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Abstract
In this paper, we focus on the influence of attention from investors on the dynamics
of different financial assets. Investor attention is measured by the number of Google
searches for three types of assets: stocks, gold and cryptocurrencies. We analyse the
daily price of: the Standard & Poor’s 500 (S&P 500), the Russell 2000 Index (RUT),
Bitcoin and the gold spot price in USD. The study covers a period of 5 years: 2013–
2018. According to the results, the prices of different assets react differently to changes
in the level of investor attention (and vice versa), and this relationship changes over
time. Bitcoin seems to be the most sensitive to the changes in investor attention and
changes in its dynamics appear to influence investor attention the most. Changes
in the volatility and trade volume of stocks occur simultaneously with changes in
investor interest. However, during periods of increased stock volatility, we can observe
increased investor interest in gold over any other asset. The price of gold itself has
proven itself to be most immune to changes in investor attention.

Keywords Behavioural finance · Google trends · Cryptocurrencies · GARCH
models · Causality

1 Introduction

Most economic studies of the last century are influenced by the efficient-market
hypothesis (EMH). However, some studies initiated in the late 1960s, together with
economists and psychologists such as Daniel Kahneman, Amos Tversky, Richard
Thaler, and Paul Slovic, linked the imperfections in financial markets to a combina-
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tion of cognitive biases and various errors in reasoning and information processing. It
has often been questionedwhether it is true that all information is available to everyone
at the same time, how such information affects individuals, what the impact on the
decision process actually is and if it is fully reflected in capital markets. A review of
the literature on behavioural finance can be found in e.g. in Fama (1998) and Shiller
(2003).

Because of the Internet, people are becoming increasingly influenced by informa-
tion which is spreading at a rapid pace and reaching a wider and wider audience—even
if such information is not verified or reliable. In this study, we focus on information as
measured by the number of Google searches for three types of assets: stocks, gold and
cryptocurrencies. In the literature, the number of searches is frequently called search
volume index (SVI). Since the literature indicates different strengths of influence of
investor sentiment towards large and small companies, we analysed two stock indices:
one for small-cap stocks (Russell 2000) and the second one for companies with high
capitalization (S&P 500).

The aim of the research is to investigate how returns and the volatility of stocks,
gold andBitcoin are related to SVIs. To accomplish this, we estimated a set of GARCH
modelswith explanatory variables (the respective SVI) and verified their significances.
Additionally, we investigated the direction of causality between prices and SVIs, as
well as between the volume of trade and SVIs, applying the Toda–Yamamoto test of
non-causality.

The contribution of the paper is as follows. Although, similarly to previous
researchers, we used Google Trends as a measure of the attention, we extended the
analysis to include daily data, instead of just weekly ones (see the Literature Review
section). Moreover, since we believe that the development of both: Google search pop-
ularity, as well as the cryptocurrency market could affect the analysis, we investigated
the relationships in two sub-samples: 2013–2015 and 2016–2018. The results differ
indeed, with respect to the analysed asset and period. Based on daily-data analysis,
we concluded that over the period 2013–2015 stock prices of companies of both high
and low capitalization (the S&P 500 and the Russell 2000 index, respectively) influ-
enced investor attention. The opposite relationship was also confirmed: an increase
in investor interest led to an increase in prices. However, starting from the beginning
of 2016, no dependence between prices and the number of searches was found. In
the case of Bitcoin, feedback relationships exist in the whole period. Eventually, the
number of Google searches for the keywords gold price were influenced by the price
of gold, regardless of the sample tested, but no inverse relationship was found.

The remainder of this paper is organized as follows. In Sect. 2 we present our
research hypotheses. Section 3 is devoted to the literature, where different attention
proxies are presented.We also present state-of-the art knowledge about the relationship
between investor attention and the dynamics of stocks, commodities and cryptocur-
rencies. In Sect. 4, we briefly comment on the data and the methodology of our study,
while in the sections following that we present and discuss our results.
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2 Research hypotheses

Cryptocurrencies are controversial digital assets designed as a medium of exchange.
The question of whether Bitcoin is a medium of exchange or an asset or a new digital
gold equivalent is still open (see e.g. Dyhrberg 2015; Bouri et al. 2017 or Baur et al.
2018). In this study, we wanted to check whether cryptocurrencies react to the growth
of interest more than gold or stocks.

We formed the following hypotheses:

– Hypothesis 1: The number of Google searches is a measure of investor attention
and is interrelated with changes of the price and volume of assets. No matter what
the sentiment of the search is, a growth of interest should be accompanied with an
increase in the returns and volatility of the prices of respective assets.

– Hypothesis 2: A growth of interest should also be accompanied with an increase
in changes and volatility of the volume of respective assets.

– Hypothesis 3: An increase in the volatility of stock prices occurs simultaneously
with an increase in interest in alternative forms of investment (gold, Bitcoin) which
may be perceived as safe-haven assets.

The last sentence may require a word of explanation. There is a general consensus
in the literature that gold is a proper safe-haven asset. Many researchers also claim
that Bitcoin may play a similar role as well. Some authors have in fact confirmed
that Bitcoin bears some resemblance to gold (Dyhrberg 2015), and it has safe-haven
properties in some sub-periods (Shahzad et al. 2019). Yet, others have come to very
different conclusions. A lack of similarities to gold and the lack of any ability of
Bitcoin to serve as a safe-haven asset was proved by Klein et al. (2018) or Baur et al.
(2018). Moreover, Symitsi and Chalvatzis (2018) note, that the decrease in the overall
portfolio risk due to the low correlation of Bitcoin with other assets is not offset by its
high volatility. Furthermore, Kliber et al. (2019) claim, that Bitcoin can act as a safe
haven only in a crisis-driven country and when investment in local currency is taken
into account. Thus, as there is no clear consensus in the literature as to whether Bitcoin
can or cannot be perceived as a safe-haven asset, we decided to verify if Bitcoin does
indeed have the properties of a safe-haven asset.

To verify these hypotheses, we estimated a set of GARCH-type models for changes
of prices and volume with explanatory variables. The variables are the changes of
search intensity for respective keywords. We were interested whether the explanatory
variables are significant and the sign of the respective coefficient.

Eventually,wewere interested in thedirection of the interrelations: does an increase
in investor attention cause an increase in asset prices or does an increase in assets prices
cause an increase in investor attention?Alternatively, is it volume that affects attention?
Thus, our fourth hypothesis is related to attention theory:

– Hypothesis 4: An increase in investor attention causes an increase in asset prices
and volume.

To verify the last hypothesis we applied the Toda–Yamamoto causality test (Toda
and Yamamoto 1995) and usedWald statistics to determine the direction of the causal-
ity. Note that the first two hypotheses may seem to overlap with the last one. However,
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in the first two we measured co-occurence of the phenomena, while in the last one, we
were interested in causality. Moreover, in the first three hypotheses, we investigated
stationary returns and changes of volume, while in the fourth one we concentrated on
non-stationary prices and levels of volume.

3 Literature review

Kahneman (2018) summarized studies on a variety of aspects of attention, including
divided attention, task interference, and the role of perception. According to his filter
theory, attention sets a filter to select a certain class of stimuli and to reject all others.
Individuals have a limited amount of attention that they can devote to investing.

Attention can affect the trading behaviour of investors in two distinct ways. On the
one hand, directing too little attention to important information can result in a delayed
reaction to important information. On the other hand, devoting too much attention to
information (perhaps old or irrelevant) can lead to an overreaction (Barber and Odean
2013). Moreover, an excess of investment opportunities for analysis creates a need to
filter them.

The phenomenon of attention-driven behaviour can be observed in historical data.
Barber andOdean (2007), based on trading and position records for the in- vestments of
78,000households fromJanuary 1991 toDecember 1996 andnews from theDowJones
News Service, confirmed that individual investors exhibit attention-driven buying.
Facing many possibilities, investors solve the problem of choice by considering only
those stocks that have recently caught their attention. On high-volume days and when
stocks are in the news, they are net buyers, following both extremely negative and
extremely positive one-day returns. Attention-driven buying is similar when large
capitalization stocks are considered, as well as in the case of the small ones.

Such phenomenon can also be observed in experimental studies. Libby et al. (2002)
dealt with the problem of the manipulation of information in the context of the
attention-driven buying. They showed that when an investor faces many alternatives,
options that attract an investor’s attention are more likely to be considered and to be
chosen. Options that do not attract an investor’s attention are often ignored. Thus, if
online information can switch our attention filter and focus, it exposes us to potential
manipulation.

In the context of access to information, researchers differentiate between informed
and uninformed investors and investigate the phenomenon of so-called insider trad-
ing (e.g. Jaffe 1974; Seyhun 1986). Some researchers, using historical data, have
investigated the possible implications of insider trading for the insiders themselves,
outsiders and other stock market observers, such as analysts. According to the stealth
trading hypothesis (Barclay and Warner 1993), in which informed traders may try to
hide their information, it appears that the less informed traders can profit from the
insiders’ disclosures by imitating their decisions (see e.g. Gurgul and Majdosz 2007
or Bedowska-Sojka 2014). Other researchers have studied the phenomenon through
experimental studies (see e.g. Alfarano et al. 2006; Huber et al. 2008; Marsden and
Tung 1997 orHornung et al. 2015). Their results provide insights intowhether and how
insiders try to stay undetected and how their profits are accumulated. Such experiments
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also verify how the value of information changes over time. In all cases, the authors
confirmed that access to proper information is a key factor in taking successful invest-
ment decisions. Therefore, investors look for information from a variety of possible
sources. Naturally, we can assume that nowadays the best source is the Internet.

3.1 Attention and sentiment proxies

Nowadays, most activities related to investing and collecting data take place online.
Not only is the Internet the dominant source of information for traders, but also the
information that the traders themselves leave on the Internet becomes a source for
other market participants. For instance, analysing the search intensity for particular
stock in search engines, or discussions through social media, market analysts can infer
so called investor sentiment.

Tetlock (2007) measured the interactions between the media and the stock market
using daily content from a popular Wall Street Journal column. They showed that
high media pessimism predicts a downward pressure on market prices followed by
a reversion to fundamentals, while an unusually high or low pessimism predicts a
high market trading volume. Bollen et al. (2011) investigated whether public mood,
measured by posted tweets, can predict values of the Dow Jones Industrial Average
(DJIA). Among the seven observed mood patterns, only some were Granger-caused
by the DJIA and matched shifts in DJIA values that occurred 3 to 4 days later (mainly
mood labelled as “calm” from the Google-Profile of Mood States). Eventually, Moat
et al. (2013) noticed a significant increase in the number of views ofWikipedia articles
relating to companies or other financial topics before a decline of stock market prices.
Eventually, Green et al. (2019) examined Virtual Globe technology and showed how
the arrival of unprecedented types of web-based information enhances the ability to
forecast and can lead to significant, measurable economic benefits.

Since 2006, a large and interesting source of data is Google Trends. Google Trends
is a public web facility that shows how often a search-term is entered into the Google
search engine. Obviously, the growth of popularity of this search engine over the last
20 years is extraordinary. In 1998, the average number of queries per day was 10,000,
but in 2006 it was 10,000 search queries per second. Statistics show that in 2018 it
was 63,000 search queries per second (around 5.5 billion per day). As a relatively new
and big data source, this tool has also been recently widely used as a sentiment proxy
(see e.g. Rutkowska and Kliber 2018) and to forecast and analyse financial markets,
but with mixed results.

3.2 Google search intensity and stockmarkets dynamics

The first studies on the impact of searches on stocks concentrated on developed mar-
kets. Joseph et al. (2011) examined online stock ticker searches in a sample of S&P
500 firms over the period 2005–2008 and confirmed that over a weekly period online
search intensity reliably predicted abnormal stock returns and trading volume. Anal-
ogous conclusions came from Bank et al. (2011), who analysed the German stock
market. The authors showed that an increase in search queries was linked to a growth
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of stock liquidity and temporarily higher returns. This finding was partially confirmed
a few years later by Bijl et al. (2016), who found that large numbers of searches were
significant but weak predictors of future excess returns on German stock markets. Da
et al. (2011)—on the contrary—concentrated on the small stock index: the Russell
3000. The authors proposed a direct measure of investor attention using search data
in Google and found that an increase in this measure predicted an increase in stock
prices in the following 2 weeks and a possible price reversal within one year. Preis
et al. (2013) took into account the dynamics of the DJIA. They built a strategy where
a market portfolio was bought or sold, based on Google search volumes. With the
keyword debt this strategy outperformed the market index by 326%. Dimpfl and Jank
(2016) concentrated not on prices but on volatility of the DJIA and showed that a rise
in the number of searches today is followed by an increase in volatility tomorrow. The
authors improved volatility forecasts in-sample.

In all the studies mentioned above, developed markets were analysed. Much less
attention has been placed on emerging ones. The results presented so far indicate,
however, that also in this case causal relationships can be found. For instance, Tanta-
opas et al. (2016) analysed a group of developed and developing countries to verify the
possible influence of search intensity on their stock markets. The researchers checked
for Granger causality between Google searches and selected Asia-Pacific equity mar-
kets based on weekly data between January 2004 and December 2014. According to
their findings: the main index return of Hong Kong, Japan, Korea, China, and India
Granger-caused the search volume. On the other hand, Australia and New Zealand
were the countries where search intensity moved index returns. When volatility and
search volume index were considered, in most countries (Japan, India, and Malaysia)
two-way relationships existed: return volatility was influenced by search intensity, and
vice versa. Moreover, the variation of returns Granger-caused search volume in three
developed markets (Australia, Korea, and New Zealand). For China, the results were
different, as the changes in search index influenced changes in the volatility of its
representative index. The trading volume and SVI exhibited the least numbers of sta-
tistically significant causality among the other pairs. In three countries (Korea, China,
and India), a change in their trading volumesGranger-caused changes in corresponding
Google searches, but not vice versa.

There is also the work of Nguyen et al. (2019),who analysed 5 emerging markets
(Indonesia, Malaysia, Philippines, Thailand, and Vietnam) over the period 2009–2016
and found that increases in Google search volume have significant negative impacts
on stock returns in the case of Philippines, Thailand, and Vietnam. This suggests that
investors might be more sensitive to bad news than good news in their investment
decisions.

3.3 Google search intensity and the dynamics of commodities

All the examples cited above proved that the relationships between SVIs and the
dynamics of stock markets exist (but can be different in their nature). What is inter-
esting, is the fact that similar dependencies can be found for instance in the case of
commodity markets. Let us start from the work of Vozlyublennaia (2014) who studied
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stocks, commodities and treasury bonds. The data were taken weekly and covered the
period: January 2004 to December 2012. The author analysed the following indices:
theDow Jones Industrial Average, the S&P500 index, NASDAQ, the 10-year Treasury
Bond index, the Chicago Board Options Exchange (gold), and West Texas Intermedi-
ate (crude oil). She showed that changes in investor interest in oil caused changes of
oil returns and vice versa. Oil returns influenced search intensity of the DJIA, while
DJIA returns affected the search likelihood of oil. Eventually, changes in gold returns
influenced the future search intensity for the gold index. In the case of volatility: it
caused changes in attention, but attention was less likely to influence volatility. These
relationships may have occurred within the same index as well as across indices.
Yet another example can be Li et al. (2015), who studied the relationships between
SVIs, different trader positions in the Commitments of Traders (COT) reports by the
CFTC, and crude oil price changes. The authors found that SVIs significantly drives
speculators’ positions.

3.4 Influence of internet search activity on Bitcoin price dynamics

The literature on the influence of SVIs on Bitcoin prices is more scarce and has only
started to appear recently. In such cases, the analyses were performed also using
daily data. One of the first studies was Kristoufek (2015) who showed that there are
significant interrelations between the price of Bitcoin and investor interest asmeasured
by Google searches, and that their direction and intensity changes over time. Similar
conclusionswere reached bySuessmuth (2019) for a later period. Eventually,Abraham
et al. (2018) showed that Bitcoin and Ethereum price predictions can be improved with
the help of data on tweet volumes and Google trends. The authors proved that it is the
volume of searches, not their sentiment, that allows for more accurate predictions of
price direction. On the contrary, Aalborg et al. (2019) showed that only predictions of
Bitcoin volume —not the returns—can be improved with Google search data.

Our study is similar to the ones cited above in the sense that we utilize Google
search data as a measure of attention. Contrary to previous studies, however, we used
daily data also for stocks and gold, as the effects of attention from noise traders are
more likely to manifest at shorter horizons than one week (e.g. during one day). In this
sense, our study is an extension and continuation of the previous ones. We expanded
the sample to cover not only stocks but also cryptocurrencies and gold, so that we can
extend the inference for alternative investment opportunities. Moreover, we divided
the whole 5-year sample into two subsamples to account for the development of the
Google search engine as well as the development of cryptocurrencies.

4 Data andmethodology

Our data cover the period from 30-01-2013 to 28-01-2018. We analysed the daily
prices of:

– the S&P500, anAmerican stockmarket index based on themarket capitalization of
500 large companies which have common stock listed on the NYSE or NASDAQ,
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– the Russell 2000 Index, a small-cap stock market index of the bottom 2000 stocks
in the Russell 3000 Index, maintained by the FTSE Russell,

– Bitcoin, a cryptocurrency of the biggest market capitalization,
– Gold Spot US Dollar, the gold price quoted in US Dollars, which is the common
yardstick for measuring the value of Gold across the world,

and daily volume of:

– S&P500 index,
– the Russell 2000 index,
– Bitcoin.

As for the volume of Bitcoin, we chose data showing the USD trade volume from the
top exchanges according to https://blockchain.info. The data were downloaded from
the Quandl service.1

Since the data are non-stationary, the models and calculations were performed on
logarithmic returns. Descriptive statistics of logarithmic rates of return are presented
in Table 1. What we noticed is that there is an extremely high value of Bitcoin’s
kurtosis as compared to the other assets. Also, the range of the values taken by Bitcoin
returns, as well as the sample variance, are significantly higher. However, when we
compared the volume of trade of Bitcoin and stocks, we can see that it was again more
volatile in the case of Bitcoin (measured by standard deviation), but the kurtosis is the
lowest.

By analysing Figs. 1, 2, 3 and 4, in which we present the prices of the analysed
data, together with the search intensity, we can easily observe that there are several
moments of possible co-movement. Such an example is August 2015, when the S&P
500 closed about 1.3 per cent lower, after rallying nearly 3 per cent earlier, which was
the biggest reversal to its downside since October 29, 2008. Themovements of Bitcoin
prices and volume probably corresponded to the major events in the market, such as
the issuing of the first regulatory guidelines for decentralised virtual currencies by
the Financial Crimes Enforcement Network in 2013 or the shutting down of the Silk
Road website by the FBI which seized roughly 26,000 BTC from various accounts
(Autumn, 2013).

4.1 Keywords choice

As a measure of attention, we used the daily number of Google keyword searches,
called Google Trends. We used three keywords closely related to a number of chosen
assets: stock, bitcoin, gold price.

Choosing a keyword is always problematic and subjective. We tested between 5–
20 synonyms and words related to each type of asset. Eventually, we chose the most
popular ones. The examples of the queries can be seen in Figs. 5, 6 and 7, while a
list of synonyms is in Table 2. The queries were limited to the United States and its
finance categories.

Google Trends adjusts search data tomake it easier to compare keywords. Each data
point is divided by the total number of searches in the associated geographic region

1 https://www.quandl.com/data/BCHAIN/TRVOU-Bitcoin-USD-Exchange-Trade-Volume.
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Table 1 Descriptive statistics of log-returns of the analysed assets and changes of their volume

BTC Gold S&P500 Russel 2000

Price

Mean 0.0035 − 0.0002 0.0005 0.0005

Standard error 0.0011 0.0003 0.0002 0.0003

Median 0.0025 − 0.0001 0.0006 0.0011

Standard deviation 0.0486 0.0097 0.0075 0.0099

Sample variance 0.0024 0.0001 0.0001 0.0001

Kurtosis 15.8382 8.6956 2.8784 0.9398

Skewness − 0.7871 − 0.7402 −0.4411 − 0.3653

Range 0.8371 0.1411 0.0785 0.0713

Minimum − 0.4783 − 0.0924 − 0.0402 − 0.0398

Maximum 0.3588 0.0487 0.0383 0.0315

Volume

Mean 0.0036 0.0000 − 0.0001

Standard error 0.0135 0.0075 0.0051

Median − 0.0358 − 0.0032 − 0.0034

Standard deviation 0.5749 0.2655 0.1812

Sample variance 0.3306 0.0705 0.0328

Kurtosis 0.8225 6.4003 16.8135

Skewness 0.3545 − 0.0633 − 0.1611

Range 4.4750 2.4202 3.4686

Minimum − 1.7749 − 1.1952 − 1.7777

Maximum 2.7001 1.2250 1.6909

Fig. 1 SP500 price (left panel, left axis, black solid line) and volume in millions (right panel, left axis, black
solid line) versus number of searches for stock from Google Trends (right axis, grey solid line) over the
period from 2013-01-31 to 2015-12-31 (upper panel) and from 2016-01-01 to 2018-01-28 (lower panel)
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Fig. 2 Russell 2000 price (left panel, left axis, black solid line) and volume in millions (right panel, left
axis, black solid line) versus number of searches for stock from Google Trends (right axis, grey solid line)
over the period from 2013-01-31 to 2015-12-31 (upper panel) and from 2016-01-01 to 2018-01-28 (lower
panel)

Fig. 3 Bitcoin price (left panel, left axis, black solid line) and volume in millions (right panel, left axis,
black solid line) versus number of searches for bitcoin from Google Trends (right axis, grey solid line) over
the period from 2013-01-31 to 2015-12-31 (upper panel) and from 2016-01-01 to 2018-01-28 (lower panel)

and time range to determine its relative popularity. The obtained values are scaled to
the range of 0-100. If the number of searches is low, it is displayed as zero. Google
Trends omits identical queries entered by the same user at short intervals.
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Fig. 4 Gold price (left axis, black solid line) versus number of searches for gold price from Google Trends
(right axis, grey solid line) over the period from 2013-01-31 to 2015-12-31 (upper panel) and from 2016-
01-01 to 2018-01-28 (lower panel)

Fig. 5 Comparison of the search volume index for keywords related to the stock market. Source: Google
Trends

Fig. 6 Comparison of the search volume index for keywords related to the bitcoin market. Source: Google
Trends
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Fig. 7 Comparison of the search volume index for keywords concerning gold market. Source: Google
Trends

Table 2 List of tested words

Gold S&P 500 Index / Russell 2000 Index Bitcoin

gold bars, Cboe BZX Exchange, Binance,

gold coin, equity, bitbay,

gold futures, NASDAQ, bitcoin,

gold price, assets, Bitfinex,

spot gold, market assets, Bithumb,

XAU market index, Bitstamp,

NYSE, Bittrex,

Russell 2000 Index, blockchain,

S&P 500 Index, BTC,

shareholding, coinbase,

shares, Coinbase,

sp500, cryptocoin,

stock exchange, cryptocurrency,

stock investment, digital currency exchange,

stock market, digital currency,

stock market, Huobi,Kraken

stocks OKEx,Upbit,

XBT

4.2 Sample split

As already mentioned, our study covers data from 30-01-2013 to 28-01-2018. We
started our sample in 2013 when the number of Internet users worldwide amounted
to 2631 million and Google’s search engine reached 114.7 billion searches, i.e. its
market share was equal to 65.2% (the share of other search engines did not exceed
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10%). The sample was divided into two sub-samples: from 2013-01-31 to 2015-12-31
and from 2016-01-01 to 2018-01-28. The division of the sample is justified by the
fact that the digital world in 2013 was not comparable to the one in 2018. Internet
users went mobile (in 2017, 237.2 million people accessed the Internet through their
mobile phones2), the number of Google searches in 2018 exceeded 3.5 billion searches
per day,3 and Bitcoin’s market capitalization had increased from approximately 0.04
billion U.S. dollars in the first quarter of 2012 to approximately 237.62 billion U.S.
dollars in the fourth quarter of 2017.4

The particular date to split the time series was chosen based on an analysis of
the structural breaks of the Bitcoin time series. In the first step of our research, we
estimated all the models of the whole sample. In all the cases, the models were well-
fitted, apart from the case of Bitcoin. In the latter case, the model did not pass the
Nyblom test of the stability of coefficients. Such a result suggests a possible structural
change in the data. Therefore, we decided to look for possible breakpoints in the
dynamics of Bitcoin’s price. In the test of Bai and Perron (2003) one can choose the
preferred number of breakpoints. In our case, the algorithm suggested a maximum of
6 breakpoints. However, this would result in an overly short time series for analysis
(i.e. the estimates of the GARCH coefficients would be unstable and thus it would not
be reasonable to make any conclusions based on such models). Therefore, we decided
to divide the series into two optimal segments. The algorithm indicated 2016 as the
moment of division. The length of the data sample in the first sub-period is 1066 days,
and in the second one: 759 days. The maximum time frame for daily SVI data is 270
days. For a longer time span only weekly data are available, therefore the data have
been scaled to combine it with daily data. To collect and re-scale data we use API for
Google Trends in Python available on: https://github.com/GeneralMills/pytrends.

4.3 Possible monday effect in keywords search

The raw market data of our analysis are shown in Figs. 1, 2, 3 and 4. Market data for
stocks and gold are not quoted during weekends, therefore we had to deal with this
problem in some way. In financial markets, some assets may exhibit the so-called:
Monday effect, i.e. on Mondays, stock returns are often significantly lower compared
to those of the preceding Friday. Various studies (Chiah and Zhong 2019; Caporale
and Plastun 2019; Keef et al. 2009) show that such an effect exists in the case of stocks
but is not observed in the case of gold or Bitcoin. In our study, we checked two options:
omitting weekend search data versus their averaging. The differences between the two
approaches were not significant, which may suggest that the Monday effect does not
exist (neither was present in the analysed period). We would like to point out that
this approach is in line with the work of others, e.g. Aalborg et al. (2019). A detailed
investigation of this issue is, however, out of the scope of this study. In this paper,
we make a simplifying assumption about the lack of the Monday effect and show the
results without including searches made during weekends.

2 https://www.statista.com/statistics/275591/number-of-mobile-internet-user-in-usa/.
3 http://www.internetlivestats.com/google-search-statistics/.
4 https://www.statista.com/statistics/377382/bitcoin-market-capitalization/.
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4.4 Methodology

As the financial time series are characterised not only by linear, but above all by
non-linear relationships, we decided to estimate a series of GARCH models (see the
“Appendix” for details) to describe their full dynamics. Due to the non-stationarity
of the data, the models are estimated on log-returns of asset prices. To account for
the possible influence of the search intensity on the assets’ dynamics, we included
explanatory variables into conditional mean and variance equations.

Thus, to test the first two hypotheses (Hypothesis 1 and 2): No matter what the
sentiment of the searches is, a growth of the interest and an increase in returns and
the volatility of price and volume of respective assets should be observed simultane-
ously,we fit an ARMA-GARCH-type model to the daily logarithmic returns of stock,
Bitcoin and gold prices with search intensities for respective assets. We did the same
for the trade volume of stocks and Bitcoin. If the coefficients were significant, we
concluded that investor attention is significantly linked to the assets’ prices or trade
dynamics. We expected that the sign of the coefficient of explanatory variables would
be positive (the growth of interest is related to a growth of returns/volume changes,
and also volatility).

To verify the third hypothesis (Hypothesis 3): An increase in the volatility of stock
prices occurs simultaneously with an increase in interest in alternative forms of invest-
ment (gold, Bitcoin) perceived as safe-haven assets, we extended the set of explanatory
variables in themodel of stock (S&P and RUT) volatility, to the number of searches for
additional assets.We expected that an increase in stock volatility would occur simulta-
neously with an increase in investor attention for alternative forms of investments. The
justification is as follows: an increase in volatility in mature financial markets is asso-
ciated more frequently with an inflow of bad news—not good news (see: Black 1976).
In the case of a decline in stock prices (and a growth of volatility), investors should
look for alternatives—e.g. safe-haven assets. Therefore, we should observe positive
relationships with stock volatility growth and increased interest for other investment
opportunities (as measured by search intensity).

In all the cases, we chose the best model based on its ability to explain linear and
non-linear relationships in the data, as well as on the significance of its coefficients.
We also compared information criteria. In some models, we decided to leave some
insignificant explanatory variables, if such model had better characteristics.

Eventually, to verify the fourth hypothesis (Hypothesis 4):An increase in investor
attention causes an increase in asset prices and volume,we performed the non-
causality test of Toda and Yamamoto (1995). The application of this test, contrary
to the classical Granger one (1969), is not limited to stationary data. As our data are
not stationary, we decided to use this approach and also analyse levels of prices and
volume. It allowed us to test, whether a change of attention causes a change of asset
prices and volume, and vice versa. The conclusions of the tests are based on Wald
statistics.
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5 Results

In the following subsections, we present the results of the GARCH model estimation
(hypotheses 1–3) and the results of the Toda–Yamamoto test for non-causality. In
the case of GARCH estimates, we were interested whether the explanatory variables
(SVIs) are significant in volatility equations. In the case of the causality test, we
checked the significance of Wald statistics.

5.1 Investor attention and the dynamics of asset returns and volume (hypotheses
1 and 2)

In this section we present the results of GARCH model estimations that allowed us to
verify the first two hypotheses.

In Table 3 we present the results of the estimation of the GARCH model for the
S&P 500. In the upper panel, we present the model for returns, while in the lower—for
volume. In the case of returns, the best model was AR(1)-IGARCH(1,1): in the first
period with skewed Student distribution, while in the second—with a symmetric one.
In the case of volume, in the first period we fit the ARFIMA(1,d,0)-ARCH(1) model,
while in the second—AR(2)-ARCH(1), in both sub-periods with skewed Student dis-
tribution. When we analysed the significance of the explanatory variables (SVI), we
could see that an increase in the number of searches for the keyword stock is inter-
related with a growth of S&P 500 volatility in both sub-samples (the coefficient for
the keyword stock denoted in the table by GSStock(V) is positive in both periods). In
contrast to Da et al. (2011), Bank et al. (2011) and Joseph et al. (2011) who improved
forecasts of S&P returns by taking account of search volume indices, we cannot con-
firm any statistically significant relationship between returns and SVIs (GSStock(M)
was insignificant in the first period, while in the second one its p value amounted to
0.07). However, as already noted, dependencies do exist in volatility, which is in line
with the results obtained for weekly data by Dimpfl and Jank (2016) for DIJA.

Additionally, strong and positive relationships in mean can be found between S&P
500 volume and the SVIs (GSStock was positive and significant explanatory variable
of conditional mean), which corroborates the results obtained for weekly data by
Joseph et al. (2011).

In the case of small caps index returns (see Table 4),in the first period the AR(0)-
GARCH(1,1) model with G.E.D. distribution was fit, while in the second: AR(1)-
ARCH(4) with the same distribution. The best model for volume in the first period was
ARFIMA(0,d,0)-ARCH(1) with symmetric Student distribution, while in the second:
ARFIMA(3,d,0)-ARCH(1) with G.E.D. distribution. Again, we were interested in the
significance of explanatory variables (SVI). Contrary to the case of the S&P 500, we
observed interrelations between investor attention and stock volatility in the second
sub-sample only. The volume of the Russell 2000 is also positively interrelated to
SVIs. In the first sub-sample, an increase in investor attention goes along with an
increase in conditional volatility and the mean of volume process, while in the second
one—the mean only.
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The results confirm our hypothesis that a growth of investor attention is positively
related to the dynamics of prices (here: volatility) and the volume of stocks. Thus,
periods of increased volatility and increased investor interest occur at the same time.
Moreover, there is a significant relationship between the growth of investor interest
and the growth of trade intensity.

Similar relationships with price volatility were confirmed for gold (see 5).
In this case, we needed more sophisticated volatility models to explain all the
dynamics of gold prices. In the first period, the proper model appeared to be
AR(1)-HYGARCH(1,d,1) with G.E.D. distribution, and in the second one: AR(0)-
GARCH(1,1). Based on an analysis of the significance of the SVI, we conclude that
an increase in the number of searches for the keyword gold price and an increase in
gold price volatility happens simultaneously.

Different relationship patterns have been found in the case of Bitcoin (see Table 6).
In the first sub-period, the AR(5)-GARCH(1,1) model with G.E.D. distribution was
fit: both for returns and volume. In the second sub-period, the AR(0)-GARCH(1,1)
with G.E.D. distribution was fit for returns, while AR(5)- GARCH(1,1) with G.E.D.
distribution for volume. The coefficients of the conditional mean and variance for
the SVI are significant (although small) and positive. Thus, we can conclude that an
increased interest in Bitcoin is related to an increase in its price and volatility.

Very interesting results were found for volume. In the first sub-sample, the coeffi-
cients for the SVI are positive in the conditional mean and negative in the conditional
variance equation. Only in this case is an increase in attention related to an increase
in the volume and a decrease in the volatility of volume. This can mean that together
with an increase of in investor attention, the trade volume increased but the increase
was not a rapid one.

In the second sub-sample, the situation is the opposite. Thus, an increase in attention
was related to a decrease in the volume and an increase in the volatility of volume.
This may suggest that an increase of attention in the second period, overlapped with
a growth of nervousness in investment behaviour (an increase in the volatility of
volume), but not necessarily with an increase in investment itself.

To summarize—our results suggest that there exist significant relationships between
investor attention and price and volume dynamics, but they are of a different nature
in the case of different assets. The most prone to changes of investor attention is the
price of Bitcoin and its volume (relationships have been found both in both mean
and volatility equations, as well as in volume). Changes of investor attention are also
related to changes of stock volatility and volume, as well as to the volatility of gold
prices.

We would like to stress here the fact that this kind of analysis does not allow us
to decide what phenomenon was the cause and what was the consequence—i.e. does
an increase in attention contribute to an increase in the price, or is it the other way
round: an increase in prices results in a growth of attention? This question can be
answered if we included a lagged dependent variable in our models. However,in this
part of the study, we wanted to concentrate on the relationships within one day, while
the causality analysis is performed in Sect. 4.3 (the fourth hypothesis).
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5.2 Alternative investments hypothesis—hypothesis 3

The alternative investment hypothesis states that changes in the stock market are
linked to increases in interest in alternative investment opportunities—such as gold
and Bitcoin (see Table 7). Thus, in the next step of our research, we analysed whether
the number of searches for gold price and bitcoin can explain the dynamics of stock
indices. Again, we estimated GARCH models for the S&P 500 and the Russell 2000
with explanatory variables—but this time we included not only SVIs for stock, but
for gold and Bitcoin as well. In the case of both the RUT and S&P 500 returns, in
the first period the AR(0)-GARCH(1,1) model was fit, with generalized error dis-
tribution (G.E.D.), while in the second period—AR(1)-GARCH(1,1) with Student
distribution—for the S&P 500 and AR(1)-ARCH(3) with G.E.D. distribution—for
the RUT.

According to our results (see Table 7), the coefficients for the number of Bitcoin
searches in both sub-samples and both indices are not statistically significant. Yet,
the increase in the number of searches for gold price is linked to a decrease in S&P
500 prices in both periods. The same conclusion applies to the RUT after the year
2015. In the first period, an increase in gold price searches occurs simultaneously
with an increase in the volatility of small caps. These results lead to the conclusion
that investors consider gold to be a safe-haven asset—not Bitcoin (and this result
confirms the findings of e.g. Klein et al. (2018) and Baur et al. (2018)).

5.3 The chicken or the egg—causality analysis (Hypothesis 4)

In the previous parts of the research, we analysed simultaneous changes of investor
interest and the dynamics of assets. The results showed that there exist significant
relationships between them. As both dependent and explanatory variables were taken
from the same day (the closing price of the asset and the total number of searches in
a given day), we do not know whether the relationships are causal ones or they are a
common reaction to an external event. Therefore, we decided to run yet another test
to inspect possible causality patterns. More precisely, we were interested in knowing
if increased attention is the cause or effect of the market changes.

In Tables 8, 9 we present the results of the Toda–Yamamoto test for causality (Toda
and Yamamoto 1995). We checked the directions of causality between the SVI for
a respective keyword and the prices, as well as volumes of given assets. As in the
previous two cases, we analysed data in two sub-samples. The numbers in the tables
are the p values for the hypothesis of no-causality. Thus, in Table 8 the null hypotheses
are as follows: Prices do not cause investor attention (upper rows in both panels) and:
Investor interest does not affect prices (lower rows in both panels). In Table 9 they are:
Volume does not cause investor attention (upper rows in both panels) and: Investor
interest does not affect the volume (lower rows in both panels). We are interested in
the cases, where the hypothesis was rejected.

In the first sub-period, we observed causality between the number of Google
searches and prices in the case of Bitcoin and both stock indices, while the oppo-
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Table 8 P values of causality
test between investors’ interest
(SVI) and prices

BTC GOLD SP500 RUT

Period 2013–2015

Price → SV I < 0.001 0.001 0.905 0.862

SV I → Price 0.000 0.559 < 0.001 0.036

Period 2016–2018

Price → SV I 1.000 0.533 0.623 0.832

SV I → Price < 0.001 0.065 0.870 0.210

In the table we present the p values of the null hypothesis of the Toda–
Yamamoto test of no causality between investor interest and asset prices
in the period 2013-15 (upper panel) and 2016-18 (lower panel). The
null hypotheses are as follows: Prices do not cause investors’ attention
(upper rows in both panels) and: Investors’ interest do not cause the
prices (lower rows in both panels). We analyse daily prices of Bitcoin
(BTC), gold, the S&P 500 and the Russell 2000 (RUT)

Table 9 P values of causality
test between the investors’
interest (SVI) and volume
(VOL)

BTC SP500 RUT

Period 2013–2015

V OL → SV I 0.063 1.000 < 0.001

SV I → V OL < 0.001 < 0.001 < 0.001

Period 2016–2018

V OL → SV I 1.000 1.000 1.000

SV I → V OL < 0.001 < 0.001 < 0.001

In the table we present the p values of the null hypothesis of the Toda–
Yamamoto test of no causality between investor interest and the trade
volume of different assets in the period 2013-15 (upper panel) and
2016-18 (lower panel). The null hypotheses are as follows: Volume
does not cause investors’ attention (upper rows in both panels) and:
Investor interest does not affect volume (lower rows in both panels).
We analyse daily trade volume of Bitcoin (BTC), the S&P 500 and the
Russell 2000 (RUT)

site relationship was found in the case of gold and Bitcoin. It suggests that an increase
in attention caused changes of prices in the case of the stock indices, while in the case
of gold it was price movements that led to changes of attention. Feedback relation-
ships were confirmed when Bitcoin was taken into account. The results obtained for
stock indices and gold confirm most of the results received by Vozlyublennaia (2014),
although our research shows that attention is likely to impact only gold and Bitcoin
dynamics—not the stock indices. The results obtained for Bitcoin prices are also in
line with the findings of Kristoufek (2015) or Suessmuth (2019).

In the second sub-period, causality between prices and attention was not confirmed
in the case of Bitcoin or gold. Causality between attention and stock priceswas also not
observed. What remained, was the causality relationship between attention to Bitcoin
and its prices.
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These conclusions have not yet been confirmed by other authors, most probably
due to the fact that the period of the most up-to-date data have not been covered
in similar research (Aalborg et al. (2019) analysed relationships between SVIs and
Bitcoin returns, but did not analyse data in subsamples). We believe that the results
could have been caused by a change of investor approaches to information retrieval.
The main users of search engines are individual investors who cannot influence the
market, even if they react according to attention theory. Perhaps in the first period,
after the first research studies showing the importance of Internet searches had been
published, institutional investors also started using the Google search engine. This
could have contributed to the effect of a self-fulfilling prophecy. In the second sub-
period, the interest of institutional investors must have weakened.

Slightly different results have been obtained in the case of the relationships between
the volume of assets and investor attention. In the first sub-period, attention caused
movement in the volume of Bitcoin and both indices, while the opposite relationship
was observed in the case of small caps. In the second sub-period, the latter relationship
was not observed, but the test again confirmed causality between attention and volume
in the case of the three instruments. We note that causality between SVIs and Bitcoin
volume has also been recently confirmed also by Aalborg et al. (2019).

6 Concluding remarks

The aim of the study was to check which financial assets can be considered attention-
driven ones and whether an increase in attention can cause movements of asset prices
and volume. As a proxy for attention, daily Google searches were used. We analysed
the daily prices of two stock indices: the S&P 500 and the RUT (small caps), Bitcoin
and gold. As a measure of attention, we took Google search data for the respective
keywords (stock, Bitcoin, gold prices). The data were analysed in two sub-periods:
2013–2015 and 2016–2018. We studied the interaction within the same day (using
GARCH-type models with explanatory variables) as well as the causality of Granger-
type (Toda–Yamamoto test).

The results differed with respect to the analysed assets. In the case of stocks, we
confirmed relationships between price volatility and investor attention, while in the
case of Bitcoin, relationships were also observed in the conditional mean. Moreover,
the volatility of stocks is related to the changing interest of investors in other investment
alternatives—namely with gold. As relationships with gold—not with Bitcoin—were
confirmed, our study suggests that Bitcoin should not be considered as a safe-haven
alternative to stock investing. On the contrary, it is gold (which is not attention-driven)
that can be perceived as a save-haven asset.

Among the analysed assets, Bitcoin is clearly different from the others. Changes
of investor attention Granger-caused both the returns and volume of Bitcoin in each
period, while in the case of stocks, such relationships were observed only in the first
period (2013–2015). On contrary, gold prices did not react to changes of attention,
while the attention of investors was Granger-caused by gold price movements (but
only over the period 2013–2015). This can indicate that investors in cryptocurrency
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markets may belong to a different group than investors in the stock market and that
they are more information-driven.

A.1: GARCHmodels

Let us denote by yt a vector of time series, and by �t−1—the set of information
available up to the moment (t − 1). Let us denote the conditional mean of yt as:

yt = E (yt | �t−1) + εt , (1)

where E (· | ·) denotes the conditional expectation operator, while εt is the distur-
bance term with E (εt ) = 0,E (εt , εs) = 0,∀t �= s. One of the most widely useful
specification of the conditional mean is the autoregressive: AR(k) model of the form:

yt − μ =
k∑

i=1

ai (yt−i − μ) +
l∑

i=1

δi xt,i + εt (2)

where μ denotes the unconditional mean xi,t denotes the value of the i-th explanatory
variable at time t.

If the financial series exhibit significant autocorrelation between observations
widely separated in time, we say that the process has a long memory and need to be
modelled by a fractionally integrated ARMA process, called ARFIMA (see: Granger
(1980) and Granger and Joyeux (1980)). The ARFIMA(n, d, s) model is given by:

	(L)(1 − L)d(yt − μt ) = 
(L)εt , (3)

where μt = μ + ∑l
i=1 δi xt,i .

The operator (1− L)d accounts for the long memory of the process and is defined
as:

(1 − L)d =
∞∑

k=0

�(d + 1)

�(k + 1)�(d − k + 1)
Lk = 1 −

∞∑

k=1

ck(d)Lk, (4)

with 0 < d < 1, c1(d) = d, c2(d) = 1
2d(1 − d), ... and �(·) is the Gamma function.

In the case of most financial time-series data the εt can be decomposed in the
following way:

εt = ztσt , (5)

where zt ∼ i id with mean 0 and unit variance. If σt can be expressed as:

σ 2
t = ω + 

q
i=1αiε

2
t−i + 

p
j=1β jσ

2
t− j , (6)

we say that it follows a GARCH(p,q) process (see: Bollerslev (1986) for details).
Since the pioneering work of Bollerslev Bollerslev (1986) a lot of different specifi-

cation of the model has appeared. First of all, different distribution of errors has been
allowed (e.g. Student, skewed Student or generalized error distribution: GED). From
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a variety of different functional specifications of GARCH models, in our study we
used a HYGARCH one of Davidson Davidson (2004) to model gold price dynamics
in the period (2013-2015). In the model:

σ 2
t = ω[1 − β(L)]−1 + {1 − [1 − β(L)]−1 · φ(L) · [1 + α(1 − L)d ]}ε2t . (7)

We refer the Reader to the original article of Davidson (2004) for more details about
the model specification and estimation.
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