

ASVIt−1 · crisis 0.000
(0.02)

0.001
(0.15)

0.003
(0.40)

0.004
(0.59)

0.008
(1.19)

0.010
(1.46)

0.012∗
(1.71)

0.012∗
(1.68)

ASVI2t−1 · crisis −0.006
(−1.15)

−0.007
(−1.32)

−0.004
(−0.51)

−0.007
(−1.23)

−0.007
(−1.25)

−0.007
(−1.41)

−0.005
(−0.69)

−0.007
(−1.40)

ASVIt−1 · P
high
t−1 0.003

(0.37)
0.002
(0.20)

ASVI2t−1 · P
high
t−1 −0.000

(−0.01)
−0.001
(−0.20)

ASVIt−1 · Plowt−1 −0.015
(−0.54)

−0.011
(−0.40)

ASVI2t−1 · P
low
t−1 −0.010

(−0.11)
0.067
(0.74)

ASVIt−1 · P
Range_high
t−1 0.011∗

(1.93)
0.013∗∗
(2.44)

ASVI2t−1 · P
Range_high
t−1 0.005

(0.73)
0.004
(0.51)

ASVIt−1 · P
Range_low
t−1 0.024

(1.47)
0.016
(1.01)

ASVI2t−1 · P
Range_low
t−1 0.042

(0.68)
0.028
(0.43)

ASVIt−1 · P
high
t−1 · crisis −0.022

(−1.03)
−0.020
(−1.01)

ASVI2t−1 · P
high
t−1 · crisis 0.033

(0.88)
0.030
(0.86)

ASVIt−1 · Plowt−1 · crisis −0.017
(−0.48)

−0.030
(−0.89)

ASVI2t−1 · P
low
t−1 · crisis 0.120

(1.17)
0.021
(0.21)

ASVIt−1 · P
Range_high
t−1 · crisis −0.017

(−1.09)
−0.021
(−1.46)

ASVI2t−1 · P
Range_high
t−1 · crisis −0.003

(−0.18)
−0.002
(−0.12)

ASVIt−1 · P
Range_low
t−1 · crisis −0.042∗∗

(−1.99)
−0.038∗
(−1.87)

ASVI2t−1 · P
Range_low
t−1 · crisis −0.058

(−0.88)
−0.014
(−0.20)

Phight−1 0.000
(0.13)

0.000
(0.21)

Plowt−1 −0.003
(−1.19)

−0.003
(−1.34)

PRange_hight−1 0.001
(1.33)

0.001
(1.19)

PRange_lowt−1 −0.001
(−0.93)

−0.001
(−0.84)

Observations 12,240 12,240 12,240 12,240 12,168 12,168 12,168 12,168
R2 0.527 0.528 0.528 0.528 0.023 0.024 0.024 0.023
Time Dummies yes yes yes yes yes yes yes yes
Firms 36 36 36 36 36 36 36 36



Table 9
(Cont.) Panel B-Changes on predictability of web search queries on returns due to a market 52-week high and low. This table
presents the estimation of Eqs. (5) and (6). The dependent variables are returns (r), abnormal returns (𝛼) of stocks of the EURO STOXX
market index. Independent variables are abnormal changes in Google search volume index (ASVI) as defined in Eq. (1), the square of
ASVI (ASVI2). We also include in the same regression the same control variables as in Table 3. Mhigh and Mlow are dummy variables that
indicate if the stock index breaks through a 52-week high or a 52-week low, respectively. MRange_high and MRange_low are dummy variables
that indicate if the price of the stock index is in the 3% range of a 52-week high or a 52-week low, respectively. The coefficients of some
variables are omitted for reasons of space. All independent variables are lagged 1 week.∗,∗∗,∗∗∗ denotes statistical significance at the 1,
5, and 10 percent level. The sample period ranges from 2004:01 through 2011:06. The observations are weekly and returns are in
EURO. T-statistics are in brackets under coefficients. Standard errors are adjusted for possible cross-panel correlation and
autocorrelation in the residuals.

rt 𝛼t

(1) (2) (3) (4) (5) (6) (7) (8)

ASVIt−1 −0.004
(−1.09)

−0.000
(−0.02)

−0.008∗
(−1.66)

−0.002
(−0.53)

−0.005
(−1.29)

−0.000
(−0.14)

−0.008∗
(−1.90)

−0.002
(−0.56)

ASVI2t−1 0.003
(0.55)

0.003
(0.79)

−0.000
(−0.01)

0.003
(0.81)

0.003
(0.63)

0.002
(0.67)

0.001
(0.10)

0.002
(0.69)

ASVIt−1 · crisis 0.003
(0.36)

0.003
(0.41)

0.005
(0.67)

0.011
(1.38)

0.011
(1.55)

0.006
(0.83)

0.014∗
(1.89)

0.012
(1.58)

ASVI2t−1 · crisis −0.006
(−0.93)

−0.007
(−1.30)

−0.003
(−0.40)

−0.009∗
(−1.65)

−0.007
(−1.12)

−0.007
(−1.38)

−0.004
(−0.62)

−0.008
(−1.64)

ASVIt−1 ·M
high
t−1 0.014∗∗

(2.00)
0.015∗∗
(2.16)

ASVI2t−1 ·M
high
t−1 0.004

(0.58)
0.002
(0.34)

ASVIt−1 ·Mlow
t−1 −0.062∗∗

(−2.32)
−0.055∗∗
(−2.14)

ASVI2t−1 ·M
low
t−1 0.019

(0.28)
0.005
(0.08)

ASVIt−1 ·M
Range_high
t−1 0.013∗∗

(2.09)
0.013∗∗
(2.29)

ASVI2t−1 ·M
Range_high
t−1 0.006

(0.86)
0.004
(0.58)

ASVIt−1 ·M
Range_low
t−1 0.084∗∗

(2.43)
0.054∗
(1.66)

ASVI2t−1 ·M
Range_low
t−1 −0.047

(−0.68)
−0.047
(−0.66)

ASVI2t−1 ·M
low
t−1 · crisis −0.016

(−0.20)
0.077
(0.95)

ASVIt−1 ·M
Range_high
t−1 · crisis 0.007

(0.23)
−0.001
(−0.03)

ASVI2t−1 ·M
Range_high
t−1 · crisis −0.041

(−0.88)
−0.041
(−0.90)

ASVIt−1 ·M
Range_low
t−1 · crisis −0.128∗∗∗

(−3.40)
−0.079∗∗
(−2.22)

ASVI2t−1 ·M
Range_low
t−1 · crisis 0.063

(0.78)
0.130
(1.60)

ASVIt−1 ·Mlow
t−1 · crisis 0.036

(1.12)
0.044
(1.46)

Mhigh
t−1 −0.021∗∗∗

(−26.17)
−0.005∗∗
(−2.54)

Mlow
t−1 −0.173∗∗∗

(−79.71)
−0.017∗∗∗
(−6.22)

MRange_high
t−1 −0.022∗∗∗

(−6.00)
−0.006∗
(−1.76)

MRange_low
t−1 −0.034∗∗∗

(−11.04)
−0.005
(−1.41)

Constant 0.011∗∗∗
(6.33)

0.069∗∗∗
(18.20)

0.069∗∗∗
(17.77)

0.069∗∗∗
(18.26)

0.006∗∗
(2.02)

0.000
(0.19)

0.006∗
(1.87)

0.006
(1.28)

Observations 12,240 12,240 12,240 12,240 12,168 12,168 12,168 12,168
R2 0.527 0.528 0.528 0.528 0.023 0.024 0.023 0.024
Time Dummies yes yes yes yes yes yes yes yes
Firms 36 36 36 36 36 36 36 36



the following way:

abn_googlei,t = googlei,t −
∑4
j=1 googlei,t−j

4
. (7)

The variable abn_google indicates the extent to which current web
searches are different from the average of the last four weeks. We rees-
timated our equations, and the results are maintained.15

We analyze the relationship between web searches and changes in
abnormal volume (abn_vol) as in Barber and Odean (2008), that is:

abn_voli,t =
ln(Voli,t)∑52
j=1 ln(Voli,t−j)

52

. (8)

We test further measures of volatility. The first is provided by Schw-
ert (1989) (𝜎schwert) and relies on the absolute value of the residuals
obtained by fitting an autoregressive model to firm returns, that is:

ri,t = 𝛼 +
L∑
j=1

𝜑jri,t−j + si,t ,

where si,t follows a normal distribution with mean zero and variance
𝜓2 for each i. 𝜑j is the coefficient of the return lagged j periods. The
model for each i is estimated by OLS, and the regression lag length
(L) is determined by the usual significance tests and the BIC. In our
case L = 1. The volatility is then the absolute value of the regression
residuals, ŝi,t .

The second alternative measure is the realized volatility measure for
firm i in week t obtained from daily data as in Dimpfl and Jank (2016)
and Vlastakis and Markellos (2012):

𝜎real,i,t =

√√√√√ 4∑
j=0

r2i,j . (9)

Each weekly value is computed based on five week days, and as in
Vlastakis and Markellos (2012) and Dimpfl and Jank (2016), we use
the logarithm of the computed value.

We also reestimated our analysis with other specifications for salient
price cues. Following Bhootra (2018), Lee and Piqueira (2017) and Li
and Yu (2012), we used historical highs. The results remain unchanged.

Finally, we check whether the measure of attention used in this work
could be the result of stock market activity and therefore be endoge-
nous. We considered different specifications in which the dependent
variable was the ASVI regressed on market activity lagged by one period
and found that there is no statistical significance, which suggests that
there is no endogeneity.16

7. Conclusion

The recognition that attention is a scarce cognitive resource has
been gaining importance in the literature. Attention constraints affect
economic decisions (Simon, 1955) and salience of information emerges
as a key component in framing decisions.

In this work we analyze the salience of firm and market information,
and study how investors process these different sources of information.
Using a sample of European stocks we analyze the salience of firm and
market information. We use as proxy of investor attention the Google
web searches. The results validate this measure as a measure of investor
attention, and show that web search queries precede changes in volume
and volatility. In particular, an increase in search queries leads to a
short-lived surge in volume and volatility that is rapidly reversed two

15 We also used the test developed by Im et al. (2003) to assess whether a unit
root is present in this variable. The test confirms that abn_google is stationary
across the panels. The test results are available from the authors upon request.
16 These results are available from the authors upon request.

weeks later. The fact that the impact is greater in the following week
suggests the presence of less-sophisticated investors.

The results support the belief that the predictability of investor
attention is overall stronger for market information. This confirms cat-
egory learning behavior as in Peng and Xiong (2006)’ model, which
is that market-wide information is processed more than firm specific
information.

The results contribute to the literature on the limits of investor atten-
tion and the understanding of the salience of information for economic
agents. Our conclusions are, therefore, valuable for those who study
optimal decision making in the context of constraint in attention and
capacity to learn and process information. Attention should be given to
distortions in decision making due to these constraints.
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