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Abstract 
The purpose of this paper is to investigate the impact of the EMU on the long-run 
covariance between the member countries stock indices returns, to see whether country 
diversification opportunities have changed or not. The degree to which investors are able 
to reduce risk by diversifying their portfolio depends on the correlation between assets. 
Investors should dislike an increase in correlation between returns. Therefore it is of great 
interest to investigate whether the covariance between the EMU countries has increased 
or not. I use GARCH (1.1) covariance model for estimation, with the extension that I 
allow the slope to differ in the regression equation. A dummy variable is included to find 
any regime shift in the data. The exchange rate of the EMU countries were fixed in 
January 1999 and therefore the dummy takes the value one from 1999-2004 and zero 
otherwise. I find that the long-run covariance in EMU area has increased making it less 
attractive to diversify portfolios within the area. The covariance’s between countries 
where the control countries is included (Sweden and Switzerland) has also been affected 
of the euro introduction. But still I find evidence of a high integrated market even before 
the euro introduction, indicating that EU, rather than EMU, has had the greatest impact 
on member countries markets. Maybe the higher level of integration also is due to trade 
linkage between the countries resulting from EU and EMU.   
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1 Introduction 
An investor has one great purpose with his portfolio investment, to maximize the return 

to a given risk. According to Markowitz (1952) the most attractive portfolio is the one 

with lowest risk and highest return, which can be constructed with international portfolio 

diversification. The degree to which investors are able to reduce risk by diversifying their 

portfolio depends on the correlation between assets. Investors should dislike an increase 

in correlation between returns. Therefore it is of great interest to investigate whether the 

covariance between the EMU countries has increased or not. The correlation is built on 

the covariance. From an investor’s point of view, which is my angle in this study, it is of 

interest that the correlations between countries equity indices stay the way they are. 

Otherwise the investor will have to revise their portfolios. The European Union and the 

EMU have made the European countries more integrated. The elimination of the 

exchange risk and other barriers for international investment has made the financial 

markets of the member countries, and even the others outside the union, more 

interdependent. Changes in financial markets structure affect investors and their portfolio 

diversifications opportunities. 

 

The basis of this paper goes back to fundamentals of financial theory: an investor should 

spread his investment over different assets and countries in such way so that the risk can 

be diversified. This is for the simple reason to maximize the return on the portfolio. 

Therefore portfolio theory is of great interest to discuss. Hence, it is the road to great 

returns. It is always of interest to discuss the environment you live in and therefore I find 

that EU area and the EMU phenomenon is fascinating to do research on. The launch of 

European Monetary Union (EMU) provides a new and exciting area for research on 

financial market integration and market interdependence. 

 

One important motive for EMU is that increases transparency between financial markets 

in EU. By eliminating currency risk EMU has equalized the risk for foreign traders with 

domestic traders.  
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It is believed that the political and economical financial integration by eliminating 

barriers for international investment strengthens relations between markets, making 

markets more interdependent. This effect can be studied by looking at market correlation 

(Longin et. al, 1995). 

 

If market correlation changes this affect investors in different ways. The degree to which 

investors are able to reduce risk by diversifying their portfolio depends on the correlation 

between assets. Investors should dislike an increase in correlations between returns (Elton 

et. al, 2003). Knowing the correlations between country returns is therefore of great 

importance and if the correlations increase between EMU members, portfolio investment 

in the EMU area should be less attractive (Al-Khail et. al, 2001). 

 

Since earlier studies have shown results that both confirm and contradict an increase in 

covariance between member countries indices returns in EMU, it is interesting to 

continue this kind of research. With this paper I want to confirm or refute earlier studies 

using a longer euro period, more recent data and a more advanced GARCH model. My 

study is inspired of the paper “The impact of EMU on the covariance between stock 

indices in Europe” (Przedpelska and Martinussen, 2004). Their study shows results that 

may be different when using a higher order, or a more advanced, GARCH model. The 

euro period I am using is ten months longer, than above mentioned study, to detain any 

change in covariance between the countries. A dummy is used to capture any regime shift 

in the data. 

 

Overall my results show that the long-run covariance between the member countries has 

increased during the time period I have studied. My result is much clearer than above 

mentioned study mostly concerning results where Finland is included. A significant 

structural change in covariance depending on the euro introduction is apparent in almost 

every country pair. Sweden follows the same pattern as the EMU members while 

Switzerland show insignificant results in almost all situations. The covariance had 

increased even before euro introduction indicating that EU or just trade between countries 

has increased the integration process. 
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1.1 Purpose 
The purpose of this thesis is to deeper and with a different model, than above mentioned 

paper, examine the impact of EMU on the long-run covariance between the member 

countries stock indices returns, to see whether country diversification opportunities 

within the union have changed or not. 

1.2 Outline 
This paper is organized as follows. Chapter two describes the background of EU and 

EMU. The third chapter provides a short review of literature and theories concerning this 

thesis. Chapter four describes my method while chapter five describes the data and the 

results are presented. In the sixth chapter I analyze them. Chapter seven concludes and 

gives suggestions on future research.   

1.3 Delimitations 
The focus will be on the impact possible structural changes in the covariance, between 

the member countries, have on investor’s portfolio diversification opportunities. The six 

out of twelve countries in the EMU that are being studied are the same in my study as in 

the above mentioned paper. The countries are Finland, Germany, France, Spain, Ireland, 

Italy, Sweden and Switzerland.  

 

2 Background EU and EMU 
The European Union (EU) is a family of democratic European countries, committed to 

working together for peace and prosperity. The member states have set up common 

institutions to which they delegate some of their sovereignty so that decisions on specific 

matters of joint interest can be made democratically at European level. This pooling of 

sovereignty is called "European integration". The historical roots of the European Union 

lie in the Second World War. The idea of European integration was conceived to prevent 

killing and destruction from happening again. It was first proposed by the French foreign 

minister Robert Schuman in a speech on 9 May 1950.  

The Treaty of Maastricht (1992) introduced new forms of cooperation between the 

member state governments, on defense and in justice. By adding this intergovernmental 
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cooperation to the existing system, the Maastricht Treaty created the European Union 

(EU). 

It took some time for the member states to remove all the barriers to trade between them 

and to turn their "common market" into a genuine single market in which goods, services, 

people and capital could move around freely. In 1992 the EU decided to create an 

economic and monetary union (EMU), involving the introduction of a single European 

currency managed by a European Central Bank (ECB). The single currency, the euro, 

became a reality on 1 January 1999 formally, and 1 January 2002 euro notes and coins 

replaced national currencies in twelve of the 15 countries, at that time members, of the 

European Union (Belgium, Germany, Greece, Spain, France, Ireland, Italy, Luxembourg, 

the Netherlands, Austria, Portugal and Finland) (www.europa.eu.int/abc/history). 

The harmonization of fiscal and economic policy within the EU and EMU has had a 

considerable impact on the economies of member countries in the past decade. The 

European Monetary Union (EMU) has probably been the single most important policy-

induced innovation in the international financial system since the collapse of the Bretton-

Woods system. It has opened the possibility for the creation of a new, fully integrated 

financial market, of the same scale as that of the United States. By eliminating exchange 

rate risk, EMU has eliminated a key obstacle to financial integration. Before EMU, 

otherwise identical financial claims issued in different euro area currencies were 

imperfect substitutes and traded at different prices. EMU has eliminated this source of 

market segmentation. A single currency is a necessary condition for the appearance of a 

united European capital market. But other frictions may still stand in the way of full 

integration. After the removal of exchange rate risk, persistent differences in tax 

treatment, business conventions, issuance policy, security trading systems, availability of 

information, and judicial enforcement may still segment financial markets along national 

borders (Pagano and Von Thadden, 2004). 

There were three major motivations behind EMU. To smooth the progress of trade 

between the member countries through eliminating exchange rate uncertainty, and 

transaction costs due to exchange rates was the first motivation. The second was to 
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increase integration to obtain similar growth rate and a high level of employment, a third 

was to keep peace between the European countries. 

EMU was established in three stages, of which the first, begun on 1 July 1990. This stage 

concerned the start of the Exchange Rate Mechanism (ERM). The second stage started on 

1 January 1994, and related to the transfer of monetary and economic policy, including 

exchange rate policy, to the European institutions. A new system was created called The 

European System of Central Banks (ESCB) and the member states were to make their 

national central bank more independent and implement necessary changes in their 

national legislation. The date for the start of the third stage was agreed at the Madrid 

Summit on 15 - 16 December 1995 where the European Council agreed that the date 

should be the first of January 1999. In addition, it was agreed that the single currency 

would be called the Euro. The responsibility for monetary policy was shifted from 

national central banks to ECB (www.eurotreaties.com) (Scheller, 2004). 

As discussed the EMU comes with some centralization of public institutions governing 

financial markets. A part from ECB and ESCB, centralized institutions developed along 

with the EMU are: TARGET (Trans-European Automated Real-Time Gross Settlement 

Express Transfer) a payment system designed to process cross-border transactions 

denominated in euro after the start of stage three. TARGET has two main objectives. The 

first objective is to provide a safe payment mechanism within the euro area. The second 

goal is to create an efficient system of cross-border payments that will integrate the 

money markets of the participating countries. Besides TARGET, Euribor (the Pan-

European reference rate for floating rate interest instruments) was created. Remaining at 

the national level, obstructing the EMU to fully integrate the markets, is the authority to 

regulate financial institutions (Annex IV, IMF, 1997). 

 

ECB constructed convergence criteria’s for the candidate countries to be fulfilled before 

entering the monetary union. The purpose was to guarantee inflation and interest rate 

convergence (Copeland, 2000), see Appendix 1A for precise convergence criteria’s.  
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3 Theory/ Literature review 

3.1 Earlier research on the subject 
In an IMF working paper Thomas Kraus (2001) present an analysis of the first 21 months 

with the euro. He was one of the earliest researchers on this area, and studies the EMU 

impact on European Equity Returns, and finds that the correlations between joining 

countries have decreased. He used weekly data on return from April 1997 to October 

2000. Kraus find evidence on a reduction in correlation on both industry sectors and 

country basis which indicates that diversification opportunities are good in the euro area.  

 

Using recent euro area stock markets data Moerman (2004) find clear evidence, that 

diversification over industries yields more efficient portfolios than diversifications over 

countries. Moerman looked at the average correlation coefficient for industries in the 

euro area. He used, in his first study, monthly data from January 1995 to October 2002 

and explored the data with a multivariate GARCH model. In 2004 Moerman continue this 

study, again testing but with a standard mean variance analyses, whether country 

diversification or industry diversification yield higher portfolio returns, and finds clear 

evidence in favor for industry based diversification. The same data as before is used.  

 

Rouwenhorst (1998) finds based on a different methodology and a different sample 

period, than above mentioned researchers, that country diversification strategies still are 

superior. This is despite the convergence of interest rates and the harmonization of fiscal 

and monetary policies following the Maastricht Treaty of 1992.  

 

In a CSEF working paper the authors discusses the bond markets under EMU and 

concludes that differences between the member countries still persist. “… under EMU 

yield differentials have not disappeared completely, so that euro-area sovereign bonds are 

still not perfect substitutes.” (Pagano and Von Thadden, 2004, p. 25). The reasons for 

this, as the authors put it, can be market frictions. Frictions include (i) trading costs, 

arising from bid-ask spreads, brokerage commissions or transaction fees, (ii) clearing and 

settlement fees, and (iii) taxes. All these factors related to the ease and cost of trading 
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generally refers to “liquidity”, and practitioners in fact often argue that the euro area yield 

differentials are due to differences in liquidity (Pagano and Von Thadden, 2004). 

 

Along with Moerman, Fratzscher (2001) finds evidence of disappearing country 

diversification opportunities within EMU area. He concludes in two key findings. First, 

European equity markets have become highly integrated with each other only since 1996. 

And second, the euro area market has taken over from the US, the role as the most 

important market in explaining equity returns in most individual European markets 

(Fratzscher, 2001). 

 
The authors of an IMF Working Paper that studies the European capital markets 

states at first that, by eliminating currencies, the introduction of the euro reduces the 

direct cost of transactions and eliminates element of market risk in the member countries. 

Second, the elimination of currency risk increases the relative importance of other 

elements of risk, including credit, liquidity, and legal risks. This implies according to the 

authors that even though currency risk is eliminated, differences between members 

countries still persist, making diversification opportunities possible (Prati and Schinasi, 

1997).  

 

Prati and Schinasi (1997) are also of the opinion that possibilities for portfolio 

diversification will change because the advantages of currency diversification will be lost 

to the extent that business cycles have been asynchronous and shocks asymmetric. This 

will encourage investors and financial institutions to search for new opportunities for 

portfolio diversification within EMU area, government securities, and corporate 

securities markets, but it may also encourage them to seek diversification outside the euro 

area as well (ibid.). 

 

The above discussed research has great similarities to my study. The interest of knowing, 

from an investor’s point of view, if correlations between countries within EMU has 

increased or not is one likeness. None of the other studies uses control countries outside 

the euro area to see if changes occurring within the EMU also exist outside it. So far I 
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also have the longest euro period in my sample, 27 months longer than the latest study 

from Moerman (2004). A long time compared with the total euro time. Some other 

studies also use a GARCH model, but in a more complex form. I have also used national 

monthly equity indices from Morgan Stanley Capital International (MSCI). 

3.2 Portfolio theory 
The Capital Asset Pricing Model (CAPM) originally proposed by Sharpe (1964), follows 

Markowitz (1952) suggestion of mean variance optimization, has provided simple and 

influential theory of asset pricing for a long time. Correct pricing, in accordance to risk, 

for an asset is the beginning of portfolio theory. The CAPM predicts that the expected 

return on an asset above the risk free rate is proportional to the nondiversifiable risk, 

which is measured by the covariance of the asset return with a portfolio composed of all 

available assets in the market. This theory rest on the assumptions: (i) all investors 

choose mean variance efficient portfolios with a one period horizon, their utility 

functions can differ. (ii) all investors have the same subjective expectations on the means, 

variances and covariances of returns and, (iii) the market is fully efficient in that there are 

no transaction costs, taxes or constraints on borrowing and lending at risk free rate 

(Bollerslev et.al, 1988). 

 

Risk averse economic agents require compensation for holding risky assets. “The 

premium to induce risk averse investors to bear risk is proportional to the 

nondiversifiable risk, which is measured by the covariance of asset return with the market 

portfolio return” (Bollerslev et.al, 1988). 

 

“As the degree of uncertainty in asset returns varies over time, the compensation required 

by risk averse economic agents for holding these assets, must also be varying. Time 

series models of asset prices must therefore both measure risk and its movement over 

time, and include it as a determinant of price.” (Engle et.al, 1987, p. 391). 

 

“The covariance is a measure of how returns on assets move together. … Dividing the 

covariance between two assets by the product of the standard deviation of each asset 

produces a variable with the same properties as the covariance but with a range of -1 to 
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+1. The measure is called the correlation coefficient.” (Elton et.al, 2003, p. 54). If we 

have enough independent assets, the variance of a portfolio of these assets approaches 

zero. In most markets the correlation coefficient and the covariance between assets is 

positive. In these markets the risk on the portfolio cannot be made to go to zero but can 

be made much less than the variance of an individual asset. The minimum variance is 

obtained for very large portfolios and is equal to the average covariance between all 

stocks in the population (Elton et.al, 2003). 

 

The lower the correlation coefficient between assets, all other attributes held constant, the 

higher the payoff from diversification. “… the degree to which diversification can reduce 

risk depends upon the correlations among security returns. If the returns are not 

correlated, diversifications could eliminate risk.” (Levy and Sarnat, 1970, p 1). A way to 

diversify portfolios is country diversification, where correlations historically are low 

(Markowitz, 1952). One reason for these low correlations is that it exist “home bias” in 

an investor’s portfolio. This means that investors strongly prefer domestic securities in 

their portfolio. Another reason is sector differences between country indices, which mean 

that the number of firms and which sectors they belong in can differ between different 

country indexes (Rouwenhorst, 1999).  

3.3 Financial Market Integration 
 “... what determines the degree of financial integration may not only be a countries own 

economic performance, but also the degree of real and financial convergence with other 

economies.” (Fratzscher, 2001, p.9). This author’s opinion will serve as a start of trying 

to explain some of the things that have happened after EU and EMU introduction. There 

are a number of reasons for stock markets in Europe to have become more integrated due 

to the EMU. Some of them will be mentioned below through the researcher’s opinions. 

 

According to Fratzscher (2001) the European unification process has raised the degree of 

integration, in particular among countries that have adopted the euro. Market 

segmentation can persist resulting from exchange rate uncertainty. It was in particular the 

reduction of exchange rate uncertainty that explains much of the high degree of volatility 

in financial integration in the 1990s, in particular the periods of low integration during 
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the ERM crisis in 1992-93 and 1995 as well as the rapid increase in integration since 

1996, leading up to the adoption of the euro in January 1999. 

 

In a recent EU study on company taxation, among other important factors for economic 

integration, it was highlighted important obstacles to financial integration coming from 

different tax legislation. Built-in bias towards domestic investment, different tax 

treatments on cross-border investments and high cost of restructuring and reorganization 

are but few examples of barriers to an increased integration. The paper shows that 

different parts of a member countries economy are not alike in the integration process, for 

example there are differences between stock market integration and the integration in 

credit and bond markets (Adam et.al, 2002). 

 

 “The analysis of the differences in the legal and institutional frameworks reveals large 

and persistent differences between the legal and tax systems in EU countries. These 

differences may represent a considerable obstacle to future financial market integration.” 

(Adam et.al, 2002, p. 51) 

 

Indicators of European stock market integration generally suggest an increasing degree of 

stock market integration for the euro area. The correlation of European stock market 

returns appears rather unstable. Given the weak theoretical underpinnings and the lack of 

meaningful benchmark values, the authors recommend not drawing conclusions based on 

simple correlation based indicators. From a consideration of indicators based on the 

international portfolio composition of institutional investors emerged that euro area 

equity funds moved towards more internationally oriented investment strategies. On 

average no such trends can be spotted for EU countries outside the euro area (Adam et.al, 

2002). 

 

However, higher integration also implies that there are fewer opportunities to diversify 

portfolios within the euro area, thus providing incentives to focus more on diversifying 

across sectors or across regions. For policy makers, the process of European financial 

integration poses challenges. Financial integration has increased competition and market 



 13

efficiency and, at the same time, continuing financial integration has made individual 

euro area markets increasingly interdependent (Fratzscher, 2001).  

 
4 Regression Model 

 4.1 ARCH models in Financial Economics 
The autoregressive conditional heteroscedasticity (ARCH) model introduced by Engle 

(1982a), explicitly models time varying conditional variances by relating them to 

variables known from previous periods. A useful generalization of ARCH model is the 

GARCH parameterization introduced by Bollerslev (1986). Generalized ARCH 

(GARCH) is built on the weighted average of past squared residuals but has declining 

weights on the parameters that never go completely to zero. Basic features of both the 

ARCH and the GARCH model are that they give more weight to recent data but also to a 

long-run average (Hull, 2003). The ARCH models let these weights become parameters 

to be estimated, allowing the data to determine the best weights to use in forecasting the 

variance (Engle, 2001). The simplest GARCH model have the notation (1.1), where the 

first number refers to how many autoregressive lags (ARCH terms) that appear in the 

equation, while the second number refers to how many moving average lags that are 

specified (GARCH terms) (Engle, 2001). 

 

In its standard form the ARCH model expresses the conditional variance as a linear 

function of past squared innovations; in markets where price is a Martingale, price 

changes are innovations, and this corresponds precisely to the Mandlebroit (1963) 

observation:  “…, large changes tend to be followed by large changes- of either sign- and 

small changes tend to be followed by small changes, …” (Mandelbrot, 1963, p 418). 

Engle (1982) and Bollerslev (1987) has both mentioned this relation in price changes and 

rates of return as a motive to construct a model which can deal with autocorrelation and 

heteroscedasticity, a model dealing with volatility clustering. Time series are serially 

uncorrelated but they are not independent. The ARCH and GARCH models are specially 

designed to deal with just this set of issues. It is possible that the true covariance process 

is different from the one specified in the model and if the model is correctly specified 

GARCH is supposed to reduce autocorrelation in a time serie. The models have become 
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widespread tools when dealing with time series heteroscedastic models and appear in a 

numerous different forms. “The goal is to provide a volatility measure, like a standard 

deviation, that can be used in financial decisions concerning risk analysis, portfolio 

selection and derivative pricing.” (Engle, 2001, p 158).   

4.2 The classical regression model concerning GARCH  
In regression analysis involving time series data, if the regression model includes both 

current and past values of the explanatory variable like the GARCH model, it is called a 

distributed lag model. Autoregressive model is when the model includes one or more 

lagged values of the dependent variable among its explanatory variables. In economics 

the dependence of a variable, Y, on another variable, X, is rarely instantaneous. Very 

often, Y responds to X with a lapse of time, such a lapse of time is called a lag. One can 

detect autocorrelation in autoregressive models with the Durbin h test (Gujarati, 2003). 

 

Autocorrelation is a phenomenon that occurs when the error terms are correlated, this is 

often the case in financial economics. There is often autocorrelation in the riskness of 

financial returns called volatility clustering. This violates one of the assumptions made 

for the classical linear regression model to hold. Autocorrelation can arise for several 

reasons, such as inertia or sluggishness of economic time series, specification bias 

resulting from excluding important variables from the model or using incorrect functional 

form. As a consequence, the usual t, F, and X2 tests cannot be legitimately applied. For 

detecting these situations one can use several tests, such as Durbin-Watson d test, 

asymptotic normality test, Berenblutt-Webb test and Box Ljung test (Gujarati, 2003).  

 

Assumption ten of the classical linear regression model is that there is no 

multicollinearity among the regressors. This means that the existence of a “perfect” linear 

relationship among some or all of the explanatory variables makes the regression 

coefficients of the X indeterminate and their standard errors infinite. If multicollinearity 

is less than perfect the regression coefficients possess large standard errors which mean 

that they cannot be estimated with accuracy or precision. This makes confidence intervals 

wider leading us to accept the zero null hypotheses. There are many reasons for this 

problem to arise. In time series data, for example, a reason can be that the regressors 
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share a common trend and increase or decrease over time. A sign of multicollinearity is 

high 2R  but few significant t ratios. It is important to remember that multicollinearity is a 

question of degree and not of kind; a meaningful distinction is not between the presence 

and the absence, but between its various degrees (ibid.). 

 

Heteroscedasticity is when the assumption of the classical linear regression model is not 

satisfied regarding the disturbances having the same variance. The classical assumption is 

called homoscedasticity. This is the assumption that is the focus of ARCH/GARCH 

models. Lately econometricians are being asked to forecast and analyze the size of the 

errors of the model. The standard warning is that the presence of heteroscedasticity gives 

standard errors and confidence intervals estimated by conventional procedures that are 

too narrow, giving a false sense of precision (Gujarati, 2003). “Instead of considering this 

as a problem to be corrected, ARCH and GARCH models treat heteroscedasticity as a 

variance to be modeled” (Engle, 2001, p 157). 

4.3 GARCH regressions 
The form of GARCH model I am using is the most common GARCH (1.1) where the 1.1 

in the parenthesis indicates that the variance rate is based on the most recent observation 

of the return variable and the most recent estimate of the variance rate. The GARCH 

model can also be used for updating the covariance. Using the covariance model and with 

the extension that a dummy is included in the lagged covariance regressor, which allows 

the slope to differ in the regression equation, results in the equation below. The GARCH 

model is used for its ability to calculate the long-run average covariance rate and due to 

its ability to handle autocorrelation and heteroscedasticity, common in time series data. 

The dummy variable is used to find any regime shift in the data resulting from the euro 

introduction. 

 

GARCH (1.1) covariance model in its basic form:  

11 cov)(cov −− +⋅+= ttjiij RR βαω       Eq. 4.1 

Using the model with my extension results in the following equation: 
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1110 cov)(covcov −−− +⋅++= ttjitij RRD βαβω                           Eq. 4.2 

ω is the mean covariance, ω  can also be expressed as LV⋅γ . LV  is the long-run average 

covariance rate and γ  the weight assigned to it, α  is the weight assigned to the products 

of the percentage change in the return variables from the previous period and β  the 

weight assigned to the covariance from the previous period, 1)( −⋅ tji RRα and 1cov −tβ  is 

the weighted average of past squared residuals but has declining weights on the 

parameters that never go completely to zero ( γβα ++ = 1). 0β  Show the difference 

from the benchmarks covariance from previous period. The dummy variable D, takes the 

value one if the data lies in the period 1999 to 2004 and zero otherwise.  

 

Onceω ,α , β  and 0β  have been estimated the γ  can be calculated as 1- α -β . The 

long-run average covariance level is then calculated through ω /γ  for both periods using 

the formula: 

βα
ω
−−

=
1

beforeVL                   Eq.4.3a 

)(1 0ββα
ω

+−−
=afterVL                             Eq.4.3b 

(Hull, 2003, p 376) 

4.4 Variable definitions 
The monthly rate of return for each country is calculated. R is defined as the percentage 

change in dollar value of the index. This value is needed for calculating both covariance 

and the product of the return between the countries: 

)(
1−

=
t

t
t P

P
LnR          Eq. 4.4 

The covariance is updated and calculated every month using a ten month mean for R. The 

reason for using a ten month mean is to try and capture differences in covariance that are 

more lasting, it is hard to draw conclusion based on only one value from one month. The 
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covariance from the countries in question from the previous period is used in the 

regression for the reason that the history of this value affects the covariance: 

∑
=

−−
=

10

1

1010 ))((
cov

i

jjii
ij N

uRuR
      Eq. 4.5 

Where i and j stands for countries, N is the total number of observations. 

 

The product of the monthly return is calculated par-wise for the countries. The products 

of the percentage change in the return variables from the previous period are used in the 

regression for the reason that the history of this value affects the covariance: 

))(( 1010 jjiiij uRuRR −−=        Eq. 4.6 

For a more thorough explanation of how the weight of the variable is calculated and also 

the interpretation of the variable lagged return see (Hull, 2003, p 374-375).  

   

5 Empirical Analysis 

5.1 Data 
The data used in this paper was collected from Morgan Stanley Capital International 

(MSCI). I used monthly data on equity price indices for all countries. They are market 

weighted indices with each stocks proportion in the index divided by the aggregate 

market value of all stocks in the actual country market. Throughout the study U.S. dollar 

is the reference currency. The countries that are being studied are six out of twelve EMU 

members, Finland, Germany, France, Ireland, Italy and Spain. These are geographical 

spread and differ in size. Sweden and Switzerland are included as well and serves as 

control countries. Sweden as a member of EU and Switzerland represents a country 

outside both EU and EMU. If the long-run covariance has increased due to EMU, the 

results from Sweden and Switzerland should be different from the member countries. 

 

The time period that is being studied is from December 1993 to December 2004. While 

earlier studies use data up until mars 2004, my data ends in December giving me a longer 

euro period. The data are divided in two periods, a pre-period from December 1993 to 
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December 1998, and a euro period from January 1999, when the euro was fixed, to 

December 2004. This gives 50 months before the introduction and 73 months with the 

new currency. The reason for only 50 out of 60 months (five years) in the pre-period is 

that nine months “disappear” when calculating the ten month mean of the return and the 

covariance (see formula below under calculations). 

 

I used the statistical program SPSS to examine the differences in covariance between the 

countries. The function Linear Regression, using one lagged value of the dependent 

variable, in SPSS was used. 

5.2 Empirical Results 
When looking at table 5.1 below one can see that there has been a structural increase in 

covariance in all country pairs since the euro introduction (see Appendix 2 for all 

regression results). The numbers in the parenthesis are the true significance level (p-

value) for the dummy coefficient. For all EMU members the increase in the covariance is 

statistically significant at the 95% confidence level. This is the situation for Sweden as 

well. The only situation which produces values that are insignificant is where Switzerland 

is included as a country pair, and even then there are only two situations where this 

happens. When Switzerland is paired together with Italy and Spain the covariance 

increase is insignificant. By just looking at the numbers one can notice a smaller increase 

in covariance when Switzerland is being studied, while Sweden shows a larger increase 

with almost all other countries.  
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Table 5.1 Covariance changes after EMU, 0β  
 Finland Germany France Ireland Italy Spain Sweden Switzerland 

Finland  

 

       

Germany 0,392 

(0,000) 

       

France 0,347 

(0,000) 

0,399 

(0,000) 

      

Ireland 0,242 

(0,000) 

0,539 

(0,000) 

0,408 

(0,000) 

     

Italy 0,367 

(0,000) 

0,383 

(0,000) 

0,165 

(0,000) 

0,456 

(0,000) 

    

Spain 0,228 

(0,000) 

0,361 

(0,000) 

0,166 

(0,001) 

0,260 

(0,000) 

0,117 

(0,019) 

   

Sweden 0,417 

(0,000) 

0,444 

(0,000) 

0,269 

(0,000) 

0,449 

(0,000) 

0,309 

(0,000) 

0,222 

(0,000) 

  

Switzerland 0,239 

(0,000) 

0,256 

(0,000) 

0,154 

(0,005) 

0,325 

(0,000) 

0,089 

(0,110) 

0,107 

(0,094) 

0,228 

(0,000) 

 

Significance level within the parenthesis 

 

The constant term ω  was insignificant for five out of eight country pairs when 

Switzerland is included and for five more country pairs this is the situation. These 

country pairs are Finland/Spain (p-value 0,067), Finland/France (0,055), Ireland/Spain (0, 

15), Italy/Spain (0,082) and France/Spain (0,074). Only one out of these is insignificant 

even at 90% confidence level, while when Switzerland is included the p-values are much 

higher (from 0,066 to 0,466). The reason for bringing this up is for the calculation of the 

long-run covariance level. In the above mentioned country pairs the results must be even 

more cautiously interpreted than all the others. When looking at table 5.2 and 5.3 below, 

it appears that the long-run average covariance level has increased between all countries 

both before and after the EMU became a reality.  

 

There is a problem with the interpretation of the long-run average covariance level and 

that is resulting from my choice of model. Only allowing the slope coefficient to differ is 

a constraint in the regression equation and this makes the formula for calculation of long-
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run covariance level hard to interpret hence, no t- test can be made. One has to trust the 

results underlying the formula being significant, the constant ω , the dummy constant 0β , 

the lagged covariance constantβ , and the lagged product of return constant α . By just 

looking at the numbers of the size on the variable product of return, α , one can see that it 

is small throughout all tests and insignificant in approximately half the sample (see 

Appendix 2). The reason for this is hard to say, the variable is in it self hard to interpret. 

Therefore the conclusions made on the long-run level must be careful. Instead one can 

rely on the fact that there have been significant structural increases in covariance among 

almost all country pairs, excluding Switzerland for the reason insignificance in most 

cases. The constant coefficient, ω , is significant for almost all country pairs except for 

Switzerland which implies that even in the period before euro introduction there has been 

some correlation among the return from stock indices. The dummy coefficient being 

significant for all EMU members and for Sweden indicates that there has been a regime 

shift in the data. All this indicates that the capital markets of the EMU members and even 

Sweden, being an EU member, have become more integrated. 

 

Table 5.2 VL before EMU 
 Finland Germany France Ireland Italy Spain Sweden Switzerland 

Finland         

Germany 0,00125        

France 0,00062 0,00078       

Ireland 0,00088 0,00051 0,00039      

Italy 0,00101 0,00062 0,00087 0,00035     

Spain 0,00030 0,00074 0,00226 0,00271 0,00121    

Sweden 0,00202 0,00100 0,00076 0,00055 0,00080 0,00108   

Switzerland 0,00050 0,00067 0,00067 0,00031 0,00043 0,00072 0,00066  
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Table 5.3 VL after EMU 

 Finland Germany France Ireland Italy Spain Sweden Switzerland 

Finland         

Germany 0,00723        

France 0,00958 0,00654       

Ireland 0,00581 0,00652 0,00506      

Italy 0,00600 0,00687 0,00466 0,00470     

Spain 0,00827 0,00782 0,01361 0,00642 0,00475    

Sweden 0,00933 0,00808 0,00716 0,00648 0,00639 0,00710   

Switzerland 0,00684 0,00418 0,00317 0,00320 0,00254 0,00312 0,00470  

 

Table 5.4 below presents with how many times the covariance has increased. The 

situation for Switzerland, being the only country outside both EU and the EMU, is some 

what alike as for the other countries, but remember to be careful in interpretation of this 

hence, almost all ω  are insignificant for Switzerland. In some country pairs the 

covariance has increased many times since euro introduction, for example between 

Finland and France where the covariance has increased the most, 15,5 times. A careful 

interpretation is good to have in mind here as well, hence the numbers are so small and it 

is hard to say if the changes in long run covariance level are significant. One can only 

guess about the reason for the largest increases, maybe the trade between those country 

pairs actually has increased a lot. 

 

Table 5.4  VL Increase (VL after  / VL before) 
 Finland Germany France Ireland Italy Spain Sweden Switzerland 

Finland         

Germany 5,8        

France 15,5 8,4       

Ireland 6,6 12,8 12,9      

Italy 5,9 11,1 5,4 13,4     

Spain 2,8 10,6 6,0 2,4 3,9    

Sweden 4,6 8,1 9,4 11,8 8,0 6,6   

Switzerland 13,7 6,2 4,7 10,3 5,9 4,3 7,1  
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5.3 Model test, autocorrelation 
When testing for autocorrelation one can use the graphical method where the 

standardized residuals (the residuals divided by the standard error of the regression) are 

being saved and plotted against lagged residuals and this gives a graph where 

autocorrelation can be detected. The autocorrelation function (ACF), the partial 

autocorrelation function (PACF) and the correlogram serves as a test for autocorrelation 

(see appendix 3, for example of ACF, PACF graphs). The ACF at lag k is defined as the 

covariance at lag k divided with the variance. All calculated by SPSS graph time series 

autocorrelation function. First order autocorrelation is detected as a significant peak at lag 

1 in the partial autocorrelation function (PACF). Presence of first order autocorrelated 

residuals violates the assumption of uncorrelated residuals that underlies the OLS 

regression method. If the model is a good fit for the time series, the residuals should be 

random. One or two high order correlations may exceed the 95% confidence level by 

chance (SPSS 13.0, help function for trend options). This test was made to “double 

check” the model even though the GARCH (1.1) is supposed to handle autocorrelation. 

The results were good, there is not a problem with autocorrelation in this time serie.  

 

Empirical work based on time series assumes that the underlying time series is stationary, 

when financial data are being used this is not always the case. An easy way to see 

whether a time serie is stationary is to do a Sequence Plot, if the graph shows that the 

trend is not horizontal the time serie is non-stationary (see Appendix 4, for example of 

Sequence Plots). The sequence plot has to be cautiously interpreted in my case because 

the GARCH model is built with the depending variable return and I use covariance which 

is based on the return. Despite this, one can use it as an example of how the interaction 

between two countries varies over time (Gujarati, 2003). 

 

When running the regressions in SPSS a multicollinearity test can be asked for. This is 

for detecting related variables. The program presents the variance inflating factor (VIF), 

which is defined as the speed with which variances and covariances increase. VIF shows 

how the variance of an estimator is inflated by the presence of multicollinearity. As 

correlation between regressors approaches one the VIF approaches infinity. That is, as the 



 23

collinearity increases, the variance of the estimator increases. As long as the VIF is below 

ten the relationship between explanatory variables is “ok”, meaning that the correlation 

coefficient is below 0, 95 (see Appendix 2, regression results for VIF value) (Gujarati, 

2003). The VIF was far below ten throughout the sample as expected. 

 
6 Analysis 
The purpose of this paper is to examine the impact of EMU on the long-run covariance 

between the member countries stock indices return, to see whether country diversification 

opportunities within the union have changed or not. The aim was to deeper investigate 

and with a different model, the effect the euro introduction had on the countries, than the 

authors of the above mentioned paper.   

 

Above all the general conclusion of this paper on macro level must be that both EU and 

EMU leads to more integration, but trade leads to higher integration as well. Therefore I 

can not draw the conclusion that EMU have had the greatest impact on the European 

integration process. Despite the regime shift I find in the data when the euro was 

introduced. EU and EMU are tightly linked together and therefore have similar 

consequences. Prati and Schinasi (1997) says that the convergence of macroeconomic 

policy and greater capital mobility created by EU increased market integration even 

before the EMU was established and losses in diversification benefits are likely to be 

small within EMU. This is corresponding with my findings. All western European 

countries had removed domestic capital market constraints like control on capital flows 

and interest rates in the early nineties. Growth of information technology and new 

financial technology has also had great impact on the total process of integration. Maybe 

the effects on markets are delayed and that I find traces of this in my study. 

 

As a consequence of the increase in covariance the portfolio diversification opportunities 

in Europe have decreased. Investors should dislike an increase in correlation among 

indices according to the theory and therefore portfolio shifts should take place. In 

Switzerland where the case is not the same there still may be diversification opportunities 

and we may also see shifts to other countries such as United Kingdom or other non 
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European countries. Diversification between industries may also be more common if the 

theory about home bias is true (see Rouwenhorst (2000)). 

 

A higher cross-country correlation of equity prices should be expected because EMU 

eliminates monetary policy shocks and is likely to increase the correlation of business 

cycles. As long as fixing exchange rates or introducing a single currency reduces the 

uncertainty about monetary policy, periods of high market volatility should become less 

frequent. A general world trend is for markets to become more integrated due to 

globalization and new technology. Therefore it is no surprise to notice that the covariance 

has increased between the countries I have been studying. Interesting though, is that there 

has been structural increases in covariance over the two periods and also a significant 

increase after 1999 when the final stage of EMU was completed. The introduction of the 

euro will alter incentives to encourage the further securitization of European finance, 

greater uniformity in market practices, more transparency of pricing, and increased 

market integration. By eliminating separate currencies, the introduction of the euro has 

reduced the direct cost of transactions, eliminated a relatively volatile element of market 

risk and foreign exchange risk between EMU member countries. One could argue that it 

was not the actual launch of the euro that opened the new era but rather the fixing of the 

exchange rates between the countries and changes both within EU and on national level 

in all European countries, making markets more interdependent.  

 

As mentioned above, Sweden follows the same pattern as the EMU members and 

experienced an increase in covariance both structural and on the long-run, cautiously 

interpreted. The dummy coefficients were all significant, indicating integration with 

EMU members markets and vice versa. For Switzerland most of the dummy coefficients 

were statistically insignificant, leading to the conclusion that there has been some 

increase in covariance but it is hard to say whether the capital market in Switzerland is as 

integrated with EMU and Sweden as the rest of the countries in the study. The increase 

perhaps depends on an increased level of total trade. The elimination of currency risk, the 

removal of barriers to cross-border investment and other effects of EMU has not stopped 

Sweden from following the same pattern as the member countries. This must be a result 
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of Sweden’s adaptation of EU policy, regulatory changes have been made in order to 

open up and deregulate the financial market and making it easier to trade within Europe. 

The case might be that liberalization within EU prior to EMU is a big factor in explaining 

my results. The fact that Switzerland is nor an EMU or an EU member and receive 

different results also indicates that EU could have the greatest impact on the market 

integration and correlation between equity returns. 

 

My covariance study, on certain EMU members, has shown that the integration process 

have made the investment diversification opportunities for investors smaller according to 

the covariance level increase. What I find in my data only partly confirms the expectation 

I had in the beginning. In accordance with other researchers I find evidence of an increase 

in covariance but evidence of market integration is there even before the euro 

introduction. This may depend on the countries structural changes according to EU, 

modern development or just that the trade linkage has increased. My results differ from 

the paper that inspired me, most notable on the results concerning Finland. In my study 

Finland follow the same trend as the other EMU members and the results are statistically 

significant, clearer and easier to interpret. My model also controlled for autocorrelation 

which their GARCH model not quite did. I have studied a longer euro period which is 

good hence one can see that the results hold for a longer period as well and perhaps the 

covariance will increase some what more before the countries are fully integrated, if they 

ever become so.  

 
7 Conclusions and further research 
With this paper I wanted to examine the impact of EMU on the long-run covariance 

between the member countries stock indices returns, to see whether country 

diversification opportunities within the union have changed or not. The aim was to see if 

my results should differ from the paper that inspired my study, confirm or refute other 

studies, and investigate the data with a different model trying to draw conclusions on how 

far the integration process in Europe has come. 
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Above all the general macro level conclusion of this paper must be that both EU and 

EMU leads to more integration, but trade leads to higher integration as well. Therefore I 

can not draw the conclusion that EMU have had the greatest impact on the European 

integration process. EU and trade linkage between the country pairs has indeed made the 

countries more interdependent which shows in the covariance increase and may therefore 

have had a greater impact than the euro. 

 

The result show significant increase in the covariance in almost all country pairs after the 

euro introduction. The paper also presents a different result than above mentioned paper, 

the one that inspired me. Above all the results where Finland is included are significant 

and follows the same trend as the other EMU member countries. In the paper that 

inspired me they got strange results for Finland which they could not explain and the 

GARCH model did not quite control for autocorrelation in their time serie. Sweden 

follows the same pattern while Switzerland almost in all cases presents insignificant 

results making it hard to draw conclusions about their covariance increase and financial 

market integration. The fact that Sweden follows the EMU member’s pattern leads me to 

believe, as the authors to the above mentioned paper as well, that the impact from EMU 

has not been very big. It tells that EU or an increase in trade linkage plays an important 

role in explaining the increase in covariance between the countries. A factor that supports 

this is that changes at national level and on EU level have taken place before the euro 

introduction to open up and deregulate the European financial market. This concerning 

Sweden and Switzerland as well, explaining structural increases in covariance during the 

sample period.   

 

The country diversification opportunities have decreased as a consequence of the 

covariance increase between the countries in the study. Investors will have to revise their 

portfolios and looking for other places to invest in. this may lead to portfolio shifts to 

countries not included in EMU. Perhaps to Switzerland, United Kingdom and maybe 

even outside Europe, to gain diversification benefits again. Other opportunities for 

portfolio diversification, like investing in different industries may be more common.  
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As my focus in this paper was the investor’s point of view, the perspective from a fiscal 

or corporate manager’s point of view would be interesting to examine. This is of course 

of interest hence the EMU introduction have changed the rules for many actors in the EU 

economy. This study could also be made with weekly data and on all EMU members and 

of course the ten new EU member states would be interesting to include in a future study. 

Relaxing more conditions in the regression equation would also be interesting to do in a 

future study. The intercept as well as the product of the return coefficient could also be 

allowed to differ and maybe then more interesting robust results would come. Perhaps the 

process of integration could come one step closer to be explained. Maybe a higher order 

GARCH model, like GARCH (2.2) would be more suitable if a robustness test was 

possible for calculating the long-run covariance level. 
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Appendix 1, 

A, Convergence criteria EMU: 
Fiscal Policy convergence criteria: 

Budget deficit ≤  3% of GDP 

Government dept ≤  60% of GDP 

 

Monetary policy convergence criteria:  

Inflation ≤  1, 5% above the three best performing countries 

Long-term interest rates ≤  2% above the three best performing countries  

Source: Copeland, 2000  

B, Assumptions of the classical model: 
Assumption 1. The regression model is linear in the parameters. 

Assumption 2. The values of the regressors, the X’s, are fixed in repeated sampling. 

Assumption 3. For given X’s, the mean value of the disturbance ui is zero. 

Assumption 4. For given X’s, the variance of ui is constant or homoscedastistic. 

Assumption 5. For given X’s, there is no autocorrelation in disturbances. 

Assumption 6. If the X’s are stochastic, the disturbance term and the (stochastic) X’s are 

independent or at least uncorrelated. 

Assumption 7. The number of observations must be greater than the number of 

regressors. 

Assumption 8. There must be sufficient variability in the values taken by the regressors. 

Assumption 9. The regression model is correctly specified. 

Assumption 10. There is no exact linear relationship ( i.e., multicollinearity) in the 

regressors. 

Assumption 11. The stochastic (disturbance) term ui is normally distributed. 

Source: Gujarati, 2003, p. 335 

C, T-test, F-test 
The T-test is a test of significance of the regression coefficients by which sample results 

are used to verify the truth or falsity of a null hypothesis. The exact level of significance 
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is shown by the probability, p-value, which is the lowest level of significance at which 

the null hypothesis can be rejected (Gujarati, 2003). 

 

The F-test which is measure of the overall significance of the estimated regression also 

serves as test of significance of R2. The reason for this is that R2 and F are related and 

vary directly, when R2 =0, F =0 as well. This is through: 

TSS
ESSR =2           

)/(
)1/(

knRSS
kESSF
−
−

=          

ESSRSSTSS +=          

 Where TSS stands for total sum of squares, RSS is residual sum of squares and ESS is 

the explained sum of squares, k is total number of parameters to estimate and n is the 

number of observations, degrees of freedom. A residual is the difference, or error, 

between the observed value and the model predicted value (ibid.).  

 

The T-test and F-test can only be used if the residuals are normally distributed according 

to the assumptions of the classical model. The exact level of significance that is 

expressed in presented tables has nothing to do with the T- and F-tests. 
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Appendix 2, Regression Results 
 
The Regression equation: 

1110 cov)(covcov −−− +⋅++= ttjitij uuD βαβω   

Finland/Spain 
Coefficients(a) 

Model   
Unstandardized 

Coefficients 
Standardized 
Coefficients t Sig. Collinearity Statistics 

    B Std. Error Beta     Tolerance VIF 
1 (Constant) ,000273 ,000  1,849 ,067   
  LAGS(covFiSp,1) ,718 ,057 ,718 12,630 ,000 ,463 2,158
  LAGS(RFiSp,1) ,021 ,013 ,067 1,650 ,102 ,899 1,112
  DcovFiSp ,228 ,056 ,223 4,063 ,000 ,499 2,005

a  Dependent Variable: covFiSp 
 
 Model Summary(b) 
 

Model R R Square 
Adjusted R 

Square 
Std. Error of 
the Estimate 

1 ,907(a) ,823 ,819 ,00110944
a  Predictors: (Constant), DcovFiSp, LAGS(RFiSp,1), LAGS(covFiSp,1) 
b  Dependent Variable: covFiSp 
 
 
 
Finland/Germany 
 
Coefficients(a) 

Model   
Unstandardized 

Coefficients 
Standardized 
Coefficients t Sig. Collinearity Statistics 

    B Std. Error Beta     Tolerance VIF 
1 (Constant) ,000593 ,000  3,944 ,000   
  DcovFiGer ,392 ,051 ,448 7,647 ,000 ,345 2,902
  LAGS(covFinGer

,1) ,518 ,060 ,519 8,615 ,000 ,325 3,073

  LAGS(RFinGer,1
) ,008 ,011 ,027 ,736 ,463 ,896 1,116

a  Dependent Variable: covFinGer 
 
 Model Summary(b) 
 

Model R R Square 
Adjusted R 

Square 
Std. Error of 
the Estimate 

1 ,928(a) ,861 ,857 ,00098830
a  Predictors: (Constant), LAGS(RFinGer,1), DcovFiGer, LAGS(covFinGer,1) 
b  Dependent Variable: covFinGer 
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Finland/Ireland 
 
Coefficients(a) 

Unstandardized 
Coefficients 

Standardized 
Coefficients Collinearity Statistics 

Model   B Std. Error Beta t Sig. Tolerance VIF 
(Constant) ,000250 ,000  2,236 ,027   
DcovFiIr ,242 ,053 ,250 4,594 ,000 ,471 2,121
LAGS(covFi
nIr,1) ,721 ,057 ,724 12,573 ,000 ,420 2,382

1 

LAGS(RFiIr,
1) -,006 ,013 -,019 -,464 ,644 ,846 1,182

a  Dependent Variable: covFinIr 
 
 Model Summary(b) 
 

Model R R Square 
Adjusted R 

Square 
Std. Error of 
the Estimate 

1 ,914(a) ,836 ,831 ,00081745
a  Predictors: (Constant), LAGS(RFiIr,1), DcovFiIr, LAGS(covFinIr,1) 
b  Dependent Variable: covFinIr 
 
 
Finland/France 
 
Coefficients(a) 

Unstandardized 
Coefficients 

Standardized 
Coefficients Collinearity Statistics 

Model   B Std. Error Beta t Sig. Tolerance VIF 
(Constant) ,000230 ,000  1,935 ,055   
DcovFiFr ,347 ,051 ,358 6,851 ,000 ,343 2,919
LAGS(covFi
nFr,1) ,628 ,054 ,628 11,589 ,000 ,319 3,133

1 

LAGS(RFiFr,
1) ,001 ,011 ,003 ,099 ,921 ,869 1,151

a  Dependent Variable: covFinFr 
 
 Model Summary(b) 
 

Model R R Square 
Adjusted R 

Square 
Std. Error of 
the Estimate 

1 ,943(a) ,889 ,887 ,00087732
a  Predictors: (Constant), LAGS(RFiFr,1), DcovFiFr, LAGS(covFinFr,1) 
b  Dependent Variable: covFinFr 
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Ireland/Spain 
 
Coefficients(a) 

Unstandardized 
Coefficients 

Standardized 
Coefficients Collinearity Statistics 

Model   B Std. Error Beta t Sig. Tolerance VIF 
(Constant) ,000122 ,000  1,450 ,150   
DcovIrSp ,260 ,058 ,255 4,512 ,000 ,281 3,562
LAGS(covIr
Sp,1) ,695 ,060 ,695 11,654 ,000 ,253 3,953

1 

LAGS(RIrSp
,1) ,026 ,013 ,065 1,963 ,052 ,824 1,214

a  Dependent Variable: covIrSp 
 
 Model Summary(b) 
 

Model R R Square 
Adjusted R 

Square 
Std. Error of 
the Estimate 

1 ,945(a) ,894 ,891 ,00069476
a  Predictors: (Constant), LAGS(RIrSp,1), DcovIrSp, LAGS(covIrSp,1) 
b  Dependent Variable: covIrSp 
 
 
 
Italy/Spain 
   
Coefficients(a) 

Unstandardized 
Coefficients 

Standardized 
Coefficients Collinearity Statistics 

Model   B Std. Error Beta t Sig. Tolerance VIF 
(Constant) ,000190 ,000  1,753 ,082   
DcovItSp ,117 ,049 ,118 2,386 ,019 ,477 2,097
LAGS(covIt
Sp,1) ,810 ,052 ,810 15,666 ,000 ,436 2,292

1 

LAGS(RItSp
,1) ,033 ,013 ,092 2,517 ,013 ,875 1,142

a Dependent variable: covItSp 
 
 Model Summary(b) 
 

Model R R Square 
Adjusted R 

Square 
Std. Error of 
the Estimate 

1 ,929(a) ,862 ,859 ,00076794
a  Predictors: (Constant), LAGS(RItSp,1), DcovItSp, LAGS(covItSp,1) 
b  Dependent Variable: covItSp 
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Spain/Sweden 
 
Coefficients(a) 

Unstandardized 
Coefficients 

Standardized 
Coefficients Collinearity Statistics 

Model   B Std. Error Beta t Sig. Tolerance VIF 
(Constant) ,000284 ,000  2,314 ,022   
DcovSpSwe ,222 ,048 ,244 4,652 ,000 ,334 2,995
LAGS(covSp
Swe,1) ,701 ,054 ,700 12,976 ,000 ,317 3,158

1 

LAGS(RSpSw
e,1) ,037 ,012 ,094 2,938 ,004 ,893 1,119

a  Dependent Variable: covSpSwe 
 
 Model Summary(b) 
 

Model R R Square 
Adjusted R 

Square 
Std. Error of 
the Estimate 

1 ,944(a) ,891 ,888 ,00083164
a  Predictors: (Constant), LAGS(RSpSwe,1), DcovSpSwe, LAGS(covSpSwe,1) 
b  Dependent Variable: covSpSwe 
 
 
 
Italy/Switzerland 
   
Coefficients(a) 

Unstandardized 
Coefficients 

Standardized 
Coefficients Collinearity Statistics 

Model   B Std. Error Beta t Sig. Tolerance VIF 
(Constant) 4,577E-05 ,000  ,732 ,466   
DcovItSwi ,089 ,055 ,074 1,611 ,110 ,392 2,552
LAGS(covItS
wi,1) ,860 ,049 ,862 17,560 ,000 ,341 2,936

1 

LAGS(RItSw
i,1) ,033 ,013 ,081 2,503 ,014 ,778 1,285

a  Dependent Variable: covItSwi 
 
 Model Summary(b) 
 

Model R R Square 
Adjusted R 

Square 
Std. Error of 
the Estimate 

1 ,950(a) ,903 ,901 ,00052719
a  Predictors: (Constant), LAGS(RItSwi,1), DcovItSwi, LAGS(covItSwi,1) 
b  Dependent Variable: covItSwi 
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Switzerland/Germany 
  
Coefficients(a) 

Unstandardized 
Coefficients 

Standardized 
Coefficients Collinearity Statistics 

Model   B Std. Error Beta t Sig. Tolerance VIF 
(Constant) ,000205 ,000  2,380 ,019   
DcovSwiGer ,256 ,057 ,262 4,458 ,000 ,378 2,646
LAGS(covSwi
Ger,1) ,682 ,062 ,686 11,031 ,000 ,336 2,974

1 

LAGS(RSwiG
er,1) ,013 ,013 ,042 1,051 ,295 ,829 1,206

a  Dependent Variable: covSwiGer 
 
 
 Model Summary(b) 
 

Model R R Square 
Adjusted R 

Square 
Std. Error of 
the Estimate 

1 ,920(a) ,846 ,843 ,00064378
a  Predictors: (Constant), LAGS(RSwiGer,1), DcovSwiGer, LAGS(covSwiGer,1) 
b  Dependent Variable: covSwiGer 
 
 
 
Germany/Spain 
  
Coefficients(a) 

Unstandardized 
Coefficients 

Standardized 
Coefficients Collinearity Statistics 

Model   B Std. Error Beta t Sig. Tolerance VIF 
(Constant) ,000297 ,000  2,647 ,009   
DcovGerSp ,361 ,055 ,379 6,576 ,000 ,259 3,854
LAGS(covGer
Sp,1) ,572 ,059 ,573 9,655 ,000 ,244 4,098

1 

LAGS(RGerS
p,1) ,029 ,012 ,079 2,501 ,014 ,872 1,147

a  Dependent Variable: covGerSp 
 
 Model Summary(b) 
 

Model R R Square 
Adjusted R 

Square 
Std. Error of 
the Estimate 

1 ,948(a) ,898 ,896 ,00085486
a  Predictors: (Constant), LAGS(RGerSp,1), DcovGerSp, LAGS(covGerSp,1) 
b  Dependent Variable: covGerSp 
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Germany/Italy 
 
Coefficients(a) 

Unstandardized 
Coefficients 

Standardized 
Coefficients Collinearity Statistics 

Model   B Std. Error Beta t Sig. Tolerance VIF 
(Constant) ,000261 ,000  2,677 ,008   
DcovGerIt ,383 ,053 ,404 7,259 ,000 ,281 3,564
LAGS(CovG
erIt,1) ,553 ,057 ,554 9,738 ,000 ,269 3,724

1 

LAGS(RGerIt
,1) ,026 ,012 ,068 2,151 ,033 ,868 1,153

a  Dependent Variable: CovGerIt 
  
 Model Summary(b) 
 

Model R R Square 
Adjusted R 

Square 
Std. Error of 
the Estimate 

1 ,947(a) ,898 ,895 ,00073180
a  Predictors: (Constant), LAGS(RGerIt,1), DcovGerIt, LAGS(CovGerIt,1) 
b  Dependent Variable: CovGerIt 
 
 
 
France/Ireland 
 
Coefficients(a) 

Unstandardized 
Coefficients 

Standardized 
Coefficients Collinearity Statistics 

Model   B Std. Error Beta t Sig. Tolerance VIF 
(Constant) ,000172 ,000  2,865 ,005   
DcovFrIr ,408 ,053 ,430 7,770 ,000 ,218 4,588
LAGS(covFr
Ir,1) ,548 ,058 ,548 9,498 ,000 ,201 4,975

1 

LAGS(RFrIr
,1) ,010 ,012 ,025 ,880 ,381 ,807 1,238

a  Dependent Variable: covFrIr 
 
 Model Summary(b) 
 

Model R R Square 
Adjusted R 

Square 
Std. Error of 
the Estimate 

1 ,960(a) ,921 ,919 ,00047467
a  Predictors: (Constant), LAGS(RFrIr,1), DcovFrIr, LAGS(covFrIr,1) 
b  Dependent Variable: covFrIr 
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France/Spain 
 
Coefficients(a) 

Unstandardized 
Coefficients 

Standardized 
Coefficients Collinearity Statistics 

Model   B Std. Error Beta t Sig. Tolerance VIF 
(Constant) ,000449 ,000  1,802 ,074   
DcovFrSp ,166 ,048 ,174 3,470 ,001 ,384 2,602
LAGS(covFr
Sp,1) ,768 ,052 ,767 14,649 ,000 ,353 2,835

1 

LAGS(RFrS
p,1) ,033 ,013 ,087 2,623 ,010 ,871 1,148

a  Dependent Variable: covFrSp 
 
 Model Summary(b) 
 

Model R R Square 
Adjusted R 

Square 
Std. Error of 
the Estimate 

1 ,941(a) ,886 ,883 ,00068307
a  Predictors: (Constant), LAGS(RFrSp,1), DcovFrSp, LAGS(covFrSp,1) 
b  Dependent Variable: covFrSp 
 
 
 
France/Italy 
 
Coefficients(a) 

Unstandardized 
Coefficients 

Standardized 
Coefficients Collinearity Statistics 

Model   B Std. Error Beta t Sig. Tolerance VIF 
(Constant) ,000177 ,000  1,996 ,048   
DcovFrIt ,165 ,045 ,176 3,636 ,000 ,434 2,304
LAGS(covFr
It,1) ,764 ,051 ,764 15,097 ,000 ,399 2,504

1 

LAGS(RFrIt,
1) ,033 ,013 ,084 2,449 ,016 ,862 1,160

a  Dependent Variable: covFrIt 
 
 Model Summary(b) 
 

Model R R Square 
Adjusted R 

Square 
Std. Error of 
the Estimate 

1 ,938(a) ,879 ,876 ,00059678
a  Predictors: (Constant), LAGS(RFrIt,1), DcovFrIt, LAGS(covFrIt,1) 
b  Dependent Variable: covFrIt 
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France/Sweden 
  
Coefficients(a) 

Unstandardized 
Coefficients 

Standardized 
Coefficients Collinearity Statistics 

Model   B Std. Error Beta t Sig. Tolerance VIF 
(Constant) ,000229 ,000  2,293 ,024   
DcovFrSwe ,269 ,047 ,290 5,698 ,000 ,268 3,731
LAGS(covFrS
we,1) ,675 ,053 ,674 12,816 ,000 ,252 3,971

1 

LAGS(RFrSw
e,1) ,024 ,013 ,054 1,866 ,065 ,819 1,221

a  Dependent Variable: covFrSwe 
 
 Model Summary(b) 
 

Model R R Square 
Adjusted R 

Square 
Std. Error of 
the Estimate 

1 ,958(a) ,918 ,916 ,00070599
a  Predictors: (Constant), LAGS(RFrSwe,1), DcovFrSwe, LAGS(covFrSwe,1) 
b  Dependent Variable: covFrSwe 
 
 
 
France/Switzerland 
 
Coefficients(a) 

Unstandardized 
Coefficients 

Standardized 
Coefficients Collinearity Statistics 

Model   B Std. Error Beta t Sig. Tolerance VIF 
(Constant) ,000130 ,000  1,756 ,082   
DcovFrSwi ,154 ,054 ,153 2,844 ,005 ,405 2,467
LAGS(covFr
Swi,1) ,776 ,057 ,778 13,639 ,000 ,362 2,761

1 

LAGS(RFrSw
i,1) ,029 ,014 ,081 2,153 ,033 ,829 1,206

a  Dependent Variable: covFrSwi 
 
  
 Model Summary(b) 
 

Model R R Square 
Adjusted R 

Square 
Std. Error of 
the Estimate 

1 ,928(a) ,861 ,857 ,00053842
a  Predictors: (Constant), LAGS(RFrSwi,1), DcovFrSwi, LAGS(covFrSwi,1) 
b  Dependent Variable: covFrSwi 
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Germany/Ireland 
 
Coefficients(a) 

Unstandardized 
Coefficients 

Standardized 
Coefficients Collinearity Statistics 

Model   B Std. Error Beta t Sig. Tolerance VIF 
(Constant) ,000300 ,000  3,993 ,000   
DcovGerIr ,539 ,052 ,574 10,299 ,000 ,179 5,580
LAGS(covGe
rIr,1) ,395 ,057 ,395 6,906 ,000 ,170 5,882

1 

LAGS(RGerI
r,1) ,020 ,011 ,047 1,817 ,072 ,815 1,228

a  Dependent Variable: covGerIr 
 
 
 Model Summary(b) 
 

Model R R Square 
Adjusted R 

Square 
Std. Error of 
the Estimate 

1 ,967(a) ,934 ,933 ,00059716
a  Predictors: (Constant), LAGS(RGerIr,1), DcovGerIr, LAGS(covGerIr,1) 
b  Dependent Variable: covGerIr 
 
  
 
Ireland/Italy 
 
Coefficients(a) 

Unstandardized 
Coefficients 

Standardized 
Coefficients Collinearity Statistics 

Model   B Std. Error Beta t Sig. Tolerance VIF 
(Constant) ,000174 ,000  2,881 ,005   
DcovIrIt ,456 ,058 ,472 7,864 ,000 ,257 3,891
LAGS(covIr
It,1) ,495 ,063 ,495 7,881 ,000 ,235 4,252

1 

LAGS(RIrIt,
1) ,012 ,012 ,035 1,048 ,297 ,837 1,194

a  Dependent Variable: covIrIt 
 
 
 Model Summary(b) 
 

Model R R Square 
Adjusted R 

Square 
Std. Error of 
the Estimate 

1 ,944(a) ,891 ,888 ,00049148
a  Predictors: (Constant), LAGS(RIrIt,1), DcovIrIt, LAGS(covIrIt,1) 
b  Dependent Variable: covIrIt 
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Sweden/Switzerland 
 
Coefficients(a) 

a  Dependent Variable: covSweSwi 
 
 
 Model Summary(b) 
 

Model R R Square 
Adjusted R 

Square 
Std. Error of 
the Estimate 

1 ,930(a) ,864 ,861 ,00064731
a  Predictors: (Constant), LAGS(RSweSwi,1), DcovSweSwi, LAGS(covSweSwi,1) 
b  Dependent Variable: covSweSwi 
 
 
 
Italy/Sweden 
 
Coefficients(a) 

a  Dependent Variable: covItSwe 
 
 
 Model Summary(b) 
 

Model R R Square 
Adjusted R 

Square 
Std. Error of 
the Estimate 

1 ,944(a) ,891 ,888 ,00074899
a  Predictors: (Constant), LAGS(RItSwe,1), DcovItSwe, LAGS(covItSwe,1) 
b  Dependent Variable: covItSwe 
 
 
 

Unstandardized 
Coefficients 

Standardized 
Coefficients Collinearity Statistics 

Model   B Std. Error Beta t Sig. Tolerance VIF 
(Constant) ,000174 ,000  2,061 ,042   
DcovSweSwi ,228 ,056 ,231 4,101 ,000 ,363 2,754
LAGS(covSwe
Swi,1) ,707 ,059 ,707 11,910 ,000 ,327 3,058

1 

LAGS(RSweS
wi,1) ,028 ,013 ,078 2,121 ,036 ,843 1,187

Unstandardized 
Coefficients 

Standardized 
Coefficients Collinearity Statistics 

Model   B Std. Error Beta t Sig. Tolerance VIF 
(Constant) ,000281 ,000  2,686 ,008   
DcovItSwe ,309 ,051 ,333 6,029 ,000 ,303 3,296
LAGS(covItS
we,1) ,613 ,056 ,613 10,865 ,000 ,291 3,437

1 

LAGS(RItSw
e,1) ,034 ,013 ,086 2,638 ,009 ,867 1,153
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Finland/Italy 
 
Coefficients(a) 

Unstandardized 
Coefficients 

Standardized 
Coefficients Collinearity Statistics 

Model   B Std. Error Beta t Sig. Tolerance VIF 
(Constant) ,000444 ,000  3,302 ,001   
DcovFiIta ,367 ,053 ,406 6,869 ,000 ,446 2,244
LAGS(covFiI
ta,1) ,546 ,061 ,546 8,962 ,000 ,419 2,389

1 

LAGS(RfiIta,
1) ,013 ,012 ,047 1,133 ,259 ,903 1,107

a  Dependent Variable: covFiIta 
 
 
 Model Summary(b) 
 

Model R R Square 
Adjusted R 

Square 
Std. Error of 
the Estimate 

1 ,904(a) ,817 ,812 ,00090079
a  Predictors: (Constant), LAGS(RfiIta,1), DcovFiIta, LAGS(covFiIta,1) 
b  Dependent Variable: covFiIta 
 
 
Finland/Sweden 
 
Coefficients(a) 

Unstandardized 
Coefficients 

Standardized 
Coefficients Collinearity Statistics 

Model   B Std. Error Beta t Sig. Tolerance VIF 
(Constant) ,001073 ,000  5,096 ,000   
DcovFiSwe ,417 ,047 ,511 8,931 ,000 ,359 2,785
LAGS(covFiS
we,1) ,469 ,059 ,469 7,890 ,000 ,332 3,011

1 

LAGS(RFiSw
e,1) -,001 ,011 -,004 -,120 ,905 ,861 1,162

a  Dependent Variable: covFiSwe 
 
 
 Model Summary(b) 
 

Model R R Square 
Adjusted R 

Square 
Std. Error of 
the Estimate 

1 ,928(a) ,861 ,858 ,00117603
a  Predictors: (Constant), LAGS(RFiSwe,1), DcovFiSwe, LAGS(covFiSwe,1) 
b  Dependent Variable: covFiSwe 
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Germany/Sweden 
 
Coefficients(a) 

Unstandardized 
Coefficients 

Standardized 
Coefficients Collinearity Statistics 

Model   B Std. Error Beta t Sig. Tolerance VIF 
(Constant) ,000509 ,000  4,338 ,000   
DcovGerSwe ,444 ,049 ,496 9,034 ,000 ,186 5,385
LAGS(covGer
Swe,1) ,473 ,055 ,474 8,542 ,000 ,182 5,503

1 

LAGS(RGerS
we,1) ,020 ,011 ,047 1,823 ,071 ,827 1,210

a  Dependent Variable: covGerSwe 
 
 
 Model Summary(b) 
 

Model R R Square 
Adjusted R 

Square 
Std. Error of 
the Estimate 

1 ,966(a) ,934 ,932 ,00081772
a  Predictors: (Constant), LAGS(RGerSwe,1), DcovGerSwe, LAGS(covGerSwe,1) 
b  Dependent Variable: covGerSwe 
 
 
 
Ireland/Sweden 
  
Coefficients(a) 

a  Dependent Variable: covIrSwe 
 
 
 Model Summary(b) 
 

Model R R Square 
Adjusted R 

Square 
Std. Error of 
the Estimate 

1 ,963(a) ,928 ,926 ,00059100
a  Predictors: (Constant), LAGS(RIrSwe,1), DcovIrSwe, LAGS(covIrSwe,1) 
b  Dependent Variable: covIrSwe 
 
 
 
 

Unstandardized 
Coefficients 

Standardized 
Coefficients Collinearity Statistics 

Model   B Std. Error Beta t Sig. Tolerance VIF 
(Constant) ,000272 ,000  3,605 ,000   
DcovIrSwe ,449 ,052 ,480 8,689 ,000 ,200 4,998
LAGS(covIrS
we,1) ,492 ,057 ,492 8,688 ,000 ,191 5,248

1 

LAGS(RIrSw
e,1) ,017 ,011 ,041 1,502 ,136 ,822 1,216
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Ireland/Switzerland 
 
Coefficients(a) 

Unstandardized 
Coefficients 

Standardized 
Coefficients Collinearity Statistics 

Model   B Std. Error Beta t Sig. Tolerance VIF 
(Constant) ,000112 ,000  1,855 ,066   
DcovIrSwi ,325 ,065 ,325 4,998 ,000 ,285 3,515
LAGS(covIrS
wi,1) ,633 ,070 ,632 9,048 ,000 ,246 4,063

1 

LAGS(RIrSw
i,1) ,007 ,014 ,020 ,500 ,618 ,757 1,321

a  Dependent Variable: covIrSwi 
 
 Model Summary(b) 
 

Model R R Square 
Adjusted R 

Square 
Std. Error of 
the Estimate 

1 ,926(a) ,858 ,854 ,00046853
a  Predictors: (Constant), LAGS(RIrSwi,1), DcovIrSwi, LAGS(covIrSwi,1) 
b  Dependent Variable: covIrSwi 
 
 
 
Spain/Switzerland 
 
Coefficients(a) 

Unstandardized 
Coefficients 

Standardized 
Coefficients Collinearity Statistics 

Model   B Std. Error Beta t Sig. Tolerance VIF 
(Constant) 9,983E-05 ,000  1,147 ,254   
DcovSpSwi ,107 ,063 ,094 1,688 ,094 ,359 2,786
LAGS(covSp
Swi,1) ,834 ,059 ,834 14,133 ,000 ,320 3,123

1 

LAGS(RSpS
wi,1) ,027 ,015 ,072 1,881 ,062 ,756 1,323

a  Dependent Variable: covSpSwi 
 
 
 Model Summary(b) 
 

Model R R Square 
Adjusted R 

Square 
Std. Error of 
the Estimate 

1 ,932(a) ,868 ,865 ,00073859
a  Predictors: (Constant), LAGS(RSpSwi,1), DcovSpSwi, LAGS(covSpSwi,1) 
b  Dependent Variable: covSpSwi 
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Switzerland/Finland 
 
Coefficients(a) 

Unstandardized 
Coefficients 

Standardized 
Coefficients Collinearity Statistics 

Model   B Std. Error Beta t Sig. Tolerance VIF 
(Constant) ,000130 ,000  1,302 ,195   
DcovSwiFi ,239 ,062 ,217 3,834 ,000 ,446 2,244
LAGS(covSw
iFi,1) ,728 ,059 ,728 12,271 ,000 ,406 2,461

1 

LAGS(RswiFi
,1) ,014 ,013 ,041 1,018 ,311 ,865 1,156

a  Dependent Variable: covSwiFi 
 
 
 Model Summary(b) 
 

Model R R Square 
Adjusted R 

Square 
Std. Error of 
the Estimate 

1 ,912(a) ,831 ,827 ,00082446
a  Predictors: (Constant), LAGS(RswiFi,1), DcovSwiFi, LAGS(covSwiFi,1) 
b  Dependent Variable: covSwiFi 
 
 
 
Germany/France 
 
Coefficients(a) 

a  Dependent Variable: covGerFr 
 
 Model Summary(b) 
 

Model R R Square 
Adjusted R 

Square 
Std. Error of 
the Estimate 

1 ,958(a) ,917 ,915 ,00070707
a  Predictors: (Constant), LAGS(RGerFr,1), DcovGerFr, LAGS(covGerFr,1) 
b  Dependent Variable: covGerFr 
 
   

Unstandardized 
Coefficients 

Standardized 
Coefficients Collinearity Statistics 

Model   B Std. Error Beta t Sig. Tolerance VIF 
(Constant) ,000353 ,000  3,555 ,001   
DcovGerFr ,399 ,050 ,440 7,974 ,000 ,231 4,321
LAGS(covGe
rFr,1) ,530 ,057 ,530 9,377 ,000 ,220 4,541

1 

LAGS(RGerF
r,1) ,017 ,012 ,043 1,460 ,147 ,827 1,209
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 Appendix 3, Example of PACF, ACF graphs 
 
 Autocorrelations 
 
Series: Residual for covFiSp  

Box-Ljung Statistic 

Lag 
Autocorrelat

ion Std.Error(a) Value df Sig.(b) 
1 ,076 ,089 ,724 1 ,395
2 ,208 ,089 6,164 2 ,046
3 ,157 ,089 9,315 3 ,025
4 ,054 ,088 9,689 4 ,046
5 ,046 ,088 9,966 5 ,076
6 ,205 ,088 15,430 6 ,017
7 ,013 ,087 15,453 7 ,031
8 -,036 ,087 15,628 8 ,048
9 ,039 ,086 15,833 9 ,070
10 -,243 ,086 23,827 10 ,008
11 ,083 ,086 24,768 11 ,010
12 ,040 ,085 24,991 12 ,015
13 -,073 ,085 25,721 13 ,019
14 -,018 ,084 25,767 14 ,028
15 ,081 ,084 26,685 15 ,031
16 ,001 ,084 26,685 16 ,045
     

a  The underlying process assumed is independence (white noise)  
b  Based on the asymptotic chi-square approximation. 
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Series: Residual for covGerFr  

Box-Ljung Statistic 

Lag 
Autocorrelat

ion Std.Error(a) Value df Sig.(b) 
1 ,234 ,089 6,822 1 ,009
2 ,327 ,089 20,308 2 ,000
3 ,159 ,089 23,531 3 ,000
4 ,104 ,088 24,913 4 ,000
5 ,121 ,088 26,810 5 ,000
6 ,209 ,088 32,511 6 ,000
7 ,139 ,087 35,052 7 ,000
8 -,020 ,087 35,105 8 ,000
9 ,092 ,086 36,239 9 ,000
10 -,044 ,086 36,504 10 ,000
11 ,022 ,086 36,573 11 ,000
12 ,192 ,085 41,656 12 ,000
13 -,003 ,085 41,657 13 ,000
14 -,063 ,084 42,208 14 ,000
15 -,021 ,084 42,270 15 ,000
16 -,073 ,084 43,040 16 ,000

a  The underlying process assumed is independence (white noise). 
b  Based on the asymptotic chi-square approximation. 
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Series: Residual for covFrIt  

Box-Ljung Statistic 

Lag 
Autocorrelat

ion Std.Error(a) Value df Sig.(b) 
1 ,088 ,089 ,966 1 ,326
2 ,185 ,089 5,298 2 ,071
3 ,031 ,089 5,420 3 ,144
4 -,043 ,088 5,654 4 ,227
5 ,016 ,088 5,685 5 ,338
6 ,158 ,088 8,923 6 ,178
7 ,097 ,087 10,157 7 ,180
8 -,029 ,087 10,269 8 ,247
9 ,029 ,086 10,378 9 ,321
10 -,179 ,086 14,691 10 ,144
11 -,011 ,086 14,708 11 ,196
12 ,157 ,085 18,098 12 ,113
13 -,015 ,085 18,129 13 ,153
14 ,076 ,084 18,931 14 ,168
15 ,009 ,084 18,942 15 ,216
16 ,059 ,084 19,432 16 ,247

a  The underlying process assumed is independence (white noise). 
b  Based on the asymptotic chi-square approximation. 
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Series: Residual for covIrSwi  

Box-Ljung Statistic 

Lag 
Autocorrelat

ion Std.Error(a) Value df Sig.(b) 
1 ,110 ,089 1,512 1 ,219
2 ,279 ,089 11,320 2 ,003
3 ,118 ,089 13,105 3 ,004
4 ,022 ,088 13,169 4 ,010
5 ,030 ,088 13,288 5 ,021
6 ,186 ,088 17,801 6 ,007
7 ,045 ,087 18,072 7 ,012
8 ,024 ,087 18,147 8 ,020
9 ,097 ,086 19,402 9 ,022
10 -,252 ,086 27,963 10 ,002
11 ,052 ,086 28,331 11 ,003
12 -,025 ,085 28,420 12 ,005
13 -,002 ,085 28,420 13 ,008
14 -,067 ,084 29,048 14 ,010
15 ,033 ,084 29,204 15 ,015
16 -,066 ,084 29,828 16 ,019

a  The underlying process assumed is independence (white noise). 
b  Based on the asymptotic chi-square approximation. 
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Appendix 4, Sequence Plot 
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