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Abstract 

This thesis investigates the causal relationship between the mentions of the word Grexit 

in both Traditional Media and the Google search queries and the closing prices of the 

General stock market indices of five Euro-periphery eurozone countries (namely the 

Greek, the Irish, the Italian, the Portuguese and the Spanish). We used daily data for the 

period spanning from February 2, 2012 till July 12, 2016 and also for the period from 

October 14, 2014 till July 12, 2016. We implemented the Orthodogonalized Impulse 

Response Functions and the Local Projection Impulse Response Functions introduced 

by Jordà (2005). Firstly, we examined the responses of each stock market to a shock in 

Traditional Media and in Google Trends in each period and both tests agree that the 

stock markets respond positively to a shock in the Google search queries and negatively 

to a shock in the mentions of the word Grexit in Traditional Media however most of 

these responses are not statistically significant. For the second phase, we introduced into 

the VAR all the stock market returns, our results remain the same with the only 

difference being that all stock markets respond positively and significantly to a Google 

Trends shock in the sub-sample period. 
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Introduction 

Usually, calculation of stock prices is based on expected future cash flows generated by 

asset and on the basis of offered discount rate. In spite of this, there are a lot of other 

factors that affect the prices of stocks like political policies of the country, keeping 

organization under control and restricted ownership. Over the past decades, researchers 

have identified numerous factors that affect the stock market performance such as 

interest rate, exchange rate, inflation and deflation, foreign markets trends etc. Stock 

market is also affected due to different political events.  

The political instability in Greece since December 2014 which triggered again the 

rumors of a potential Grexit was the inspiration of this thesis. I based this study on the 

work of Dergiades et al. (2013) and try to extend their research. This paper attempts to 

identify whether the volume of the mentions of the word Grexit on traditional media and 

Google search engine affects the stock markets of the Euro-periphery eurozone 

countries (Greece, Ireland, Italy, Portugal and Spain). The study of News Flow has 

attracted the researchers' interest rather recently with the advent of Data Mining and 

Sentiment Analysis techniques. Tetlock (2007) studies the interactions between a daily 

popular Wall Street Journal column and the Dow Jones returns by creating a media 

pessimism index using textual analysis based on the General Inquirer's Harvard IV-4 

dictionary. One of the first works on the Web Activity was by Varian and Choi (2009) 

who used the Google Trends Search Volume Index (SVI) to forecast economic 

indicators, such as car sales and unemployment claims. 

This paper employs the standard Orthodogonalized Impulse Response Functions and 

the Jordà‟s Impulse Responses by Local Projections. Impulse response functions are 

widely used in macroeconomics in order to assess the persistence and relative effects of 

various macroeconomic shocks. These empirical observations are also used in the 
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development of theoretical models. To characterize the effects of macroeconomic 

shocks, the standard approach is to estimate a vector autoregressive (VAR) model. In 

order to derive the impulse responses from such a VAR, it is transformed into a moving 

average representation by appealing to Wold‟s decomposition theorem. In this paper we 

also take an alternative approach, following Jordà (2005). Along with the 

Orthodogonalized IRFs, we apply local linear projections to obtain the impulse 

responses, as an alternative to the moving average transformation. An impulse response 

can be regarded as a revision in the forecast of a variable at a future horizon t+s to a 

one-time experimental shock at time t, assuming that no other shocks hit the system. 

Based on this definition, Jordà proposes using multi-step direct forecasts, which he refers 

to as local projections, to calculate impulse responses. Jordà proves that impulse 

responses derived from such direct forecasts are consistent and asymptotically normal. 

Standard impulse responses based on the moving average (MA) representation face 

several potentially serious problems. First, the lag length required for estimating a VAR 

in order to produce reliable impulse responses may be very large. Second, the vector-MA 

representation of a VAR may not be unique and different invertibility assumptions can 

produce very different impulses. Third, the presence of unit roots and cointegration in 

the VAR leads to inconsistent impulses at longer horizons. Local projections are robust 

to misspecification. If the model is correctly specified and a quadratic loss function (such 

as the mean-squared forecast error) is used to evaluate forecasts then estimation 

efficiency generally assures forecast efficiency. 

In this paper I try to identify the impact of the daily appearances of the world Grexit 

on Traditional Media and on the Google search engine on the daily closing prices of the 

Greek, Irish, Italian, Portuguese and Spanish stock market general indices. The period 

under investigation is 7/2/2012 till 7/12/2016 and the tests are re-conducted for the 

period 10/14/2014 till 7/12/2016. Both tests suggest that the mentions of the word 
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Grexit in the Google search engine have a positive impact on the returns of the stock 

markets whereas a shock in the mentions of the word Grexit in Traditional Media leads 

to a negative reaction of the stock market returns for both periods. 

The rest of the paper is organized as follows: The Section 2 provides a review of the 

literature, Section 3 outlines the adopted methodological framework, while the 

description of the data, the preliminary econometric analysis and the empirical analysis 

are presented in Section 4, and finally in Section 5 some concluding remarks are provided 

along with future research directions. 
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2. Literature Review 

During the last decade a new wave of financial literature has emerged along with the 

increase of news flow. This increase of information is primarily attributed on the rising 

popularity of social media. “Social media have progressively become a popular open 

forum for analyzing economic/financial topics and a field where the public sentiment is 

reflected in real time. They are widely used by influential economic commentators, 

policymakers and their followers.”1 Thus, the influence of social and traditional media on 

financial and economic variables has attracted the interest of researchers.  

2.1 The effect of news on the bond market 

This thesis is inspired by the political developments of December 2014 in Greece and 

based on the study of Dergiades et al. (2013) and tries to continue the work. In their 

study Dergiades et al. (2013) explore the effect of the volume of information contained in 

social media and web search queries on the sovereign bond spread between the GIIPS 

countries and Germany. In more detail, the information collected from Twitter, 

Facebook and Google search engine was associated with Greek debt crisis and their data 

consisted of daily observations for the period between 05/20/2011 and 05/09/2013. By 

employing the framework introduced by Breitung and Candelon (2006), they found a 

unidirectional short-run causal relationship from social media/search queries to the 

Greek spread, with and without conditioning on several financial variables. Moreover, 

their results suggest that Google and social media do not carry the same short-run 

predictive power, with social media having more significant predictive information than 

Google. 

                                                           

1 Dergiades T., Milas C. and Panagiotidis T. (2013). „Tweets, Google trends and sovereign spreads in the 

GIIPS‟. GreeSe-Hellenic Observatory Papers on Greece and Southeast Europe. No 78, pp 1. 
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Beetsma et al. (2013) investigate the effect of daily newsflash, posted in the 

Eurointelligence website, on the 5 and 10-year public debt market of the GIIPS2 

countries and other European countries, for the period spanning from July 12, 2007 to 

February 29, 2012. By employing a methodological framework based on the model of 

Bekaert et al. (2011) they found that, since the fall of 2009, a rise in the number of news 

triggers an increase in the interest spreads of GIIPS countries. Moreover, when they 

distinguished the news into bad and good, their findings suggest that bad news increased 

domestic and foreign interest spreads, since the fall of 2009. 

Büchel K. (2013) examined the impact of public statements by influential individuals 

(ECB Governing Council members, EU officials and national representatives) on the 

sovereign CDS and bond yield spreads of the GIIPS countries. For their analysis, daily 

data during over the period from January 1, 2009 to August 12, 2011 were employed in 

an EGARCH framework. The statements were divided in two categories, according to 

their content, as dovish and hawkish policy signals, suggesting high and limited 

commitment to support the GIIPS, correspondingly. His results reveal that hawkish 

statements triggered an increase in spreads whereas dovish comments have a weaker and 

less significant effect especially in the bond yield spreads. 

Gade et al. (2013) investigated the effect of political communication on sovereign 

bond spreads of Greece, Ireland and Portugal over the German Bund. For their study, 

the authors used economic and political news released between January 2009 and 

October 2011. The relationship between the news and the 10-year sovereign bond yield 

spread is estimated through simple Granger causality tests. Their analysis on the raw data 

reveals the only in the case of Greece political communication Granger causes the bond 

yield in the short-run. After conditioning on financial, economic and political events, 

their results cannot support the notion that the amount of political releases affect the 

                                                           
2 In literature as GIIPS countries are mentioned the following countries: Greece, Italy, Ireland, Portugal and Spain. 
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level of bond yield spreads, but the subtext of the news defines the type of the effect on 

the government bond spreads, with positive news being able to compress the yield 

spread and negative news causing the yield spread to increase. 

In another study, Apergis (2015), examined whether news about European countries 

with sovereign debt problems, published in European newspaper articles, can predict 5-

year sovereign CDS spreads. The countries‟ CDS spreads under investigation were, once 

again, the GIIPS countries and the data consisted of daily observations, spanning from 

October 16, 2009 till June 2012. To explore the predictive ability of news both ARIMA 

and ARIMAX models were employed. The results indicate that positive news has a 

negative effect on CDS spreads whereas negative news has a positive impact. Moreover 

the study reveals the informational value of newswire messages and their ability to ease 

or intensify uncertainty about the possibility of a sovereign default event as this is sighted 

through CDS spreads. 

 

Table 1: Review table of the literature discussed in subsection 2.1 

Study Methodology Period 

News originated from: 
News affect the 

Bond Market 

Social 

Media  

Traditional 

Media 
YES NO 

Dergiades et 

al. (2013) 

Breitung & 

Candelon (2006) 
2011-2013  -  - 

Beetsma et 

al. (2013) 

Bekaert et al. 

(2011) 
2007-2012  -  - 

Büchel K. 

(2013) 
EGARCH 2009-2011 -   - 

Gade et al. 

(2013) 

Granger 

Causality 
2009-2011 -    

Apergis 

(2015) 

ARIMA & 

ARIMAX 
2009-2012 -   - 
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2.2 The effect of news on equity markets 

2.2.1 The effect of macroeconomic news 

Kaminsky and Schmukler (1999) investigated whether the behavior of nine stock markets 

during the Asian crisis of 1997-1998 can be explained by specific type of news. For their 

study they collected news originated from Bloomberg and categorized them according to 

country of origin and topics which the news covered. The results from the pooled 

regression they run suggest that excess daily returns are triggered by both foreign and 

local news, with announcements related to credit ratings and agreements with 

international organizations having the larger impact, and good news having smaller effect 

than bad news. However, as the crisis deepened, the days without any important news 

seemed to increase uncertainty and information asymmetries, resulting also to extreme 

stock returns. 

In another approach, Birz and Lott (2011), choose stories originated from newspapers 

as their news‟ measure, instead of directly using the statistical releases of macroeconomic 

announcements. The newspaper articles used in their study covered news about four 

macroeconomic variables, namely, the GDP, unemployment, retail sales and durable 

goods for the period spanning from January 1991 to May 2004, to investigate whether 

they affect the daily closing stock prices of the S&P 500. Their findings indicate that 

news about GDP and unemployment do have a statistically significant effect on the stock 

returns, whereas news about retail sales and durable goods do not significantly affect 

stock prices. 

Mun and Brooks (2012) examined whether the changes in correlations between 

national stock markets can be explained by news and volatility during the last financial 

crisis. For their study, daily returns for 17 countries were employed for the period 

spanning from February 27, 2007 to February 26, 2010 and one major newspaper for 
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each country was selected to account the times news related to the global financial crisis 

were reported, for the sample period. The main results obtained, from engaging the 

APARCH model, reveal that the evolving correlations between the markets are better 

described by the market volatility than news for the period of the global financial crisis. 

Medicov (2016) investigated the relationship between the monthly returns of S&P 500 

and a monthly index of US macroeconomic news released by major business newswires, 

from January 1999 to April 2014. By implementing the statistical theory of copulas, find 

that economic news affects stock returns in a nonlinear and asymmetric way. In more 

detail, the results of the study show that the market‟s reaction to negative 

macroeconomic news is strong and negative, but there is no evidence supporting the 

existence of any reaction to good news. 

2.2.2 The effect of political news 

In an early study, Cutler et al. (1988), investigate whether price movements of the S&P 

500 stocks can be explained by macroeconomic news and by major political and 

international events. In the first part of the study, the results of the VAR method 

indicated that monthly macroeconomic news cannot explain more than one fifth of the 

stock movement for the 1926-1985 period.  In the second part of the study, a sample of 

49 major events consisting of political, military and economic policy developments was 

selected along with their corresponding percentage stock price change. According to 

their findings the market reaction to non-economic news was relatively small. 

Chan et al. (2001) investigated the effect of political and economic news on stock 

return volatility, stock price volatility, number of shares traded and trading frequency in 

the Stock Exchange of Hong Kong (SEHK), for the period before the handover of 

Hong Kong from Britain to China. The 34 news used in their study were collected from 

the headlines posted on the four major newspapers of Hong Kong. Through using a 
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linear regression, they found that the impact of both kind of news on return volatility is 

rather weak, whilst there are significant relationships between news and stock price 

volatility. In more detail, they found that the impact on price volatility peaks on the 

arrival day of significant economic news and decreases thereafter, whereas for political 

news the effect peaks on the day after the circulation of the news. Their findings also 

revealed that the number of shares traded and the trading frequency are positively 

affected by economic news and negatively affected by political news. 

2.2.3 The effect of firm-specific news 

Tetlock et al. (2008), examined whether the fraction of negative words, in all Dow Jones 

News Service and Wall Street Journal articles, about firms in the S&P 500 index can be 

used to forecast firms‟ cash flows and stock returns, for the period from 1980 to 2004. 

To investigate the predictive power of negative words on earnings, the tests of pooled 

ordinary least squares (OLS) regressions and standard errors clustered by time period 

(calendar quarter for earnings and trading days for stock returns) were chosen. According 

to their results, the predictive power of negative words in firm-specific news stories is 

verified in both cases, with negative words forecasting low firm earnings and returns in 

the next quarter and trading day respectively. 

Storkenmaier et al. (2012), investigated the impact of positive and negative firm-

specific news on trading in a fragmented market environment, the FTSE 100. They 

employ a VAR method on the daily public information originated from Thomson 

Reuters newswire messages and on stocks traded on two constituents of the FTSE 100, 

namely the LSE and Chi-X, from December 1, 2009 to December 31, 2009. Their results 

indicate that in a negative information environment liquidity decreases, whereas in a 

positive one there isn‟t any change. Their findings also suggest that on both positive and 

negative public information days the trading activity increased. 
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Smales (2014) examined the market reaction of 33 leading ASX50 stocks to stock-

specific news, originated from news headlines posted on Dow Jones newswire and in 

Wall Street Journal, over the period spanning from 4 January 2000 to 1 November 2011. 

The author discovered that high relevance news leads to a rise in market activity, 

volatility and spreads, whilst textual sentiment is taken into account it is shown that this 

reaction is strongest for negative news. Additionally, an event study analysis implemented 

on the four largest Australian banking stocks revealed that after the Global Financial 

Crisis, market activity and volatility are more affected by news than before. Finally, a 

VAR model is implemented to confirm the strong relationship between news and market 

activity measures. 

2.2.4 The effect of Twitter 

However, in recent years, researchers have turned their attention to a wide range of 

information data sets, which usually consist of news media, web search data and social 

media feeds, and their textual sentiment indicators to investigate their impact on equity 

markets.  

Bollen et al. (2011) used daily Twitter feeds posted from February 28, 2008 to 

December 19, 2008 to explore the predictive power of derived mood states over the 

value of the Dow Jones Industrial Average. Both Granger causality tests and a Self-

Organizing Fuzzy Neural Network were employed and their results suggest that specific 

public mood states have predictive power over changes in the Dow Jones Industrial 

Average closing prices. 

In another study, Mao et al. (2011) examine the power of sentiment indicators, defined 

by social media (Twitter) and online news headlines, for predicting market indices [Dow 

Jones Industrial Average, trading volume, Volatility Index (VIX) and Gold prices], using 

daily data from 07/01/2010 to 09/29/2011. Their findings, from performing the 
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Granger causality test, suggest that both the social- and news-based sentiment indicators 

are significant predictors of daily market returns. However, these findings also indicate 

that the Twitter-based mood indicators have more significant predictive power of the 

market returns. 

Zhang et al. (2011) tried to use Twitter feeds to predict stock market indicators, 

namely Dow Jones, S&P 500 and NASDAQ. The Twitter posts collected during the 

period from March 30, 2009 to September 7, 2009 were manipulated and the percentage 

of tweets expressing fear and hope were calculated. The authors found that the 

emotional tweet percentages displayed a significant negative correlation to Dow Jones, 

S&P 500 and NASDAQ and are significantly positively correlated to VIX. 

Ranco et al. (2015) investigate the relationship between the 30 stocks forming the 

Dow Jones Industrial Average index and the relevant Twitter volume and sentiment data 

for a period spanning from June 1, 2013 till September 18, 2014. The results from the 

Pearson correlation and the Granger causality tests over the whole sample imply a 

relatively weak relationship between the time series. Later, in order to identify the 

presence of a stronger relationship they implemented the “event study” methodology 

and found that during events with increased Twitter activity, the Twitter sentiment and 

market growth have a positive relationship, regardless of the Twitter peaks were related 

to scheduled or unexpected announcements. 
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Table 2: Review table of the literature discussed in subsection 2.2 

Study Methodology Period 

News originated from: 
News affect the 

Equity Market 

Social 

Media  

Traditional 

Media 
YES NO 

2.2.1 The effect of macroeconomic news 

Kaminsky & 
Schmukler 

(1999) 

Pooled and panel 

regressions 
1997-1999  -  - 

Birz and 

Lott (2011) 

McQueen & 

Roley (1993) 
1991-2004 -   - 

Mun & 

Brooks 

(2012) 

APARCH 2007-2010 -  -  

Medicov 

(2016) 

Statistical theory 

of Copulas 
1999-2014 -   - 

2.2.2 The effect of political news 

Cutler et al. 

(1988) 
VAR 1926-1985 -  -  

Chan et al. 

(2001) 
linear regression 1993-1995 -   - 

2.2.3 The effect of firm-specific news 

Tetlock et al. 

(2008) 
Pooled OLS 1980-2004 -   - 

Storkenmaier 

et al. (2012) 
Three-way VAR 12/2009 -   - 

Smales 

(2014) 
VAR 2000-2011 -   - 

2.2.4 The effect of Twitter posts 

Bollen et al. 

(2011) 

Granger causality 

& SOFNN3 

2/2008-

12/2008  -  - 
Mao et al. 

(2011) 
Granger causality 2010-2011  -  - 

Zhang et al. 

(2011) 
Correlation  

3/2009-

9/2009  -  - 
Ranco et al. 

(2015) 
Granger causality 2013-2014  -  - 

 

 

  

                                                           
3 SOFNN: Self-organizing Fuzzy Neural Network 
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3. Methodological Framework 
 

3.1 Unit Root Tests 

In this section the various unit root tests that were implemented to test the stationarity of 

our variables will be investigated. In order to verify the order of integration of the 

variables several Unit Root tests will be conducted, in particular the Augmented Dickey-

Fuller (ADF) Test, the Dickey-Fuller Test with GLS Detrending (DF GLS), the Phillips-

Perron (PP) Test, the Kwiatkowski, Phillips, Schmidt and Shin (KPSS) Test and the 

Kapetanios et al. (KSS) unit root test. 

A stationary time series is defined as a time series whose statistical properties remain 

the same over time. If a series is not stationary is called non-stationary. Most of time 

series techniques are based on the assumption that the time series are stationary, due to 

that non-stationary series have to be transformed into stationary series. Non-stationary 

series can be converted to stationary series by differentiating them, these series are called 

integrated and are expressed as I(d), where d is the order of integration. The order of 

integration is a number that expresses how many times we had to differentiate the non-

stationary series in order to make them stationary. 

We will briefly discuss the main characteristics of the unit root tests. Consider a 

simple autoregressive model of order one [AR (1)]: 

1t t t ty y x    ,                                            (1) 

where: 'tx  are optional exogenous regressors which may consist of constant or a 

constant and a trend,  and  are parameters to be estimated, and the t  are assumed 

to be white noise. If 1, y  is a stationary series and its statistical properties remain 

steady for all values of t and if 1 , y  is a non-stationary series. Therefore, the 

stationarity of the series, in most unit root tests, is tested simply by calculating the value 
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of . The theory behind the tests used in this study will be discussed in the following 

paragraphs.  

3.1.1 The Augmented Dickey-Fuller Test (ADF) 

The first test to be presented is the Augmented Dickey-Fuller test. The simple Dickey-

Fuller test is implemented after subtraction of 1ty  from both sides of equation (1): 

1 1 1t t t t t ty y y y x  

( ) 11t t t ty y x   ,          set 1  

            1t t t ty y x                                                        (2) 

The null hypothesis under which the test is carried out is the assumption that there is a 

unit root against the alternative hypothesis that there is no unit root. These hypotheses 

are written as: 

: )

: )

0

1

0 , (implying 1

0 , (implying 1

H

H
,                                          (3) 

For evaluating these hypotheses the conventional t-ratio for α is used⁚ 

ˆ ˆ/ ( )at a se a
 
,                                                       (4) 

where â  is the estimate of α and ˆ( )se a  is the coefficient standard error. 

Because the simple Dickey-Fuller test is efficient only on the assumption that the 

series is an AR(1) process, for series that are correlated at lag order p higher than one, the 

Augmented Dickey-Fuller test is considered to test (3) by utilizing the t-ratio (4): 

'1
1

p

t t t j t j t
j

y ay x y                                    (5) 

3.1.2 The Dickey-Fuller Test with GLS Detrending (DF GLS) 

We will proceed by introducing the DF GLS test. The Dickey-Fuller Test with GLS 

Detrending (DF GLS) is an adjustment of the ADF test, proposed by Elliott, 

Rothenberg and Stock (ERS) in 1996. The DF GLS test is almost identical to the ADF 



~ 22 ~ 

test, their difference lies on the fact that in the DF GLS test the series is transformed 

through a generalized least square regression (GLS) before conducting the test. 

First the quasi-difference of ty  that depends on the variable α is introduced: 

,
( )

,1

             =1

    1

t

t

t t

y if t
d y

y ay if t
    ,                                   (6) 

Afterwards, an OLS regression of the ( )td y a  on the quasi-differenced ( )td x a  is 

estimated: 

( ) ( ) ( )t t td y a d x a
 
,                                        (7) 

where tx  contains a constant or a constant and a trend, and ( ) is the OLS estimates of 

the regression. Now, the value of  has to be established, we use  as 

recommended by ERS, where: 

,

. ,

1 7     if  1

1 13 5 ,   if  1

t

t

T x

T x t
  

,                                 (8) 

At this time the GLS detrended data d

ty  is defined, adopting the OLS estimates associated 

with the : 

   
d

t t ty y x      ,                                        (9) 

Now that the series have been detrended the DF GLS test is conducted using the 

traditional ADF, after the replacing the original ty  in equation (5) with the GLS 

detrended d

ty : 

1
1

p
d d d

t t j t j t
j

y ay y   .                                  (10) 

3.1.3 The Phillips-Perron Test (PP) 

The next unit root test we use in this study is the Phillips-Perron test. The Phillips-

Perron method is a non-parametric adjustment of the standard Dickey-Fuller test 



~ 23 ~ 

equation (2). The PP test instead of introducing lads as regressors, it adjusts the t-ratio of 

the α coefficient to account for auto correlations and heteroscedasticity. The statistic of 

the PP test is: 

/

/

1 2
0 0

0

1 2

0 02
a

T f se
t t

f f s
  ,                              (11) 

where:  is the estimate, at  the t-ratio of α, se is the coefficient standard error, s is 

the standard error of the test regression, ( ) 2

0 T k s T
 
(k is the number of the 

regressors) is the consistent estimator of the error variance in equation (2) and 0f  is an 

estimator of the residual spectrum at frequency zero. 

3.1.4 The Kwiatkowski, Phillips, Schmidt and Shin Test (KPSS) 

The next in line unit root test used is the Kwiatkowski, Phillips, Schmidt and Shin 

(KPSS) test. The difference between the KPSS test and the tests described above lies to 

the fact that the null hypothesis which assumes that the series ty  is stationary is tested 

against the alternative in which the series are assumed to be non-stationary. The KPSS 

statistic is based on the residuals from the OLS regression of ty  on the exogenous 

variables tx : 

     t t ty x u   ,                                                    (12) 

The variance of the error tu  is assumed to be zero under the null hypothesis: 

: ,

: ,

2

0

2

1

0     [implying that  is stationary]

0     [implying that  is non-stationary]

u t

u t

H y

H y
      ,                  (13) 

Utilizing the Lagrange Multiplier (LM) test statistic, the LM statistic is defined as: 

( ) ( )2 2

0
t

LM S t T f    ,                                          (14) 
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where: 0f  is an estimator of the residual spectrum at frequency zero and S(t) is a 

cumulative residual function: 

( )
1

t

r

r

S t u   ,                                                    (15) 

based on the residuals 0t t tu y x . The estimator δ used in this equation is based 

on a regression employing the original and not the quasi-differenced data as in the case 

of GLS detrending. 

 3.1.5 The non-linear unit root test of Kapetanios et al. (KSS) 

The last unit root test to be implemented in this study is the unit root test of Kapetanios 

et al. This test examines the null hypothesis of the ADF test, i.e. the series is non-

stationary, against the alternative hypothesis the series follows a non-linear but globally 

stationary process.  

For further understanding the KSS test we consider a univariate smooth transition 

autoregressive model of order 1, STAR(1): 

( ; ) ,...,1 1    ,  1t t t t d ty y y y t T                            (16) 

where ( , )20t iid ,  and  are the unknown parameters. The selected transition 

function is of exponential form: 

( ; ) exp( )21t d t dy y                                         (17) 

where 0  and 1d . On the abovementioned relation holds: : ,0 1 , meaning 

that the transition function is bounded between 0 and 1.  

Replacing the ( ; )t dy  in equation (16) with the second member of equation (17) 

results in obtaining a univariate exponential smooth transition autoregressive model of 

order 1, ESTAR(1): 

exp( )2

1 1 1t t t t d ty y y y   ,                                (18) 
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Subtracting 1ty  from both sides in equation (18), results to the following equation: 

exp( ) ,2

1 1 1       where: 1t t t t d ty y y y            (19) 

Kapetanios et al. set 0 , suggesting that ty  follows a unit root process in the middle 

regime, and 1d  in equation (19) which transforms the specific ESTAR model: 

exp( )2

1 11t t t ty y y .                                     (20) 

The hypotheses tested are the null, i.e. :0 0H , implying that there is a unit root 

against the alternative, i.e. :1 0H , which implies that the series follows a non-linear 

but globally stationary process. Because γ is not directly identified under the null, testing 

the null hypothesis is not possible. For this reason, equation (20) is reparameterised by 

using a first-order Taylor series approximation resulting to the following auxiliary 

regression: 

3

1t t ty y   ,                                                   (21) 

To consider any serial correlation in the error terms, equation (21) can be augmented 

as follows: 

3

1
1

q

t t t k t
k

y y y   ,                                           (22) 

where q is the number of augmentations. Now, the hypotheses tested are: 

: ,

: ,

0

1

0  which is the null against 

0  which is the alternative

H

H
 ,                                (23) 

for evaluating the abovementioned hypotheses the following t-statistic is used: 

ˆ ˆ/ . .( )NLt s e ,                                                   (24) 

where ˆ  is the OLS estimate of   and ˆ. .( )s e  is the standard error of ˆ . 

 

3.2 Impulse Response Functions 
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An impulse-response function describes the evolution of the variable of interest along a 

specified time horizon after a shock in a given moment. The standard IRF production 

uses estimates from the estimated VAR model. The usual methodology for generating 

IRFs involves non-linear (at horizons greater than one) functions of the estimated VAR 

parameters. 

3.2.1 Orthogonalized Impulse Response function 

Let 𝑌𝑡  be a K-dimensional vector series generated by: 
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                                   (25) 

       ppI I A B A B A B B2

1 2( ... ) ( )                        (26) 

where 𝑐𝑜𝑣 𝑈𝑡 = 𝛴, 𝛷𝑖  is the MA coefficients measuring the impulse response. In more 

detail, 𝛷𝑗𝑘 ,𝑖  represents the response of variable j to a unit impulse in variable k occurring 

i-th period ago. 

As Σ is usually non-diagonal, it is impossible to shock one variable with other 

variables fixed. The transformation usually employed is the Cholesky decomposition. Let 

P be a lower triangular matrix such that Σ=PP΄. Then equation (25) can be rewritten as: 







  t i t i
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                                                         (27) 

where: 
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Let D be a diagonal matrix with the same diagonals with P and 𝑊 = 𝑃𝐷−1, 𝐴 = 𝐷𝐷′. 

After some manipulations, we obtain: 

     t t t p t p tY BY BY B Y V0 1 1 ...                           (29) 

where: 







 





k

i i

B I W

W PD

B W A

1

0

1

1

                                               (30) 

Obviously, 0B  is a lower triangular matrix with 0 diagonals. Meaning that, Cholesky 

decomposition imposes a recursive causal structure from the top variables to the bottom 

variables but not the other way around. 

3.2.2 Jordà Local Projection Impulse Response Functions 

The Impulse Response Function (IRF) measures the reaction of the system to a shock of 

interest. Unfortunately, when the underlying data generating process (DGP) cannot be 

well approximated by a VAR(p) process, IRFs derived from the model will be biased and 

misleading. Jordà (2005) introduced an alternative method for computing IRFs based on 

local projections that do not require specification and estimation of the unknown true 

multivariate dynamic system itself.  

An impulse response can be defined as the difference between two forecasts [James 

D. Hamilton (1994), Koop et al. (1996)]  

    i t s t i t t s t tIR( t , s ,d ) E( y v d ; X ) E( y v ; X ) , s=0, 1, 2,...  (25) 

where: the operator E(.|.) denotes the best, mean squared error predictor; ty  is an n×1 

random vector; t t 1 t 2X ( y , y , ...)  ; Ω is of dimension n×1; 𝑣𝑡  is the n×1 vector of 

reduced-form disturbances; and D is an n×m matrix, whose columns 𝑑𝑖  contain the 

relevant experimental shocks. 
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As it is shown in expression (25), the statistical objective in calculating impulse 

responses is to obtain the best, mean squared, multistep predictions. However, it is often 

obvious that direct forecasting models, which are re-estimated for each forecast horizon, 

are able to provide us with better multistep predictions. Consider projecting t sy   onto 

the linear space generated by t 1 t 2 t p( y , y , ..., y )   , in more detail: 

s s 1 s 1 s 1 s

t s 1 t 1 2 t 2 p t p t sy a B y B y ... B y u  

          ,   s=0, 1, 2,..., h             (26) 

where 𝑎𝑠 is an n×1 vector of constants and  𝐵𝑖
𝑠+1 are matrices of coefficients for each 

lag I and horizons s+1. The collection of h regressions in (26) is denoted as local 

projections. 

According to definition (25), the impulse responses from the local-linear projections 

in (26) are: 

s

i 1 iIR( t , s ,d ) B d


  ,        where  s=0, 1, 2,..., h               (27)  

and 𝐵 1
𝑠 are the impulse response coefficients, with the obvious normalization 𝐵1

0 = 𝐼. 

The consistency and the distributional properties of the 𝐵 1
𝑠 regressors can easily be 

established, since the residuals 
s

t su   are a moving average of the forecast errors from 

time t to t+h and therefore they are uncorrelated with the regressors, which are dated 

from t-1 to t-p. 

Local projections can be used to compute the forecast-error variance decomposition. 

According to the definition, the error in forecasting 𝑦𝑡+𝑠 is given from the equation (26) 

by: 

s

t s t s t t sy E( y |X ) u     ,       s=0, 1, 2,... ,h                         (28) 

from which the non-normalized mean squared error (𝑀𝑆𝐸𝑢 ) is  

s s

u t s t t s t sMSE ( E( y |X )) E( u u )


    ,       s=0, 1, 2,... ,h                 (29) 
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the choice experiment D renormalizes 𝑀𝑆𝐸𝑢  into: 

1 s s 1

t s t t s t sMSE( E( y |X )) D E( u u )D
 

  
  ,       s=0, 1, 2,... ,h           (30) 

from which the traditional variance decomposition can be calculated by directly replacing 

the sample based equivalents from the projections in (26). 

A VAR model captures the linear dependence of the n×1 vector 𝑦𝑡  on 

t t 1 t 2 t pX ( y , y , ..., y )  
   through the expression: 

t t ty X v                                                     (31) 

where 𝑣𝑡  is an idd vector of disturbances and 1 2 p...        . The VAR(1) 

companion form can be specified by  
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                   (32) 

and then according to (31) and (32): 

t t 1 tW FW v                                                      (33) 

from which s-step ahead forecasts can be easily computed since: 

s s 1

t s t s t s 1 t t 1W v Fv ... F v F W                                          (34) 

and therefore: 

1 s s 1 s 1

t s t s 1 t s 1 1 1 1 t 1 p t py v F v F v F ( y ) F ( y )   

                    (35) 

where 𝐹𝑖
𝑠 is the ith upper, n×n block of the matrix 𝐹𝑠 . 

Assuming 𝑊𝑡  is covariance-stationary, the infinite vector moving average 

representation of the original VAR in expression (31) is 

1 2

1 1 1 2 1

s

t t t t t sy v F v F v F v                                  (36) 
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and the impulse response function is given by 

1( , , ) s

i iIR t s d F d                                                (37) 

Expression (35) establishes the relationship between the impulse responses calculated 

by local projection and with a VAR. In particular, comparing expression (26) with 

expression (35) rearranged, 

1 1

1 1 1
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1 1 1
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s s s s

t s p t p t p
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               (36) 

it becomes clear that,  
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B F
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                           (37) 

Therefore, when the DGP is the VAR in (31), expressions (26) and (36) establish the 

equivalence between impulse responses calculated by local projections and with this 

VAR. As it is shown in expression (37) the error terms of the local projection 
s

t su  , are a 

moving average of the forecast errors from time t to t+s, knowing this enables us to 

improve efficiency. 

In specific, set 1( , , )t t t hY y y  , 1( , , )t t t hV v v   and 

1 2( , , , )t t t t pX y y y   , so that we stack the h local projections in expression (26) and 

take advantage of the structure of the residuals implied by the VAR assumption and 

estimate the following system jointly: 

t t tY X V                                                     (38) 

where the parameter matrices are constrained as follows: 



~ 31 ~ 
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                 (39) 

Defining ( )t t vE v v  , then ( ) ( )t t h vE VV I     .  

Then the maximum likelihood of this system can be estimated by standard GLS 

formulas according to 

1 1 1ˆ( ) [( ) ( )] ( ) ( )vec vec                              (40) 

The usual impulse responses would then be given by rows 1 through n and columns 1 

through (nh) of ̂  and standard errors are provided directly from the regression output. 

Further simplification is available due to the special structure of the variance-covariance 

matrix Σ, which allows GLS estimation of the system block by block. 

Since the impulse response coefficients are associated with the regressors 𝑦𝑡−1 in 

expression (26), exploration of nonlinearities can be made parsimonious by concentrating 

on these terms alone. The closest equivalent to the Wold representation in nonlinear time 

series is the Volterra series expansion: 

0 0 0 0 0 0

...t i t i ij t i t j ij t i t j t k

i i j i j k

y v v v v v v
     

     

     

            (41) 

which is a polynomial extension of the Wold decomposition in expression (36) with the 

constant omitted for simplicity. Therefore, it is natural to extend the local projections in 

expression (26) with polynomial terms on  𝑦𝑡−1: 

1 1 2 1 3 1 1

1 1 1 1 1 1 2 2 ...

0,1, 2, ...,

s s s s s s s

t s t t t t p t p t sy a B y Q y C y B y B y u

s h

    

             


       (42) 
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Where is not allowed for cross-product terms so that 𝑦𝑡−1
2 = (𝑦1,𝑡−1

2 ,𝑦2,𝑡−1
2 , … , 𝑦𝑛 ,𝑡−1

2 )′ , 

as a matter of choice and parsimony rather as a requirement. It is readily apparent that 

the impulse response at time s now becomes: 

2 3

1 1 1 1 1 1

2 3

1 1 1 1 1 1

2 2 2 3

1 1 1 1 1 1

ˆ ˆˆ( , , ) { ( ) ( ) ( ) }

ˆ ˆˆ{ ( ) ( ) }

ˆ ˆˆ{ (2 ) (3 3 )}
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s s s
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IR t s d B y d Q y d C y d

B y Q y C y

B d Q y d d C y d y d d

s h

  

  

  

      

  

     



    (43) 

and with the obvious normalizations, 𝐵1
0 = 𝐼, 𝑄1

0 = 0𝑛 , and 𝐶1
0 = 0𝑛 .  

This method introduced by O. Jordà enables us to compute impulse responses 

without the necessity of specifying and estimating the underlying multivariate dynamic 

system. “The central idea consists in estimating local projections at each period of 

interest rather than extrapolating into increasingly distant horizons from a given model, 

as it is done with vector auto regressions (VAR). The advantages of local projections are 

numerous: (1) they can be estimated by simple regression techniques with standard 

regression packages; (2) they are more robust to misspecification; (3) joint or point-wise 

analytic inference is simple; and (4) they easily accommodate experimentation with highly 

nonlinear and flexible specifications that may be impractical in a multivariate context. 

Therefore, these methods are a natural alternative to estimating impulse responses from 

VARs.”4 

 

  

                                                           
4
 Jordà O. (2005). „Estimation and Inference of Impulse Responses by Local Projections‟. The American 
Economic Review. vol. 95(1), pp. 161. 
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4. Empirical Application 

4.1 Data sources 

The data used in this thesis are spanning from 2/7/2012 till 7/12/2016. The daily 

closing prices of the Greek, Irish, Italian, Portuguese and Spanish stock market general 

indices were gained from Bloomberg. The articles and the broadcast transcripts, from 

which the number of mentions of the word “Grexit” were accounted, were obtained 

from LexisNexis ® Academic5. Finally, the weekly data for the Google trends were 

obtain from https://www.google.com/trends/?hl=el. 

The tests implemented on the series were re-conducted for the period 10/14/2014 till 

7/12/2016. This sub-sample period was selected due to the fact that it begins one month 

earlier to the Hellenic Parliament‟s failure to elect a new President of State (12/29/2014), 

which led to the dissolution of the parliament and to a snap legislative election 

(1/25/2015). And also contains all the events leading to the July‟s 2015 referendum and 

the political instability in Greece. 

4.1.1 LexisNexis 

As mentioned above, the series denoted as MEDIA were created from accounting the 

appearances of the word “Grexit” in traditional media, obtained from LexisNexis ® 

Academic. The term Traditional media or Old Media is used to describe the traditional 

means of communication and expression that have existed since before the advent of the 

new medium of the Internet, such as broadcast and cable television, radio, movie and 

music studios, newspapers, magazines, books and most print publications.6 

The articles from the LexisNexis were collected in three phases. For the first phase, 

“All news” was selected from the option “Search by Subject or Topic” and from the 

                                                           
5
 https://www.lexisnexis.com/hottopics/lnacademic/ 

6
 https://en.wikipedia.org/wiki/Old_media 

https://www.google.com/trends/?hl=el
https://en.wikipedia.org/wiki/Hellenic_Parliament
https://en.wikipedia.org/wiki/President_of_Greece
https://en.wikipedia.org/wiki/Greek_legislative_election,_January_2015
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option “Advanced Options”, after filling the wanted date period7, all the boxes were 

filled in the “Source Type” option except the one for “Blogs” and in the option 

“Geographic Location” in the section “By Region” the option “World Region” was 

selected, lastly I wrote the word “grexit” in the search box. In the page that appeared 

next, from the option “Language”, in the left column named “Result Groups”, the 

English language was chosen. Finally, I sorted the results from oldest to newest and 

started downloading the articles in groups according to the day they were published. 

For the second phase, “Foreign Language News” was selected from the option 

“Search by Subject or Topic” and from the option “Advanced Options”, after filling the 

wanted date period8, in the section “Language” the option “All non-English” was 

selected and I wrote the word “grexit” in the search box. Once again, in the page that 

appeared next, I sorted the results from oldest to newest and started downloading the 

articles in groups according to the day they were published. 

For the third phase, “Broadcast Transcripts” was selected from the option “Search by 

Subject or Topic” and from the option “Advanced Options”, after filling the wanted date 

period9, in the section “Sources” the option “All Transcripts” was selected and I filled in 

the search box the word “grexit”. Once more, in the page that appeared next, the results 

                                                           
7
 In this phase, 35 searches were made, for the periods: 1/1/2012-2/29/2012, 3/1/2012-5/31/2012, 

6/1/2012-6/30/2012, 7/1/2012-7/31/2012, 8/1/2012-8/31/2012, 9/1/2012-10/31/2012, 11/1/2012-
12/31/2012, 1/1/2013-5/31/2013, 6/1/2013-12/31/2013, 1/1/2014-12/31/2014, 1/1/2015-1/31/2015, 
2/1/2015-2/28/2015, 3/1/2015-3/31/2015, 4/1/2015-4/30/2015, 5/1/2015-5/31/2015, 6/1/2015-
6/15/2015, 6/16/2015-6/20/2015, 6/21/2015-6/25/2015, 6/26/2015-6/30/2015, 7/1/2015-7/5/2015, 
7/6/2015-7/7/2015, 7/8/2015-7/10/2015, 7/11/2015-7/13/2015, 7/14/2015-7/18/2015, 7/19/2015-
7/31/2015, 8/1/2015-8/31/2015, 9/1/2015-9/30/2015, 10/1/2015-10/31/2015, 11/1/2015-
11/30/2015, 12/1/2015-12/31/2015, 1/1/2016-1/31/2016, 2/1/2016-2/29/2016, 3/1/2016-4/30/2016, 
5/1/2016-6/30/2016, 7/1/2016-7/12/2016, giving 19,022 articles in total. 
8
 In this phase, 45 searches were made, for the periods: 1/1/2012-5/31/2012, 6/1/2012-6/30/2012, , 

7/1/2012-9/30/2012/2012, 10/1/2012-12/31/2012, 1/1/2013-12/31/2013, 1/1/2014-12/31/2014, 
1/1/2015-1/10/2015, 1/11/2015-1/31/2015, 2/1/2015-2/17/2015, 2/18/2015-2/28/2015, 3/1/2015-
3/31/2015, 4/1/2015-4/30/2015, 5/1/2015-5/31/2015, 6/1/2015-6/15/2015, 6/16/2015-6/18/2015, 
6/19/2015-6/23/2015, 6/24/2015-6/28/2015, 6/29/2015-6/30/2015, (for the period 7/1/2015-
7/21/2015 each day was downloaded separately due to the large volume of the articles) 7/22/2015-
7/31/2015, 8/1/2015-8/31/2015, 9/1/2015-12/31/2015, 1/1/2016-2/29/2016, 3/1/2016-6/30/2016, 
7/1/2016-7/12/2016, giving 29,312 articles in total. 
9
 In this phase, 5 searches were made, for the periods: 1/1/2012-5/31/2015, 6/1/2015-12/31/2015, 

1/1/2016-2/29/2016, 3/1/2016-6/30/2016, 7/1/2016-7/12/2016, giving 1,552 transcripts in total. 
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were sorted from oldest to newest and the articles were downloaded in groups according 

to the day they were published. After downloading the articles and transcripts, firstly I 

sorted out the articles which were from Web Publications and from Blogs and finally the 

number of “grexits” was counted manually for each day separately.  

4.1.2 Google Trends 

The search queries index (GOOGLE) for the key phrase “Grexit” has been retrieved 

from Google Trends (https://www.google.com/trends/?hl=el).Google Trends provides 

a time series index of the volume of queries users enter into Google in a given 

geographic area.  

“The query index is based on query share: the total query volume for the search term 

in question within a particular geographic region divided by the total number of queries 

in that region during the time period being examined. The maximum query share in the 

time period specified is normalized to be 100 and the query share at the initial date being 

examined is normalized to be zero.” 10 

As it is already mentioned above, the data for the world wide search queries for the 

period we are interested were only available in weekly and lower frequencies. To 

overcome this obstacle, the weekly series were downloaded and transformed into daily 

series by using the appropriate command of Eviews program.  

Both MEDIA and GOOGLE series have observations of value zero (0). That could 

have been a problem since to work with those series I had to calculate their logarithmic 

values first. To overcome this obstacle I added to all the values of these time series the 

constant value 2. 

 

 

                                                           
10

 Varian H.R. and Choi H. (2009) „Predicting the Present with Google Trends.‟ Google Research Blog. 
Available at SSRN: http://dx.doi.org/10.2139/ssrn.1659302, p.3. 

https://www.google.com/trends/?hl=el
http://dx.doi.org/10.2139/ssrn.1659302
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Table 3: Description of the Variables  

Variable Description Source Frequency 

GR ATHEX closing prices Bloomberg daily 

IR ISEQ closing prices Bloomberg daily 

IT FTSE MIB closing prices Bloomberg daily 

POR PSI-20 closing prices Bloomberg daily 

SP IBEX-35 closing prices Bloomberg daily 

MEDIA 
Mentions of the word Grexit in 

Traditional Media 
LexisNexis ® Academic daily 

GOOGLE 
Search index for the key phrase 

Grexit 
Google Trends weekly 
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4.2 Data Descriptive Statistics 

We calculated the returns of the Greek, Irish, Italian, Portuguese and Spanish stock 

market general indices, according to the formula: 

 t t t-1lnx = lnx - lnx   

where: tx  and t-1x  are the values of the variable x at times t and t-1. The descriptive 

statistics of the return series demonstrate that the Athens‟s stock market general index 

exhibits the highest volatility, followed by the Italian, Spanish and Portuguese while the 

Irish stock market index is the least volatile. As expected, from the high kurtosis of the 

sample it is safe to assume that our variables display non-symmetric distributions. 
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Table 4: Descriptive Statistics 

Statistics DL_GR DL_IT DL_IR DL_POR DL_SP 

Mean  -0.000330 1.22E-05 0.00058 -0.000173 -3.47E-05 

Median 0 0 0.000522 7.32E-05 0.000794 

Maximum 0.106806 0.06386 0.044466 0.046042 0.058835 

Minimum -0.177129 -0.133314 -0.104164 -0.072468 -0.131853 

Standard Deviation 0.023995 0.016569 0.011338 0.013457 0.014827 

Skewness  -0.646066 -0.500825 -1.202235 -0.452060 -0.686312 

Kurtosis 8.981472 7.382429 12.29153 4.588663 9.325391 

      

Jarque-Bera 1769.400 954.8746 4352.385 157.8756 1979.523 

Probability 0 0 0 0 0 

      

Sum  -0.373967 0.013808 0.610589 -0.196628 -0.039295 

Sum Sq. Dev. 0.652313 0.311028 0.145643 0.205188 0.249076 

Note: All the variables included in the table are the first logarithmic differences of the data. DL_GR, DL_IT, 
DL_IR, DL_POR and DL_SP represent the returns of the closing prices of the Greek, Italian, Irish, 
Portuguese and Spanish stock market general indices respectively. 

 

4.3 Stationarity of the Variables 

In order to investigate the relationship between the variables, first the stationarity of the 

series should be investigated through the implementation of unit root tests. In this 

section the findings of the unit root tests will be provided and discussed. The following 

Tables (Tables 5-10) present the results of the unit root and stationarity tests that were 

conducted. 
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Table 5: ADF, DF GLS and PP unit root tests on the stock market indices (full sample) 

Panel A: ADF unit root test 

Variables 

Levels First differences 

Trend No Trend Trend No Trend 

t-Stat(k) t-Stat(k) t-Stat(k) t-Stat(k) 

GR -1.558560(1) -1.290494(1) -30.75914(0)*** -30.75043(0)*** 

IT -1.856594(0) -1.805015(0) -36.23182(0)*** -36.23412(0)*** 

IR -1.020163(5) -1.426260(5) -18.76104(4)*** -18.71854(4)*** 

POR -1.846159(1) -1.722522(1) -29.47785(0)*** -29.47904(0)*** 

SP -1.731667(0) -1.616356(0) -32.40668(0)*** -32.41685(0)*** 

Panel B: DF GLS unit root test 

GR -1.435205(1) -1.340586(1) -30.05783(0)*** -7.824994(7)*** 

IT -1.986744(0) -1.469597(0) -6.533164(8)*** -4.367874(8)*** 

IR -1.456655(5)   0.889271(5) -28.54082(0)*** -5.163784(9)*** 

POR -1.838882(1) -1.748645(1) -4.931998(8)*** -2.449239(9)** 

SP -1.690542(0) -1.590968(0) -31.46954(0)*** -32.40467(0)*** 

Panel C: PP unit root test 

GR -1.432781 -1.154306 -30.63491*** -30.62506*** 

IT -1.572236 -1.634565 -36.44812*** -36.41956*** 

IR -1.585855 -1.336035 -31.43802*** -31.30342*** 

POR -1.719709 -1.582174 -29.25134*** -29.25745*** 

SP -1.554498 -1.659994 -32.44158*** -32.45015*** 

Notes: a) The unit root tests were implemented on the logarithmic values of the series (denoted as levels) 

and their 1st differences. b) The selected lag-length is represented as k. For both the ADF and DF GLS 

tests, the Schwarz information criterion was implemented in order to choose the optimal lag-length, 

between min 0k  and max 22k . The maximum lag-length was obtained by utilizing Schwert‟s principle 

(Schwert‟s, 1989):  0.25

max 12( /100)k n , where n is the sample size. c) The asterisks *, ** and *** denote 

the rejection of the null hypothesis at 10%, 5% and 1% level of statistical significance respectively. 
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Table 6: ADF, DF GLS and PP unit root tests on the stock market indices (10/14/2014 till 7/12/2016) 

Panel A: ADF unit root test 

Variables 

Levels First differences 

Trend No Trend Trend No Trend 

t-Stat(k) t-Stat(k) t-Stat(k) t-Stat(k) 

GR -3.498218(0)** -1.971032 (0) -19.65972(0)*** -19.67918(0)*** 

IT -2.135195(0) -1.300124(0) -22.95532(0)*** -22.89876(0)*** 

IR -1.619795(5) -2.856871(5)* -12.59756(4)*** -12.24751(4)*** 

POR -2.578895(1) -1.826865(1) -18.73399(0)*** -18.72645(0)*** 

SP -2.715810(0) -1.238577(0) -20.42505(0)*** -20.42712(0)*** 

Panel B: DF GLS unit root test 

GR -3.140975(0)** -0.129041(0) -10.92545(1)*** -2.13338(7)** 

IT -1.456547(0) -1.353775(0) -3.301224(7)** -1.734358(7)* 

IR -0.235403(5) -0.169219(5)   -14.46892(4)*** -12.24880(0)*** 

POR -2.036097(1) -1.854579(1) -17.51825(0)*** -8.379197(2)*** 

SP -1.970507(0) -1.034394(0) -17.51280(0)*** -2.746229(0)*** 

Panel C: PP unit root test 

GR -3.533670** -1.831289 -20.16056*** -20.17565*** 

IT -1.836716 -0.974271 -24.18612*** -23.61420*** 

IR -1.896060 -2.949921** -18.66887*** -23.56409*** 

POR -2.164293 -1.425469 -18.83161*** -18.75400*** 

SP -2.502935 -0.965240 -21.03762*** -20.92589*** 

Notes: a) The unit root tests were implemented on the logarithmic values of the series (denoted as levels) 

and their 1st differences. b) The selected lag-length is represented as k. For both the ADF and DF GLS 

tests, the Schwarz information criterion was implemented in order to choose the optimal lag-length, 

between min 0k  and max 22k . The maximum lag-length was obtained by utilizing Schwert‟s principle 

(Schwert‟s, 1989):  0.25

max 12( /100)k n , where n is the sample size. c) The asterisks *, ** and *** denote 

the rejection of the null hypothesis at 10%, 5% and 1% level of statistical significance respectively. 

 

First, the stationarity of the five stock market indices was investigated on both the full 

sample and for the sub-sample period spanning from 10/14/2014 till 7/12/2016. In the 

tables above (Tables 5 and 6), the results of the ADF, DF GLS and PP unit root tests 

conducted on those indices are reported. These tests are applied both to the levels and 

the first differences of the logarithmic values of the series and are implemented with and 

without trend, in order to seize the various possibilities in the generating process of the 

data.  
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When the ADF, DF GLS and PP tests are applied to the levels of the series on the 

full sample (Table 5), we are not able to reject the null hypothesis for all the variables and 

in all cases. However, when the tests are conducted again to the first differences of the 

series the null hypothesis is persistently rejected at 1% level of statistical significance for 

all the variables. Overall, the findings suggest that the series are integrated of order one, 

therefore our series can be identified as I(1). 

When the same tests are applied to the levels of the series for the period spanning 

from 10/14/2014 till 7/12/2016 (Table 6) the results are slightly different in the cases of 

Greece and Ireland. In the case of Greece, the null hypotheses are consistently rejected 

when the tests are implemented with a trend on the levels of the series. In more detail 

the null hypotheses of the ADF, DF GLS and PP tests with a trend are rejected at 5% 

significance level. However, the series cannot be identified as I(0) since the sample is too 

small and during that period Greece was facing political and economical instability11. 

 In the case of Ireland, the null hypothesis of the existence of a unit root is rejected in 

two cases when applied in the levels of the series. In particular, the null hypothesis is 

rejected at 10% statistical significance level when the ADF test is applied without a linear 

trend and at 5% when the PP test is applied without a trend. As in the case of Greece 

these results cannot identify these series as I(0) due to the short sample period.  

For the other countries‟ indices (Italy, Portugal and Spain) the null hypotheses could 

not be rejected when the tests were applied on the level of the series. However, when the 

tests were reapplied on their first differences the null were persistently rejected at 1% 

significance level in all cases. Overall, we can argue that our series on the subsample 

period are integrated of order 1 or I(1). 

  

                                                           
11

 From 6/29/2015 till 8/3/2015 the Athens Stock Exchange was closed due to the short bank holiday. 
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Table 7: KPSS stationarity test on the stock market indices (full sample) 

KPSS stationarity test 

Variables 

Levels First Differences 

Trend No Trend Trend No Trend 

LM-Stat. LM-Stat. LM-Stat. LM-Stat. 

GR 0.966439*** 1.219140*** 0.053614 0.181682 

IT 0.599903*** 2.665593*** 0.078297 0.143153 

IR 0.331717*** 4.111552*** 0.094130 0.191403 

POR 0.691770*** 0.804476*** 0.048741 0.123039 

SP 0.774014*** 2.269931*** 0.098245 0.130630 

Note: *, ** and *** denote statistical significance at 10%, 5% and 1% respectively. 

 

Table 8: KPSS stationarity test on the stock market indices (10/14/2014 till 7/12/2016) 

KPSS stationarity test 

Variables 

Levels First Differences 

Trend No Trend Trend No Trend 

LM-Stat. LM-Stat. LM-Stat. LM-Stat. 

GR 0.133134* 2.310728*** 0.033138 0.052621 

IT 0.550217*** 1.180437*** 0.050748 0.276192 

IR 0.549201*** 1.295946*** 0.052786 0.565851 

POR 0.367065*** 1.101503*** 0.046074 0.141995 

SP 0.405224*** 1.945721*** 0.057492 0.126668 

Note: *, ** and *** denote statistical significance at 10%, 5% and 1% respectively. 

Having identified the series as I(1), the KPSS stationarity test is conducted as a 

“confirmation” test (Tables 7 and 8), meaning that the results obtained from this test are 

used to verify the findings of the previously implemented unit root tests. In contrast to 

the ADF, DF GLS and PP unit root tests, the null hypothesis of the KPSS test, which 

presumes that the series are stationary, is tested against the alternative of non-stationarity 

of the series. 

The outcomes of this test, confirms our earlier findings on both the full and sub-

sample period. For the full sample period (Table 7), the null hypothesis is consistently 

rejected at 1% significance level for all cases when the test is applied to the level of the 

series, whereas when the test is re-conducted to their returns, we cannot reject the null 

hypothesis of stationarity. Our overall results of the unit root tests on the stock market 



~ 44 ~ 

indices for the full sample period, suggested that our series are integrated of order one, 

I(1). 

For the period spanning from 10/14/2014 till 7/12/2016 (Table 8) the results of the 

KPSS test remain the same as in the case of the full sample in the majority of the series. 

The only inconsistency is in the case of Greece, when the test is applied with a linear 

trend on the levels of these series, the null hypothesis of stationarity is rejected at 10% 

significance level. However, this discrepancy cannot alter our results and as before the 

series are identified as I(1). 

After examining the stationarity of the stock market series, now we test the 

stationarity of the other data employed on this study: the number of mentions of the 

word “Grexit” on both Google and the traditional media. As before, firstly the ADF, DF 

GLS and the KPSS tests were implemented on the series12. However, those tests gave 

inconclusive results about the stationarity of the series, so the Kapetanios et al. (2008) test 

was also implemented in order to identify possible non-linear stationarity. 

In the non-linear test of Kapetanios et al. (2008) (KSS) the null hypothesis of non-

stationarity is tested against the alternative of non-linear stationarity of the series. The 

three versions of the KSS test were applied, using the raw, the demeaned and the 

detrended series (cases 1, 2 and 3 respectively) on both full sample and for the period 

spanning from 10/14/2014 till 7/12/2016. The results of the KSS test are reported in 

Tables 9 and 10 below. 

                                                           
12

 The tables including the results of the stationarity tests are available upon request. 

Table 9: KSS non-linear unit root test on the “Grexit” series (10/14/2014 – 7/12/2016) 

KSS stationarity test 

Variables  Case 1 Case 2 Case 3 

GOOGLE -4.500624*** -2.941150** -2.689602 

MEDIA -0.326207 -2.753086* -2.679947 

Note: The *, ** and *** denote the rejection of the null hypothesis at 1%, 5% and 10% levels of significance 
respectively. Case 1, Case 2 and Case 3 refer to the underlying model with the raw data, the demeaned data 
and the de-trended data, respectively. 
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The results of the test indicate that for the GOOGLE variable, in both full sample 

(Table 9) and for the period 10/14/2014 till 7/12/2016 (Table 10), the null hypothesis is 

rejected, whereas for the MEDIA variable, the null hypothesis could not be rejected in 

most cases. In particular, for the mentions of the word “Grexit” in Google (GOOGLE) 

in the full sample period the null hypothesis is rejected at 1% levels of significance in 

Case 1, at 5% in Case 2 and at 10% in Case 3. Also for the period from 10/14/2014 till 

7/12/2016, we find evidence of non-linear stationarity in Cases 1 and 2 at 1% and 5% 

levels of significance respectively. We can conclude that the GOOGLE series are 

stationary or integrated of order zero, I(0). 

As mentioned above, the null hypothesis of the test could not be rejected for the 

MEDIA series. In more detail, for the whole sample period we could not reject the null 

hypothesis in all Cases at all levels of statistical significance, this may be due to 

idiosyncratic non-linearities. However, according to the theoretical background, these 

data are expected to be stationary, so in this case we will treat them as such, since the 

theory prevails over our results. For the period 10/14/2014 – 7/12/2016, the results 

differ a little, with the null hypothesis being rejected only in Case 2 at 10% significance. 

                                                           
13

 For Case 1 the critical values are -2.82, -2.22 and -1.92 at the 1%, 5% and 10% levels of significance, 
respectively. For Case 2 the critical values are -3.48, -2.93 and -2.66 for the same significance levels. And 
the critical values for Case 3 are -3.93, -3.40 and -3.13. (The above critical values were obtained from 
Kapetanios et al. (2003, pp. 364) 

Table 10: KSS non-linear unit root test on the “Grexit” series (full sample) 

KSS stationarity test 

Variables  Case 1 Case 2 Case 3 

GOOGLE -3.501072*** -3.347889** -3.194565* 

MEDIA -0.858380 -0.395917 -0.200460 

Note: The *, ** and *** denote the rejection of the null hypothesis at 1%, 5% and 10% levels of significance 
respectively. Case 1, Case 2 and Case 3 refer to the underlying model with the raw data, the demeaned data 

and the de-trended data, respectively.13 
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Concluding, we can argue that the MEDIA series are stationary both in the full and the 

sub-period, thus they are integrated of order zero I(0). 

Concluding our stationarity testing it is obvious that all conventional unit root tests 

(ADF, DF-GLS, PP and KPSS), as well as the non-linear KSS test provide us with 

similar results. Our overall findings support the hypothesis that the market indices are 

non-stationary and in particular, they are integrated of order one I(1) and the MEDIA 

series are stationary, or integrated of order zero I(0). 

4.4 VAR Model 

In order to implement the impulse response analysis, firstly a VAR model for each case 

had to be employed to examine the relationship between the stock markets‟ returns and 

the Grexit activity in traditional media and Google. 

The basic p-lag vector autoregressive (VAR(p)) model has the form: 

1

p

t i t i t

i

Y c Y 



    ,                                                 (44) 

where 1 2( , , ..., )t t t ntY y y y  , denote a (n×1) vector of time series variables, i  are 

(n×n) coefficient matrices  and t  is a (n×1) zero mean white noise vector process 

(serially uncorrelated or independent).     

In particular, to examine the relationship between Greece‟s daily market returns for 

the period spanning from 2/7/2012 till 7/12/2016, I estimated the following expression: 

13 13 13

1

1 1 1

_ _ log( ) log( )t i t i i t i i t i t

i i i

DL GR a DL GR b MEDIA c GOOGLE c  

  

        (45) 

where DL_GR represents the returns of the Greek stock market‟s closing prices, 

log(MEDIA) represents the logarithmic values of the mentions of the word Grexit in 

traditional media and log(GOOGLE) are the logarithmic values of the appearances of 

the word Grexit in Google trends. All VAR estimates for the full sample period include 

all lags of up to 13 days prior to market activity.  For the period 10/14/2014-7/12/2016 
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all the VARs employed had the same form and order of the variables, the only difference 

is that they include lags up to 9 days. The choice of lag length is based on the Akaike 

(1974) information criterion (Table 11). The VAR estimates of the cases of the other 

countries employed in this study are calculated in a similar way and are presented below.  

 
For the other cases, namely the cases of Ireland, Italy, Portugal and Spain I estimated 

the VAR models presented in expressions (46), (47), (48) and (49) respectively: 

13 13 13

1 1 1

_ _ log( ) log( )t i t i i t i i t i t

i i i

DL IR a DL IR b MEDIA c GOOGLE c  

  

      
  

(46) 

13 13 13

1 1 1

_ _ log( ) log( )t i t i i t i i t i t

i i i

DL IT a DL IT b MEDIA c GOOGLE c  

  

          (47) 

13 13 13

1 1 1

_ _ log( ) log( )t i t i i t i i t i t

i i i

DL POR a DL POR b MEDIA c GOOGLE c  

  

       (48) 

13 13 13

1 1 1

_ _ log( ) log( )t i t i i t i i t i t

i i i

DL SP a DL SP b MEDIA c GOOGLE c  

  

         (49) 

For the GIIPS case the expression (44) takes the form: 

Table 11: Lag length employed in the VAR(p) Models 

 Lag length 

 

Full sample 

(2/7/2012-7/12/2016) 

Subsample 

(10/14/2014-7/12/2016) 

Greek case 13(6) 9(6) 

Irish case 13(6) 9(6) 

Italian case 13(6) 9(6) 

Portuguese case 13(6) 9(6) 

Spanish case 13(6) 9(6) 

GIIPS case 6(5) 6(4) 

Notes: The optimal lag length was chosen according to the Akaike information criterion and  in the 
parenthesis are given the  optimal lag lengths according to the Schwarz information criterion  
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4.5 Orthodogonalized Impulse Responses  

Vector Autoregression (VAR) is a standard tool for analyzing interactions among 

variables and making inferences about the historical evolution of a system (e.g., an 

economy). When doing so, however, interpreting the estimated coefficients of the model 
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is generally neither an easy nor useful task due to complicated dynamics of VARs. As 

Stock and Watson (2001) aptly puts it, impulse responses are reported as a more 

informative statistic instead. Figures 13 to 24 below depict the results of the impulse 

response function analysis on the full sample and the sub-sample period. On both 

occasions the first logarithmic differences of the stock markets and the logarithmic 

values of the MEDIA and GOOGLE series were employed. On all figures, the first 

column shows the effect of an unexpected one-standard deviation (S.D. thereafter) shock 

in the mentions of the word Grexit in traditional Media on the returns of the stock 

market indices. The second column shows the effect of a one-standard deviation shock 

in mentioning Grexit in the Google search queries on the returns of the stock market 

indices. 

4.5.1 Orthodogonalized Impulse Responses for the full sample period 

Figure 13 below shows the responses of the Greek stock market for the period spanning 

from 2/7/2012 till 7/12/2016 (mentioned as full sample). As shown in the first graph, a 

shock on MEDIA results to a negative but not statistically significant 1st response and a 

positive statistically significant reaction on the returns of the Greek stock market on the 

14th day lasting for one day. In the second graph, the first respond of the Greek stock 

market to a GOOGLE shock is positive but not statistically significant. The statistically 

significant reactions of the Greek stock market on the one S.D. innovation shock of 

GOOGLE are more intense, and results to short-lived reactions lasting for one day in 

their majority: first a negative reaction on the 5th day followed by a positive response on 

the next day, on the 8th day we have a negative response again and a positive response on 

the 9th day lasting two days.    
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Fig. 13 Impulse Responses of the Greek stock market to the “Grexit series” (full sample). 
Notes: The dotted lines depict the ±2 Standard Error confidence bands. 

In Figure 14 the responses of the returns of the Irish stock market on the full sample 

period to a one S.D. innovation of the Grexit series are shown. In the first graph, we can 

see that the Irish stock market has a negative response on the day after the shock on 

Traditional Media, lasting only for a day. When a shock occurs on GOOGLE the 

reaction is again more intense, the Irish stock market responds first negatively but not 

significantly. The statistically significant responses are observed on the 5th, 9th and 11th 

day, with the first two being negative and lasting one and two days respectively and the 

last being positive and lasting till the 13th day after the shock. 
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Fig. 14 Impulse Responses of the Irish stock market to the “Grexit series” (full sample). 
Notes: The dotted lines depict the ±2 Standard Error confidence bands. 

Figure 15 depicts the results for the Italian stock market. It is obvious that the Italian 

stock market reacts first negatively but not significantly to a shock on traditional media 

for the whole time horizon. However, that is not the case when a shock occurs on the 
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Google trends. Although the returns of the stock market do not react at first, they have 

multiple significant reactions both positive and negative and all lasting for one day. In 

more detail, the responses of the Italian returns are negative on the 5th and 8th day and 

positive on the 6th and 12th day. 
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Fig. 15 Impulse Responses of the Italian stock market to the “Grexit series” (full sample). 
Notes: The dotted lines depict the ±2 Standard Error confidence bands. 

The Portuguese returns respond to a one S.D. innovation of traditional media 

negatively and significantly on the day after the shock and that effect lasts till the next 

day, as shown in figure 16 below. The Portuguese stock market returns react first 

negatively to a GOOGLE shock but not significantly. Their significant reactions are 

observed on the 5th day in which they react negatively, positively on the 6th then again 

negatively on the 8th and last positively on the 10th day with all these responses to fade 

away on the same day they occurred. 
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Fig. 16 Impulse Responses of the Portuguese stock market to the “Grexit series” (full sample). 
Notes: The dotted lines depict the ±2 Standard Error confidence bands. 
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The response of the Spanish stock market to a “Grexit” shock is depicted in Figure 

17. As one can see, the first responses to both shocks are negative but not significant. 

Turning our attention to the first graph, it is obvious that there is no statistically 

significant reaction when a shock occurs on the mentions of Grexit on the Traditional 

media. The case is different when it comes to a shock in the volume of “Grexits” in 

Google search queries, the returns of the Spanish stock market respond negatively on the 

5th day, positively on the 6th day, on the 7th day there is a negative response lasting till the 

next day and last there are two positive reactions on the 10th and 13th day both lasting one 

day. 
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Fig. 17 Impulse Responses of the Spanish stock market to the “Grexit series” (full sample). 
Notes: The dotted lines depict the ±2 Standard Error confidence bands. 

For reasons of comparison the impulse response analysis was re-conducted. In more 

detail, the VAR was re-calculated considering as endogenous all the stock market and the 

MEDIA and GOOGLE variables. The results of this impulse response analysis are 

shown in Figure 18. The first column shows the reaction of the stock market returns on 

a one S.D. innovation on MEDIA, as we can see the only market that has a significant 

reaction is the Irish which responds negatively on the day after the shock, with this 

reaction dying out on the next day. In the second column, the reactions of the stock 

market returns on a one S.D. innovation on GOOGLE are depicted. All the stock 

markets except from the Irish and the Italian (which does not react significantly) respond 
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positively to a one time shock of the GOOGLE time series. In particular, the returns of 

the Greek stock market respond positively on the 9th day and this reaction lasts for two 

days. The Irish stock market‟s reaction, the only negative, takes place on the 7th day and 

fades away on the 10th. The Portuguese stock market responds positively on the 11th day 

and lasts till the next day. Finally, the positive response of the Spanish market starts the 

11th day after the shock and dies off the 13th day. 
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Fig. 18 Impulse Responses of the GIIPS stock markets to “Grexit series” (full sample). 
Notes: The dotted lines depict the ±2 Standard Error confidence bands. 
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4.5.2 Orthodogonalized Impulse Responses for the period 10/14/2014 to 7/12/2016. 

Figure 19 below shows the responses of the Greek stock market for the period spanning 

from 10/14/2014 till 7/16/2016. During this period, the first reactions to both shocks 

differ (negative to a MEDIA and positive to a GOOGLE shock) but are not significant. 

As shown in the first graph a shock occurred on the traditional media does not have any 

statistically significant impact on the returns of the Greek stock market as shown in the 

first graph. However the Greek stock market returns respond significantly and positively 

to a GOOGLE shock on the 9th day which persists till the 12th day. 
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Fig.19 Impulse Responses of the Greek stock market to the “Grexit series” (10/14/2014-7/12/2016). 
Notes: The dotted lines depict the ±2 Standard Error confidence bands. 

As shown in Figure 20, the Irish stock market responds negatively and significantly to 

a shock in traditional media on the day after the shock, with this reaction lasting for two 

days. In the second graph we can see that the first response of the Irish returns to a 

GOOGLE shock is also negative but not statistically significant. The significant 

responses of the Irish stock market returns to a GOOGLE shock are negative for days 7 

till 10 and then positive for days 10 till 12 after the shock.  
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Fig. 20 Impulse Responses of the Irish stock market to the “Grexit series” (10/14/2014 -7/12/2016). 
Notes: The dotted lines depict the ±2 Standard Error confidence bands. 

The first reactions of the returns of the Italian stock market are different for each 

case, negative to a MEDIA and positive to a GOOGLE shock, but not significant in 

both cases, as shown in Figure 21. The returns appear to not respond significantly to a 

shock on the traditional media during the period from 10/14/2014 till 7/12/2016. But 

when a shock occurs on the GOOGLE series the Italian stock market has a statistically 

significant positive reaction on the 6th day, followed by a negative reaction on the 7th 

which lasts for 2 days and lastly a positive reaction again the 10th till the 11th day. 
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Fig. 21 Impulse Responses of the Italian stock market to the “Grexit series” (10/14/2014 -7/12/2016). 
Notes: The dotted lines depict the ±2 Standard Error confidence bands. 

Figure 22 below depicts the results for the Portuguese stock market. As one can see in 

the first graph, when a shock occurs on the traditional media, the returns of the 

Portuguese stock market respond significantly and negatively on the day after the shock. 
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In the second graph are shown the responses to a Google trends shock, the first reaction 

of the stock market is positive but not statistically significant. The statistically significant 

reactions of the Portuguese stock market are observed on the 8th day (negative) and on 

the 10th day (positive) with these reactions lasting one and three days respectively. 
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Fig. 22 Impulse Responses of the Portuguese stock market to the “Grexit series” (10/14/2014 -7/12/2016). 
Notes: The dotted lines depict the ±2 Standard Error confidence bands. 

The Spanish stock market responds negatively and significantly to a one S.D. 

innovation on the MEDIA series on the 1st day (this reaction lasts until the next day), as 

shown in the first graph of the Figure 23 below. When a shock occurs on the GOOGLE 

series, the returns of the Spanish stock market react significantly first on the 6th day 

positively, then negatively on the 7th and again positively on the 10th day, with the final 

two responses lasting both for three days. 
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Fig. 23 Impulse Responses of the Spanish stock market to the “Grexit series” (10/14/2014 -7/12/2016). 
Notes: The dotted lines depict the ±2 Standard Error confidence bands. 
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As before, the impulse analysis was re-conducted with considering all the variables as 

endogenous. The results of this analysis do not differ much from the ones presented 

above. As shown in the first column of Figure 24, when we take into account all the 

stock markets, the first reactions of the stock markets are negative to a MEDIA shock 

but the only one that reacts statistically significantly is the Irish on the second day after 

the shock and this reaction lasts only for that day. However that is not the case when a 

shock occurs on the Google series. In this case the first responses of the returns of the 

stock markets are in their majority positive and significant. In more detail, the returns of 

the Greek stock market react positively both on the 1st and 9th day, with these reactions 

lasting two and three days respectively. The statistically significant response of the Irish 

stock market is negative and lasts for three days, from day 7 till 9. The Italian stock 

market has a two day positive response on the 1st day. Next, the Portuguese stocks 

respond positively from the 11th till the 12th day. And finally, the Spanish stock market 

which has two significant reactions both positive, on days 1 and 11 and both lasting two 

days. 
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Fig.24 Impulse Responses of GIIPS stock markets to “Grexit series” (10/14/2014 -7/12/2016). 
Notes: The dotted lines depict the ±2 Standard Error confidence bands. 
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Table 12: Summary of the Impulse Response Function Analysis 

Panel A: Responses to a one S.D. MEDIA innovation  

 Full sample period Sub-sample period 

 1st Response Duration   1st Response Duration   

GR – 3 – 2 

IR –  3(*) – 2(*) 

IT – 3 – 3 

POR – 3(*) – 2(*) 
SP – 3 – 2(*) 

Panel B: Responses to a one S.D. MEDIA innovation (GIIPS case) 

 Full sample period Sub-sample period 

 1st Response Duration   1st Response Duration   

GR – 2 – 2 
IR – 3(*) – 2(*) 
IT – 2 – 2 

POR – 2 – 2 
SP – 2 – 2 

Panel C: Responses to a one S.D. GOOGLE innovation 

 Full sample period Sub-sample period 

 1st Response Duration   1st Response Duration   

GR + 3 + 3 
IR – 3 – 3 

IT ∄  + 5 

POR – 2 + 4 
SP – 3 + 4 

Panel D: Responses to a one S.D. GOOGLE innovation (GIIPS case) 

 Full sample period Sub-sample period 

 1st Response Duration   1st Response Duration   

GR + 2 + 2(*) 
IR + 4 + 3 
IT + 2 + 2(*) 

POR + 2 + 3 
SP + 3 + 2(*) 

Notes: As GIIPS case we refer to the case in which all the stock market variables were included into the VAR 
model. 
The symbols + and – denote the existence of a positive or negative response respectively and the 

symbol ∄ denotes the non-existence of a response on the day after the shock.  
The duration of the response is measured in days. 
The symbol * inside the parentheses denotes if the response is statistically significant. 
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4.6 Jordà Local Projection IRFs 

As in the case of the Orthodogonalized Impulse responses, the first logarithmic 

differences of the stock markets‟ indices and the logarithmic values of the “Grexit” series 

were employed. Figures 25 to 36 presented below, depict the results from the Jorda local 

projection IRFs. In particular Figures 25 to 30 show the results where the test was 

conducted for the full sample period and Figures 31 to 36 the test was reapplied for the 

sub-sample period. As before, all figures‟ first column shows the effect of a Cholesky 

one-S.D. shock in the mentions of the word Grexit in traditional Media to the returns of 

the stock market indices and the second the effect of a shock in the word Grexit in 

Google search queries to the GIIPS stock markets. 

4.6.1 Jordà Local Projection IRFs for the full sample period 

Figure 25 depicts the local projection impulse responses of the Greek stock market to a 

“Grexit” shock. As shown in the first graph, the first response of the Greek stock market 

to a shock occurring in traditional media is negative and lasts for 10 days, however it is 

not statistically significant. The significant responses to a MEDIA shock are positive and 

all last for a day (days 13, 21 and 23). When a shock occurs in Google trends the returns 

of the Greek stock market respond first positively but not significantly till the 3rd day 

after the shock. The significant responses of the Greek returns are negative on the 3rd 

and 5th day, then positive on the 7th day till the 10th, again negative on the 20th and lastly 

positive on the 23rd till the 25th day.  



~ 62 ~ 

-.003

-.002

-.001

.000

.001

.002

.003

.004

0 4 8 12 16 20 24 28 32

Response of GR to MEDIA

-.004

-.003

-.002

-.001

.000

.001

.002

.003

.004

.005

0 4 8 12 16 20 24 28 32

Response of GR to GOOGLE

 

Fig. 25 Jordà‟s Local Projection Impulse Responses of the Greek stock market to the “Grexit series” (full sample). 
Notes: The dotted lines depict the 95% Marginal confidence bands. 

The Irish‟s stock market responses to a Cholesky one S.D. innovation in traditional 

media are shown in the first graph of Figure 26. The returns of the Irish stock market 

respond negatively and significantly on the 1st and the 18th days and these reactions last 

for five and one days respectively. However when a shock occurs on the GOOGLE 

series the Irish returns respond first positively but not significantly. Their significant 

reactions are positive and observed on the 22nd till the 23rd day. 
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Fig. 26 Jordà‟s Local Projection Impulse Responses of the Irish stock market to the “Grexit series” (full sample). 
Notes: The dotted lines depict the 95% Marginal confidence bands. 

The first reaction of the Italian stock market is negative to a shock in the MEDIA 

series but not significant. The returns respond significantly and negatively to a MEDIA 

shock on the 18th day with this reaction dying out the same day (Figure 27). When a 

shock happens in the GOOGLE series the first reaction of the returns of the Italian 
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stock market is positive but again not significant. However their statistically significant 

reactions are negative on the 2nd day and positive on the 21st day, with these reactions 

lasting for one and two days respectively. 
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Fig. 27 Jordà‟s Local Projection Impulse Responses of the Italian stock market to the “Grexit series” (full sample). 
Notes: The dotted lines depict the 95% Marginal confidence bands. 

According to our results the Portuguese stock market reacts significantly only to the 

case of a one S.D. innovation in Google search queries for Grexit. Its response is 

positive and lasts for two days; in particular it begins the 21st day after the shock and ends 

the next (Figure 28). As in the case of Italy above, the first reactions to both shocks are 

different and not statistically significant, in particular the first response to a MEDIA 

shock is negative and to a GOOGLE shock is positive. 
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Fig. 28 Jordà‟s Local Projection Impulse Responses of the Portuguese stock market to the “Grexit series” (full sample). 
Notes: The dotted lines depict the 95% Marginal confidence bands. 
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As shown in Figure 29 below, the Spanish stock market‟s first reactions to both 

shocks are similar to the Portuguese and the Italian returns; negative to a MEDIA and 

positive to a GOOGLE shock but both not significant. However, its significant 

responses are negative when a shock occurs either on MEDIA or GOOGLE series. 

When a MEDIA shock takes place there is a negative response on the 4th day which lasts 

only for that day. In the case of a GOOGLE shock the negative response is more 

immediate, since it happens the 2nd day, but not more persistent; it also wears off the 

same day. 
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Fig. 29 Jordà‟s Local Projection Impulse Responses of the Spanish stock market to the “Grexit series” (full sample). 
Notes: The dotted lines depict the 95% Marginal confidence bands. 

As done before, the test was re-conducted taking into account all our variables (Figure 

30). The results do not differ in most of the cases. As for the first responses, all the stock 

markets respond to a MEDIA shock negatively but not significantly except from the case 

of Ireland. Whereas all the first responses to a GOOGLE shock are positive but not 

significant. In more detail, in the case of Greece, the stock market responses to a 

MEDIA shock are positive and happen the 13th and 22nd day, lasting one and two days 

respectively.  The responses to a GOOGLE shock are also positive for Greece, taking 

place on the 7th and 24th day but more persistent; lasting 4 and 2 days respectively. The 

Irish returns have an immediate negative reaction starting the day of the MEDIA shock 

and ending the next and one again on the 18th day, lasting only that day. However when a 
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GOOGLE shock happens, the reactions of the Irish stock market are both positive, 

happening the 12th and 22nd day and lasting for one and two days respectively. The 

returns of the Italian stock markets react only when a shock in Google trends occurs. Its 

reactions stars negative on the 2nd day and positive on days 11 and 21 and last the first 

two reactions, one day and the last two days. The Portuguese stock market responds 

positively to a MEDIA shock the 23rd day, whereas to a GOOGLE shock responds first 

negatively the 2nd day and then positive from the 21st till the 23rd day.  Finally, the Spanish 

returns react only to a shock happening in the Google search queries first negatively on 

the 2nd day and then positively on the 23rd day, with both reactions lasting one day. 
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Fig. 1 Jordà‟s Local Projection Impulse Responses of the GIIPS stock markets to the “Grexit series” (full sample). 
Notes: The dotted lines depict the 95% Marginal confidence bands. 
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4.6.2 Jordà Local Projection IRFs for the period 10/14/2014-7/12/2016. 

The returns of the Greek stock market respond only to a shock of the GOOGLE 

variable as shown in Figure 31. The shock has a negative impact on the returns the 3rd 

day lasting only that day and then two positive effects the 7th and the 24th day lasting four 

and two days respectively. 
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Fig. 31 Jordà‟s Local Projection Impulse Responses of the Greek stock market to the “Grexit series” (10/14/2014-
7/12/2016). 
Notes: The dotted lines depict the 95% Marginal confidence bands. 

As shown in Figure 32, the returns of the Irish stock market have an immediate 

negative response to an innovation in the mentions of the word Grexit in Traditional 

media which lasts until the next day (day 2) and a second reaction, positive this time, 

taking place on the 23rd day after the shock. The response of the returns to a GOOGLE 

shock is positive and happens during the 22nd day until next.  
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Fig. 32 Jordà‟s Local Projection Impulse Responses of the Irish stock market to the “Grexit series” (10/14/2014-
7/12/2016). 
Notes: The dotted lines depict the 95% Marginal confidence bands. 
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As in the case of Greece, the returns of the Italian stock market react only when a 

shock on the Google series occurs (Figure 33). Their reaction is positive, taking place on 

the 20th day and lasting till the 22nd. 
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Fig. 33 Jordà‟s Local Projection Impulse Responses of the Italian stock market to the “Grexit series” (10/14/2014-
7/12/2016). 
Notes: The dotted lines depict the 95% Marginal confidence bands. 

The responses of the Portuguese stock market are shown in Figure 34, and as one can 

see in both cases are positive. In more detail, the Portuguese stock market reacts to a 

MEDIA shock on the 23rd day after the shock, with this reaction lasting only for this day.  

The reactions (also positive) to a GOOGLE shock take place on the 8th and 21st day and 

both last for two days. 
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Fig. 2 Jordà‟s Local Projection Impulse Responses of the Portuguese stock market to the “Grexit series” (10/14/2014-
7/12/2016). 
Notes: The dotted lines depict the 95% Marginal confidence bands. 

As in the case of Portugal, the Spanish stock market returns respond in both shocks 

positively (Figure 35). In particular, when a shock occurs in the mentions of the word 
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Grexit in traditional media, the Spanish returns respond the 23rd day positively and this 

response lasts only this day. In the case of a shock in the Google searches for Grexit the 

stock market responds positively on the 8th day and this reaction lasts till the next day. 
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Fig. 35 Jordà‟s Local Projection Impulse Responses of the Spanish stock market to the “Grexit series” (10/14/2014-
7/12/2016). 
Notes: The dotted lines depict the 95% Marginal confidence bands. 

Once again, the test was re-conducted taking into account all our variables for the 

period spanning from 10/14/2014 till 7/12/2016 (Figure 36). As it is obvious from 

Table 13, the first responses, to both a MEDIA and a GOOGLE shock, have the same 

sign as in the univariate cases, however their main difference is that in their majority they 

are statistically significant. The core results remain the same when a shock occurs in the 

GOOGLE variable, whereas in the case of a MEDIA shock we have different 

statistically significant responses from before. In particular, when all the variables are 

introduced into the VAR, the Greek stock market responds positively to a MEDIA 

shock on the 13th and the 23rd day, with both shocks dying out the same day. When a 

GOOGLE shock occurs, the returns of the Greek stock market reply positively on the 

1st, 7th and 24th day (lasting one, four and one days respectively) and negatively on the 25th 

day (lasting one day). The Irish stock market has an immediate negative response till the 

2nd day to a MEDIA shock and reacts positively on the 22nd till the next day to a 

GOOGLE shock. The Italian stock market responds only to a shock happening on the 

Google trends positively on the day of the shock till the next, also on the 11th day and on 



~ 70 ~ 

the 21st till the 22nd day. The returns of the Portuguese stock market respond negatively 

on the day of a MEDIA shock till the next day whereas a GOOGLE shock leads to 

positive reactions on the day of the shock till the next and on the 21st day after the shock 

till the 23rd. As in the case of Portugal, the Spanish stock market reacts negatively on the 

day of a MEDIA shock till the next day whereas it responds positively on the day of a 

GOOGLE shock till the next day and on the 21st day after the shock till the 23rd. 
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Fig. 36 Jordà‟s Local Projection Impulse Responses of the GIIPS stock markets to the “Grexit series” (10/14/2014-
7/12/2016). 
Notes: The dotted lines depict the 95% Marginal confidence bands. 
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Table 13: Summary of the Jordà‟s Local Projection Impulse Responses 

Panel A: Responses to a one S.D. MEDIA innovation  

 Full sample period Sub-sample period 

 1st Response   Duration   1st Response   Duration   

GR – 10 – 1 

IR –  5(*) – 5(*) 

IT – 2 – 1 

POR – 3 – 2 
SP – 2 – 5 

Panel B: Responses to a one S.D. MEDIA innovation (GIIPS case) 

 Full sample period Sub-sample period 

 1st Response   Duration   1st Response   Duration   

GR – 1 – 1 
IR – 6(*) – 2(*) 
IT – 2 – 2 

POR – 1 – 2(*) 
SP – 1 – 5(*) 

Panel C: Responses to a one S.D. GOOGLE innovation 

 Full sample period Sub-sample period 

 1st Response   Duration   1st Response   Duration   

GR – 3 + 2 
IR + 2 + 2 
IT + 1 + 1 

POR + 2 + 2 
SP + 1 + 2 

Panel D: Responses to a one S.D. GOOGLE innovation (GIIPS case) 

 Full sample period Sub-sample period 

 1st Response   Duration   1st Response   Duration   

GR + 1 + 2(*) 
IR + 1 + 2 
IT + 1 + 2(*) 

POR + 1 + 1(*) 
SP + 1 + 2(*) 

Notes: As GIIPS case we refer to the case in which all the stock market variables were included into the VAR 
model. 
The symbols + and – denote the existence of a positive or negative response respectively and the 

symbol ∄ denotes the non-existence of a response. 
The duration of the response is measured in days. 
The symbol * inside the parentheses denotes if the response is statistically significant. 
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5. Conclusions 

This paper examines the relationship between the number of mentions of the word 

Grexit in Traditional media and in Google search queries and the stock markets of the 

Euro-periphery eurozone countries. To examine this relationship we employed the 

Orthodogonalized Impulse Response Functions and the Local Projection Impulse 

Response Functions introduced by Jordà (2005). The period we examine is spanning 

from 2/7/2012 till 7/12/2016. To extend our research we run the same tests for the 

sub-period 10/14/2014 – 7/12/2016 in which the volume of the word Grexit reaches its 

peak. Furthermore, along with testing the reactions of each stock market separately, we 

re-contacted the tests by taking into account all the stock markets in a multivariate VAR. 

This research gave us four main results. First, in both tests the first responses of all 

the stock markets to a shock in the mentions of the word Grexit in Traditional Media are 

negative for both the full and sub-sample periods. Second, both tests indicate that all 

stock markets respond positively to a shock occurring in Google trends for the full and 

sub-sample period. However, in both cases not all the responses are statistically 

significant. Third, both tests agree that the first responses of most of the stock markets 

to a GOOGLE shock are statistically significant for the sub-sample period for the 

multivariate case. Fourth, according to the local projection IRFs the first responses to a 

MEDIA shock are negative statistically significant in the majority of the stock markets 

when all the variables are taken into account in the VAR for the sub-sample period. 

Whereas, using the Orthodogonalized IRFs we find that most of the stock markets 

respond negatively and significantly in the univariate cases for the sub-sample period. 

Comparing figures 13-24 to the figures 25-36 it becomes obvious that the Jordà‟s local 

projection IRFs are spiky over all horizons shown. This reflects that Jordà‟s local 

projection IRFs at each horizon are a distinct set of slope parameters. The 
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orthodogonalized IRFs however, are non-linear combinations of the VAR parameters, 

recursively calculated which effectively smoothes the relative spikiness of a collection of 

individual parameters. Hence they appear smoother than the Jordà‟s local projection 

IRFs. Further, note that this difference is only pronounced after 13 days for the full 

sample period and after 9 days for the sub-sample period. This is no coincidence, since 

the VMA-based IRFs are constructed across horizons based on the same VAR 

coefficients, whereas the linear projections involve for each horizon a new estimate for 

the coefficients based on direct forecasting at that specific horizon. The 

orthodogonalized IRFs are based on a VAR(13) and VAR(9) model for the full sample 

period and  the sub-sample period respectively and IRFs become smoother after the 

horizon surpasses the lag length. This feature of the Jordà‟s local projection IRFs enables 

us to see that there are statistically significant responses to a MEDIA shock whereas the 

Orthodogonalized IRFs couldn‟t detect any significant responses to a MEDIA shock in 

most of the cases both for the full sample and the sub-sample period. 
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