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Abstract

Purpose – This empirical work studies the influence of investors’ Internet searches on financial markets.
Design/methodology/approach – In this study, an asset pricing model with six factors is used, and
autoregression, heteroscedasticity and moving average are taken into account to extract the independent
shocks of each variable. Subsequently, a causality in-mean and in-variance analysis is performed to test the
influence of Google searches on financial market variables, specifically, to test whether there is an influence on
the idiosyncratic returns of financial assets.
Findings –Unlikemost of the literature, the results show that Google searches on the name of listed companies
have little influence on the trend and volatility of asset returns. On the contrary, these searches are shown to
have a significant influence on trading volumes in the following week.
Practical implications –When analyzing specific effects, such as the influence of Internet searches, on financial
markets, it is necessary that the model must include financial properties (asset valuation models) and statistical
characteristics (stylized facts); otherwise, the empirical results could be inconsistent, since, among other issues,
statistical findingsmaynotbe robust givenautocorrelationandheteroscedasticity, and if anasset valuationmodel is
not considered, the specific effect analyzed could simplybe an indirect effect of a risk factor excluded from themodel.
Originality/value – The empirical evidence shows that individual investors using Google have a significant
influence on volume only so that institutional investors using other sources of information drivemarket prices.
This means that potential investors should only be interested in the Internet searches index if their interest is
focused on trading volume
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Paper type Research paper

1. Introduction
Recent empirical studies analyze the effect of the Internet search behavior of economic agents
on the stock markets. This involves studying only the behavior of retail investors since
institutional investors use information that is more qualified and provided by specialized
suppliers such as Reuters or Bloomberg, for example, Gonz�alez-S�anchez and Morales (2018).

Empirical research shows that online search queries have great potential to anticipate
behavior or decisions, for example, a variety of search words have been used to measure
search volumes as index-related search words like Dow Vozlyublennaia (2014), stock tickers
Da et al. (2011) or negative and positive search words Klemola et al. (2016). Among these
measures, Google Search Volume Index ðGSVIÞ is widely used in empirical studies, as a
specific proxy for firm visibility, for example, observing that it has a positive influence on the
relationship between corporate social responsibility and financial performance (Hou (2019)).
The predictive capacity of Google trends has been contrasted for different objectives, from
macro variable (for example, D’Amuri and Marcucci (2017); G€otz and Knetsch (2019); Niesert
et al. (2019)) to the market’s financial data Perlin et al. (2017); Audrino et al. (2020).

RBF
13,2

202

JEL Classification — G12, G14, G41.
This work has been supported by the Spanish Ministry of Economics and Competitiveness under

grant MINECO/FEDER ECO2015-65826-P.

The current issue and full text archive of this journal is available on Emerald Insight at:

https://www.emerald.com/insight/1940-5979.htm

Received 12 January 2020
Revised 20 January 2020
9 February 2020
Accepted 9 February 2020

Review of Behavioral Finance
Vol. 13 No. 2, 2021
pp. 202-226
© Emerald Publishing Limited
1940-5979
DOI 10.1108/RBF-01-2020-0011

https://doi.org/10.1108/RBF-01-2020-0011


Drake et al. (2012) found that abnormal Google search activity increased about two weeks
prior to the earnings announcement and continued at high levels for a period afterward. Preis
et al. (2013) suggest that massive new data sources (big data) resulting from human
interaction with the Internet may offer a new perspective on the behavior of market
participants.

Bordino et al. (2012) found that daily trading volumes of stocks (traded in NASDAQ-100)
are correlated to daily volumes of queries related to the same stocks. In many cases, query
volumes anticipate trading peaks by one day or more. Chen and Lo (2019) found for Taiwan’s
top 50 firms that online search activities are significantly correlated to stock turnover, trading
volume and stock volatility. Nikkinen and Peltom€aki (2020) found that web searches have an
immediate effect on stock market returns and the VIX implied volatility, whereas the effect of
news articles lasts longer up to 11 weeks.

Conversely, Kim et al. (2019) found that Google searches are neither correlated to
contemporaneous returns nor able to predict future abnormal returns. However, increased
Google searches predict increased volatility and trading volume. This empirical research uses
abnormal return, and historical realized variance as a proxy for volatility but does not
consider heteroscedastic behavior.

In short, there is no consensus among empirical studies onmany issues on this topic: Is the
relationship contemporary or not?; should we analyze the variables or their shocks?; what is
the ideal econometric methodology to study the effects of the Internet on financial markets?;
what happens if we apply an asset pricing model?; or what financial variables are influenced
(volume, return, volatility)?

So, this empirical work checks the validity information demand proposal Vlastakis and
Markellos (2012), being as we analyze the causality of idiosyncratic searches on the Internet
on the negotiated volume of assets, and the investor attentionVozlyublennaia (2014), sincewe
study whether these searches have an effect on the idiosyncratic component of asset returns.

In this context, our aim is to verify if the weekly GSVI shocks affect subsequent shocks
to returns and the trading volume of market assets, i.e., our objective is to test the predictive
power of Google searches in forecasting the idiosyncratic risk of stocks. For that purpose
and to overcome some drawbacks in previous studies, first, we define abnormal values or
shocks considering both a factorial asset pricing model and the statistical properties of the
time series (autocorrelation and heteroscedasticity, among others). Therefore, the findings
of empirical research that do not include risk factors should be taken with caution since it
could show that the Internet is a transmission belt of investors expectative toward market
prices by systematic risk, but not an idiosyncratic risk. Then, we analyze the GSVI shocks
causality on European stock market shocks in-mean (trend) and in-variance (variability).
So, studies use a larger sample (for both company number and period). In addition, our
Google search results are limited exclusively to the company name and not, in general,
financial words (systematic risk), so that our objective is to analyze the GSVI impact on the
idiosyncratic risk of each firm.

The rest of the study is organized as follows: section 2 reviews the literature and
establishes the hypothesis to the test. Section 3 describes the methodology used in this study.
Section 4 shows the data used. Section 5 discusses the results obtained. The empirical study
ends with the main conclusions.

2. Literature review and development hypothesis
Bank et al. (2011) found that an increased search volume on Google is associated with a rise in
trading activity and stock liquidity from a reduction in asymmetric information costs and
also found evidence that an increase in search volume is associated with temporarily higher
future returns.
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Da et al. (2011) provide evidence that GSVI captures the attention of retail investors and
found that an increase in GSVI for the Russell 3000 index predicts higher stock prices in the
next two weeks and an eventual price reversal within the year. In this empirical study
abnormal GSVI is defined as the first difference between log-GSVI and the average of this
indicator during the previous eight weeks. It is the first empirical approach tries to explain the
effect of the shocks of the online searches. Similarly, Joseph et al. (2011) examine the ability of
online ticker searches, as a valid proxy for investor sentiment, to forecast abnormal stock
returns and trading volumes. In a weekly sample of S&P 500 firms over 2005–2008, they
found that online search intensity reliably predicts abnormal stock returns and trading
volume and that the sensitivity of returns to search intensity is positively related to the
difficulty with which a stock can be arbitraged.

Preis et al. (2013) analyze the performance of a set of 98 search terms in Google Trends and
find that strategies based on search volume data for US users are more successful for the US
market (Dow Jones Industrial Average) than strategies using global search volume data.
Curme et al. (2014) found that an increase in search volume for financial topics tends to
precede the stock market (Standard & Poor’s 500 index) falls.

Kristoufek (2013) assumes that searches for a stock are correlated to the stock�s riskiness,
then penalizes the more popular stocks and assigns them lower portfolio weights. This
empirical research was found that this strategy dominates both the benchmark index (Dow
Jones 30) and the uniformly weighted portfolio, both in-sample and out-of-sample.

Bijl and Sandvik (2016) found that high Google search volumes for the names of
companies in the S&P 500 from January 1, 2008, through December 31, 2013, led to negative
returns. They regress lags of abnormal GSVI, defined as standardized values, on excess
returns of the asset, but they do not use abnormal returns obtained using an asset pricing
model. Nguyen et al. (2019) found that the volume of Google searches might play an
augmented factor in explaining the stock returns. In particular, for five emerging markets
(Indonesia, Malaysia, the Philippines, Thailand and Vietnam), they found that the Fama-
French model is not always effective since increases in Google search volume appear to have
a significant negative impact on stock returns in the case of the Philippines, Thailand and
Vietnam.

Perlin et al. (2017) studies whether Google’s search queries of finance-related words have
an impact on log returns and traded volume of index equity markets (United States, United
Kingdom, Australia and Canada). They use a VARmodel to test the effect of Google search
on historical volatility, asset returns and trading volume, but they do not take into account
an asset pricing model for returns, nor the statistical behavior of variables. The latter is
noteworthy when they later compare their results with ARMA-GARCH models.

Audrino et al. (2020), for 18 companies from the New York Stock Exchange (NYSE) and
Nasdaq Stock Market, studies the impact of Google�s search queries of finance related words
on realized heteroscedastic volatility. Newly, this empirical research does not include an asset
pricing model for asset returns, and realized volatility is estimated from these returns.
Finally, Aalborg et al. (2019) predict the return, volatility and trading volume of Bitcoin, and
found that the trading volume of Bitcoin can be predicted from Google searches for Bitcoin,
but none of the considered variables can predict Bitcoin returns.

From the above literature review, we observe several issues with the empirical results’
statistical and financial validity: abnormal value or shock estimates, contemporary or
delayed effects and dependent variable selection.

Abnormal value or shocks are extracted as residual values after applying a behavior
model to the observed variables, so these residuals represent the values not explained by the
model. First, we selected a model for the variables (GSVI, volume, volatility, asset returns,
etc.). While asset returns have to bemodeled under an asset pricingmodel (see, among others:
Da et al. (2011) and Joseph andWintoki (2011)), the modeling of the other variables has to take
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into account the statistical characteristics of the time series to obtain independent shocks so
that they show information other than the information expected. But this does not always
happen. For example, Kristoufek (2013) does not consider optimal portfolio nor does it
estimate efficient frontier as defined in financial theory (see Markowitz (1952)). Nguyen et al.
(2019) include delays of the factors in the original Fama-French asset pricing model and their
frequency data analysis is too low (annual) with respect to the immediate effects of Internet
searches (daily or weekly).

As the weekly GSVI for a keyword search is the number of investors using the GSVI
searches for that keyword scaled by its time-series average such that it takes a value between
0 and 100 and displays the relative frequency of searches, it seems more reasonable to define
the abnormal GSVI as a shock on the expected value, and since it is a weekly cumulative
indicator, avoid circularity problems as a result of the influence of the previous day’s returns
on the next day’s searches within the same week. The financial literature (see Cont (2001))
shows that financial data usually present, for high frequencies (daily and weekly),
autocorrelation, heteroscedasticity and non-normality (stylized facts), among other
properties. Nonetheless, most of the empirical researchers show a table of statistics of the
asset returns and theweb searches, but these do not include the usual tests on autocorrelation
and heteroscedasticity.

Since the GSVI frequency is weekly (seven days) and weekly asset returns are for five
workdays, GSVIdata includes theweekend effect, so it seemsmore suitable to accumulate the
daily returns from Tuesday to Monday to avoid circularity problems, i.e. that the daily
returns for one week increase the searching volume of the company within the same week. In
that way, any empirical result that shows GSVI’s ability to explain the returns of subsequent
weeks would really be showing the effects of the previous week’s returns. As a consequence,
the results of the contemporary influence of GSVI on financial markets should be analyzed
with caution, especially if the shocks have not been properly estimated (Bollen et al. (2011) and
Nikkinen and Peltom€aki (2020)). Therefore, the causal analysis seems more appropriate, i.e.
testing whether weekly GSVI shocks influence financial market shocks in subsequent weeks.
Bank et al. (2011) found that the relationship between Google searches and asset return is not
contemporaneous, but rather one of causality, i.e., the asset return today is influenced by
previous Google searches.

Swamy and Dharani (2019) found that high Google search volumes predict positive and
significant returns in the fourth and fifth weeks afterward for the Indian stockmarket. As the
rest of the literature does not analyze shocks in particular but uses a standardized value of
Google searches to explain an average realized volatility, and in addition, the asset pricing
model only includes the market factor. A question that arises when analyzing this empirical
research is related to the behavior of standardized GSVI. Although the reported statistics
indicate that the variable is stationary, the model is included in differences and with several
delays. For the latter, the panel data model also includes the delayed dependent variable
(excess return), and as is known in these cases, the optimal estimation method is GMM
(Generalized Moments Method) with instrumental variables (see Arellano and Bover (1995)).
However, the study does not make any reference in this regard, nor does it include an
autoregression test for residuals nor a test of endogeneity.

Finally, another example is Bollen et al. (2011). They found a causality relationship
between daily Twitter feeds and the Dow Jones Industrial Average. These results should be
studied with caution; however, since the causality tests have not taken into account the
statistical properties of the time series (see Gonz�alez-S�anchez (2016)).

The hypothesis of this study is that weekly GSVI shocks influence the trend (mean) and
variability (variance) of the shocks of returns (idiosyncratic component) and trading volume.
If we find causality on return, then we accept investor attention and/or, if the causality is on
trading volume, then we do not reject information demand.
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3. Econometric methodology
Based on the literature reviewed, we have seen that the methodologies applied are varied
(cross-correlation, linear regression, panel data, vector autoregression and state-space
using Kalman filter), but none consider an asset pricing model, as well as the usual
statistical behavior of financial time series, and from there, the shocks are extracted to
confirm if there is a causal relationship from shocks in Internet searches to shocks of
financial market variables.

Then, we define Pt and VOLt as daily price and trading volume of a financial asset. As
expected, the values of these variables cannot be negative; we take them as a logarithm:
pt ¼ lnðPtÞ and volt ¼ lnðVOLtÞ. As these variables are not stationary, we use the first
difference: Rt ¼ pt − pt−1 and Vt ¼ volt − volt−1.

Next, we model asset return (Rt) and trading volume variation (Vt) separately since while
volume variation only requires an econometric model to fit its statistical properties, an asset
return also needs an asset pricing model.

Expression 1 is the model that adapts excess returns ðrt ¼ Rt −RftÞ on a risk-free rate
ðRftÞ for stock market i:

rt;i ¼ β0:i þ β1:i$Mktt þ β2:i$SMBt þ β3:i$HMLt þ β4:i$RMWt þ β5:i$CMAt

þ β6:i$MOMt þ et;i

et;i ∼Φ
�
0; σ2

t;i

�
σ2
t;i ¼ α0:i þ α1;i$e

2
t−1;i þ α2;i$σ2t−1;i

(1)

In expression 1, the asset pricing model includes six risky factors as the Fama-French model:
excess returns of market portfolio (Mkt); size factor (SMB), the average return on the small
stock portfoliosminus the average return on the big stock portfolios; growth factor (HML), the
average return on the value portfolios minus the average return on the growth portfolios;
robust minus weak factor (RMW), the average return on the value portfolios minus the
average return on the growth portfolios; conservative minus aggressive, the average return
on the conservative investment portfolios minus the average return on the aggressive
investment portfolios; andmomentum factor (MOM), the speed atwhich the price is changing.
Additionally, we use a GARCH ð1; 1Þmodel to adapt the heteroscedasticity.

Expression 2 shows the model to adapt for volume changes. This model is defined as
ARMAð1; 1Þ−GARCHð1; 1Þ to collect the usual statistical properties of volume (autoregression,
moving average and heteroscedasticity):

Vt;i ¼ γ0:i þ γ1:i$Vt−1;i þ γ2:i$νt−1;i þ νt;i

νt;i ∼Φ
�
0; σ2

i;v;t

�
σ2t;i;v ¼ δ0:i þ δ1;i$ν2t−1;i þ δ2;i$σ2

t−1;i;v

(2)

As GSVI also has a lower limit in zero value and to avoid unit roots, we define
Gt ¼ lnðGSVItÞ− lnðGSVIt−1Þ and estimate a model similar to trading volume since this
index shows search volume:

Gt;i ¼ ω0:i þ ω1:i$Gt−1;i þ ω2:i$gt−1;i þ gt;i

gt;i ∼Φ
�
0; σ2

i;g;t

�
σ2
t;i;g ¼ κ0:i þ κ1;i$g

2
t−1;i þ κ2;i$σ2

t−1;i;g

(3)

We estimate the expressions 1, 2 and 3 by quasi-maximum likelihood ðQMLÞ.
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Thenwe extract spillover or shocks of asset returns, trading volume andGSVIchanges as:

rxt;i ¼ et;i

σt; i
rxt;i ∼ i:i:d:ð0; 1Þ

vxt;i ¼ νt;i
σt; i; v

rvt;i ∼ i:i:d:ð0; 1Þ

gxt;i ¼ gt;i

σt; i; g
rgt;i ∼ i:i:d:ð0; 1Þ

(4)

Next, we search for causality in-mean for expression 5:

rxt;i ¼
XJ

j¼1

λr;i;j$gxt−j;i þ ut;i;r

vxt;i ¼
XJ

j¼1

λv;i;j$gxt−j;i þ ut;i;v

(5)

where J is estimated using information criteria (AIC or SIC) and if any j; ; i≠ 0, then there is
causality in-mean from the delay j of GSVIshocks to actual asset return (rx) or volume change
ðrvÞ shocks. Note that expression 5 does not include a constant since the mean value of a
standardized residual is zero (see expression 4).

Finally, to test the causality in-variance, we define the following variables:

rzt;i ¼
(
u2t;i;r; if any λr;i;j ≠ 0;

rx2t;i otherwise:
vzt;i ¼

(
u2t;i;v; if any λv;i;j ≠ 0;

vx2t;i otherwise:
(6)

Note that, in expression 6, testing causality in-variance requires that previously the root of
variables show no relationship (see Gonz�alez-S�anchez (2016)). Then we estimate expression 7
to check this causality:

rzt;i ¼ η0;r;i þ
XH
h¼1

ηr;i;h$gx
2
t−h;i þ ξt;i;r

vzt;i ¼ η0;v;i þ
XH
h¼1

ηv;i;h$gx
2
t−h;i þ ξt;i;v

(7)

whereH is according to information criteria, and there is causality in-variance from the lag h
of GSVI shocks to actual asset returns or volume changes shocks, if any ηi;;h ≠ 0. Also note
that equation 7, unlike expression 5, shows constant (η0;;i) since shocks variance is one. If we
find causality in-variance, we expected that η0;;i ≠ 1.

The expressions 5 and 7 are estimated by ordinary least square ðOLSÞ.

4. Data
The study sample is composed of the 50 companies on the EURO STOXX-50 stock index for
the daily period between September 2014 and July 2019. Daily prices and trading volumes
are obtained from Bloomberg. We estimate log-difference first, and then we calculate
weekly values as xweek ¼

PMonday
t¼Tuesdayxdaily; t, since GSVI shows Google searches from

Monday to Sunday. Note that we do not calculate Monday-Monday values to avoid
overlapping sample problems.

We obtain the six European risk factors data for the asset pricing model from French web
data (https://mba.tuck.dartmouth.edu/pages/faculty/ken.french/Data_Library/f-f_5developed.
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html). The daily data are compound rate, so we first transform them into continuous form as
xcont ¼ lnð1þ xcompÞand thenwe calculateweekly values as the sum fromTuesday toMonday.

Finally, we obtainedweekly GSVIfromhttps://trends.google.es/trends/. Unlike Joseph and
Wintoki (2011), among others, our GSVI shows searches that correspond to the company
name, since usually the non-professional investor does not know the company ticker or is not
accustomed to searching using that code and she previously has to search for the ticker using
the company name. In addition, we avoid possible errors caused by the confusion between the
name and the ticker (see Balashov and Nikiforov (2019)).

First, we analyze descriptive statistics of data (Tables 1 and 2), and we observe that while
some excess returns show autoregression and heteroscedasticity, all trading volume changes
are autoregressive, heteroscedastic and moving average. Note that only the GSVI is always
stationary in first log-difference, and these changes show the same statistics characteristics
as trading volume. In short, any empirical analysis using these data should consider these
statistical properties; otherwise, results are inconsistent (see Table 3)

We extract shocks as standardized residuals of models 1, 2 and 3 Table 4, 5 and 6 show the
parameters ofmodels and descriptive statistics for standardized residuals (spillover of sample).

From the results of Tables 4–6, note that descriptive statistics of shocks show
non-autoregression, no heteroscedasticity and no moving average.

5. Results and discussion
From the standardized residuals calculated previously, we estimate expression 5 to test the
causality in-mean.We include four lags of GSVI from the AICcriteria selection model. Table 7
shows the results.

The results of Table 7 show that Google searches do not influence the excess returns trend,
except for some exceptions related mainly to the automobile sector (BMW, DAIMLER and
VOLKSWAGEN), which may respond to reputational aspects of the brands. As for the
trading volume, the causality in-mean is present in a higher number of cases andmainly from
the searches of the two weeks prior to the change in the trading volume.

Therefore, for the sample studied, and after solving the modeling problems, we cannot
affirm, unlike the studies reviewed, that there is a generalized causality in-mean (trend) of
GSVIon the financial markets. This may be because the economic agents that use Google as a
search tool are not institutional investors who move large volumes of assets in the market.

Table 8 shows the results for causality in-variance, estimated according to expressions 6
and 7.

***The results are in the same line as those for causality in-mean. Only seven companies
show causality in-variance on the shocks of excess returns, while more than half (28
companies) display causality in-variance on trading volume shocks, essentially an effect
caused by the searches of the previous week.

In short, once the econometric and financial modeling problems are solved, weekly Google
searches of the company names that make up the EURO STOXX-50 do not show a generalized
and significant effect on the trend (causality in-mean) or the volatility (causality in-variance) of
stock returns. On the contrary, the effects on the trend andvolatility of the tradingvolumeof the
stocks are more frequent and caused mainly by the searches of the previous week.

6. Conclusions
The empirical literature prior to this study finds, in general, that Google searches on the
returns, and the trading volume of the shares listed has a significant influence.

However, this empirical evidence must be analyzed with caution since, in most cases, the
abnormal return and abnormal trading volume are not estimated considering an asset pricing
model and the statistical characteristics of the time series. When these financial and
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Descriptive statistics of
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econometric requirements are included in the estimates, the results differ substantially from
the rest of the literature.

Therefore, of a weekly sample of EURO STOXX-50 stocks from September 2014 to July
2019,we found that theGoogle SearchVolume Index shows itself to have aminimum influence
on asset returns, both in trend and in volatility. Conversely, the main influence of GSVI is on
the trend and volatility of stock trading volume changes. So, the causality in-mean and in-
variance on the trading volume indicates that individual and non-professional investors that
use Google for their searches only affect the financial markets through the trading volume the
next week, which seems consistent with the fact of that institutional investors and market
makers have the highest influence on returns. Therefore, our empirical results reject the
investor attention hypothesis since they show no influence on asset returns. On the contrary,
there is a causal relationship on the trading volume, so we accept the information demand
hypothesis. These results are consistent with the findings of Aalborg et al. (2019).
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