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Abstract

This paper aims at investigating the relationship between volumes of Google searches for
finance related words and stock market movements in Sweden. The method follows Preis et al.
(2013) who show that a superior investment strategy can be developed by incorporating search
volumes data in the decision making process. Moreover, several econometric regression models
will be applied in order to evaluate the significance of Google search volumes as a proxy for
investor sentiment. The findings suggest that Google search volume data can predict short
term downturns for certain words relating to finance which also bear a negative connotation.
For some other words which are strongly related to household savings, the Google strategy
can predict upturns in the market. However, any excess returns from the Google investment
strategy are diminished to zero when transaction costs are incorporated into the model. This
research could save policy makers time and resources by measuring investor sentiment for a
fraction of the cost of current methods.
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1 Introduction

Information gathering has always been the foundation for all investment decisions. The way in
which investors gather information has however changed dramatically over the past decades. In
the 1970s information gathering involved reading printed press materials, companies annual reports
and meeting with stock brokers. Nowadays, the same information can be obtained through a screen.
Everyday, internet search engines process a very large amount of queries; for example Google, one
of the most used search engines, processes 3, 5 billion queries every day.

This paper aims at investigating the relationship between the volumes of Google searches relating
to finance and stock market movements. This paper also aims to test the Google Trends invest-
ment strategy developed by Preis et al. (2013) by implementing it on the Swedish stock market.
In addition, several econometric regression models will be run in order to evaluate how Google
Trends performs as a measure of investor sentiment in comparison with the widely accepted Eco-
nomic Tendency Indicator produced by the National Institute of Economic Research (NIER) in
Sweden. The paper strives to contribute to improving the accuracy of current forecasting models
by including internet search behaviour. Moreover, this paper adds further insight into the literature
of behavioural finance regarding investor sentiment and its impact on capital markets.

The results are in line with with previous research (e.g., (Preis et al., 2013) and (Da et al., 2015))
which suggests that Google search volumes for financially related words with a negative connotation
can predict short term market downturns. In addition, implementing the Google Trends investment
strategy using the search term “dow jones” yields a performance that is 765% better than the buy
and hold strategy in the short run and 73% better in the long run. However, these results diminish
when transaction costs are incorporated into the model.

Moreover, the estimates from the regression models show that volumes of Google search queries
can for certain words predict near term economic downturns and for certain other words predict
near term economic upturns. The results of this paper conclude that volumes of Google search
queries can be useful as early warning signs for economic downturns or upturns depending on the
characteristics of the search terms in question

The remainder of the paper is structured as follows: Section 2 highlights the relevance and im-
portance of this research, followed by a summary of the theoretical background and the previous
research this paper builds upon. Section 4 explains and defines the data used for the empirical
study; it is followed by section 5 which displays the models used in this paper. Section 6 displays
the results of this study and lastly, section 7 concludes with a few final remarks.

2 Relevance and Importance

The vast amount of big data representing different aspects of our daily life presents a new oppor-
tunity for researchers to address vital questions about our complex world.

Financial markets are an attractive target for such quantitative research. Fluctuations in capital
markets can have great impacts on personal wealth and geopolitical events, which is why they
attract so much attention from researchers (Preis et al., 2013).

Just as argued by Preis et al. (2013), financial trading data sets are a rather faithful representation
of all the decisions taken by the actors of the market. According to the most recent research,
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the decisions they make are motivated by the result of their research. Nowadays, those research
are mostly performed online, through search engines that allow people to type in a subject they
are interested in and to get instant access to all the information available on this specific subject.
For more than a decade, Google has been providing free access to data about the volume of search
queries for any term one might be interested in with Google Trends, a service that is freely available
to everyone.

Policy makers would also benefit substantially from improved accuracy in their forecasting models
by incorporating internet search queries in the existing benchmark forecasting models.

3 Theoretical Framework

The Efficient Market Hypothesis suggests that the price of an asset reflects all available information
(Fama, 1965). Lately, it has been debated by researchers in behavioural finance who argue that
social dynamics and investor sentiment can also play a role in determining market prices (Rashes,
2001).

However, stock prices and social dynamics have long been recognised by researchers as a worthy
subject of study. The idea of psychologically induced market movements in stock prices has a long
history. Mackay et al. (1932) claimed that both the Dutch tulip bubble of the seventeenth century
and the south seas bubble of the 1720 was caused by irrational behaviour from investors. More
recently, Shiller (2015) predicted the bursting of the millennium tech bubble. He claimed that much
of the price increase in technology stocks was caused by popular irrational optimism about their
long term earning potential.

These themes have compelled researchers to investigate the question of the ability of investor
sentiment to have an influence on the market. The question was first formally raised by Shiller
(1981) who argued that “social and psychological factors [have] the potential to affect stock prices
in a significant way.” His theory is one of the most widely debated studies in behavioural finance
(Elton et al., 2014). His claim is that stock prices are more volatile than can be rationalized by
changing the expected future dividend. Later, his research came to support this claim. Since he
needed to collect data on investor behaviour to test his theories, he asked investors in the US and
Japan regularly about their future expectations. Nowadays, we call this practice market confidence
indexes. The majority of the recent empirical research that shows a relationship between asset prices
and investor behaviour aims to discover if uninformed investors can cause a deviation in security
prices(Elton et al., 2014). Studies of behavioural factors constructed from data and other sentiment
indicators suggest that they can also lead to differences in realized returns among different classes
of equities (Bodie et al., 2014).

3.1 Previous research

Most researcher agree on the fact that investor sentiment can significantly affect stock markets as
Baker and Wurgler so eloquently put it: “Now, the question is no longer, as it was a few decades
ago, whether investor sentiment affects stock prices, but rather how to measure investor sentiment
and quantify its effects.” Today, part of the research on investor sentiment and market prices
focuses a lot on the role of news media. Other parts focus on volumes of internet search queries
as proxy for measuring investor sentiment. For sentiment to have an effect on prices, there must
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be some form of coordination mechanism that focuses investors attention on a particular stock and
causes a reading that moves the stock price (Elton et al., 2014). Both news media and volumes of
internet search queries seem to possess these qualities.

To test this Tetlock (2007) collected news items from the Wall Street Journal about publicly traded
companies and coded them according to their fraction of positive or negative words to analyse the
implicit sentiment. His results show that high sentiment, both positive and negative, predicted
volumes of trade.

The paper by Da et al. (2015), uses daily internet search volume from Google to reveal market
level sentiment. They created a Financial and Economic Attitudes Revealed by Search (FEARS)
index, as a new way of measuring investor sentiment. The index is constructed by aggregating
the volume of queries related to household concerns such as “recession,” “unemployment” and
“bankruptcy”.

In another paper using internet search volume Preis et al. (2010) investigates whether there is a
link between Google search volumes and financial market fluctuations. They find that transaction
volumes of Standard & Poor’s 500 (S& P 500) companies are strongly correlated with weekly search
volumes of the corresponding company names.

Moreover, Preis et al. (2013) show that by analysing changes in Google search queries a superior
investment strategy can be used; they call this strategy the Google Trends strategy. They use this
strategy on over 90 search terms. Their strategy is most successful when the term “debt” is used;
it yielded a profit of 326%; in comparison, the next best strategy yielded a profit of 23%. However,
their analysis shows that from 2004 to 2009 the Google Trends strategy did not yield a profit that
was significantly different from any other investment strategy. It is only during the period between
2009 and 2011 that the Google Trends strategy outperformed all other strategies by over 300%.
Nevertheless, the pattern they found may be interpreted as early warning signs of stock market
moves; this is the most important takeaway from this paper. Their data raises another interesting
question: Why did their strategy suddenly start to be successful after 2009 which is the immediate
period after the financial crisis?

There are several possible answers to this question. A possible one is that the financial crisis led
investors to pay more attention to the market. It could also be that the crisis made people, who
were previously uninterested in the financial markets, show interest. Another possible explanation
is that investors changed the way they gather information: confidence in financial institutions fell
after the financial crisis and investors no longer turned to their stock brokers for information; instead
they searched for the information themselves.

Besides, the work by Bordino et al. (2012) shows that daily trading volumes of stocks traded in
NASDAQ- 100 are correlated with daily volumes of queries related to the same stocks. In particular,
query volumes anticipate, in many cases, peaks of trading by one day or more. Similarly, Hamid
and Heiden (2015) also suggest an increased activity in trade volumes in periods when investors
pay more attention to the markets. In their paper, they introduce an empirical similarity approach
to forecast weekly volatility. They are using search engine data as a proxy for retail investors’
attention to the financial market. In addition, Kristoufek (2013) studies the relationship between
digital currencies (BitCoin) and search queries volumes on Google Trends and Wikipedia; he reaches
the same conclusions.

In contrast to other research investigating internet search volumes as a proxy for investor sentiment,
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Swamy and Dharani (2019) suggest that high Google search volumes are highly correlated with
positive returns in the Indian stock market. More precisely, high Google search volumes can predict
positive and significant returns in the subsequent fourth and fifth weeks.

Google search query data has been used in a wide variety of topics other than investors sentiment.
Choi and Varian (2012) demonstrate this by using Google Trends search data to forecast near
term values (2 to 3 weeks ahead) of economic indicators. They construct three simple models
for predicting near term values for sales of cars, predicting changes in unemployment rates and
predicting the most popular travel destinations. Following Choi and Varian (2012), Carriere Swallow
and Labbe (2013) develop another model for predicting near term values for sales of cars. They
introduce an index of online interest in automobile purchases in Chile and test whether it improves
the fit and efficiency of “nowcasting” models for automobile sales.

Furthermore, Ginsberg et al. (2009) take advantage of people’s health-seeking behaviours by using
Google search queries volumes to detect influenza outbreaks. They present a highly successful
method for analyzing large amounts of Google search queries to track and monitor influenza-like
illnesses in a population.

4 Data

Google has made the data on search queries publicly available to use and it is downloadable for
free via the tool Google Trends. This tool provides relative search volumes for any term one would
want. Google Trends provides daily data for periods not exceeding 90 days. If the period of interest
is shorter than five years but longer than 90 days, the data will be weekly. At last, for periods
exceeding five years, the data will be monthly. These limitations are implemented by Google due
to privacy concerns.

Moreover, Two data sets are collected from Google Trends which measure monthly and weekly
searches. Because of the normalisation procedure, any two time series collected from Google Trends
are not comparable. They are based on frequency share of weekly/monthly searches, which is the
total frequency volume for the search word in a specific geographic region divided by the total
frequency in the same region during the time period in question. Then, each observation is divided
by the highest observation and multiplied by 100 resulting in all observations getting a value between
0 and 100. Therefore, as mentioned, any two time series collected from Google Trends are not
comparable and cannot be merged together.

For the purposes of this study, monthly data on search volume on over 50 search terms related to
finance have been collected for the period of January 2009 to November 2019 using Google Trends1.
In addition, weekly data has been collected for the same keywords for the time period from January
1st 2015 to November 2019. To assess the accuracy and relevance of the search terms this paper
used Google Correlate2 to check their relevance to finance. The data is limited to search queries
within Sweden since it is the Swedish financial market which is of interest for this study.

The time period is specifically chosen so that the period before the financial crisis of 2008 is not
included. This is related to the issue brought up by Heider et al. (2019): they argue that the
approximately 10 year-long quantitative easing implemented by the Swedish Central Bank has

1https://trends.google.com/trends/?geo=SE
2https://www.google.com/trends/correlate/
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rendered the period before the financial crisis and the period after the financial crisis incomparable.
This dates back to the findings by Bernanke and Kuttner (2005) that the interest rate set by the
Central Bank has a profound impact on the capital markets.

Previous research such as (Preis et al., 2013) have raised concerns about not having the total
volumes of searches but these concerns might have been exaggerated. However, the author does not
neglect the existence of these issues. The advantage of having the whole population and not only
a sample makes up for any disadvantages Google’s normalization procedure might have.

Financial data on trade volumes, share prices and market indexes are gathered from Nasdaq OMX
Nordic3. The main independent variable is the OMX 30 Stockholm index; more specifically, the
closing price of the index for the trading day. This paper will assume that the theory outlined by
Fama, who states that stock prices reflect all available information, holds true. The relatively high
transaction costs associated with the Nordic markets might contradict this assumption. However,
with the emergence of small niche banks offering retail investors extremely competitive fees for
holding portfolios and trading stocks; the importance of transaction costs diminishes. The OMX30
Stockholm index is an index consisting of the 30 most valuable listed companies in the Stockholm
Stock Exchange. It has been chosen because it is the go to index for evaluating the trading day for
the Stockholm Stock Exchange. Several other market indexes for the Stockholm Stock Exchange
will be used as a robustness check to ensure that the OMX30 is a relevant outcome variable.

In addition, the Swedish financial market is unlike all other European markets because of the
dominant and highly competitive mutual fund market (Ibert et al., 2018). Incorporating trade
volumes and movements in the mutual fund market adds accuracy and strengthens the validity of
the results. Monthly data on the activity in the mutual fund market is gathered from Statistics
Sweden online database4.

Moreover, data on Economic Tendency Indicator is also gathered from NIER 5 to control for
economic trends and investor sentiment. The economic tendency indicator surveys households and
companies expectations of the future. It has it roots from Shiller’s early investor confidence index.
The indicator is compiled by the NIER every month. During normal economic circumstances
the indicator takes a value of 100; a value above 100 means the economy is performing above
expectations and a value below 100 means the economy is under-performing.

Moreover, the Central Bank interest rate will also be included as a control variable. The importance
of this variable follows the conclusion of Bernanke and Kuttner (2005) who show that the Central
Bank interest rate have a clear impact on stock market prices. Therefore the interest rate cannot
be ignored. Data on historical interest rates are gathered from the Riksbank 6 which is Sweden’s
Central Bank.

Furthermore, inflation is well known to have an effect on asset prices (Chen et al., 1986). Therefore
inflation will be added as a control variable. In addition, data on Consumer Price Index (CPI)
which measures the average price trend for the private domestic consumption in Sweden based on
actual prices in stores is also used as a control variable. The (CPI) is the standard measure of
compensation and inflation calculations in Sweden (Statistics Sweden, 2019).

3http://www.nasdaqomxnordic.com
4https://www.scb.se
5https://www.konj.se
6https://www.riksbank.se
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Lastly, GDP is widely considered to impact stock markets (Cochrane, 1991). Therefore, GDP data
for Sweden will be gathered from Statistics Sweden to be used as a control variable.

5 Model

5.1 Google Strategy

In order to investigate how useful the frequency of search queries for a specific search term is as a
predictor for stock market movements; the author analyses the closing prices p(t) of the OMX30
Stockholm index on the first trading day of the month t. The author uses Google Trends to
determine the frequency of searches n(t − 1) for each specific search term in the previous month
t− 1.

The Google Strategy is based on changes in relative search volumes for the chosen keywords
∆n(t,∆t). Where, ∆n(t,∆t) = n(t) − N(t − 1,∆t) with N(t − 1,∆t) = (n(t − 1) + n(t − 2) +
...+ n(t−∆t))/∆t. This model will be implemented for the data set covering the period between
2015-01-01 and 2019-12-02 where t is measured in weeks; and the data set covering the period
between 2009-01-01 until 2019-12-01 where t is measured in months. ∆t = 3weeks,∆t = 3months
respectively.

If ∆n(t,∆t) > 0, I take a short position on OMX30 Stockholm index meaning selling the asset at
p(t) on the first trading day of the month and buying it at p(t+ 1) on the first trading day of the
following month. If instead ∆n(t,∆t) < 0 I take a long position buying the asset at p(t) on the first
trading day of the month and selling it at p(t+1) on the first trading day of the next month.

The model measuring t in weeks is a close replication of the model outlined in (Preis et al., 2013); the
difference being that it is implemented on search patterns in Sweden instead of the US. In addition,
the asset being invested in is the OMX 30 Stockholm index listed on the Stockholm Stock Exchange
instead of the Dow Jones Industrial Average listed in the New York Stock Exchange.

The performance of this strategy will be compared to the ‘buy and hold’ strategy (where one buys
the asset in the first period and sell it in the last period) and the likelihood of getting the same
return or more by a random strategy (where one takes short and long positions randomly). The
random strategy for the data measured in weeks is simulated 16383 times and the random strategy
for the data measured in months is simulated 16368 times7. The overall results of these simulations
are presented in Figure (1). The Google Trends strategy is compared with a random strategy
because of the issue first raised by Fama and French (2010) who state that any investment strategy
can be lucky and produce a return close to the efficient market portfolio but few mutual funds
managers are able to produce these returns consistently.

5.2 Econometric Model

5.2.1 Time Series

Since the Google Trends data is an index based on all searches made within the specified param-
eters, no special regard needs to be taken concerning the sample selection (Angrist and Pischke,
2009).

7The number of simulations is limited by computing power
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Moreover, economic time series such as stock prices or market indexes are often characterized by
exponential growth, meaning increase in size, at a constantly growing rate. For this reason the
logarithm of the series should grow approximately linearly (Stock and Watson, 2015). Since the
usage of internet search engines and the OMX 30 index both exhibit increased growth over time,
the model will be specified such that the stationarity assumption is satisfied.

∆ln(Yt) = α+ ∆βln( ~Xt) + ε, (1)

where ∆ln(Yt) is the percentage change in the natural logarithm of the closing price of OMX 30

Stockholm index at time t, ∆ln( ~Xt) is a vector of the percentage change in the natural logarithmic
transformations of variables consisting of Google search queries for each of the keywords at time t.
Each keyword in the vector is regressed separately.

∆ln(Yt) = α+ β1∆ln( ~Xt) + β2∆ln( ~Xt−1 ) + β3∆ln( ~Xt−2 ) + ε, (2)

where ∆ln(Yt) = ln(Yt)−ln(Yt−1) which is the percentage change in OMX 30 Stockholm stock price
between periods t−1 and t. ∆ln(Xt) = ln(Xt)−ln(Xt−1) is the percentage change in Google search
queries index between periods t−1 and t, ∆ln(Xt−1) = ln(Xt−1)−ln(Xt−2) is the percentage change
in Google search queries index between periods t−2 and t−1 and ∆ln(Xt−2) = ln(Xt−2)−ln(Xt−3)
is the percentage change in Google search queries index between periods t− 3 and t− 2.

∆ln(Yt) = α+ β1∆ln( ~Xt) + β2∆ln( ~Xt−1 ) + β3∆ln( ~Xt−2 ) + λ∆ln(Zt) + ωWtε, (3)

where, ∆ln(Zt) = ln(Zt) − ln(Zt−1) which is the percentage change in the Economic Tendency
Indicator between periods t− 1 and t and Wt is the value of consumer price index at time t.

Moreover, the lagged values of volumes of Google search queries index will also be evaluated on
their own as possible explanatory variables. For this reason the following equations will be re-
gressed:

∆ln(Yt) = α+ β∆ln( ~Xt−1 ) + ε, (4)

∆ln(Yt) = α+ β∆ln( ~Xt−2 ) + ε, (5)

∆ln(Yt) = α+ β∆ln( ~Xt−1 ) + λln(Zt) + ωWt + ε, (6)

∆ln(Yt) = α+ β1∆ln( ~Xt−2 ) + λln(Zt) + ωWt + ε. (7)

It is important to notice that three of the control variables explained in section 4 are not included
in any model. Volumes of mutual fund trades and GDP have been dropped because only quarterly
data was available. This resulted in too many drops in observations and decreased the accuracy of
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the estimates significantly. The central Bank interest rate was also dropped because of the lack of
variation in the data.

The econometric model rests on a number of key identifying assumptions. The first assumption
is stationarity, meaning that the series follow a normal distribution and the mean and variance
are constant over time. The second assumption is that the random errors are uncorrelated and
therefore randomly distributed. The third assumption is that there are no outliers because they
may have a too large impact and give misleading results. Lastly, the time series regression assumes
that shocks (if present) are randomly distributed with a mean equal to zero and a constant variance
(Stock and Watson, 2015).

5.2.2 Two Stage Least Square (2SLS) Model

For investor sentiment to have an impact on the stock price of OMX 30 there must be some form of
coordinating mechanism that focuses investors attention towards a certain type of search words. A
sudden large change in the stock price itself could very well be this coordinating mechanism where,
for example, the price of OMX 30 unexpectedly drops in t − 1 which makes investors focus on
searching for the cause of the drop in time t; which in turn leads to a certain investment decision in
time t or t+ 1. In this case, the stock price in previous period ∆ln(Yt−1) does not impact the stock
price in the current time period ∆ln(Yt) directly; instead, it has an impact on investors’ search for
information ∆ln(Xt) which in turn affects the stock price of OMX 30 in the current time period
∆ln(Yt). For this reason, the paper investigates the lagged stock price of OMX 30 as an instrument
to investor sentiment in order to possibly improve the estimate of investor sentiment in the Swedish
stock market. We start by investigating the first stage effect of the lagged stock price with the
following first stage equation:

∆̂ln( ~Xt) = α̂+ β̂∆ln(Yt−1) + λ̂ln(Zt) + ε, (8)

The second lagged value of the percentage change in the OMX 30 stock price is also evaluated as
an instrument through the following first stage equation:

∆̂ln( ~Xt) = α̂+ β̂∆ln(Yt−2) + λ̂ln(Zt) + ε, (9)

Lastly, both the first and second lag of the percentage change in the OMX 30 stock price are
evaluated as instruments for investor sentiment in the following equation:

∆̂ln( ~Xt) = α̂+ β̂1∆ln(Yt−1) + β̂2∆ln(Yt−2) + λ̂ln(Zt) + ε, (10)

In the second stage we regress the predicted value of the percentage change of Google search queries
index obtained from equation (9) on the percentage change in OMX 30 stock price. The second
stage equation is:

∆ln(Yt) = α+ β∆̂ln( ~Xt) + λln(Zt) + ε. (11)
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5.2.3 Fixed Effects Model

The fixed effect model is used in order to estimate the relationship between volumes of Google
search queries and closing price of the OMX 30 Stockholm index. The data is sorted into panel
data with the panel variable being the year and the time variables being respectively monthly or
weekly for the different data sets. The fixed effects model controls for unobserved variables that
are constant over time but vary across entities (year in this case) and unobserved variables that are
constant over each year but varies over time. The fixed effects model specification follows:

ln(Yit) = β1ln( ~Xit) + αi + εit, (12)

ln(Yit) = β1ln( ~Xit) + αi + λt + εit, (13)

ln(Yit) = β1ln( ~Xit) + γln(Zit) + ζCit + αi + λt + εit, (14)

where i = 1, ..., n stands for each year and t = 1, ..., T stands for each month or week. ln(Yit) is

the logarithm of the OMX 30 stock price, ln( ~Xit) is a vector of the logarithms of Google search
queries, αi is the year fixed effects and λt is the monthly respectively weekly fixed effects.8

5.3 Threats to external validity

5.3.1 Efficient Market Hypothesis

Fama 1965 Efficient market hypothesis states that the price of the asset reflects all available in-
formation. Therefore, the closing price of OMX 30 pt−1 should have incorporated the volumes of
Google searches in that time period. The reasoning behind this is that if investors think that a stock
will have a negative excess return next month due to an increase in number of Google searches, then
they will all try to sell the stock now and by doing so will drive the price of that stock down.

Furthermore, other researchers such as Jegadeesh and Titman 1993 have tried to use historical prices
for a stock as an indicator for the price in the next period. This is known as the momentum-based
strategy. A popular tool used for this purpose is the moving average. Similar to the Google Trends
strategy you look at the price of the stock in period t. Prices below the average indicate a negative
momentum meaning that prices will go down in the next period t+ 1 and prices above the average
indicate a positive momentum. However, just as for the argument in the previous paragraph: If
investors are to believe that the price of an asset is to go up in the next month they will all try to
buy that asset driving the price up to its true economic value.

However, there is one crucial difference between the investor sentiment theory and the Efficient
Market Hypothesis. The assumption used in this paper is that investor sentiment can move the
price of an individual asset beyond or below its true economic value and therefore does not assume
that the market is efficient. The Efficient Market Hypothesis strictly assumes that markets are
efficient.

8Since the variables appear to possess a certain time trend, the standard errors are clustered within each year.
Clustered standard errors allow the regression errors to correlate within each year and also corrects for heteroskedas-
ticity.
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Just as described previously in this paper: For sentiment to have an effect on prices, there must be
some form of coordination mechanism that focuses investors’ attention on a particular stock and
causes reading that moves the stock price. This coordination mechanism can very well be the stock
price of the asset itself that focuses investors attention to search for information. The reasoning
is that the price of a certain asset might experience a large change that causes investors to search
for information which leads them to form false or irrational expectations of future prices which, in
turn, leads to price changes that do not reflect the true economic value of that asset.

It is also important to understand what kind of investor sentiment is captured by Google Trends.
Professional investors and large financial institutions do not rely on Google for their information.
They have other channels of information which they base their investment decisions on. Therefore
it is safe to assume that the investor sentiment captured by Google Trends are those of private
individuals and households.

5.3.2 Arbitrage Pricing Theory

This leads us into another possible threat to this paper, namely the Arbitrage Pricing Theory (APT)
developed by Ross 1976. The term arbitrageurs is used much more loosely in this paper than what
is stated by Ross’s 1976 paper and refers to professional and institutional investors who search for
miss priced assets to exploit. In our context it means that any deviations from the true economic
value caused by irrational expectations and investor sentiment will be corrected by arbitrageurs
investors.

However, there are limits to how much rational professional investors can engage in arbitrageurs
behavioral. Shleifer and Vishny 1997 model the limits to arbitrage in their paper. Their first point
is that arbitrageurs may be credit-constrained. If they need to borrow money to exploit any miss-
pricing, they risk going bankrupt before prices are corrected into their true economic value. Second,
the rational investor cannot exploit any miss-pricing if everyone else believes otherwise. Therefore,
when arbitrageurs are limited, asset prices may reflect the beliefs, emotions and biases of ordinary
investors.

Consequently, investor sentiment becomes a risk in itself which is the conclusion of Long et al.
1990. This highlights another point of why it is important to understand the sentiment of ordinary
investors. Investment bankers and other professional investors need to take into account investor
sentiment in their risk assessment and internet search query volumes is a powerful tool to do
so.

Summing up in regards to threats to external validity, the results of this paper will bring further
insight into a crucial and fundamental question economists have been asking since the beginning
of Economics: is the market efficient? Significant results on the effect of investor sentiment on the
OMX 30 Stockholm would suggest that the Swedish stock market is not efficient. In contrast, no
significant results would suggest the Swedish stock market is efficient. Either way, this study will
bring vital insight into investor sentiment in the Swedish market and build a sound foundation on
which future research can build upon.
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5.4 Threats to internal validity

5.4.1 Model Specification

Fama 1998 finds in his paper that any significant effect on stock markets returns are sensitive to
model specification and tend to disappear when different statistical approaches are used to measure
them. He concludes that any significant results on positive returns can therefore be attributed to
chance.

This paper will therefore run several different econometric models in addition to the model proposed
by Preis et al. 2013 in order to tell whether any potential significant results on stock market return
can be attributed to luck.

5.4.2 Conditional mean zero

This leads us into some of the threats to the internal validity of this paper. The econometric time
series model specified in equation (3) and the 2SLS model specified in equations (8) and (10) rest
on several key identifying assumptions.

The conditional mean assumption states that ut has a conditional mean equal to zero given all the
regressors and additional lags of the regressors beyond the lags included in the model specification.
The assumption is formally stated as:

E(εt|Yt−1, Yt−2, ..., X1t−1, X1t−2, ..., Xkt−1, Xkt−2, ...) = 0 (15)

In short, this assumption tells us that sometimes the dependent variable is above the regression line
and sometimes it is below the regression line but on average it falls on the regression line. Therefore
the average value of ε or the expected value of ε is equal to 0.

The fixed effects model specified in equation (14) relaxes this assumption slightly. The expected
value of ε does not need to be equal to zero within the same entity, which is the year in this case.
However, the expected value of ε between different calendar years has to be equal to zero.

5.4.3 No Outliers and No Perfect Multicollinearity

All regression models mentioned in this paper assume that large outliers are unlikely. This is
because the regression estimates in the econometric models used in this paper are very sensitive to
observations with values far outside the usual range of the data. Large outliers will therefore create
a bias in the estimates.

Moreover, the econometric models also assume that no variable is a perfect linear function of the
another variable in the model. More formally stated, the models assume that there is no perfect
multicollinearity.

5.4.4 Stationarity

Furthermore, equations (1) to (11) rest on another key identifying assumption that is unique to
time series models which is that they assume that the variables are stationary.
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For the stationary assumption to hold; the variables must follow a normal distribution and the mean
and variance must be constant over time. The simplest way to check this is visually by plotting
the variables over time. In addition, this assumption requires that the independent and dependent
variables become independently distributed when the time periods between the observation become
large. More formally: (Yt, X1t, ..., Xkt) and (Yt−j , X1t−j , ..., Xkt− j) become independent as j
becomes large. Lastly, the stationarity assumption also states that the variables cannot possess any
time trends or seasonality.

5.4.5 Instrument Relevance and Exclusion Restriction

Moreover, equation (11) rests on two additional key identifying assumptions that are unique to
instrumental variables. First, for the instrument to be valid, there must be a strong significant first
stage effect. This is the relevance assumption. Therefore the estimate of the lagged stock price
of OMX 30 index β̂ on Google search queries index in equations (8) and (9) must be strong and
significant. A weak effect can lead to miss-leading and biased estimates.

secondly, the instrument can only affect the dependent variable through the independent variable
and not directly. This assumption is known as the exclusion restriction The idea of the instrumental
approach is that the lagged value of the OMX 30 index stock price contains information about the
variation in volumes of Google search queries that is unrelated to the error term ε. This is tricky to
test for, but a simple first step would be to regress equation (22) to see if there are any significant
effects. In the context of this paper it means to investigate potential autocorrelation for the OMX
30 index stock price.
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6 Results

6.1 Google Trends Strategy

Figure (1) displays the results from the random strategy simulations. The Y axis shows the number
of simulations that landed a return within a specific range. For example, it can be seen in Figure
1b that 121 out of 16383 gave a return between 69, 5% − 74, 60%; or 493 out of 16383 landed a
return of 60, 5% or above. The interpretation is that by randomly taking long or short positions
every week, the probability of getting a return of 69, 5% is 3, 01%. Moving on, this is one of the
ways the Google Trends strategy will be evaluated: how likely is the random strategy to produce
the same returns?

(a) (b)

Figure 1: The return of implementing a random strategy; The x axis shows several ranges of returns and the y axis shows
how many times the random strategy gave a return within each specified range. Panel (a) ∆t = 3 months and in panel (b)
∆t = 3 weeks

Two different facts can be taken away from the results displayed in Figure (2). First, the Google
strategy is constructed to predict downturns. Figure 2b shows that for some specific words the
Google search data can be very useful in predicting economic downturns in the short run. These
words are “dow jones”, “ amortering” (amortization), “kris” (crisis) and “omx 30”. The words
“dow jones” and “omx 30” are clearly searches relating to the financial market, more precisely the
American stock market and the Swedish stock market. The two other words are not as obviously
related to the stock market but they do correlate with financial related topics. Furthermore, fol-
lowing the work of Tetlock (2007) these words would classify as negative and therefore this result
is in line with Preis et al. (2013) and Da et al. (2015) who find that Google search volumes for
negative words relating to the stock market can predict short term economic downturns.

Second, the results in Figure 2 also show that for some other words the Google search volumes
can predict both short and long term increases in the OMX 30 index. These words are: “portfölj”
(portfolio), “fonder” (mutual funds), “avanza”, “sparande” (savings) and “l̊anelöfte” (pre-approved
mortgage). This reflects the information search done by households before investing (Ibert et al.,
2018). As stated by Ibert et al. (2018) the Swedish mutual funds market is the number one
investment choice for households. All these search words are closely related to mutual funds and
main choice of broker for retail investors trading stocks. The volume invested in mutual funds are
historically positively correlated with up turns in the stock market. Assuming households search
for information about which mutual fund to invest in, search volumes on these keywords can be a
short term indicators for stock market booms. These results appear to support this claim.

Interestingly, many search words relating to the housing market seem to be significant. There
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(a) (b)

Figure 2: The return of the Google Trends strategy for each keyword used. Included in both (a) and (b) is the return for
the ‘buy and hold’ strategy.Panel (a) ∆t = 3 months and in panel (b) ∆t = 3 weeks

could be several reasons for this. First, the Swedish mortgage market has experienced an enormous
attention from regulators since the financial crisis of 2008. The amount of new regulations can
be the cause of the increased search pattern because households are trying to understand them.
Another explanation for why these search words seem to be significantly correlated to stock market
movements can be the fact presented by Vestman (2019) that house owners tend to be much more
active in the stock market than house renters in Sweden.

Figure (3) displays the cumulative return for the Google Trends strategy for the two data sets. In
Figure (3b), we can see that the Google Trends strategy performed more than seven times better
than the “buy and hold” and momentum strategy. In addition, the random strategy has less than
a 0, 01% probability to produce the same or more in return.

Moreover, in Figure (3a) we see that the Google Trends strategy performed similarly in predicting
long run economic downturns; it performed 73% better than the “buy and hold” strategy which is
quite significant considering that the time period of the data includes one of the longest economic
booms in Sweden. Also, the momentum strategy did not yield any significant returns. In addition,
comparing it with Figure (1a) the random strategy has less than a 0, 01% chance of producing the
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same or more in return.

(a) (b)

Figure 3: Accumulative return for the search word “dow jones” compared to the ‘buy and hold’ strategy. Panel (a) ∆t = 3
months and in panel (b) ∆t = 3 weeks

6.2 Regression Results

Table (1) displays the estimates of the effect of Google search queries on the OMX 30 Stockholm
index for different econometric model specifications. Each search word is regressed separately for
each model specification. For efficiency, only the search words that produced a significant estimate
in at least one model specification are included in the table.

Column one shows the estimate β in equation (1) for each search word regressed separately. The
estimates are interpreted as a 1% change in Google search queries index (X) between month (t) and
the previous month (t− 1) is associated with β% change in OMX 30 index stock price Y between
periods t− 1 and t.

Column two shows the estimate β1 in equation (2) which is the time series model where the first
and second lags of the independent variables are included as controls. The estimates are interpreted
in the same way as the estimates in the first column.

The third column in Table (1) shows the estimate β1 in equation (3) which is the time series
model where the Economic Tendency Indicator and the Consumer price index are added as control
variables in addition to the first and second lags of the independent variable. The estimates are
interpreted in the same way as the estimates in the first column and second column.

The forth column in Table (1) shows the estimate β in equation (1) for each Google search word
just as the first column. The difference is that ∆(t) is measured weekly instead of monthly. The
interpretations of the estimates becomes so that a 1% change in Google search queries index (X)
between week (t) and the previous week (t − 1) is associated with β% change in OMX 30 index
stock price Y between the previous week t− 1 and week t.

The fifth column in Table (1) displays the estimates of β1 in equation (2) where ∆(t) is measured in
weeks. The estimates are interpreted in the same way as the estimates in the fourth column.

The sixth column in Table (1) shows the estimates of β1 in equation (12) which is the fixed effects
model with yearly fixed effects and clustered standard errors in parentheses. The standard errors
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are clustered within each year and ∆(t) is measured in months. The interpretation of the estimates
are that a 1% change in Google search queries index (X) is associated with a β% change in OMX
30 index stock price.

The seventh column in table (1) shows the estimates of β1 in equation (13) which is the fixed
effects model with yearly fixed effects and monthly fixed effects. The standard errors are clustered
within each year. The estimates are interpreted in the same way as the estimates in the sixth
column.

The eight column displays the estimates of β1 in equation (14) which is the fixed effects model where
the Economic Tendency Indicator and the Consumer price index are added as control variables in
addition to yearly and monthly fixed effects. The estimates are interpreted in the same way as the
estimates in the sixth and seventh column.

Lastly, the ninth column shows the estimates of β1 in equation (13) which is the fixed effects model
with yearly fixed effects and weekly fixed effects. The standard errors are clustered within each year
and ∆(t) is measured in weeks. The estimates are interpreted in the same way as the estimates in
columns six, seven and eight.

Moreover, the first thing to notice in Table (1) is that there are three search words that consistently
produce significant results across the models. The first one is “avanza” which produced significant
estimates in seven out of nine model specifications. The fixed effects models produced slightly
larger estimates than the the time series models but otherwise the estimates are consistent. The
only inconsistency is the estimate in the forth column for the word “avanza” which is negative while
all other estimates for the word is positive. The second search word is “fonder” which produced
significant estimates in six model specifications. Just as with the estimates of the word “avanza”,
the fixed effects models produced larger estimates than the estimates in the time series did. Also,
the estimates in the fourth and fifth columns are negative while the rest of the estimates are positive.
Although the negative estimates are not significant, they still raise some suspicions about potential
omitted biases. The third search term is “dow jones” which produced five significant estimates out
nine. The estimates are small but consistence across all model specifications and does not change
sign.

Furthermore, there are four more search words in addition to “dow jones” that produced consistent
estimates across all model specifications. The first one is “aktier” which has positive estimates
across all model specifications and significant estimates for the time series model in column five
and the fixed effects model in column seven. The second word is “pengar” which has negative
estimates across all specifications and one significant estimate for the time series model in column
five. The third word is “amortering” which has positive estimates across all model specifications
and significant estimates for the time series model in column four and the fixed effects model in
column nine. The fourth word is “omx 30” which has negative estimates across all specifications
and one significant estimate for the fixed effects model in column nine.

Also, when applying the 2SLS model several first stage effects are obtained. However, when re-
gressing the variables with a significant first stage estimate on the second stage equation (11) no
significant effects are observed.

Four search terms show significant first stage effects in equation (8) when ∆(t) is measured in weeks
and one search term is significant when ∆(t) is measured in months. Three search terms produce
significant first stage estimates equation (9) when ∆(t) is measured in weeks and six search terms
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are significant when ∆(t) is measured in months. However, non of the search terms that show a
first stage effect are significant when regressing the second stage equation (12).
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Table 1: Summary of regression estimates of X variables for different model specification

Equation (1) Equation (2) Equation (3) Equation (4) Equation (5) Equation (6) Equation (7) Equation (8) Equation (9)
Baseline OLS Time Series Time Series Baseline OLS Time Series Fixed Effects Fixed Effects Time Fixed Effects Time Fixed Effects

Google search for 0.00875 -0.00963 -0.00824 -0.0292∗∗∗ -0.0352∗∗∗ -0.0263 -0.0238 -0.00605 -0.0527∗∗

“Börsen” (0.0193) (0.0201) (0.0199) (0.00692) (0.00745) (0.0298) (0.0322) (0.0191) (0.0111)
N=118 N=116 N=115 N=254 N=252 N=119 N=119 N=118 N=255

Google search for 0.0515∗ 0.0596∗ 0.0670∗ -0.107 -0.00594 0.0701 0.123∗∗∗ 0.103∗ 0.0830∗∗

“Fonder” (0.0258) (0.0268) (0.0285) (0.00677) (0.00794) (0.0402) (0.0179) (0.0364) (0.0117)
N=118 N=116 N=115 N=254 N=252 N=119 N=119 N=118 N=255

Google search for 0.00857 0.0122 0.0125 -0.00000647 0.00167 0.0243∗ 0.0240∗∗∗ 0.0228 0.00413
“Indexfonder” (0.00772) (0.00912) (0.00911) (0.00204) (0.00245) (0.00837) (0.00753) (0.0124) (0.00382)

N=118 N=116 N=115 N=254 N=252 N=119 N=119 N=118 N=255

Google search for 0.0878∗ 0.115∗∗ 0.134∗∗∗ -0.00662 0.0148 0.151∗∗ 0.156∗∗ 0.154∗ 0.135∗

“Avanza” (0.0354) (0.0362) (0.0383) (0.0139) (0.0153) (0.0436) (0.0389) (0.0667) (0.0328)
N=118 N=116 N=115 N=254 N=252 N=119 N=119 N=118 N=255

Google search for 0.0132 -0.00378 -0.00182 -0.0134∗∗ -0.0194∗∗∗ -0.0188 -0.00924 0.00509 -0.0374∗∗

“OMX” (0.0175) (0.0186) (0.0186) (0.00459) (0.00529) (0.0273) (0.0436) (0.0232) (0.00812)
N=118 N=116 N=115 N=254 N=252 N=119 N=119 N=118 N=255

Google search for 0.0259 0.0318 0.0363 0.0135 0.0234∗ 0.0220 0.0883∗ 0.0413 0.0617
“Aktier” (0.0253) (0.0250) (0.0251) (0.0100) (0.0109) (0.0337) (0.0318) (0.0356) (0.0450)

N=130 N=128 N=126 N=254 N=252 N=131 N=131 N=129 N=255

Google search for 0.00764 0.0269 0.0285∗ -0.00407 -0.00318 0.0129 0.000452 0.00284 0.00996
“Portfölj” (0.0131) (0.0137) (0.0133) (0.00381) (0.00426) (0.0274) (0.0305) (0.0263) (0.0130)

N=130 N=128 N=126 N=254 N=252 N=131 N=131 N=129 N=255

Google search for 0.0125 0.0164 0.0177∗ -0.000865 -0.00123 0.0139 0.0170 0.0159 -0.000967
“Aktiemarknaden” (0.00786) (0.00888) (0.00886) (0.000677) (0.000793) (0.0155) (0.0161) (0.0222) (0.00135)

N=118 N=116 N=115 N=254 N=252 N=119 N=119 N=118 N=255

Google search for -0.000937 -0.0160∗ -0.0152 -0.00382 -0.0114∗∗∗ -0.0381 -0.0366∗ -0.0146∗ -0.0278∗

“Dow Jones” (0.00800) (0.00785) (0.00778) (0.00265) (0.00287) (0.0188) (0.0152) (0.00618) (0.00956)
N=130 N=128 N=126 N=254 N=252 N=131 N=131 N=129 N=255

Google search for 0.0417 0.0431∗ 0.0409 0.00344 0.00448 -0.00906 0.00420 -0.0153 0.0143
“Omsättning” (0.0214) (0.0213) (0.0209) (0.00442) (0.00510) (0.0488) (0.0432) (0.0414) (0.00534)

N=130 N=128 N=126 N=254 N=252 N=131 N=131 N=129 N=255

Google search for -0.0308 -0.0351 -0.0483 -0.0223 -0.0345∗ -0.119 -0.0608 -0.216 -0.0606
“Pengar” (0.0617) (0.0647) (0.0661) (0.0135) (0.0158) (0.114) (0.131) (0.107) (0.0469)

N=130 N=128 N=126 N=254 N=252 N=131 N=131 N=129 N=255

Google search for 0.00111 0.0118 0.0151 -0.00479∗ -0.00559∗ -0.0221 -0.0157 0.00102 0.00757
“Investeringar” (0.00904) (0.0101) (0.00976) (0.00195) (0.00246) (0.0359) (0.0302) (0.0148) (0.00736)

N=130 N=128 N=126 N=254 N=252 N=131 N=131 N=129 N=255

Google search for 0.00219 -0.0157 -0.0156 -0.00787 -0.0132∗ 0.0204 0.0161 0.0176 -0.00891
“Nasdaq” (0.0160) (0.0176) (0.0172) (0.00454) (0.00536) (0.0329) (0.0314) (0.0292) (0.0189)

N=130 N=128 N=126 N=254 N=252 N=131 N=131 N=129 N=255

Google search for 0.00415 0.00184 -0.000878 -0.000432 -0.00295∗ -0.0119 -0.00949 -0.00186 0.00465
“Finanskris” (0.00576) (0.00636) (0.00638) (0.000966) (0.00116) (0.0218) (0.0189) (0.00906) (0.00190)

N=130 N=128 N=126 N=254 N=252 N=131 N=131 N=129 N=255

Google search for 0.0407 0.0331 0.0416 -0.00167 -0.000865 0.122 0.122∗ 0.0686∗∗ -0.00795
“Lycka” (0.0230) (0.0253) (0.0250) (0.00573) (0.00670) (0.0577) (0.0438) (0.0212) (0.0164)

N=130 N=128 N=126 N=254 N=252 N=131 N=131 N=129 N=255

Google search for -0.00324 0.0111 0.0216 0.00450 0.00710 -0.0940 -0.0449 0.0389 0.0791∗

“Kredit” (0.0280) (0.0345) (0.0342) (0.00872) (0.0103) (0.121) (0.0959) (0.0426) (0.0224)
N=130 N=128 N=126 N=254 N=252 N=131 N=131 N=129 N=255

Google search for -0.0109 0.0639 0.0759 0.0135 0.0203 0.205∗∗ 0.0674 0.0977 0.118∗∗

“Bank” (0.0680) (0.0715) (0.0704) (0.0139) (0.0157) (0.0572) (0.164) (0.106) (0.0253)
N=130 N=128 N=126 N=254 N=252 N=131 N=131 N=129 N=255

Google search for 0.0166 0.0182 0.0176 0.00695∗ 0.00561 0.0177 0.0199 0.00841 0.0238∗

“Amortering” (0.0124) (0.0131) (0.0128) (0.00349) (0.00418) (0.0148) (0.0156) (0.0218) (0.00657)
N=130 N=128 N=126 N=254 N=252 N=131 N=131 N=129 N=255

Google search for -0.00272 -0.00279 -0.00109 -0.000607 -0.00121 -0.0327 -0.0284 -0.000185 -0.00788∗∗

“OMX 30” (0.00582) (0.00725) (0.00712) (0.000970) (0.00116) (0.0217) (0.0171) (0.00711) (0.000945)
N=130 N=128 N=126 N=254 N=252 N=131 N=131 N=129 N=255

Google search for -0.00268 -0.000409 0.00229 -0.00852∗ -0.00812 -0.0151 -0.00140 -0.00767 0.0116
“Tillväxt” (0.0125) (0.0127) (0.0125) (0.00417) (0.00453) (0.0182) (0.0157) (0.0176) (0.00740)

N=130 N=128 N=126 N=254 N=252 N=131 N=131 N=129 N=255
Standard Errors Robust Robust Robust Robust Robust Clustered Clustered Clustered Clustered
∆(t) Monthly Monthly Monthly Weekly Weekly Monthly Monthly Monthly Weekly
Lags Included No Y es Y es No Y es No No No No
Controls Included No No Y es No No No No Y es No

Standard errors or clustered standard errors in parentheses
∗ p < 0.05, ∗∗ p < 0.01, ∗∗∗ p < 0.001
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Table 2: Summary of regression estimates of X variables for different 2SLS specifications

Equation (7) Equation (8) Equation (7) Equation (8) Equation (10) Equation (10)
First Stage First Stage First Stage First Stage Second Stage Second Stage

Google search for 14.92∗ -1.246 -0.0360 -0.588 -0.00653 0.133
“Aktiemarknaden” (5.781) (5.871) (1.136) (1.136) (0.00475) (0.208)

N=253 N=252 N=117 N=117 N=252 N=118

Google search for -1.055∗ 0.638 0.169 0.0321 0.0381 0.189
“Ränta” (0.511) (0.515) (0.336) (0.323) (0.0539) (0.573)

N=253 N=252 N=117 N=117 N=252 N=118

Google search for 2.308∗ -0.345 -0.0710 -0.288 -0.0395 0.166
“Tillväxt” (0.935) (0.948) (0.688) (0.655) (0.0298) (0.317)

N=253 N=252 N=117 N=117 N=252 N=118

Google search for -4.084∗ -0.0360 0.912 -0.260 0.0256 0.218
“Bol̊aneränta” (1.594) (1.613) (0.815) (0.774) (0.0176) (0.353)

N=253 N=252 N=117 N=117 N=252 N=118

Google search for 0.287 -0.661 0.589∗ -0.671∗ 0.0607 0.130
“Kontor” (0.424) (0.423) (0.283) (0.267) (0.0976) (0.103)

N=253 N=252 N=117 N=117 N=252 N=118

Google search for 0.487 -1.177∗∗ 0.0529 -0.300 0.0358 0.292
“Aktier” (0.393) (0.388) (0.328) (0.309) (0.0513) (0.290)

N=253 N=252 N=117 N=117 N=252 N=118

Google search for 0.593 1.568∗ 0.383 -0.907 -0.0674 0.129
“Inflation” (0.783) (0.775) (0.624) (0.589) (0.0471) (0.115)

N=253 N=252 N=117 N=117 N=252 N=118

Google search for 0.561 -1.606∗ -0.179 -0.702 0.0312 0.175
“Religion” (0.672) (0.667) (0.565) (0.534) (0.0406) (0.185)

N=253 N=252 N=117 N=117 N=252 N=118

Google search for -0.125 0.133 -0.0862 0.470∗∗ 0.0347 -0.279
“Restaurang” (0.329) (0.329) (0.187) (0.172) (0.374) (0.217)

N=253 N=252 N=117 N=117 N=252 N=118

Google search for 0.313 -0.473 -0.174 0.226 0.0328 -0.555
“Pengar” (0.293) (0.293) (0.131) (0.123) (0.119) (0.497)

N=253 N=252 N=117 N=117 N=252 N=118

Google search for 3.704 -1.372 0.107 -1.987∗ -0.0180 0.0479
“Investeringar” (1.993) (2.009) (0.922) (0.856) (0.0176) (0.0424)

N=253 N=252 N=117 N=117 N=252 N=118

Google search for -0.861 -1.292 0.837 -1.309∗ 0.0779 0.864
“Giftem̊al” (3.412) (3.418) (0.675) (0.634) (0.164) (0.0678)

N=253 N=252 N=117 N=117 N=252 N=118

Google search for 0.206 -1.451 0.0527 -1.308∗ 0.0517 0.0752
“Amortering” (1.129) (1.127) (0.691) (0.641) (0.0553) (0.0669)

N=253 N=252 N=117 N=117 N=252 N=118
∆(t) Weekly Weekly Monthly Monthly Weekly Monthly
Controls Included No No Y es No No Y es

Standard errors or clustered standard errors in parentheses
∗ p < 0.05, ∗∗ p < 0.01, ∗∗∗ p < 0.001
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6.3 Robustness Checks: Google Trends Strategy

Although figure (1) show promising returns for the Google Trends strategy, it cannot be taken
at face value as an investment strategy. The results from figure (1) assumes that there are no
transaction costs. When adding a transaction fee of 1.6% to each transaction made in the Google
trends strategy, the returns diminishes to 0. Therefore, the Google Trends Strategy is not applicable
as a successful investment strategy in itself. However, the results of the analysis can still be used
as early indications of economic downturns.

6.4 Robustness Checks: Time Series

As a robustness check each variable will be regressed on its lagged values in order to first, check the
first conditional mean zero assumption. Second to check the stationarity assumption that when j
becomes a large equation (21) will no longer produce a significant estimate.

Starting with tables (C6) and (C1) which display the regression results of equation (16), the first
lag. Most of the estimates are significant. This is to be expected and does not violate any assump-
tions. This is because the first lag is included in the main regression model so it does not violate
conditional mean assumption. Second it is only the first lag so j is not yet large enough to create
a problem.

∆ln(Xt) = α+ β∆ln(Xt−1) + ε, (16)

Looking at tables (C7) and (C2) which show the regression results of equation (17), the second
lag. Some of the estimates are significant. This is also to be expected and does not violate any
assumptions. This is because the second lag is also included in the main regression model so it
does not violate conditional mean assumption. Also, it is only the second lag so j is not yet large
enough to create a problem.

∆ln(Xt) = α+ β∆ln(Xt−2) + ε, (17)

Tables (C8) and (C3) shows the regression results of equation (18). Only one estimate in table (C3)
is significant and three estimates in table (C8) are significant. Since the third lag is not included
in the main regression model this might suggest that the estimates of these specific search terms in
table (1) might be somewhat inaccurate or biased. However, j is still not large enough to violate
the weakly dependence assumption.

∆ln(Xt) = α+ β∆ln(Xt−3) + ε, (18)

Tables (C9) and (C4) display the estimates on the fourth lag, equation (19). Only the search
word “lycka” is significant in table (C4). However, this search word is not significant in the main
time series regression model but only in the fixed effects model. The fixed effects model allow for
monthly and yearly variation so a variable and its lags are allowed to be dependent. Moreover,
three estimates are significant in table (C9). These words are “aktier”, “dow jones” and “bank”.
As a consequence, the estimates for “aktier” and “bank” in table (1) should be interpreted with
caution. The reason for why this is less bothersome for the estimate of “dow jones” in table (1)

22 Farzad Ashouri Mehranjani



Uppsala University

is because it is also significant when regressing equation (13), the fixed effects model displayed in
table (1) which allows for correlated standard errors within each year.

∆ln(Xt) = α+ β∆ln(Xt−4) + ε, (19)

Tables (C10) and (C5) display the estimates on the fifth lag, equation (20). There are only two
significant estimates which can be seen in table (C10). These two search words are “omx” and
“bank”. All of the lags of “bank” has been significant so far which suggests that there might be
larger biases which the time series model has not accounted for. However, the significant estimate
for “omx” is less worrying because the estimate for equation (11), the fixed effects model displayed
in table (1) is also significant and as mentioned earlier standard errors within each year can be
correlated and weekly variations are allowed.

∆ln(Xt) = α+ β∆ln(Xt−5) + ε, (20)

Finally, when j in equation (21) becomes larger that five no significant results are observed. There-
fore it is safe to assume that the weakly independent assumption of the time series for the X
variables holds.

∆ln(Xt) = α+ β∆ln(Xt−j) + ε (21)

Moreover, when plotting each variable and their logarithmic transformation over time, they all seem
to possess some form of time trend. However, this trend disappears when plotting the log difference
of the variables (∆ln(Xt)) instead. The time series stationary assumption as whole seems to be
satisfied.

∆ln(Yt) = α+ β∆ln(Yt−j) + ε (22)

Lastly, the independent variable show no significant results when equation (22) is regressed for the
all lags regardless of if ∆(t) is measured in months or weeks. Table (B1) show the estimates β
in equation (22) for the five first lags when ∆(t) is measured in months and Table (B2) show the
estimates β in equation (22) for the five first lags when ∆(t) is measured in weeks. This strengthen
the validity of the instrument and suggest that the exclusion restriction for the 2SLS holds.

7 Discussion

The results from Google trends strategy are in line with the results obtained by Preis et al. 2013.
Superior returns are obtained from the Google Trends Strategy compared with the buy and hold,
momentum and random strategy. However, the model as an investment strategy should not be
taken at face value due to transaction costs. When adding a nominal transaction cost for every
transaction made in the Google Strategy, the returns are close to 0. However, the analysis of the
Google Trends Strategy could be interpreted as early warning signs of economic downturns.

Furthermore, the different econometric model specifications produce different results. However,
there are several search words that consistently produce significant estimate regardless of the model
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specifications. The direction of these estimates are also consistent but they differ in regard to the
size of the impact. What can be taken from the results of this paper is the direction of the impact of
investor sentiment on OMX 30 stock price. For instance, the search word “dow jones” consistently
produced negative impact on OMX 30 stock price. In contrast the search words “avanza” and
“fonder” consistently produced positive significant estimates. This implies that investor sentiment
in the form of Google search queries can, for certain words, be interpreted as early warning signs
for economic downturn in the Swedish stock market and for other search words be an early sign of
economic upturn. As mentioned earlier it is also very important to remember what type of investor
sentiment is captured by using volumes of Google search queries. Professional and institutional
investors do not use Google as their source of information. It is mainly ordinary non-professional
investors and private households who use Google as their main tool to search for information. This
becomes even more apparent when looking at the type of words that produced significant results.
The majority of ordinary investors uses Avanza as their stock broker and the majority of Swedes
invest in mutual funds rather than in company stocks directly.

In summary, the results from Google Trends strategy analysis are consistent with the results ob-
tained from the econometric analysis. Taking a short position when the volume of Google search
queries for “dow jones” goes up indicates that the investor expects negative development in the
stock market which is consistent with the negative estimates obtained for that search word in the
econometric models. In contrast, taking a short position when the volumes of Google search queries
for “fonder” or “avanza” go up results in large negative returns which is the opposite of what the
investor expect from the Google Trends strategy. This is also consistent with the positive estimates
obtained in the econometric models for these search words.

8 Conclusion

This paper has provided a solid foundation for the relationship between Google search queries
and the Stockholm stock exchange. Future research should focus on systematically sorting specific
search term into categories in order to obtain a more accurate measure of sentiment. Moreover,
if more frequent data on volumes of mutual funds could be obtained; for example if they were
monthly, weekly or daily it could be used as a better dependent variable for the effect on financial
markets.
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Appendices

A Appendix: Overview Search Words

Table A1: Summary Google Search Words

Word English Translation delta t Observations Time Period

fonder Mutual Funds Delta t = monthly 119 12/1/09 10/1/19
Delta t = weekly 255 1/1/15 11/25/19

indexfonder Index Funds Delta t = monthly 119 12/1/09 10/1/19
Delta t = weekly 255 1/1/15 11/25/19

Aktiemarknaden The Stock Market Delta t = monthly 119 12/1/09 10/1/19
Delta t = weekly 255 1/1/15 11/25/19

Aktiemarknad Stock Market Delta t = monthly 119 12/1/09 10/1/19
Delta t = weekly 255 1/1/15 11/25/19

svarta marknaden Black Market Delta t = monthly 119 12/1/09 10/1/19
Delta t = weekly 255 1/1/15 11/25/19

avanza Avanza Delta t = monthly 119 12/1/09 10/1/19
Delta t = weekly 255 1/1/15 11/25/19

OMX OMX Delta t = monthly 119 12/1/09 10/1/19
Delta t = weekly 255 1/1/15 11/25/19

ränta Interest Rate Delta t = monthly 119 12/1/09 10/1/19
Delta t = weekly 255 1/1/15 11/25/19

borsen The Stock Market Delta t = monthly 131 1/1/09 11/1/19
Delta t = weekly 255 1/1/15 11/25/19

skuld Debt Delta t = monthly 131 1/1/09 11/1/19
Delta t = weekly 255 1/1/15 11/25/19

Aktier Stocks Delta t = monthly 131 1/1/09 11/1/19
Delta t = weekly 255 1/1/15 11/25/19

restaurang Restaurant Delta t = monthly 131 1/1/09 11/1/19
Delta t = weekly 255 1/1/15 11/25/19

portfolj Portfolio Delta t = monthly 131 1/1/09 11/1/19
Delta t = weekly 255 1/1/15 11/25/19

inflation Inflation Delta t = monthly 131 1/1/09 11/1/19
Delta t = weekly 255 1/1/15 11/25/19

bostadspriser Housing Prices Delta t = monthly 131 1/1/09 11/1/19
Delta t = weekly 255 1/1/15 11/25/19

dow jones Dow Jones Delta t = monthly 131 1/1/09 11/1/19
Delta t = weekly 255 1/1/15 11/25/19

omsattning Revenue Delta t = monthly 131 1/1/09 11/1/19
Delta t = weekly 255 1/1/15 11/25/19

ekonomi Economy Delta t = monthly 131 1/1/09 11/1/19
Delta t = weekly 255 1/1/15 11/25/19

nationalekonomi Economics Delta t = monthly 131 1/1/09 11/1/19
Delta t = weekly 255 1/1/15 11/25/19
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Table A2: Summary Google Search Words

Word English Translation delta t Observations Time Period

kredit Credit Delta t = monthly 131 1/1/09 11/1/19
Delta t = weekly 255 1/1/15 11/25/19

marknader Markets Delta t = monthly 131 1/1/09 11/1/19
Delta t = weekly 255 1/1/15 11/25/19

vinst Profit Delta t = monthly 131 1/1/09 11/1/19
Delta t = weekly 255 1/1/15 11/25/19

arbetsloshet Unemployment Delta t = monthly 131 1/1/09 11/1/19
Delta t = weekly 255 1/1/15 11/25/19

pengar Money Delta t = monthly 131 1/1/09 11/1/19
Delta t = weekly 255 1/1/15 11/25/19

religion Religion Delta t = monthly 131 1/1/09 11/1/19
Delta t = weekly 255 1/1/15 11/25/19

cancer Cancer Delta t = monthly 131 1/1/09 11/1/19
Delta t = weekly 255 1/1/15 11/25/19

tillvaxt Growth Delta t = monthly 131 1/1/09 11/1/19
Delta t = weekly 255 1/1/15 11/25/19

investeringar Investments Delta t = monthly 131 1/1/09 11/1/19
Delta t = weekly 255 1/1/15 11/25/19

giftemal Marriage Delta t = monthly 131 1/1/09 11/1/19
Delta t = weekly 255 1/1/15 11/25/19

obligationer Bonds Delta t = monthly 131 1/1/09 11/1/19
Delta t = weekly 255 1/1/15 11/25/19

derivat Derivative Delta t = monthly 131 1/1/09 11/1/19
Delta t = weekly 255 1/1/15 11/25/19

samhalle Society Delta t = monthly 131 1/1/09 11/1/19
Delta t = weekly 255 1/1/15 11/25/19

skuldkvot Debt Ratio Delta t = monthly 131 1/1/09 11/1/19
Delta t = weekly 255 1/1/15 11/25/19

forlust Loss Delta t = monthly 131 1/1/09 11/1/19
Delta t = weekly 255 1/1/15 11/25/19

kontanter Cash Delta t = monthly 131 1/1/09 11/1/19
Delta t = weekly 255 1/1/15 11/25/19

kontor Office Delta t = monthly 131 1/1/09 11/1/19
Delta t = weekly 255 1/1/15 11/25/19

boter Fine Delta t = monthly 131 1/1/09 11/1/19
Delta t = weekly 255 1/1/15 11/25/19

bank Bank Delta t = monthly 131 1/1/09 11/1/19
Delta t = weekly 255 1/1/15 11/25/19

kris Crisis Delta t = monthly 131 1/1/09 11/1/19
Delta t = weekly 255 1/1/15 11/25/19

lycka Happiness Delta t = monthly 131 1/1/09 11/1/19
Delta t = weekly 255 1/1/15 11/25/19
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Table A3: Summary Google Search Words

Word English Translation delta t Observations Time Period

bostadsmarknaden Housing Market Delta t = monthly 131 1/1/09 11/1/19
Delta t = weekly 255 1/1/15 11/25/19

amortering Amortization Delta t = monthly 131 1/1/09 11/1/19
Delta t = weekly 255 1/1/15 11/25/19

omx30 Omx30 Delta t = monthly 131 1/1/09 11/1/19
Delta t = weekly 255 1/1/15 11/25/19

nasdaq Nasdaq Delta t = monthly 131 1/1/09 11/1/19
Delta t = weekly 255 1/1/15 11/25/19

finanskris Financial Crisis Delta t = monthly 131 1/1/09 11/1/19
Delta t = weekly 255 1/1/15 11/25/19

bolan Mortgage Delta t = monthly 131 1/1/09 11/1/19
Delta t = weekly 255 1/1/15 11/25/19

bolaneranta Mortgage Rate Delta t = monthly 131 1/1/09 11/1/19
Delta t = weekly 255 1/1/15 11/25/19

lanelofte Pre-Approved Mortgage Delta t = monthly 131 1/1/09 11/1/19
Delta t = weekly 255 1/1/15 11/25/19

sparande Savings Delta t = monthly 131 1/1/09 11/1/19
Delta t = weekly 255 1/1/15 11/25/19

pension Pension Delta t = monthly 131 1/1/09 11/1/19
Delta t = weekly 255 1/1/15 11/25/19

reporanta Repo Rate Delta t = monthly 131 1/1/09 11/1/19
Delta t = weekly 255 1/1/15 11/25/19
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B Appendix: Price Lags

Table B1: Regression results of equation (22). ∆(t) is measured in months

OMX 30 OMX 30 OMX 30 OMX 30 OMX 30
Stock Price Stock Price Stock Price Stock Price Stock Price

1st Lag OMX 30 0.0346
Stock Price (0.0852)

2nd Lag OMX 30 -0.110
Stock Price (0.0851)

3rd Lag OMX 30 0.000400
Stock Price (0.0849)

4th Lag OMX 30 -0.0352
Stock Price (0.0820)

5th Lag OMX 30 0.0231
Stock Price (0.0831)

cons 0.00265 0.00262 0.00186 0.000877 0.000642
(0.00377) (0.00377) (0.00377) (0.00365) (0.00368)

N 129 128 127 126 125

Standard errors in parentheses
∗ p < 0.05, ∗∗ p < 0.01, ∗∗∗ p < 0.001
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Table B2: Regression results of equation (22). ∆(t) is measured in weeks

OMX 30 OMX 30 OMX 30 OMX 30 OMX 30
Stock Price Stock Price Stock Price Stock Price Stock Price

1st Lag OMX 30 -0.0964
Stock Price (0.0628)

2nd Lag OMX 30 -0.0798
Stock Price (0.0630)

3rd Lag OMX 30 0.0601
Stock Price (0.0626)

4th Lag OMX 30 0.0160
Stock Price (0.0628)

5th Lag OMX 30 -0.0510
Stock Price (0.0630)

cons 0.000417 0.000356 0.0000912 0.0000588 0.0000457
(0.00147) (0.00148) (0.00147) (0.00148) (0.00148)

N 253 252 251 250 249

Standard errors in parentheses
∗ p < 0.05, ∗∗ p < 0.01, ∗∗∗ p < 0.001
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C Appendix: Google Search Lags

Table C1: Regression results of equation (16). ∆(t) is measured in months

Google search Google search Google search Google search Google search Google search Google search Google search Google search
“Fonder” “Indexfonder” “Aktiemarknaden” “Aktier” “Avanza” “Portfölj” “Dow Jones” “Omsättning” “Lycka”

1st lag Google search -0.152
“Fonder” (0.0906)

1st lag Google search -0.387∗∗∗

“Indexfonder” (0.0860)

1st lag Google search -0.340∗∗∗

“Aktiemarknaden” (0.0881)

1st lag Google search -0.155
“Aktier” (0.0877)

1st lag Google search -0.179
“Avanza” (0.0917)

1st lag Google search -0.166
“Portfölj” (0.0844)

1st lag Google search -0.353∗∗∗

“Dow Jones” (0.0829)

1st lag Google search -0.0961
“Omsättning” (0.0883)

1st lag Google search -0.400∗∗∗

“Lycka” (0.0813)

cons -0.00436 -0.0141 -0.00412 -0.000401 -0.000876 -0.00466 -0.00220 -0.00174 0.00190
(0.0130) (0.0418) (0.0416) (0.0135) (0.00951) (0.0253) (0.0407) (0.0160) (0.0137)

N 117 117 117 129 117 129 129 129 129

Standard errors in parentheses
∗ p < 0.05, ∗∗ p < 0.01, ∗∗∗ p < 0.001

Table C2: Regression results of equation (17). ∆(t) is measured in months

Google search Google search Google search Google search Google search Google search Google search Google search Google search
“Fonder” “Indexfonder” “Aktiemarknaden” “Aktier” “Avanza” “Portfölj” “Dow Jones” “Omsättning” “Lycka”

2nd Lag Google Search -0.0479
“Fonder” (0.0916)

2nd Lag Google Search -0.113
“Indexfonder” (0.0914)

2nd Lag Google Search -0.158
“Aktiemarknaden” (0.0933)

2nd Lag Google Search -0.134
“Aktier” (0.0879)

2nd Lag Google Search -0.226∗

“Avanza” (0.0912)

2nd Lag Google Search -0.257∗∗

“Portfölj” (0.0828)

2nd Lag Google Search 0.00310
“Dow Jones” (0.0884)

2nd Lag Google Search -0.222∗

“Omsättning” (0.0870)

2nd Lag Google Search -0.0788
“Lycka” (0.0900)

cons -0.00289 -0.00188 -0.00510 -0.00177 -0.00112 -0.00560 -0.00638 -0.00160 0.000806
(0.0132) (0.0445) (0.0441) (0.0136) (0.00950) (0.0249) (0.0435) (0.0157) (0.0150)

N 116 116 116 128 116 128 128 128 128

Standard errors in parentheses
∗ p < 0.05, ∗∗ p < 0.01, ∗∗∗ p < 0.001
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Table C3: Regression results of equation (18). ∆(t) is measured in months

Google search Google search Google search Google search Google search Google search Google search Google search Google search
“Fonder” “Indexfonder” “Aktiemarknaden” “Aktier” “Avanza” “Portfölj” “Dow Jones” “Omsättning” “Lycka”

3rd Lag Google search -0.0505
“Fonder” (0.0919)

3rd Lag Google search 0.121
“Indexfonder” (0.0909)

3rd Lag Google search 0.0980
“Aktiemarknaden” (0.0934)

3rd Lag Google search -0.102
“Aktier” (0.0884)

3rd Lag Google search 0.139
“Avanza” (0.0930)

3rd Lag Google search 0.0293
“Portfölj” (0.0847)

3rd Lag Google search -0.172
“Dow Jones” (0.0874)

3rd Lag Google search -0.195∗

“Omsättning” (0.0875)

3rd Lag Google search -0.128
“Lycka” (0.0894)

cons -0.00346 -0.00663 -0.0113 -0.00310 -0.00150 -0.00117 -0.00257 0.00000842 -0.000924
(0.0133) (0.0443) (0.0442) (0.0137) (0.00972) (0.0256) (0.0431) (0.0159) (0.0150)

N 115 115 115 127 115 127 127 127 127

Standard errors in parentheses
∗ p < 0.05, ∗∗ p < 0.01, ∗∗∗ p < 0.001

Table C4: Regression results of equation (19). ∆(t) is measured in months

Google search Google search Google search Google search Google search Google search Google search Google search Google search
“Fonder” “Indexfonder” “Aktiemarknaden” “Aktier” “Avanza” “Portfölj” “Dow Jones” “Omsättning” “Lycka”

4th Lag Google search -0.150
“Fonder” (0.0914)

4th Lag Google search -0.124
“Indexfonder” (0.0921)

4th Lag Google search -0.0587
“Aktiemarknaden” (0.0941)

4th Lag Google search -0.0611
“Aktier” (0.0890)

4th Lag Google search -0.146
“Avanza” (0.0937)

4th Lag Google search -0.0940
“Portfölj” (0.0845)

4th Lag Google search 0.0296
“Dow Jones” (0.0897)

4th Lag Google search -0.105
“Omsättning” (0.0891)

4th Lag Google search 0.213∗

“Lycka” (0.0873)

cons -0.00322 -0.00848 -0.00966 -0.00256 -0.00249 0.000766 -0.00437 -0.00131 0.000745
(0.0133) (0.0447) (0.0447) (0.0139) (0.00977) (0.0256) (0.0440) (0.0162) (0.0147)

N 114 114 114 126 114 126 126 126 126

Standard errors in parentheses
∗ p < 0.05, ∗∗ p < 0.01, ∗∗∗ p < 0.001
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Table C5: Regression results of equation (20). ∆(t) is measured in months

Google search Google search Google search Google search Google search Google search Google search Google search Google search
“Fonder” “Indexfonder” “Aktiemarknaden” “Aktier” “Avanza” “Portfölj” “Dow Jones” “Omsättning” “Lycka”

5th Lag Google search 0.0805
“Fonder” (0.0923)

5th Lag Google search 0.0874
“Indexfonder” (0.0935)

5th Lag Google search -0.0893
“Aktiemarknaden” (0.0943)

5th Lag Google search -0.0121
“Aktier” (0.0888)

5th Lag Google search -0.133
“Avanza” (0.0939)

5th Lag Google search -0.0275
“Portfölj” (0.0852)

5th Lag Google search -0.0411
“Dow Jones” (0.0895)

5th Lag Google search 0.136
“Omsättning” (0.0847)

5th Lag Google search -0.0904
“Lycka” (0.0893)

cons -0.00159 -0.00633 -0.00972 -0.000744 -0.00153 -0.000971 0.000422 0.00441 0.000692
(0.0135) (0.0453) (0.0450) (0.0139) (0.00983) (0.0259) (0.0441) (0.0154) (0.0150)

N 113 113 113 125 113 125 125 125 125

Standard errors in parentheses
∗ p < 0.05, ∗∗ p < 0.01, ∗∗∗ p < 0.001

Table C6: Regression results of equation (16). ∆(t) is measured in weeks

Google search Google search Google search Google search Google search Google search Google search Google search Google search Google search Google search Google search Google search Google search
“Börsen” “OMX” “Aktier” “Dow Jones” “Pengar” “Investeringar” “Nasdaq” “Finanskris” “Fonder” “Avanza” “Kredit” “Bank” “Amortering” “OMX 30”

1st Lag Google search -0.289∗∗∗

“Börsen” (0.0604)

1st Lag Google search -0.416∗∗∗

“OMX” (0.0580)

1st Lag Google search -0.377∗∗∗

“Aktier” (0.0584)

1st Lag Google search -0.466∗∗∗

“Dow Jones” (0.0560)

1st Lag Google search -0.435∗∗∗

“Pengar” (0.0569)

1st Lag Google search -0.559∗∗∗

“Investeringar” (0.0523)

1st Lag Google search -0.459∗∗∗

“Nasdaq” (0.0558)

1st Lag Google search -0.500∗∗∗

“Finanskris” (0.0547)

1st Lag Google search -0.442∗∗∗

“Fonder” (0.0566)

1st Lag Google search -0.376∗∗∗

“Avanza” (0.0581)

1st Lag Google search -0.276∗∗∗

“Kredit” (0.0607)

1st Lag Google search -0.353∗∗∗

“Bank” (0.0594)

1st Lag Google search -0.481∗∗∗

“Amortering” (0.0555)

1st Lag Google search -0.488∗∗∗

“OMX 30” (0.0550)

cons -0.000129 -0.00372 0.000195 -0.00215 0.00000711 0.00147 -0.000405 0.00738 -0.00154 0.000464 -0.000304 -0.000129 0.000193 -0.00492
(0.0124) (0.0181) (0.00853) (0.0309) (0.00618) (0.0389) (0.0180) (0.0833) (0.0122) (0.00615) (0.0102) (0.00624) (0.0231) (0.0834)

N 253 253 253 253 253 253 253 253 253 253 253 253 253 253

Standard errors in parentheses
∗ p < 0.05, ∗∗ p < 0.01, ∗∗∗ p < 0.001
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Table C7: Regression results of equation (17). ∆(t) is measured in weeks

Google search Google search Google search Google search Google search Google search Google search Google search Google search Google search Google search Google search Google search Google search
“Börsen” “OMX” “Aktier” “Dow Jones” “Pengar” “Investeringar” “Nasdaq” “Finanskris” “Fonder” “Avanza” “Kredit” “Bank” “Amortering” “OMX 30”

2nd Lag Google search -0.138∗

“Börsen” (0.0625)

2nd Lag Google search -0.0788
“OMX” (0.0636)

2nd Lag Google search 0.0420
“Aktier” (0.0631)

2nd Lag Google search 0.121
“Dow Jones” (0.0629)

2nd Lag Google search -0.0594
“Pengar” (0.0633)

2nd Lag Google search 0.135∗

“Investeringar” (0.0627)

2nd Lag Google search -0.0124
“Nasdaq” (0.0630)

2nd Lag Google search -0.00299
“Finanskris” (0.0632)

2nd Lag Google search -0.0503
“Fonder” (0.0631)

2nd Lag Google search -0.00622
“Avanza” (0.0626)

2nd Lag Google search -0.368∗∗∗

“Kredit” (0.0591)

2nd Lag Google search -0.141∗

“Bank” (0.0630)

2nd Lag Google search 0.0131
“Amortering” (0.0634)

2nd Lag Google search 0.0364
“OMX 30” (0.0630)

cons -0.000954 -0.00256 -0.000232 -0.00213 0.000318 -0.000366 -0.000392 0.00256 -0.00174 -0.000568 -0.0000811 0.000249 0.000119 -0.00795
(0.0129) (0.0199) (0.00924) (0.0348) (0.00687) (0.0466) (0.0203) (0.0965) (0.0137) (0.00664) (0.00995) (0.00662) (0.0265) (0.0957)

N 252 252 252 252 252 252 252 252 252 252 252 252 252 252

Standard errors in parentheses
∗ p < 0.05, ∗∗ p < 0.01, ∗∗∗ p < 0.001

Table C8: Regression results of equation (18). ∆(t) is measured in weeks

Google search Google search Google search Google search Google search Google search Google search Google search Google search Google search Google search Google search Google search Google search
“Börsen” “OMX” “Aktier” “Dow Jones” “Pengar” “Investeringar” “Nasdaq” “Finanskris” “Fonder” “Avanza” “Kredit” “Bank” “Amortering” “OMX 30”

3rd Lag Google search -0.0693
“Börsen” (0.0631)

3rd Lag Google search 0.0437
“OMX” (0.0638)

3rd Lag Google search -0.135∗

“Aktier” (0.0625)

3rd Lag Google search -0.177∗∗

“Dow Jones” (0.0624)

3rd Lag Google search 0.0613
“Pengar” (0.0633)

3rd Lag Google search -0.0860
“Investeringar” (0.0632)

3rd Lag Google search -0.0606
“Nasdaq” (0.0630)

3rd Lag Google search 0.0167
“Finanskris” (0.0634)

3rd Lag Google search -0.00690
“Fonder” (0.0635)

3rd Lag Google search -0.112
“Avanza” (0.0624)

3rd Lag Google search 0.0411
“Kredit” (0.0636)

3rd Lag Google search -0.193∗∗

“Bank” (0.0624)

3rd Lag Google search 0.0337
“Amortering” (0.0634)

3rd Lag Google search -0.103
“OMX 30” (0.0628)

cons -0.00138 -0.00333 -0.000872 -0.00378 -0.0000878 -0.000200 -0.000176 0.00518 -0.00179 -0.000480 0.000150 -0.000142 -0.00110 -0.00546
(0.0130) (0.0200) (0.00917) (0.0346) (0.00688) (0.0471) (0.0203) (0.0969) (0.0137) (0.00662) (0.0107) (0.00657) (0.0265) (0.0956)

N 251 251 251 251 251 251 251 251 251 251 251 251 251 251

Standard errors in parentheses
∗ p < 0.05, ∗∗ p < 0.01, ∗∗∗ p < 0.001
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Table C9: Regression results of equation (19). ∆(t) is measured in weeks

Google search Google search Google search Google search Google search Google search Google search Google search Google search Google search Google search Google search Google search Google search
“Börsen” “OMX” “Aktier” “Dow Jones” “Pengar” “Investeringar” “Nasdaq” “Finanskris” “Fonder” “Avanza” “Kredit” “Bank” “Amortering” “OMX 30”

4th Lag Google search 0.0413
“Börsen” (0.0633)

4th Lag Google search -0.0997
“OMX” (0.0638)

4th Lag Google search 0.0372
“Aktier” (0.0632)

4th Lag Google search 0.0808
“Dow Jones” (0.0634)

4th Lag Google search -0.0660
“Pengar” (0.0633)

4th Lag Google search 0.0423
“Investeringar” (0.0637)

4th Lag Google search 0.0542
“Nasdaq” (0.0634)

4th Lag Google search -0.0407
“Finanskris” (0.0634)

4th Lag Google search 0.0897
“Fonder” (0.0633)

4th Lag Google search 0.0247
“Avanza” (0.0629)

4th Lag Google search 0.177∗∗

“Kredit” (0.0628)

4th Lag Google search 0.198∗∗

“Bank” (0.0627)

4th Lag Google search -0.0478
“Amortering” (0.0636)

4th Lag Google search 0.0791
“OMX 30” (0.0626)

cons -0.00113 -0.00368 -0.00102 -0.00362 0.000217 -0.00128 -0.000895 0.00253 -0.000843 -0.000553 -0.000604 -0.000150 0.000205 0.00663
(0.0131) (0.0200) (0.00928) (0.0352) (0.00690) (0.0474) (0.0204) (0.0971) (0.0137) (0.00669) (0.0106) (0.00659) (0.0266) (0.0955)

N 250 250 250 250 250 250 250 250 250 250 250 250 250 250

Standard errors in parentheses
∗ p < 0.05, ∗∗ p < 0.01, ∗∗∗ p < 0.001

Table C10: Regression results of equation (20). ∆(t) is measured in weeks

Google search Google search Google search Google search Google search Google search Google search Google search Google search Google search Google search Google search Google search Google search
“Börsen” “OMX” “Aktier” “Dow Jones” “Pengar” “Investeringar” “Nasdaq” “Finanskris” “Fonder” “Avanza” “Kredit” “Bank” “Amortering” “OMX 30”

5th Lag Google search 0.00682
“Börsen” (0.0634)

5th Lag Google search 0.150∗

“OMX” (0.0635)

5th Lag Google search -0.0605
“Aktier” (0.0632)

5th Lag Google search -0.0470
“Dow Jones” (0.0637)

5th Lag Google search 0.00260
“Pengar” (0.0635)

5th Lag Google search -0.0508
“Investeringar” (0.0638)

5th Lag Google search 0.0317
“Nasdaq” (0.0640)

5th Lag Google search 0.0890
“Finanskris” (0.0633)

5th Lag Google search -0.0696
“Fonder” (0.0635)

5th Lag Google search 0.0425
“Avanza” (0.0630)

5th Lag Google search -0.0284
“Kredit” (0.0640)

5th Lag Google search 0.173∗∗

“Bank” (0.0633)

5th Lag Google search -0.0382
“Amortering” (0.0638)

5th Lag Google search 0.00776
“OMX 30” (0.0628)

cons -0.00154 -0.00411 -0.000643 -0.00483 -0.000182 -0.000703 -0.000561 0.00331 -0.00167 -0.000733 -0.000226 0.0000120 -0.000975 -0.00267
(0.0131) (0.0200) (0.00930) (0.0354) (0.00693) (0.0475) (0.0205) (0.0972) (0.0138) (0.00671) (0.0108) (0.00665) (0.0267) (0.0957)

N 249 249 249 249 249 249 249 249 249 249 249 249 249 249

Standard errors in parentheses
∗ p < 0.05, ∗∗ p < 0.01, ∗∗∗ p < 0.001
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