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Abstract  

 

It is widely accepted that diversifying internationally is a sound strategy because correlations among 

securities in different countries are lower as compared to local securities.  We argue however, that in 

some instances, diversifying internationally might not be as effective; therefore, investors need to be 

careful in choosing where to diversify internationally.   

For investors with longer time horizons, if countries share common long term movements, the 

benefits of international diversification will be diminished.  We argue that international 

diversification will benefit investors only in the cases that the home country does not cointegrate 

with the foreign market.  To verify this argument, this paper uses cointegration techniques to 

investigate long term movements between The U.S. and 15 foreign markets, and then uses country 

ETFs (Exchange Traded Funds) to build portfolios constructed by combining the findings of the 

cointegration techniques with Modern Portfolio Theory (MPT) and compares the results against 

portfolios built solely on MPT. 

The results clearly support our hypothesis as in more than 90% of the cases tested, the portfolios 

constructed by combining the findings of our cointegration analysis with the optimization techniques 

of MPT outperform - in a risk adjusted basis - portfolios constructed only by using the optimization 

techniques used by MPT.   

 

 



 
 

TABLE OF CONTENTS 
I. INTRODUCTION ..................................................................................................................................... 3 

II. PROBLEM STATEMENT. ......................................................................................................................... 6 

III. STRUCTURE. .......................................................................................................................................... 8 

IV. DELIMITATIONS AND LIMITATIONS. ..................................................................................................... 9 

V. PREVIOUS LITERATURE. ...................................................................................................................... 10 

VI. CONTRIBUTIONS TO PREVIOUS LITERATURE. ..................................................................................... 15 

VII. THEORETHICAL FRAMEWORK. ............................................................................................................ 17 

7.1. The case for international diversification ................................................................................... 17 

7.1.1. Investing in Emerging Markets. .......................................................................................... 18 

7.2. The case against international diversification ............................................................................ 19 

7.2.1. Increasing correlations ........................................................................................................ 19 

7.2.2. Transaction costs ................................................................................................................ 20 

7.2.3. Taxes ................................................................................................................................... 20 

7.2.4. Liquidity ............................................................................................................................... 21 

7.2.5. Regulatory and Political risk ................................................................................................ 21 

7.3. Conclusion on international diversification ................................................................................ 21 

7.4. Correlations or cointegration for international diversification? ................................................. 21 

7.5. Stationarity and non stationary in time series ............................................................................ 22 

7.6. Cointegration .............................................................................................................................. 28 

VIII. ANALYSIS OF COMMON MOVEMENTS BETWEEN THE 16 STOCK MARKETS. ..................................... 29 

8.1. Methodology. .............................................................................................................................. 30 

8.2. Tests for stationarity and cointegration. .................................................................................... 33 

8.2.1. The ADF test for unit roots .................................................................................................. 33 

8.2.2. Cointegration test . .............................................................................................................. 36 

8.2.2.1.         The Engle Granger test.  Drawbacks. .............................................................................. 36 

8.2.2.2.         The Johansen test for cointegration. .............................................................................. 37 

8.3. Data ............................................................................................................................................. 40 

8.4. Empirical results. ......................................................................................................................... 44 

8.4.1. Graphical Analysis. .............................................................................................................. 44 

8.4.2. Unit Root test. ..................................................................................................................... 45 

8.4.3. Difference Stationary process ............................................................................................. 46 

8.4.4. Model diagnostic checks. .................................................................................................... 48 



2 
 

8.4.5. Bivariate Johansen cointegration test.  Period 1: September 1995 to December 2002. ... 51 

8.4.6. Bivariate Johansen cointegration test.  Period 2: January 2003 to May 2010. .................. 53 

8.4.7. Bivariate Johansen cointegration test.  Period 3: July 2007 to May 2010. ......................... 55 

8.4.8. Multivariate cointegration test. .......................................................................................... 57 

8.4.9. The VECM and testing restrictions on α and β between the 5 European markets. ............ 58 

8.4.10. Conclusion.  Recommended countries to diversify. ........................................................... 64 

IX. ANALYSIS OF COUNTRY ETFs AND THEIR UNDERLYING INDEXES. ...................................................... 64 

9.1. Passive investment vehicles, Mutual funds and ETFs ................................................................. 64 

9.2. How well the ETF’s track their indexes? ..................................................................................... 68 

9.3. IShares FTSE / Xinhua China 25 ETF (FXI) .................................................................................... 71 

9.4. Conclusion. .................................................................................................................................. 71 

X. TESTING OUR ANALYSIS BY COMPARING PORTFOLIOS. ..................................................................... 72 

10.1. MPT and criticisms. ................................................................................................................. 72 

10.2. Portfolio performance measures. Sharpe ratio. ..................................................................... 73 

10.3. Comparing portfolios. ............................................................................................................. 73 

10.3.1. Same buying date, different length of information. ........................................................... 73 

10.3.2. Different buying dates, using as much information as possible. ........................................ 75 

10.3.3. Three strategies for each period. ........................................................................................ 75 

10.3.4. Comparing portfolios. Results. ............................................................................................ 76 

XI. CONCLUSIONS. .................................................................................................................................... 79 

XII. REFERENCES. ....................................................................................................................................... 81 

APPENDIX # 1: Trend and correlation analysis. 16 Stock indexes in levels................................................. 84 

APPENDIX # 2: Trend and correlation analysis. 16 Stock indexes in first differences. ............................... 87 

APPENDIX # 3: Johansen cointegration test.  Period 1: September 1995 - December 2002. .................... 90 

APPENDIX # 4: Johansen cointegration test.  Period 2: January 2003 to May 2010. ................................. 94 

APPENDIX # 5: Johansen cointegration test. Selected countries for the period 1995 - 2010. ................... 98 

APPENDIX # 6: Johansen cointegration test.  Period July 2007 to May 2010. .......................................... 101 

APPENDIX # 7: Multivariate Johansen cointegration test. Different countries. ....................................... 105 

APPENDIX # 8:  SAS coding for various tests. ............................................................................................ 107 

APPENDIX # 9: Testing restriction on β and α. .......................................................................................... 108 

APPENDIX # 10: Testing for cointegration rank and restrictions on β and α.  Europe and SP ................. 110 

APPENDIX # 11: Multivariate Johansen cointegration test. 2 portfolios. ................................................. 113 

APPENDIX # 12.  Portfolio weights from optimization.............................................................................. 114 

 



3 
 

I. INTRODUCTION 

A young American investor wakes up in her New York apartment and like any other day, starts 

reading the news on her computer.  She reads that because the Deutsche Bundesbank – Central 

Bank in Germany – just raised the reserve requirements for the banks in Germany, the stock 

market there is down around 0.9%.  She keeps on reading and sees that few hours ago in 

Sydney the reading for Australia’s last quarter Gross Domestic Product (GDP) came in at 1.8%, 

below the 2.1% consensus estimates, this is clearly not good news for Australia and therefore 

Australia’s stock market is down 1.2%.  The next article that catches her attention is that the 

housing prices for England were released few hours ago in London and the average house price 

was reduced by 0.2% as compares to the previous month, clearly the housing market in London 

is still under pressure and the English market reacts accordingly by dropping 0.7%, the stocks in 

the housing sector are hit especially hard and are down on average 1 to 2%.  In the earning 

reports section of a leading investment web page she finds out that two of the stocks that she 

owns reported quarterly earnings that easily beat the analysts’ estimates, one is Nokia, the 

Finnish based company, and the other is Petrobras (Petroleos Brasileiros), the largest Brazilian 

oil company.  She doesn’t read anything materially important that might affect the American 

stock market.  

Based on what she had learned in the Business School about portfolio diversification, she has 

constructed an internationally diversified portfolio which includes only stocks because she is 

pretty young and consequently can take on more than average risk.  Besides Nokia and 

Petrobras’ stocks that account for about 20% of her portfolio, she owns few other international 

companies that trade in the New York Stock Exchange (NYSE), these are: Siemens (based in 

Germany), China Unicom (an integrated telecommunications operator in China), Cemex 

(Cementos Mexicanos, a global cement manufacturer based in Mexico), and Veolia (a global 

leader in environmental management services based in France).  The rest of her portfolio – 

about 40% - is formed from a basket of United States (U.S.) companies.  
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After having finalized reading the morning news and after reviewing the individual news for the 

stocks that she owns, she is pretty confident that her portfolio should have a good day today, 

after all, other than Siemens that is exposed to the news in Germany, she has very limited 

exposure to the other countries, and two of their stocks reported spectacular earnings that 

should drive up their prices.  She is very happy of diversifying internationally and having applied 

portfolio theory to build her portfolio.  At 9.30 a.m. Eastern time (when the U.S. stock market 

opens to trade), she is astonish to see that the U.S. market is down more than 0.7%, apparently 

without any substantial news.  And furthermore, her portfolio is down substantially.  This is not 

the first time that something like this has happened, it certainly is not an isolated incident, but 

more a trend that anything else, she clearly remembers that few weeks ago there were some 

news about Greece and Hungary that rattled the stock markets in Europe and the U.S., in fact, 

the S&P 500 (SP) fell down more than 10% over a short period of time on this news.  She starts 

doubting that internationally diversification works as well as it is supposed to.  She suspects 

that there are more than correlations, variances and expected returns that should be taken into 

consideration.  She is determined to investigate more about international diversification as she 

feels that markets are increasingly interlinked and consequently, she fears that her 

internationally diversified portfolio might not be diversified at all. 

By using cointegration techniques, the present paper will investigate the international 

diversification opportunities for small private investors and see which markets do offer 

diversification benefits. The analysis will be made from the point of view of a U.S. investor; 

therefore, movements in the SP will be tested against movements in 15 other stock markets 

worldwide (8 emerging markets and 7 developed markets) for the period between September 

1995 and May 2010.  

When stock markets share a common long term stochastic trend, it implies that they are highly 

correlated over long periods, and thus the international diversification of investing in these 

markets will be diminished.  If our analysis finds a long run equilibrium between The U.S. and 

the emerging markets for example (same as saying that these markets cointegrate), this will be 

evidence against the argument of diversifying into emerging markets as these will follow 
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movements of the American market in the long run.  On the other side, if we find no evidence 

of cointegration between these markets, then we could conclude that these emerging markets 

present interesting diversification opportunities for international investors. 

It is clear that the question where to diversify internationally is a vital one for investors looking 

to build international portfolios, but it is not the only one, maybe as important is to answer how 

to invest internationally.  Despite the increased accessibility to international markets, it is still 

restrictive and unrealistic for small private investors to invest across borders due to tax 

implications, transaction fees, currency exchanges, etc. It is for these reasons that private 

investors have started to diversify internationally through relatively new financial instruments 

such Exchange Traded Funds (ETFs). 

ETFs are arguably the most versatile among new financial instruments and their popularity and 

use has grown exponentially in the last few years. ETFs hold a fixed number of stocks based on 

an underlying index or group of stocks.  In this respect it is similar to a mutual fund, but unlike 

mutual funds, they trade like regular stocks, that is, they trade on exchanges and can be sold 

short or purchased on margin.  In resume, ETFs offer a fast, liquid and cost effective way for any 

investor to diversify domestically or internationally.  This paper intends to contribute to the 

growing literature on international diversification by extending the research on the linkages and 

common movements of stock markets by making use of data from these new ETFs.  Due to the 

new nature of these financial instruments, research on common market movements using ETFs 

is still very limited, and thus the paper provides a new perspective into the international 

diversification research.  

Even though the findings from our cointegration analysis of markets around the world would be 

an important contribution on themselves, in an effort to provide a clear road map for our 

American investor, the paper will adventure a little bit further and will test different portfolios 

constructed based on the findings of the cointegration analysis. We will use Modern Portfolio 

Theory (MPT) to test these portfolios.  

At the end of our research, we should be able to shed light into the debate among investment 

professionals on the benefits of international diversification in a world were economies have 
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become increasingly linked. Specifically, we should be able to find which markets still offer 

diversification opportunities for our American Investor, and which ones should be avoided as 

they share long term common trends with the American market.  Finally, we would like to 

present our skeptical investor with precise recommendations on how this diversification could 

be achieved by using ETFs that currently trade in the American Stock Exchange.  

 

II. PROBLEM STATEMENT. 

Modern portfolio theory tells us that international diversification is beneficial since it reduces 

the total risk of the portfolio because securities based in different countries should have lower 

correlations among them as compared to national securities.  Correlations however, have a 

short term connotation; it is possible that stock markets diverge in the short run just to 

converge towards their long term equilibrium.  Therefore, if markets cointegrate, the benefits 

of international diversification might be overstated for investors with long term investment 

horizons.  We argue then that the main task for investors looking to diversify internationally is 

to find which countries do not cointegrate among each other and allocate resources into those 

countries.  It is in this respect that the thesis will use cointegration techniques to answer: 

1. From the perspective of an American investor, which international markets do not 

cointegrate with the U.S?  

Within the international markets, we will give special attention throughout the thesis to the 

analysis of emerging markets, and within the emerging markets, to the BRIC – Brazil, Russia, 

India and China - countries in particular since these have the necessary elements to achieve 

rapid economic growth which should translate into their stock markets, and as such, these 

countries should offer the best investing opportunities for investors.  Therefore, another key 

question to answer is: 

2. Within the international markets, how sensible is it for investors to diversify into 

emerging markets, and within the emerging markets, can an investor invest into 

the BRICs at the same time? In other words, do the BRICs cointegrate? 
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During the recent financial crisis, many argued that the emerging markets do not offer any 

international diversification as they were not able to escape the worldwide collapse in the stock 

markets.  We want to investigate how accurate is this statement, specifically: 

3. In the midst of one of the most severe financial crisis in history, were the emerging 

markets able to offer diversification opportunities for American investors? Did 

these emerging markets cointegrate with the U.S. during this period?  

After we have identified into which countries our American investor should invest, the next 

step is to investigate how to invest and diversify effectively into those countries.  Mutual funds 

were – and still are – a popular way to diversifying internationally, however, problems like 

unfair pricing, market timing, front running and high minimum requirements have plagued the 

industry in recent years fueling the rapid development of ETFs which are quickly becoming a 

very interesting and cost effective option to fully diversify internationally.  It is for this reason 

that we will use country ETFs data to create portfolios.  However, before we can use the ETFs, 

we need to make sure that these financial instruments track efficiently the underlying indexes 

that they are supposed to follow.  If we find that our American investor should diversify into 

Spain because this market does not cointegrate with The U.S, but we find that the Spanish ETF 

(EWP) fails to track its underlying index (IBEX), then this ETF should not be used by our investor.  

Correlation and cointegration techniques will be used in this section of the thesis.  The main 

question to answer here is: 

4. How well are country ETFs that trade in the NYSE tracking their underlying foreign 

market indexes?  In other words: Is it possible for a small private investor to 

achieve full exposure to another country by simply purchasing the ETFs? 

Once we are equipped with the ETFs that allow our American investor to effectively diversify 

internationally, it is time to build portfolios and compare results; ideally, we will find that 

portfolios created with ETFs that track countries that do not cointegrate with the American 

market will outperform portfolios created from ETFs that track indexes that cointegrate with 

the American market.  In this respect, another main question that the research will answer is: 
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5. Are portfolios created from ETFs that track indexes of countries that do not 

cointegrate with the American market able to outperform on a risk adjusted basis 

portfolios created from ETFs that track markets that cointegrate with The U.S? 

After our research has answered these 5 questions, we will have a clearer picture about 

international diversification.  At the end, we should be able to answer if investors with long 

term horizons wishing to diversify internationally are better off by including cointegration 

techniques in their portfolio decision.  The main research question becomes:   

Can an investor construct portfolios that combine cointegration techniques and 

modern portfolio theory to outperform - on a risk adjusted basis - portfolios 

constructed simply based on portfolio theory?  

III. STRUCTURE. 

In order to answer effectively the before mentioned research questions, the thesis draw into 

two main areas of the applied economics field, these are: econometric techniques (specifically 

the Johansen cointegration method), and financial modeling for optimization of portfolios 

based on MPT.  The research is separated into the following sections:  

Sections I through VI are introductory parts of the thesis and.  Besides the introduction, 

problem statement and structure in sections I, II and III respectively, it includes the 

delimitations and limitations in section IV, previous literature review in section V and 

contributions to the literature in section VI.  Section VII is a the theoretical framework where 

we introduce the theory behind our research, in this section we discuss topics such as the 

benefits and drawbacks for investing internationally, the case for investing in emerging 

markets, and econometric concepts such as stationarity and non stationarity in time series, 

difference stationary processes and an introduction to the concept of cointegration.  Section 

VIII goes in depth into analyzing 16 different stock markets to find which ones cointegrate with 

the American market; this section is based almost exclusively in econometric techniques.  We 

look into stationarity tests, Vector Autoregressive (VAR) models, the Johansen trace test for 
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cointegration, and error correction mechanisms.  The goal in this section is to find markets that 

offer the best diversification opportunities for an American investor.  Section IX analyzes the 

country ETFs, the goal of this section is to establish how well these financial instruments track 

their market indexes.  A comparison between ETFs and Mutual Funds is included in this section.  

Section X builds from the previous sections to construct portfolios and compare results from 

portfolios constructed exclusively by using financial modeling for portfolio optimization against 

portfolios built based on a combination of cointegration and MPT.  Section XI concludes the 

research.  

IV. DELIMITATIONS AND LIMITATIONS.  

The question of international diversification has a broad connotation as the international 

investment universe has expanded well beyond equities from foreign stock markets.  Other 

possibilities include foreign corporate bonds, sovereign bonds, high yield bonds, currencies, 

global real estate, private equity, venture capital, etc.  The universe for international 

diversification is enormous, thus impossible to cover in this thesis, therefore, we delimitate the 

analysis to equities, and country ETFs within the equity spectrum. 

The relatively newness of country ETFs makes our research interesting and innovative, but 

limits us to the available data.  Our initial intention was to perform the cointegration analysis by 

looking directly into the country ETFs that trade in the NYSE; however, it was soon evident that 

the data available could not support our original needs as many of the emerging markets’ ETFs 

were created just recently.  In order to get around this problem, we are using two data sets.  

The first data set is the index for each country’s most representative stock market; such as the 

SP for The U.S. or the FTSE for England.  Using these series allow us to perform the 

cointegrating analysis for longer periods of time.  The second series of data is the actual ETF 

data used to construct portfolios. 

Another limitation of our research is the availability of a software package specialized in 

working within a VAR model, specifically, we found some limitations within the SAS software 

when trying to work with the Vector of Error Correction Mechanism (VECM) for the countries 
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that we found to cointegrate among each other.  Although some output was available, we 

lacked statistics necessary to make inferences, and generally, the availability of tests within the 

cointegrated VAR model was limited.  Additionally, we were restricted as well when performing 

hypothesis testing within the VAR.  More appropriate software packages that specialize in 

dealing with a VAR model are CATS in RATS, or PcGive1

Our analysis is made from the point of view of an American investor; therefore, The U.S. market 

is tested for cointegration against 15 other markets, however, with just few minor changes the 

analysis can be easily replicated for investors in other countries.  

, unfortunately, we could not get access 

to such packages and therefore our research is limited by the output available in SAS.  However, 

we need to point out that finding the exact relationship and short term dynamics between 

cointegrated markets is not of vital importance for our research since we are looking for 

countries that do not cointegrate among each others; therefore, this limitation does not affect 

the overall content of our research.  For completeness purposes however, we make a valid 

effort to work within VECM framework and hypothesis testing in SAS. 

Finally, since we are looking at the effects of cointegration - which has a long term connotation 

- we take the position of a buy and hold investor in our research.  Even though cointegration 

could be used for pair trading2

V. PREVIOUS LITERATURE. 

, these more complicated strategies would have made the thesis 

extremely long, and would have given it too much of a trading bias, undermining somehow our 

main objective, which is to see which countries cointegrate with The U.S, and if this knowledge 

could aid portfolio theory.  For this, a simple buy and hold strategy will suffice.     

Interdependence among national stock markets has been extensively analyzed. MPT shows that 

gains from portfolio diversification are inversely related to the correlation of the securities. If 

international markets have a long term tendency to move together, the benefits of 

                                                           
1 Both recommended by Katarina Juselius for the VAR model. The Cointegrated VAR model, Katarina Juselius, 2006.   
2 For example, if two markets cointegrate and have moved away from their long run equilibrium, it is expected that 
they will converge into the long run steady relationship and thus an investor could go long the market that is 
down, and short the market that is up relatively to their long run equilibrium 
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international diversification might be overstated for an investor with a long term horizon. 

Recognition of the non stationary properties of stock prices has lead researchers to explore the 

long run relationships of stock markets by means of cointegration. 

This idea of cointegration was quickly used by researchers to test movements between stock 

markets, one of the first was Taylor and Tonks (1989) that investigated common movements in 

the stock markets of The U.K, Netherlands, Germany and Japan; they found evidence that these 

markets started to show common long term movements after 1979, and argued that if 

international stock markets are highly dependent on movements of other stock markets in the 

long run, the potential long term gains from international portfolio diversification may not be 

substantial3.  In the following years, many researchers analyzed the linkages between the stock 

markets, and research in this area was fueled by the 1987 market crash (Black Monday)4

The primary focus of the research has been on the developed countries. Eun and Shim (1989) 

studied the interrelation of 9 stock markets including the U.S. and found evidence of co-

movements among them, with one way causality running from the U.S. to foreign markets such 

as Hong Kong and Japan.  

.  

Kasa (1992) is one of the first ones to use the multivariate cointegration method proposed by 

Johansen and Juselius in 1990 to analyze co-movements in stock markets and he finds a 

common stochastic trend for the period 1974 – 1990 between the U.S., Japan, England, 

Germany and Canada. Arshanapalli and Doukas (1993) also used cointegration techniques to 

test the linkage and dynamic interactions among stock market movements and found that for 

the period post October 1987 the degree of international co-movements among stock indices 

increased substantially, with the Nikkei index being the only exception. They also reported that 

The U.S. stock market has a considerable influence on the French, German and English markets 

in the post-crash period. On the same line of research, Meric and Meric (1997) analyzed 

                                                           
3 In a world before cointegration, researches such as Grubel and Fadner (1971) or Lessing and Joy (1976) looked at 
the co-variances among stock markets and argued that benefits of international diversification will be reduced in 
the long run, as long run co-variances are higher than those in the short run.   
4 On Monday, October 19th, 1987, stock markets around the world crashed losing a huge value in a very short 
time. The crash began in Hong Kong, spread to Europe and finally to the United States, where the Dow Jones 
Industrial dropped by 22.61% that day. 
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changes in the co-movements of the 12 largest equity markets in Europe and the U.S. after the 

1987 market crash and found that the benefits of international diversification decreased 

considerably in these developed markets after the crash.    

On the other side, some researchers have not found long run relationship among the developed 

markets.  Andrade, Claire and Thomas (1991) did not find common movements between the 

American and some developed stock markets such as UK and Germany.  Byers and Peel (1993) 

analyzed the long run relationship among the U.S., U.K., Japan, West Germany and 

Netherlands, and with the exception of U.K. and Japan, they found no evidence that these 

markets were cointegrated for the period 1979 - 1989.  Kanas (1998) used the Johansen 

method to test for pair wise cointegration between the U.S. and the six largest European equity 

markets for the period 1983 – 1996 and found that the U.S. market is not pair wise 

cointegrated with any of the European markets.  Chang et al. (1992) also found lack of 

cointegration between the U.S. and mayor Asian markets.  Yang et al. (2003) did not find 

cointegration between the U.S. and other developed economies such as U.K., Germany and 

Japan for the period 1970-2001. 

In the mid to late 90’s many emerging economies started to open their economies to a world 

that was becoming more globalized.  It is in this environment that many developing markets 

started to gather interest in the investment community, and consequently, this intensified the 

curiosity of academics in exploring the international linkages of these emerging economies with 

the developed world.  

DeFusco et al. (1996) used cointegration techniques to examine long run diversification 

potential between U.S. and 13 emerging economies in different areas on the world. They found 

no long run relationship between The U.S. and any of the emerging markets suggesting that 

diversification into emerging markets is effective. Gilmore and McManus (2001) examined the 

short and longtime relationship between The U.S. and three Central European markets – 

Hungary, Poland and Check Republic - using the Johansen procedure and found no long term 

common movement between these markets. Nath and Patel (2003) used the VAR framework to 

look for relationship between the Asian emerging markets and the U.S. and Japan for the period 
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1990 – 2003 and their results showed short run relationships between these markets but no 

long rung common movements.  The same general findings are reported by Mukherjee and 

Bose (2008) that investigated the existence of common long term movements between the 

Indian stock market against The U.S. and 7 other Asian markets for the period between January 

1999 and June 2005 and concluded that the lack of integration between these markets leaves 

sufficient room for international diversification    

The results are mixed however; other researchers have found strong evidence of cointegration 

among the emerging markets. Cha and Oh (2000) use a tri-variate vector autoregressive (VAR) 

model to investigate the relationship between The U.S. and Japan against four Asian emerging 

markets (Hong Kong, Korea, Singapore and Taiwan), they found that linkages between these 

market increased since the 1997 Asian crisis. On the same line, Ratanapakorn and Sharma 

(2002) investigated the short and long run relationship between stock indices of The U.S., 

Europe, Asia, Latin America and Eastern Europe with the Middle East for the pre and post Asian 

crisis; they found no long term relationship for the pre-Asian crisis.  However, during the crisis 

period, one significant cointegrating vector was found.  Wong et al. (2005) investigated the long 

run equilibrium relationship and short run dynamics between the Indian market and 3 

developed countries (U.S., U.K. and Japan) for the period 1991- 2003 and found that the Indian 

market follows these markets and is therefore integrated with them in the long run.  A recent 

study by Awokuse, et al. (2009) also looked into the interdependence among the Asian 

emerging markets (Singapore, Korea, Taiwan, Thailand, Philippines, etc) and the three major 

stock markets (U.S., U.K. and Japan) using rolling cointegration methods and found increasing 

international market integration between these markets as a result of the 1997 Asian crisis. 

They also found that The U.S. and Japan have the greatest influence in these Asian markets. 

In light of these conflicting results, some researchers have examined the stability of the long 

run relationship between international stock markets.  Yang et al. (2003) used recursive 

cointegration analysis where they found instability of the long run relationship between The 

U.S. and most emerging markets in the late 90’s, specifically, they found that the 1997 global 

crisis originated in Asia caused a strengthening in the long run relationship among the stock 
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markets. Based on these findings they conclude that significant crisis events can change the 

degree of cointegration between international markets and consequently, should be taken into 

account on any study of the long run relationship between stock markets.  Phylaktis and 

Ravazzolo (2005) showed that the 1997 financial crisis had a temporary effect on the long run 

co-movement of 5 Asian Pacific countries (Hong Kong, Malaysia, Philippines, Singapore and 

Thailand). Awokuse et al (2009) tested 12 stock markets for the period between 1988 and 2003, 

the entire sample was divided into four sub samples, and the cointegrating results generally 

yield different results as compared to the ones previously reported in other studies which they 

consider a plausible explanation for the different results in the literature of cointegrating 

relationships among stock markets.  

As we can see from this review of the previous literature, research in the emerging markets is 

still growing, and the results are quite mixed.  While some researchers do not find common 

movement between these emerging economies and the developed markets, others argue that 

these economies cointegrate with the developed economies, specially the U.S., and thus an 

American investor cannot benefit from investing into these emerging markets in the long run.  

For the specific case of the BRICs within the emerging markets, the research is still limited since 

most of the research in emerging markets has focused on the interdependences between the 

Chinese market with the developed countries, and to a less extend, the relation between the 

Indian market and the developed countries. Research on Brazil and Russia is still rare.  We did 

find however, one paper from Chiteddi (2009) that uses the Johansen technique to analyze the 

relationship between the BRIC countries and the U.S., U.K. and Japan; the paper founds a 

cointegration relationship between these countries for the 1998 - 2009 periods5

                                                           
5 We note here that we have analyzed this paper and we argue that the cointegration relationship that is found 
within the 7 markets is due to long term equilibrium between England and the U.S, and not due to long term 
equilibrium between the BRICs and UK, US, or Japan. Our research includes these countries – although in a longer 
time frame - and we find evidence of the same cointegrating relationship – for the period 2003 to 2010 - if these 7 
countries are included in the VAR, but once U.K. or the U.S. are dropped from the model, the cointegrating 
relationship disappears.           

.  Other 

research in these 4 emerging markets focus on volatility spillovers and contagion effects during 

the 2007-2009 financial crisis and generally find a jump in correlation and volatility during 
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period of crisis which support the idea of contagion effects.  It is clear that the attention on the 

BRIC countries is pretty new and the research is in its early stages. We believe our research 

contributes to this growing literature.   

In reference to research on ETFs, it is also relatively limited, mostly due to their newness. Even 

though the first ETF was created on 19926, country ETFs were created mostly for developed 

economies, and it wasn’t until recently that country ETFs for emerging markets started trading 

at the NYSE.  For example, the Brazilian ETF started trading on 07/14/2000, the Chinese ETF 

started trading on 10/08/2004, the Russian ETF on 04/30/2007, many other country ETFs are 

being constantly added to the American Stock Exchange7

VI. CONTRIBUTIONS TO PREVIOUS LITERATURE.  

.  Due to this newness, any research 

that wants to investigate at the emerging markets’ ETFs as instruments for international 

diversification will be restricted by lack of data. Consequently, most of the research in ETFs is 

outside emerging markets.  Birdthistle (2008) makes a comparison between the ETF and mutual 

funds and praises the fascinating opportunities for growth of this young financial specimen as 

compared to the mutual fund industry.  Yavas and Rezayat (2008) analyzed the integration 

among 5 equity markets by using ETFs, The U.S. and 4 “emerging markets”: Taiwan, Spain, 

Austria and Australia.  Our research includes three of these country ETFs (Taiwan, Spain, and 

Australia), but we only define Taiwan as emerging market, and Australia and Spain as 

developed countries. This underscores the still infant research in ETFs for emerging markets. 

We have seen in the previous section that research into international diversification by way of 

cointegration methods has yielded mixed results, and has focused mainly in developed 

economies.  In this respect, the present research extends into this growing literature by 

investigating common movements of 16 different stock markets, 8 of which are developing 

economies.  One difference with previous literature is that this research is not focused on a 

specific region of the world, but rather picks up economies from all over the world in an effort 

                                                           
6The Standard and Poor’s Depositary Receipt (SPDR) 
7 Examples are: the Peruvian ETF that was introduced on 06/22/2009 and the Egyptian ETF introduced on February 
of this year. 



16 
 

to survey for diversification opportunities.  In essence, we are not interested into finding or 

explaining relationships between economies, but we are rather trying to find markets that 

move on their own in the long term, and use this knowledge to move forward into building 

portfolios.  We believe that the knowledge gathered from the cointegration analysis would 

have been significant on its own, but decided to go beyond for two reasons: First, this is a 

research thesis for the Applied Economics and Finance line and we thought it was important to 

not only demonstrate statistical knowledge, but most importantly, show how this knowledge 

can be applied into investment decisions.  Second, we believe that it was important to offer the 

reader with a clear road map into how to diversify internationally; starting from selecting the 

foreign market to invest into, followed by which securities to select and finally, test portfolios 

to see if the recommendations hold up with financial data.  We believe this is a marked 

difference with previous research that stops at the statistical level. 

The 2008-09 financial crises had profound implications that were felt all over the world.  We 

have not experienced such a deep recession and market volatility since the 1929 great 

depression.  Many papers and books will be written about this historic period of time.  In this 

respect, we made a point on using the most up to date data for our research in order to analyze 

this volatile and historic period of time.  Our data goes from 1995 to May 2010, and we have 

dedicated one section of the thesis to investigate the linkages between markets during the 

financial crisis.  We consider the use of data through May 2010 and the analysis of linkages 

during the financial crisis as important contributions of this paper.  

Another contribution to the previous literature is that we investigate the BRIC countries as a 

whole.  We believe that these countries will be an economic engine in the years to come, and 

investors would like to invest in them, therefore, knowing if they cointegrate among each other 

as a block is certainly important.   

The ETFs are quickly becoming one of the preferred investments instruments due to their 

versatility and advantages, however, research in this field is still in its infancy due to limited 

data, especially for the case of emerging markets’ ETFs, many of which do not have more than 

few years of existence.  We circumvented this problem by using a two step methodology, and 
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we were able to use country ETFs in creating portfolios that included emerging market’s ETFs.  

We have not found any research that uses country ETFs in emerging markets to test different 

portfolios, and therefore, consider this another important contribution of this paper. 

VII. THEORETICAL FRAMEWORK. 

In this section we will briefly present the theory in which the thesis rests.  We will start by 

introducing in sections 7.1, 7.2 and 7.3 the arguments in favor and against international 

diversification; after all, our thesis is about investing internationally, so it is pertinent to discuss 

the advantages and risks that our investor faces by investing outside The States, and if she 

should go international at all.  Section 7.4 opens a discussion about the differences between 

correlation and cointegration, and the relevance of each concept for international 

diversification.  Section 7.5 introduces the idea of stationarity and non stationarity, both key 

concepts in time series.  Section 7.6 builds from the non stationarity sections before and 

presents an intuitive approach to the concept of cointegration.   

 

7.1. The case for international diversification 

The basic argument for international diversification is that foreign investment reduces the total 

risk of the portfolio due to lower correlations among the securities, improving in this way the 

risk adjusted performance of the portfolio.  This is because national securities tend to be 

affected by the same domestic conditions, such as local interest rates, inflation, GDP, etc.  This 

creates a positive correlation among the securities traded in the national stock market. A 

portfolio with higher correlated securities will have a higher variance, and the risk adjusted 

performance of the portfolio will suffer. 

Even if factors such as currency risk are factored into an investor’s portfolio, investing 

internationally will still reduce the total variance of a portfolio if the correlations among 

international securities are lower than correlations in the local market. On average, the 
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correlation between U.S. and international markets is around 0.768, indicating that American 

investors can benefit from diversifying internationally as the correlation between markets has 

been historically far from 1.  This will imply that international portfolios are mean variance 

efficient as compared to local portfolios9.  MPT tells us that mean efficient portfolios are 

located in the efficient frontier, and due to the increased return opportunities and 

diversification benefits brought by a larger investment universe from investing internationally, a 

global or international efficient frontier will lay to the left of the national efficient frontier10

Risk reduction is not the only factor that determines the performance of a portfolio; the other 

factor is expected return. If we only focus on reducing risk, this goal could be achieved by 

simple allocating more of the investor’s total portfolio into risk free instruments. With 

international diversification however, we can achieve the same returns with lower risk because 

– theoretically - a higher efficient frontier is created.   

.  

 
7.1.1. Investing in Emerging Markets.  

One of the strongest arguments to diversifying internationally is the opportunity to be exposed 

to markets that have enormous growth potential.  Among the emerging markets, there are four 

that stand out from the others; the BRICs, an acronym for Brazil, Russia, India and China.  These 

four countries combine to around 25% of the world’s land, 40% of its total population, 15% of 

total international commerce and 33% of total world reserves11

In its 2003 paper: “Dreaming with the BRICs: The path to 2050”, Goldman Sachs discusses the 

growth prospects of these 4 countries.  They use the latest demographic projections and a 

simple Cobb-Douglas model

.  In other words, they have an 

enormous amount of natural resources and man power.  

12 as basis for their projections13

                                                           
8 CFA Program curriculum, 2010, volume 3, ppg 360 

.  The research argues that if things 

9 A portfolio is mean variance efficient if it has the highest expected return for a level of risk, or the lowest level of 
risk for a given expected return 
10 For details in Modern Portfolio Theory concept, refer to:  Modern Portfolio Theory and Investment analysis by 
Elton, Gruber, Brown and Goetzmann (2007).   
11 http://en.wikipedia.org/wiki/BRIC 
12 A model like: 𝐺𝐷𝑃 = 𝐴𝐾∝𝐿1−∝ where GDP is a function of labor (L), capital (K) and technical progress (A). 
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work out as planned, in less than 35 years the BRICs could be larger than the G6 (United Stated, 

United Kingdom, France, Germany, Italy and Japan) and by 2025 could be half its size.  

Another characteristic that will work in favor of the BRIC countries is their relatively low income 

per capita as compared to the industrialized countries.  The 2009 International Monetary 

Fund’s list of Gross Domestic Product (GDP) per capita at Purchasing Power Parity (PPP)14

We can see that these 4 countries have enormous growth potential; it is no surprise then that 

around 2003 people started to talk about the decoupling theory arguing that these emerging 

economies were beginning to follow their own economic fundamentals and growth prospects 

decupling from the economies of the developed countries, especially the American economy.  

Investors should seriously consider diversifying international into these emerging markets, and 

it is because of their growth prospects that part of this thesis focuses on them. 

 

shows that out of the BRICs, Russia is the first one on the list at number 51 in the world with a 

yearly GDP per capita of 14,920 USD, next on the list is Brazil at number 75 worldwide, followed 

by China and India at number 99 and 128 respectively – China’s yearly GDP per capita is 2,941 

USD, about 245 USD a month!   

 

7.2. The case against international diversification 

We have presented the arguments in favor of international diversification, and in this section 

we present the other side of the argument.   

 

7.2.1. Increasing correlations 

We have mentioned that lower correlations among international markets are one of the main 

arguments in favor of international diversification, however, there is no reason for these 

correlations to remain constant over time, and this is one of the main arguments against 

                                                                                                                                                                                           
13 For details on the assumptions and the model, please refer to the original paper: 
http://www2.goldmansachs.com/ideas/brics/brics-dream.html 
14 Takes into account the relatively cost of living and inflation on each country which is arguably better for 
comparison purposes than comparing countries just based on their nominal GDP per capita 



20 
 

international diversification because it has been observed that correlations have increased in 

recent years15

 

 as compared to the 70’s or 80’s.  Additionally, it has been reported that 

correlations tend to increase in periods of high market volatility, especially in down markets.  

This has been labeled as contagion effect and indicates that while markets move more or less 

on their own fundamentals on normal or calm markets; they tend to get infected by others and 

move in synchrony if there is a problem or shock that affects one of them. This means that 

when investors need the benefits of international diversification the most, they disappear as all 

markets tend to come down together.   

7.2.2. Transaction costs  

Transaction costs for international investments tend to be higher outside the U.S.  While they 

are typically under 0.1%16 of the value of the transaction for large amounts inside The U.S, they 

might be between 0.1% and 1%17

 

 in other countries.  Management fees also tend to be higher 

for the case of international money managers as compared with local managers due to higher 

costs for international research, data collections, and communication costs. 

7.2.3. Taxes 

The country where a corporation is headquartered is generally where taxes on dividends paid 

by the company will be withheld, although the tax can be generally reclaimed, this will occur 

typically after few months. This represents an opportunity cost, and depending on the tax 

treaty among different countries, the tax withheld might be totally lost. For investors that are 

not taxable such as pension funds or municipalities, the tax withheld might never be 

recuperated. 

                                                           
15 Increased capital markets integration and mobility, deregulations of national economies and larger global 
corporations might be some of the reasons for increasing correlations. 
16 Some online brokers do not charge a %, just a flat fee. For example, Scottrade (www.scottrade.com) and Zecco 
trading (www.zecco.com) charge respectively a flat fee of $7 and $4.5 per transaction.  
17 CFA institute program curriculum, Level III, Volume 3, pg 377.. 

http://www.scottrade.com/�
http://www.zecco.com/�
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7.2.4. Liquidity 

Some international markets are still very small and thus rather illiquid.  Sales or purchases of 

stocks in large volume might have negative consequences for investors looking to diversify into 

these markets, for example, investors might not have the best execution prices for large blocks, 

might have opportunity costs in the form of unfulfilled orders, or might face problems to exit a 

market if a large volume of stock needs to be sold.  

 
7.2.5. Regulatory and Political risk 

Some countries are politically unstable.  In some other cases, governments might put 

restrictions to foreign investment.  Although capital markets are moving towards total capital 

mobility, some countries still suffer from political pressures to protect local investors, or are 

afraid to let money flow too fast in and out of the country as this might create instability in 

their economies, stock markets or currency.       

 

7.3. Conclusion on international diversification  

It is our point of view that despite the pitfalls of international diversification, choosing a local 

portfolio over an international one is a poor strategy. However, we argue that we need to be 

careful when we talk about international diversification because diversifying internationally 

without making a distinction of which countries share long run movements with the local 

market might diminish the diversification benefits.  The relevant question is not if we should 

diversify internationally; but where? 

 

7.4. Correlations or cointegration for international diversification? 

In the previous we saw that MPT tells us that one of the strongest arguments for international 

diversification is that the correlations among international markets are lower than the 

correlations among stocks within the same market.  However, in the section where we 

reviewed the literature relevant for analyzing the benefits of international diversification and 

common market movements we focused on the concept of cointegration, and noted that the 
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seminal work of Engle and Granger (1987) and Johansen and Juselius (1990) on cointegration 

spurred a wave of research on the common movements between stock markets and the 

benefits of international diversification.  Which analysis is relevant then for our analysis of 

international diversification? An analysis on correlations? Or an analysis on cointegration? 

It is extremely important then to have a clear understanding of the meaning of these two 

concepts. The main difference is that correlation is extremely sensitive to short term 

movements; it has a shorter term connotation as compared to cointegration analysis.  

Cointegration measures common movements during longer periods of time and thus it is not 

affected by short term movements. Additionally, leads or lags in the time series make 

correlations almost useless. For example, if we lag by one or two days some of the daily time 

series that we will be using in the empirical part of the paper, the effect on the correlation 

between the series will be significant, the correlation might even turn from positive to negative.  

On the other side, the effect on the common long term relationship between the series will be 

minimal.  Cointegration allows for short term divergence between two different time series, 

meaning that in a day to day basis, the series do not necessarily have to go up or down at the 

same time, one might go up while the other goes down, thus there is no need for the two series 

to move in daily synchrony at all.  In the long run however, the two price series cannot wander 

off in opposite directions for very long without coming back to their long term equilibrium.   

Kasa (1992) is among the first ones to point out that focusing the debate of international 

diversification simply on the analysis of cross-country correlations computed over relatively 

short return horizons might be inadequate, and that the benefits of international diversification 

for investors with long term horizon might be overstated if markets are found to cointegrate 

among each other in the long run even though short term correlations might show low values. 

 

7.5. Stationarity and non stationary in time series 

In the previous section we presented an intuitive explanation of the concept of cointegration.  

In a more academic manner, cointegration can be defined in the following way: if two series are 

individually non stationary, but a linear combination of them is stationary, then the two series 
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are said to cointegrate, or that a long run equilibrium relationship exists between them.  Before 

we can move forward then, we need to define the concept of stationarity and non stationarity. 

An Autoregressive model AR (p) is a model where the explanatory variable is the lagged values 

of the dependent variable.  This AR model is pretty common in econometrics and we will use it 

to define the concept of stationarity.  If there is only one lag as explanatory variable, then it is 

an AR (1) model like (7.1).   

  𝑋𝑡 = 𝑎 + 𝜌𝑋𝑡−1 +  𝑒𝑡                                                    (7.1) 

A time series like (7.1) is said to be stationary - covariance stationary or weakly stationary18

• Constant and finite mean: The expected value of the series is constant over time. A 

series that has a tendency to move back towards its mean value is a series that exhibits 

mean reversion, in other words, it will have a tendency to decline if its current value is 

above its mean, and will have the tendency to increase if its current value is under its 

mean.  For a time series like (7.1) the mean reverting level is expressed as:  

 if it 

satisfies the following three conditions: 

𝐸(𝑋𝑡) =  
𝑎

(1 − 𝜌)
 

• Constant and finite variance: The volatility of the time series around its mean does not 

change over time, this can be expressed as19

𝑉𝑎𝑟 (𝑋𝑡 ) =  
𝜎2

1 − 𝜌2
 

:  

• Constant and finite covariance with leading and lagged values: The covariance of the 

time series with its own leading or lagged values is constant over time: 

 

                                                           
18 Weakly stationary means that only the first two momentums are time invariant; that is the mean and variance. 
Strictly speaking, a time series is stationary if all its momentums are stationary i.e. mean, variance, skewness and 
kurtosis.  If a distribution is normal however, then weakly stationary implies also strictly stationary because a 
normal distribution is fully explained by its first two momentums. Strictly stationarity has very little practical 
applications so we will just refer stationarity as to a series that is weakly stationarity.    
19A complete derivation can be found in Gary Koop, Introduction to Econometrics, 2008, pp 140  
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𝐶𝑜𝑣 (𝑋𝑡 ,𝑋𝑡−𝑠) =  
𝜌𝑠 ∗  𝜎2

1 −  𝜌2
    

 
In other words, the covariance between leading or lagged values does not depend on 

time (t), only on s (the distance between periods). 

If a time series does not have the three characteristics just mentioned, it is called a non 

stationary time series.  It is quite common for financial and economic data to be non stationary; 

for example, a series might exhibit seasonality as in the case of retail sales; or have trending 

behavior such as the case of consumption, income per capita or GDP; or present random, 

unpredictable movements such as the stock prices.    

The distinction between stationary and non stationary time series is extremely important 

because stationarity is a precondition to make statistical inferences.  If the mean or variance of 

our time series change on time, then it is impossible to generalize results from regressions 

made for a specific period of time into a different period of time.  It is necessary then to identify 

if our time series is stationary or not before any statistical inference can be made.   

We can see from the three equations that define a stationary time series that the conditions 

are satisfied only in the case that | 𝜌 | < 1.  The case where | 𝜌 | > 1 is a rarity in economic 

series as it implies that the series is explosive, meaning that future values will not get back to 

the mean value but will instead diverge at a faster, almost exponential pace every subsequent 

period. Cases of hyperinflation could be an example, but as mentioned, these cases are rare 

and probably of very limited research value in economics as we are always trying to find 

equilibrium relations in economic variables.  If | 𝜌 | = 1 then we have the case that the mean 

reverting level is undefined (divided by 0), and in this particular case the time series is not 

covariance stationary and exhibits what is called a unit root.  

A random walk (RW) process is an example of a time series that exhibits a unit root.  This means 

that the expected value for the series the next period is equal to the value of the series the 

previous period plus a random error term.  Because the difference in the series between one 

period and the next one is a random number, the data cannot be modeled unless it is 
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transformed.  In other words, if a series exhibit a unit root, no reliable inferences can be drawn 

from the series and the Ordinary Least Square (OLS) procedure will lead us to reach conclusions 

that are incorrect unless the data is transformed before statistical procedures are performed. 

If we perform regression analysis on time series where the dependent, independent, or both 

variables have a unit root process, then the results will have no economic significance, in 

particular, the estimates will be biased and hypothesis tests will be invalid.  This is the problem 

of spurious regression which was first reported back in 1926 by Yule20

There are basically three types of non stationary time series:  Series with stochastic trends 

called random walks – with drift and without -, series with deterministic trends, and series with 

a combination of stochastic and deterministic trends.  

.  If we find or suspect 

that our series are non stationary, then we have to convert the data to a stationary process.  

The correct transformation depends on the type of series that we are working with; therefore, 

before we explain the transformation of a non stationary time series to covariance stationary, 

we need to distinguish between the different types of non stationary processes. 

• Random walk without drift:    

 𝑋𝑡 =  𝑋𝑡−1  +  𝑒𝑡                           (7.2) 
 

Where the E (𝑋𝑡) =  𝑋0 and Var (Xt ) = t σ2. 

 
This kind of process has no intercept, which implies that the best forecast that we can have 

today in regards to tomorrow’s stock prices is the same price as today plus or minus a 

random, unpredictable value.  Good examples of these series are stock prices and currency 

exchange rates.  The basic idea of this type of non stationary series is that future values 

cannot be predicted.  Some studies have showed that sophisticated exchange rate 

forecasting cannot beat forecast made based on a random walk model.  Notice that the 

variance depends on t (time), confirming that the process is non stationary.   

                                                           
20 In his paper “Why do we sometimes get Nonsense-Correlations between time series” he describes how he was 
puzzled by the fact that he found a 0.9512 correlation coefficient between the proportion of the Church on 
England marriages between 1866 and 1911 and the mortality rate for the same years. 
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• Random walk with drift:  
𝑋𝑡 =  𝑎 +  𝑋𝑡−1  +  𝑒𝑡                                    (7.3) 

 
                                     Where E (𝑋𝑡) =  𝑋0 +  𝑡 ∗ 𝑎   and  Var (Xt ) = t σ2 

 
This process is similar to the prior case with the only difference that it includes an intercept 

term, which is called drift and makes the process drift upwards or downwards, depending 

on the sign.  Examples of these kinds of series are macroeconomic variables such as GDP per 

capita and consumption that tend to grow on time.  Notice that the E(𝑋𝑡) and variance of 

the process are time dependent, thus the process is not stationary.   

 
• Deterministic trend:  The two cases of random walk processes presented have a trend that 

is totally unpredictable, and thus are referred as containing a stochastic trend.  There are 

other cases where the trend in the process is a function of time and is therefore totally 

predictable.  This kind of time series where the explanatory variable is just the passing of 

time, are called trend stationary process and can be expressed like:  

 

𝑋𝑡 =  𝑎 +  𝑏𝑡  +  𝑒𝑡                                                      (7.4) 
 

 Where E (𝑋𝑡) =  𝑎 + 𝑏𝑡   and  Var (Xt ) = σ2 

 
We can see that the E(𝑋𝑡) depends on t and thus the process is non stationary. The mean 

grows around a fixed trend.  This kind of process is usually confused with random walk with 

drift process as graphically they look somehow alike.   

 
• Random walk with drift and deterministic trend: 

 

𝑋𝑡 =  𝑎 +  𝜌𝑋𝑡−1  +  𝑏𝑡 +  𝑒𝑡                                     (7.5) 

 
In this case, an AR(1) process is combined with a deterministic trend.  Even if the AR part of 

the process does not contain a unit root, i.e. | 𝜌 | < 1, the series will still be non stationary 

because of the presence of the deterministic trend.  In this case, the series will be stationary 
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around a deterministic trend, meaning that the stochastic part of the process will not 

contribute to the trend of the process but will instead die out quickly.  The trend is instead 

explained by the t term.     

 
The previous discussion was meant to point out that covariance stationarity is a precondition to 

make statistical inferences; however, most of the economic and financial series used for 

regressions tend to be non stationary.  The formal test used to determine if a series has a unit 

root will be described in the methodological part of the thesis, for now, we will mention that if 

our series is found to be non stationary, it is necessary to transform it into a stationary state.  

This transformation will depend on the characteristic of our times series. 

If the series contain a unit root, such as in (7.2) and (7.3), it can be transformed into a 

stationary time series by using a procedure called first differencing which involves subtracting 

the value of the dependent variable in the preceding period from its current value to define a 

new dependent variable ∆𝑋𝑡 =  𝑋𝑡 −  𝑋𝑡−1.   For our simple AR (1) model in (7.1) the first 

differencing will transform the series into: 

𝑋𝑡 −  𝑋𝑡−1   =  𝑎 +  𝜌𝑋𝑡−1  −  𝑋𝑡−1 +  𝑒𝑡   

But because our original series contained a unit root (|𝜌| = 1), then:    

∆𝑋𝑡 =  𝑒𝑡  

We have previously mentioned that the mean reverting level is:  
𝑎

(1−𝜌)
   and it easy to see that 

the transformed series will have a finite mean-reverting level (i.e. a/1 for the case of a random 

walk with drift, or 0/1 = 0 for the basic random walk process).  Notice that by taking first 

differences, we are working with the changes of the dependent variable, not its original value 

or level.  If a series that is non stationary becomes stationary after differentiating it, the series is 

said to be integrated of order p, that is, if we need to differentiate the series only one time 

before it becomes stationary, then the series is integrated of order 1, or I(1).  We point out that 

most financial series are I(1).    
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For the case of a time series with a deterministic trend (7.4), the procedure to make it 

stationary is called detrending and consists on subtracting the deterministic term 𝑏𝑡 from an 

equation like (7.4) to obtain the following expression - which is clear stationary: 

𝑋𝑡 −  𝑏𝑡 = 𝑎 +  𝑒𝑡 

For the case of a random walk with drift and deterministic trend, both procedures – detrending 

and differences – need to be performed in order for the series to become stationary. 

 

7.6. Cointegration  

In this section we will explain in detail the theory behind the concept of cointegration, on which 

the thesis relies heavily for the empirical research.  We warned in the previous section about 

the possibility of spurious regression from working with series that are not stationary, however, 

there is one exception to this rule, and that is when two time series that have unit roots 

cointegrate, meaning that there is a stationary linear combination between them; and this is a 

nice property to have because it allows us to find equilibrium relationships between two series 

that have trend behavior.   

Katrina Juselius (The Cointegrated VAR model, 2006) defines the role of cointegration analysis 

in the following way: “cointegration identifies stationary linear combinations between non 

stationary variables so that an I(1) model can be reformulated exclusively in stationary 

variables”.  In economics, we are always trying to find equilibrium relationships, and that is 

exactly what cointegration allow us to do with two series that otherwise could not be modeled 

because of the individual non stationary properties on them.   

Let us explain the role of cointegration by taking as example two of the time series that we will 

be working with later on, the Brazilian Bovespa (Bolsa de valores de Sao Paulo) and the 

American S&P 500 (SP), lets further assume that both series behave like the Chinese stock 

market presented before, that is, that both the Bovespa and SP are I(1).  A regression analysis 

of these two series to see if there is any relationship between the SP and the Bovespa might be 

problematic due to the problem of spurious regression. Let us write a regression equation as: 
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𝐵𝑜𝑣𝑒𝑠𝑝𝑎 𝑡 = 𝑎 + 𝑏𝑆𝑃𝑡 + 𝑒𝑡   
 
Because we have an equation formed by two variables that are individually I(1), we would 

expect the errors to be non stationary as well since the error term will just be a linear 

combination of the other two variables, that is: 

𝑒𝑡 =  𝐵𝑜𝑣𝑒𝑠𝑝𝑎 𝑡 − 𝑎 − 𝑏𝑆𝑃𝑡   
 

However, if the unit roots of both variables cancel each other out, then the error would be 

stationary, and we say that both variables cointegrate.  If that is the case, meaningful statistical 

inferences can be drawn from the regression of Bovespa on the SP.  Furthermore, if there is 

equilibrium relationship between the two variables, the error term will be small, and it will stay 

small – because it is stationary – implying that even though each series is trending, there is a 

long run relationship or equilibrium between them that makes the error term stay stationary .   

As it is the case with any economic or financial variable, the results are not always in precise 

equilibrium as there are always external shocks or changes that make the relationship deviate 

from equilibrium.  The same occurs with cointegration analysis as cointegration does not imply 

that the equilibrium relationship is constant, but rather that departures from the equilibrium 

should not be too large, and there should be some pulling or pushing forces trying to bring back 

the system into its long term equilibrium relationship. 

If cointegration is not found between the variables, it means that the error term is non 

stationary - just like the underlying variables in the system - and it will be trending and 

becoming larger with the passing of time.  This implies that deviations from “equilibrium” will 

not be brought into a long run steady relationship between the variables.  In short, there is no 

equilibrium relationship between the variables and any result from a regression is just spurious. 

 

VIII. ANALYSIS OF COMMON MOVEMENTS BETWEEN THE 16 STOCK MARKETS. 

In this section we analyze the long term relationship between 15 different stock markets and 

The U.S. from the perspective of a U.S. investor.  Our goal is to find which countries do not 
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cointegrate with The U.S. because if we find evidence of long run common movements 

between these markets, it could be argued that the benefits of diversifying internationally 

would be greatly reduced for U.S. investors allocating part of their portfolio into these 

countries.  

We will start by presenting the methodology in section 8.1 where we explain the approach and 

steps to be taken in our research.  In section 8.2 we introduce the econometric tests and 

procedures used in our analysis. Data description follows in section 8.3.  Our empirical results 

are presented in section 8.4 and our concluding remarks are discussed in section 8.5. 

 

8.1. Methodology.  

In this part of the thesis we analyze the long term relationship between 15 different stock 

markets and The U.S. from the perspective of a U.S. investor.  By means of cointegration 

analysis, we will analyze whether these markets move together in the long run with The U.S, 

while allowing for the possibility of short run divergences.  As we mentioned in the revies of the 

previous literature, some researchers have investigated the stability of long run relationships 

between stock markets, and they argues that significant events can change the degree of 

cointegration between international stock markets as these events can potentially cause 

structural breaks in the long run relationships.  In the same line, Katarina Juselius writes: “Since 

the inference from the VAR model is only valid provided the parameters are constant, it is 

frequently the case that one has to split the sample period into subsamples representing 

constant parameter regimes”.  It is important then, to take into consideration events like the 

globalization or current financial crisis in the analysis of long run relationship between stock 

markets because such events have the potential to affect the linkages between international 

markets.  It is for this reason that our analysis is presented in three different periods: 

The first period goes from September 1995 to December 2002.  This period contains important 

developments such as the 1997 Asian Crisis and the September 11th attacks, and it is 

characterized by emerging markets that were just starting to open to the international world.  
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The second period of analysis runs from January 2003 through May 2010 and corresponds with 

the time when many analysts began to argue that the economies and stock markets of 

emerging economies would become less dependent of The U.S. economy as these countries 

started to “decouple” from The States due to factors such as solid macroeconomic frameworks, 

growing population, need for building infrastructure, and increasing international trade among 

each other.  These factors created a solid base for emerging economies to become less 

dependent of developed economies and follow their own growth potential.  The BRICs are a 

prime example of this decoupling theory.  If this premise is true, then we should find that in this 

period emerging economies do not cointegrate with The U.S.   

By cutting our 15 year sample in two relatively large subsamples of roughly 7.5 years each one, 

we can investigate the stability in the relationship between these markets.  If we find for 

example that two countries do not cointegrate in the first subsample but they do in the second 

subsample, it can be argued that increased globalization and international linkages have 

changed their relationship and now these countries are moving together, in the same way, if 

two countries do not cointegrate in any of the two sub-periods, this would be strong evidence 

that said countries do not share a common trend and are thus suitable for international 

diversification. The contrary could be argued if two countries are found to cointegrate in both 

sub-samples, as this would be strong evidence that they share common long term movements 

and an investor allocating resources to both countries would not get the full benefits of 

international diversification. 

The third period goes between July 2007 and May 2010.  The German bank IKB (August ‘07) was 

one of the first banks that needed to be bailed out and can be considered as an approximation 

for the beginning of the financial crisis.  This relatively shorter period was chosen because we 

wanted to analyze the relationship between stock markets in the midst of one the most severe 

stock market crisis in history.  If our analysis shows that even during this downturn that dragged 

the world together, the emerging markets were able to keep their own path while other 

markets did not, then this will be a strong argument in favor of diversifying into these markets. 



32 
 

The study takes a four stage approach.  The first step of the analysis consists in testing each 

index for the presence of unit roots in the series in levels, and if a series was determined to be 

non stationary, we performed first differences and tested again for unit roots.  This procedure 

is needed so as to assess the order of integration of the series because cointegration results 

between non stationary series are only valid if the integration of the series is of the same order. 

If a series is stationary I(0), there is no point on performing a cointegration test on this series. In 

the same way, if a stock index is I(2), a cointegration test could not be performed against a 

series that is I(1).  The testing procedure to be used is the Augment Dickey Fuller (ADF) test.  

Visual inspection of the series by means of graphical plots and Autocorrelation Function (ACF) 

will also be used as it is always recommended in order to have a general approximation of the 

time series’ evolution over time.  

In the second stage, and once the stationarity requirements are met, two basic approaches can 

be used to determine whether the time series are cointegrated or not: The Engle Granger 

methodology, and the Johansen methodology.  Because of some drawbacks to be mentioned 

later with respect to the Engle Granger methodology, the Johansen methodology will be used 

to perform the cointegration analysis between the time series.  Initially, bivariate cointegration 

tests will be carried out between the U.S. market and the other 15 stock markets.  Even though 

we are performing a cointegration test, our goal is to find countries that do not cointegrate 

with the American stock market as these markets will present our American investor with 

optimal places to diversify internationally.  This bivariate cointegration analysis will be 

performed for the three periods because we want to analyze if the stability in the relationship 

between these markets has changed during the three studied periods.  If we do not take into 

account changes in market’s structure due to increased globalization or the recent financial 

crisis, our analysis could be flawed and inconsistent; therefore, the bivariate cointegration 

analysis has to be performed for the three periods of study.           

The third stage consists of performing a multivariate cointegration test among the U.S. and the 

markets that were found to not cointegrate with it.  We perform this analysis because our 

American investor will likely want to diversify internationally in more than one country and will 
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therefore require broader portfolio in making investment decisions.  Additionally, we will 

perform the Johansen test in a multivariate framework across different geographical areas as it 

is possible for example that China and Taiwan have a cointegration relationship among them, as 

such, including both countries in our investor’s portfolio will not be beneficial.  It is clear that 

we want to create portfolios formed of countries that not only do not cointegrate with the U.S. 

market, but also that do not cointegrate among them.  Multivariate cointegration analysis is 

necessary to this respect.          

In the event that some of the regions analyzed with the multivariate cointegration test showed 

a common trend between them, we will make an analysis of their structure, long term 

equilibrium relations and adjustments towards equilibrium.  It is because of this that a fourth 

stage is carried out.  If series are cointegrated, the adequate framework to examine their short 

run dynamics and long term relationship is the Vector Error Correction Model (VECM).  We will 

center our analysis in this stage on hypothesis testing on β and α within the cointegrating 

matrix (π).  By performing these tests we want to get some insights in reference to which 

countries could be excluded from a cointegrating relationship, and the general dynamics of the 

group so we could identify the ones that could be chosen to diversify internationally.  

 
8.2. Tests for stationarity and cointegration. 

8.2.1. The ADF test for unit roots21

We have mentioned the importance of knowing if our series were stationary or not.  We will 

now discuss one of the tests used for testing if a series has a unit root or not, the Augmented 

Dickey Fuller (ADF) test which is an extension of the regular Dicker Fuller test (DF).  We first 

present the theory behind the DF test and then move to the ADF test.   

 

The DF test checks if a unit root is present in an AR(1) equation like: 

 
𝑋𝑡 =  𝜌𝑋𝑡−1  +  𝑒𝑡            (8.1) 

                                                           
21 The theoretical aspects of this section rely heavily on 3 books: Applied Econometric time series (2010) by Walter 
Enders, Introduction to Econometrics (2008) by Gary Koop and Basic Econometrics (2003) by Damodar Gujarati.  
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To do that, it subtracts 𝑋𝑡−1  from both sides of (8.1) to obtain: 

𝑋𝑡 −  𝑋𝑡−1 =  𝜌𝑋𝑡−1 −  𝑋𝑡−1 +  𝑒𝑡 

𝛥𝑋𝑡 = (𝜌 − 1) 𝑋𝑡−1 +  𝑒𝑡 

   𝛥𝑋𝑡 = 𝛿𝑋𝑡−1 +  𝑒𝑡       (8.2) 

From equation (8.2), if the estimated δ = 0, then 𝜌 will be 1, implying that the time series in 

(8.1) has a unit root and that 𝑋𝑡 is non stationary.  If δ < 0, then 𝜌 < 1 and 𝑋𝑡 is stationary. 

When we discussed the characteristics of non stationary processes, we noted that they might 

have no drift, a drift, or deterministic trends.  Accordingly, there are three different 

specifications for the DF test: 

 
Test for random walk (RW):                       𝛥𝑋𝑡 = 𝛿𝑋𝑡−1 + 𝑒𝑡                     (8.3) 

Test for random walk with drift (RWD):   𝛥𝑋𝑡 = 𝑎1 +  𝛿𝑋𝑡−1 + 𝑒𝑡                    (8.4) 

Test for RWD and determinist trend:         𝛥𝑋𝑡 = 𝑎1 +  𝑎2𝑡 +  𝛿𝑋𝑡−1 +  𝑒𝑡       (8.5) 

It is important to know which of the three specifications is the correct one for the times series 

that is being analyzed because an inappropriate specification will bias the results.  Campbell 

and Perron (1991) discussed the problem of correct specification of the deterministic 

component and intercept.  They show that an incorrect exclusion of the intercept or 

deterministic time trend term leads to bias in the coefficient estimate for δ.  For example, if the 

time trend term is inappropriately excluded (i.e. if we use 8.4 instead of 8.5) then the power 

(probability of correctly rejecting the null hypothesis) of the unit root test can be substantially 

reduced as a trend may be captured through the random walk with drift model.  In most cases, 

there is no way to know which specification is correct, so it is recommended to do sequential 

testing with the different specifications.  For our case, because we are dealing series that seem 

to drift upwards, specification 8.3 is eliminated, so we will test specifications 8.4 and 8.5.  If 
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both specifications show the same results (i.e that the series has or not a unit root) then we can 

be comfortable with the results.    

The null hypothesis is the same in all cases: H0: 𝛿 = 0, equivalent to say that 𝜌 = 1 or that the 

time series has a unit root.  The alternative H1 is: δ < 0, or that the series is stationary.  To 

conduct the test, the t-statistics are calculated in the conventional manner, but the critical 

values to compare are not the critical values for the t-test, but a set of critical values computed 

that follow a tau statistic ( 𝜏 ) distribution known as the Dickey Fuller tables (because they 

computed those values).  It is important to notice that the critical values from the Dickey Fuller 

tables are different for each of the three specifications. 

The ADF test builds from the basic DF test.  While the DF test did not test for autocorrelation on 

the residuals (𝑒𝑡), the ADF removes any autocorrelation by adding the lagged values of the 

dependent variable 𝛥𝑋𝑡 to equations (8.3) – (8.5).  Lagged values are added empirically until 

the error term has no autocorrelation.  The ADF regression to estimate is: 

 
𝛥𝑋𝑡 = 𝑎1 +  𝑎2𝑡 +  𝛿𝑋𝑡−1 +  𝛥𝑋𝑡−1 +  𝛥𝑋𝑡−2 +  … +  𝜇𝑡  (8.6) 

Where 𝛥𝑋𝑡−1 = 𝑋𝑡−1 −  𝑋𝑡−2  and 𝜇𝑡 is pure white noise22

A possible downside of using a unit root test based on the DF test is that it exhibits “low 

power”, which means that in border line cases, the test tends to find a unit root when there is 

none.  In other words, a ρ value close to one (say 0.90) could be mistakenly confused as a unit 

root process by the DF test.  A good example is the presence of structural breaks that might 

make a time series jump or have a pronounced decline, thus making it difficult to distinguish 

the structural break from a unit root process. 

. 

After we have identified if our series have unit roots, we take first differences and perform the 

ADF test once again in the series in differences to see if it became stationary.  This process is 

necessary because, as mentioned before, cointegration results between non stationary series 

                                                           
22 Process of random variables that are uncorrelated, have zero mean and finite variance. 
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are only valid if the integration of said series is of the same order.  Once we have determined 

that our series are integrated of the same order, we are ready to perform cointegration tests. 

 
8.2.2. Cointegration test 23

 

.  

It has been already mentioned that if two series cointegrate, the error terms is stationary and 

regular OLS regression of Y on X is valid, the result from such regression is the long term 

equilibrium between the two variables.  There are two widely used tests for cointegration: the 

Engle Granger test and the Johansen test.   

 

8.2.2.1. The Engle Granger test.  Drawbacks. 

The Engle Granger test is a two step process where the first step consists on regressing Y on X 

on two series that are of the same I(p) process.   

 
𝑌𝑡 = 𝑎1 + 𝑎2𝑋𝑡 + 𝜀𝑡                                                  (8.7) 

In the second step, the residuals from 8.7 are used to perform a unit root test on them.  If the 

H0 of unit root cannot be accepted, then the residuals are stationary and we conclude that Y 

and X cointegrate.  In this case (8.7) is a cointegrating equation where 𝑎2 represents the long 

run equilibrium between X and Y.    

The Engle Granger test has a few drawbacks.  First, because it is a unit root test on the 

residuals, it has potentially the same low power problems that we outlined in the section 

before.  Another drawback is that the test requires defining left and right hand side variables to 

find the equilibrium relationships.  It is feasible however, that one regression will find an 

equilibrium relationship while reversing the variables will not find cointegration.  This is highly 

undesirable because long run relationships should be invariant of which variable is chosen to be 

the dependent one.  Lastly, the test only tells if there is a common long term equilibrium 

relationship between the variables ((8.7) can be extended with more explanatory variables), but 
                                                           
23 The theoretical aspects of this section of the thesis are based on 2 books:  The cointegrated VAR model (2006) by 
Katarina Juselius and Applied Econometric time series (2010) by Walter Enders. 
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it does not tell how many cointegrating relationships exist, as there might be more than one 

equilibrium relationship.  It is because of these downfalls that we will be using the Johansen 

test for finding long run relations between the variables.  The Johansen test is a maximum 

likelihood ratio that test for various cointegrating relationship between variables using a vector 

of error corrected model (VECM), in addition, the Johansen method allow us to test for 

different hypothesis and restrictions within the cointegrated vector - We will explain the 

Johansen method in the next section.  

 
8.2.2.2. The Johansen test for cointegration.   

The Johansen method is used to determine the presence of cointegrating vectors in non 

stationary time series; it can be applied in a bivariate or multivariate setting.  In the case of a 

multivariate setting, it has the advantage of finding and providing estimates for all the 

cointegrating vectors within a Vector Autoregressive model (VAR).   

Before we move forward, it is important to define what a Vector Autoregressive Model is.  A  

VAR(k) model is simply an extension of the AR(p) model where there is more than one 

dependent variable under study and thus more than one equation.  In the model, each 

equation has as explanatory variables lagged values of all variables under study.  A 

deterministic trend could also be included in the model.  The model is used to find the 

evolution and interdependences between several time series, therefore, it is a “theory free 

model” because economic theory is simply limited to selecting the equations in the model, and 

we let the VAR find any relationship between the variables.  

A (𝑘) order VAR has the following representation:24

𝑋𝑡 = 𝜇0 +  𝛿0𝑡 +  𝜋1𝑋𝑡−1 +  … +  𝜋𝑘𝑋𝑡−𝑘 +  𝜖𝑡            𝑡 = 1, … . . ,𝑇                  (8.8)      

  

Where 𝑋𝑡 is a (nx1) vector of variables, δ a deterministic trend and ϵt is a white noise process. 

                                                           
24A complete derivation of the VAR can be found in The Cointegrated VAR Model, Katarina Juselius (2006) pg 43-46 
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In a VAR model, parameter consistency depends on the constancy of the covariance matrixes 

between the variables, in this respect, accounting for structural changes in the variables 

parameters is very important. Additionally, checking for white noise in the residuals is crucial 

for statistical inference and economic interpretation – the model assumes that all available 

information in time t-1 or before is taken into consideration by economic agents to make plans 

for time t, in this regard, an autocorrelated residual for example, will describe economic agents 

that do not use efficiently all information in the data.  Some assumptions however are more 

important than others; simulations studies have shown that valid statistical inference is very 

sensitive to violations in some of the assumptions like parameter non-constancy, 

autocorrelated residuals and skewed residuals, while being quite robust to other violations such 

as excess kurtosis and residual heteroscedasticity25

The Johansen method is based on the error correction representation of the VAR, the so called 

Vector Equilibrium Correction Model (VECM) that reformulates (8.8) in terms of differences, 

lagged differences and levels of the process to obtain: 

.   

 
∆𝑋𝑡 = 𝛤1∆𝑋𝑡−1 +  𝜋𝑋𝑡−1 +  𝜖𝑡                                       (8.9) 

We can see that in (8.9) that the left hand side is stationary.  Since a stationary variable cannot 

be equal to a non stationary expression, the only option is that the right hand side also has to 

be stationary.  For this to happen, either π = 0, or it must have a reduced rank.  To test the 

restrictions in π, Johansen defines two matrices α and β, both of dimensions n x r where r is the 

rank of π and n the number of variables.  The properties of α and β are such that:  

𝜋 =  𝛼𝛽′                                                            (8.10) 

(8.9) can be written as:                     ∆𝑋𝑡 = 𝛤1∆𝑋𝑡−1 + 𝛼𝛽′𝑋𝑡−1 +  𝜖𝑡                               (8.11) 

In order for (8.11) to balance, r must be <= n.  In this case, β′Xt−1 becomes an r x 1 vector of 

stationary cointegration relations26

                                                           
25 The Cointegrated VAR Model, Katarina Juselius (2006) pg 47.   

.  In (8.11), β is the matrix of cointegrating parameters and α 

26 The Cointegrated VAR Model, Katarina Juselius (2006) pg 79-84 
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is the matrix of weights with which each cointegrating vector enters the n equations of the VAR, 

in other words, α can be seen as the matrix of the speed of adjustment parameters.  In this 

respect, the αij coefficients should have an inverse sign to its correspondent βij indicating that 

the cointegrating relationship is equilibrium correcting.  Generally, there are three cases of 

interest in the π matrix. 

• If r = n, then Xt is stationary and there is no need to express the system as VECM, 

standard inferences apply. 

• If r = 0, there are not cointegrating relationships between the variables, that is the 

variables have no stochastic trends in common and do not move together over time. 

• If n > r > 0, there are r cointegrating relationship among the n variables.  In contrast with 

the Engle Granger method, the Johansen method can find more than 1 cointegrating 

relationship between the variables. 

To find r, or the cointegration rank, the Johansen test – often called trace test - determines the 

number of cointegrating vectors in  𝜋 by using a log likelihood function as in (8.12)27

 

:  

−2 𝐿𝑛(𝛽) =  𝑇 ln |𝑆00| +  𝑇 ∑ ln(1 −  𝜆𝑖)
𝑝
𝑖=1                           (8.12) 

A valid cointegrating vector in π will produce a significantly non zero eigenvalue 𝜆𝑖.  The 

magnitude of λi is an indication of how strongly β′Xt−1 is correlated with the stationary part of 

the process (∆Xt) in (8.11).   

The trace test does not give us the exact number of r cointegrating relations, it only evaluates 

the H0 hypothesis that the number of cointegrating vectors is less than or equal to r against the 

alternative that the number of cointegrating relations is higher (r+1).  Therefore, the estimation 

of r implies performing a sequence of tests until we cannot reject the H0 that r <= 𝑟¤. 

It is important to mention that a constant and a deterministic component could be included in 

(8.11), and they play a significant role in the cointegration model, therefore; it is important to 

                                                           
27 The Cointegrated VAR Model, Katarina Juselius (2006) pg 131-134. The LR test for cointegration rank. 
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distinguish between the part of the constant and the trend that belongs to the cointegrating 

relations 𝛽′𝑋𝑡−1 and the part that belongs to ∆𝑋𝑡 in (8.11)28

• Case 1: No separate drift in the VECM. -  This case corresponds to a model with no 

deterministic components in the data implying that there is no intercepts in the 

cointegrating relationships.   

.  There are five different 

specifications of deterministic trends in the VECM form: 

 
∆𝑋𝑡 = 𝛼𝛽′𝑋𝑡−1 + 𝛤1∆𝑋𝑡−1 +  𝜖𝑡                                     (8.13) 

• Case 2: There is a constant only in the cointegrating relation and no separate drift in 

8.11.  This case is consistent with no linear trends in the data.  The VECM equation will 

be in this case: 

 
∆𝑋𝑡 = 𝛼(𝛽,𝛽0)(𝑋𝑡−1, 1) + 𝛤1∆𝑋𝑡−1 +  𝜖𝑡                           (8.14) 

• Case 3: Drift in the VECM but none in the cointegrating relation.  This case is consistent 

with linear trend in the variables that cancel out in the cointegrating space.   

 
∆𝑋𝑡 = 𝑎0  +  𝛼𝛽′𝑋𝑡−1 +  𝛤1∆𝑋𝑡−1 +  𝜖𝑡                           (8.15) 

• Case 4: A linear trend in the cointegrating relation, and an unrestricted constant.  This 

case is consistent when we suspect having trend stationary cointegrating relations. 

 
∆𝑋𝑡 = 𝑎0 +  𝛼(𝛽,𝛽0)(𝑋𝑡−1, 𝑡) + 𝛤1∆𝑋𝑡−1 +  𝜖𝑡                   (8.16) 

• Case 5: No restrictions in the VECM.  In this case we allow for quadratic trends in the 

model.   

∆𝑋𝑡 =  𝑎0 +  𝛼𝛽′𝑋𝑡−1 + 𝛤1∆𝑋𝑡−1 + 𝛿𝑡  + 𝜖𝑡                      (8.17) 

 

8.3. Data 

                                                           
28 The Cointegrated VAR Model, Katarina Juselius (2006) pg 99-100. 
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In this section we present the data for the stock indexes of 8 emerging markets and 8 

developed markets to be used for the cointegration analysis.  

As of May 2010, the Morgan Stanley Capital International (MSCI) list includes 21 countries as 

emerging markets.  A market is classified as emerging based on factors such as gross domestic 

product per capita, local government regulations, foreign ownership limits, investment risk and 

general perceptions of the investment community.  From the list, we originally chose the 

following 11 markets for the study: Brazil, China, Egypt, India, Malaysia, Mexico, Peru, Russia, 

South Africa, Taiwan and Thailand.  However, country ETFs for three of these stock indexes 

started trading in the New York Stock Exchange (NYSE) not too long ago, and because of the 

limited time series data, we decided to drop Egypt, Peru and Thailand29

We believe these 16 market indexes will allow us to make a thorough analysis of long term 

equilibrium relationship between different countries.  The 16 indexes were taken from 

Thomson Reuters Datastream and they represent the most representative benchmark for each 

country. These are: The BOVESPA – Bolsa de Valores de Sao Paulo - for Brazil, SHANGHAI SE for 

China, The India BSE – Bombay Stock Exchange - for India, The Bursa KLCI for Malaysia, The IPC 

– Indice de Precios y Cotizaciones - for Mexico, The RTS - Russian Trading System - for Russia, 

The South African JSE – Johannesburg Stock Exchange, The Taiwanese stock exchange – Taiwan 

SE,  The Australian ASX 200, The FTSE – Financial Times Stock Exchange - 100 for England,  The 

CAC 40 for France, The DAX - Deutscher Aktien Index - 30 for Germany, The  Topix – Tokio Stock 

Price Index - for Japan, The IBEX – Iberia Index – 35 for Spain, The OMX Stockholm 30 for 

Sweden and The S&P 500 - SP - for the U.S.  

.  We are left then with 

8 emerging markets for our study: The BRICs, Malaysia, Mexico, South Africa and Taiwan.  With 

respect to the developed countries, 8 countries were selected: Australia, England, France, 

Germany, Japan, Spain, Sweden and the United States.  

Daily data was our preferred option because any transmission mechanism between the stock 

markets in the ECM is most likely to occur within few days.  Monthly data was our backup 

                                                           
29 Thailand’s ETF – ticker THD – started trading in the NYSE in 2010.  Peru’s ETF – ticker EPU – in 2009 and Egypt’s 
ETF – ticker EGPT – in 2010. 
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option.  A drawback in using daily data is that we will most likely face Autoregressive 

Conditional heteroskedastic (ARCH) residuals - the variance of the residuals in one period is 

dependent on their variance in the previous period.  It is possible that monthly data will correct 

or eliminate the ARCH residuals; therefore, we performed cointegration analysis using monthly 

data, however, the ARCH processes of the residuals were not eliminated – although decreased 

slightly for some series.  The estimation results were generally the same as the results obtained 

from daily data.  Finally, one of the main reasons for not using daily data in financial time series 

is to avoid representation bias from thinly traded instruments; however, this is not a problem at 

all in our case for the market indexes, and is not a problem either for our ETF data because 

these are highly liquid instruments that trade in the NYSE.  In all, because the similarity of 

results using monthly or daily data, having data that is not subject to liquidity problems, and the 

necessity to have as many observations as possible to build portfolios, we decided to work with 

daily observations – index prices at the closing values of the day.   

The starting point of the analysis is September 1st 1995, and this observation is the base date 

for the analysis (September 1st 1995 = 100).  September 1995 was chosen as starting point 

because it coincides with the starting date in The Datastream’s data base for the Russian stock 

market index (RTS), which is the last index out of our 16 indexes in study to have available data.  

A starting date prior to this date would have meant no data for the RTS, which would have 

translated into no analysis for the BRICs as a group.  Each of the 16 stock indexes has 3847 

observations, or around 15 years of data for each series, which we believe is sufficient to carry 

on our analysis.   All data is transformed to natural logarithms prior to the analysis.   

When working with data for stock prices or indexes that will be used as basis for constructing 

portfolios, probably the best choice of data type from the Datastream database is the Return 

Index datatype (RI) that takes into account dividends which are assumed to be reinvested to 

purchase additional units if the underlying unit30

                                                           
30 Datastream web page.  

.  In our case however, we were faced with the 

problem that some of the series did not have a RI data type, or it was included after our starting 

period of study.  If we had decided to work with the RI for some series and the PI for the series 

http://online.thomsonreuters.com/datastream/ 

http://online.thomsonreuters.com/datastream/�
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that lacked the RI data, we would have biased the results towards finding no cointegration in 

the stock indexes as the series with RI would undoubtedly grow faster than the series with the 

PI type.  This has a minor effect in the short term, but a mayor effect in the long run if we 

consider that a 2% annual dividend compounded for 15 years would make the series diverge by 

35%.  It is clear then, that the correct decision is to use the PI for all our series. 

Finally, because the research is done from the point of view of our American investor, she will 

be interested in returns and comparisons based on her own currency, therefore, all series were 

transformed into U.S. dollars using daily currency exchange rates.  The currency exchange data 

was also collected from the Datastream’s database.    

Table 1 shows summary statistics for the 16 indexes under study.  

 
Table 1: Summary Statistics for the 16 stock indexes 

Variable Mean Std Dev Minimum Maximum N 

SP 

Bovespa 

Shanghai 

India 

Malaysia 

Mexico 

RTS 

SAJSE 

Taiwan 

ASX 

FTSE 

CAC 

DAX 

TOPIX 

IBEX 

OMX 
 

110.4066455 

109.0027528 

119.2278908 

108.4838323 

91.6474075 

114.1091873 

131.8056984 

103.0179477 

103.0209365 

106.0085281 

105.1344099 

107.9587378 

108.1066655 

89.6072416 

109.7727052 

119.0251933 
 

3.7194537 

8.4301559 

11.5102016 

16.7337250 

6.8024712 

10.8947871 

22.5061051 

7.0011561 

4.8644515 

5.4803631 

2.6869510 

4.0399683 

4.4611137 

8.5180371 

4.7972766 

9.2386646 
 

100.0000000 

90.8445931 

92.1975969 

83.4111036 

70.1793769 

93.4612527 

79.2899505 

90.5383876 

89.2017853 

98.1622516 

98.7042787 

99.3583328 

97.7814090 

69.3509712 

99.5012850 

99.1385751 
 

116.1175153 

126.6703757 

149.6290850 

146.5912508 

103.9475727 

134.2312856 

169.7918206 

117.4394589 

113.8068399 

118.9976615 

110.9391592 

115.9314666 

117.6797019 

105.5503825 

119.6660489 

137.5869191 
 

3847 

3847 

3847 

3847 

3847 

3847 

3847 

3847 

3847 

3847 

3847 

3847 

3847 

3847 

3847 

3847 
 

It can be seen that these markets present significant differences in their mean returns, with the 

Russian (RTS) and Chinese (Shanghai) markets performing on average better than the rest.  

With respect to volatility of returns, it is clear that the emerging markets present on average 

higher volatility than the developed countries.  The Russian market for example, has a 22.51 

standard deviation which calculates to a bit more than a daily 5% variance of returns, this is a 

very high volatility. The same can be seen by looking at its maximum and minimum values – 
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169.79 and 79.28 respectively.  After the Russian market, the Indian, Chinese, Mexican and 

Brazilian are the ones that have the highest volatility of returns. On the other side, the English, 

American, French and German markets are the ones with the lowest volatility.  This first 

approximation to our data confirms what is generally known: emerging markets offer the 

greatest return possibilities, but those higher returns come with much higher risk.   

 

8.4. Empirical results. 

8.4.1. Graphical Analysis. 
 

Figure #1 Line Plot. 4 Emerging Markets and U.S.

 
 
Figure #1 shows the line plot of 5 stock markets; The BRICs, and The U.S. It appears that all the 

series in the graph have a non constant mean and follow a random walk with drift process –

upward trend.  Maybe U.S. could be the only exception as it seems to not being trending 

upwards in the studied period.  The progression of the 16 stock series in study is presented in 

Appendix #1 along the Autocorrelation Function (ACF) - to be discussed in the next section.  The 

graphical analysis then is a first indication that the stock market indexes are non stationary. 
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8.4.2. Unit Root test. 

Table #2 shows selected output for the Augmented Dickey Fuller (ADF) test for the Malaysian 

series in levels.  We see that the H0 hypothesis of non stationarity cannot be rejected at the 5% 

significance level (Pr < Tau is higher than 0.05) for any of the three cases (RW, RW with drift, 

and trend).  Notice that the test is conducted for 0, 1 and 2 lags, the decision is the same for 

each case.  The second part of the table presents the trend and correlation analysis.  The upper 

left box shows the development of the series in time where we see that it seems to be non 

stationary.  The upper right box shows the ACF, which we clearly see does not die out fast 

implying that the process has a long memory.  From this output, we conclude that the time 

series for Malaysia is non stationary.   

Table # 2: ADF test for Malaysia in levels, and ACF 
Augmented Dickey-Fuller Unit Root Tests for Malaysia in levels 

Type Lags Tau Pr < Tau 
Random walk (RW) 0 -0.13 0.6405 

  1 -0.12 0.6420 
  2 -0.12 0.6443 

Random walk with drift 0 -1.41 0.5801 
  1 -1.52 0.5221 
  2 -1.60 0.4852 

Trend 0 -1.76 0.7252 
  1 -1.85 0.6825 
  2 -1.90 0.6543 
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The same analysis was performed for all the other series under study.  Table #3 presents a 

summary of the results for the ADF test with drift and with trend.  We are presenting only the 

case with 0 lags so as to not make the table too large with the inclusion of other two cases; 

however, we point out that the conclusions are the same with 0, 1 or 2 lags - the H0 of non 

stationarity cannot be rejected.  Based on the ADF test, the progression of the series in levels, 

and ACF of the series presented in Appendix # 1, we conclude that all the series are non 

stationary.  

Table #3 Augmented Dickey Fuller Test for the 16 stock indexes. Drift and trend 
 Augmented Dickey Fuller test – Drift Augmented Dickey Fuller test – Trend 

 τ Pr < τ Ho = Non stat τ Pr < τ Ho = Non stat 
Brazil -0.71 0.8432 Cannot reject Ho -1.56 0.8067 Cannot reject Ho 
China -1.39 0.5900 Cannot reject Ho -1.69 0.7576 Cannot reject Ho 
India  -0.18 0.9392 Cannot reject Ho -1.87 0.6686 Cannot reject Ho 

Malaysia -1.41 0.5801 Cannot reject Ho -1.76 0.7252 Cannot reject Ho 
Mexico -0.77 0.8281 Cannot reject Ho -2.36 0.4023 Cannot reject Ho 
Russia  -1.06 0.7330 Cannot reject Ho -1.53 0.8189 Cannot reject Ho 

South Africa -0.65 0.8560 Cannot reject Ho -1.96 0.6230 Cannot reject Ho 
Taiwan -2.07 0.2581 Cannot reject Ho -2.09 0.5528 Cannot reject Ho 

Australia -1.13 0.7069 Cannot reject Ho -2.00 0.6020 Cannot reject Ho 
England -2.30 0.1718 Cannot reject Ho -2.03 0.5852 Cannot reject Ho 
France -2.16 0.2220 Cannot reject Ho -1.80 0.7046 Cannot reject Ho 

Germany -1.89 0.3365 Cannot reject Ho -1.98 0.6120 Cannot reject Ho 
Japan -2.15 0.2264 Cannot reject Ho -2.13 0.5297 Cannot reject Ho 
Spain -2.05 0.2661 Cannot reject Ho -1.68 0.7586 Cannot reject Ho 

Sweden -2.17 0.2187 Cannot reject Ho -2.16 0.5117 Cannot reject Ho 
U.S. -2.85 0.0523 Cannot reject Ho -2.47 0.3440 Cannot reject Ho 

 
 

8.4.3. Difference Stationary process 

If a time series has a unit root, it can be transformed into a stationary series by taking the 

differences of the series. We have shown that all the stock indexes are non stationary; now it 

needs to be seen how many times it is necessary to difference the series before they become 

stationary.  We have performed the ADF test and graphical inspection of all the stock indexes in 

differences.  Table #4 shows once again selected output for the Malaysian stock market, this 

time in first differences.  We can see that the ADF test rejects the H0 hypothesis of non 

stationarity with a Tau value of -56.66 for the RW with drift case.  Notice that the graph of the 

series in the upper left box now shows that it has become stationary.  The ACF in the upper 
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right box now dies out quickly confirming that the series has become stationary.  We conclude 

from this output that the stock index for Malaysia is non stationary in levels but stationary in 

differences, this means that it is integrated of first order I(1).   

Table # 4: ADF test for Malaysia in first differences, and ACF 
Augmented Dickey-Fuller Unit Root Tests for Malaysia in levels 

Type Lags Tau Pr < Tau 
Random walk (RW) 0 -56.67 <.0001 

  1 -39.58 <.0001 
  2 -32.95 <.0001 

Random walk with drift 0 -56.66 <.0001 
  1 -39.57 <.0001 
  2 -32.94 <.0001 

Trend 0 -56.68 <.0001 
  1 -39.60 <.0001 
  2 -32.97 <.0001 

 
 

Table #5 shows the results for the ADF test – drift and trend – for all the series in differences.  

As it was the case before, we only present the results for 0 lag, but we note that the results are 

similar with 1 and 2 lags.  We can see from the table that now all the series strongly reject the 

H0 of non stationarity.  From this table, and the trend and correlation analysis for all series in 

differences presented in Appendix #2, we conclude that all the series are non stationary in 

levels, but stationary in differences; therefore, all series under study are integrated of order 1.  
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Table #5 Augmented Dickey Fuller Test for the 16 stock indexes. Drift and Trend 
 Augmented Dickey Fuller test – Drift Augmented Dickey Fuller test – Trend 

 τ Pr < τ Ho = Non stat τ Pr < τ Ho = Non stat 
Brazil -57.16 <0.0001 Rejects Ho -57.16 <0.0001 Rejects Ho 
China -62.69 <0.0001 Rejects Ho -62.68 <0.0001 Rejects Ho 
India  -56.30 <0.0001 Rejects Ho -56.31 <0.0001 Rejects Ho 

Malaysia -56.66 <0.0001 Rejects Ho -56.68 <0.0001 Rejects Ho 
Mexico -56.38 <0.0001 Rejects Ho -56.37 <0.0001 Rejects Ho 
Russia  -54.63 <0.0001 Rejects Ho -54.63 <0.0001 Rejects Ho 

South Africa -59.69 <0.0001 Rejects Ho -59.70 <0.0001 Rejects Ho 
Taiwan -59.26 <0.0001 Rejects Ho -59.25 <0.0001 Rejects Ho 

Australia -61.77 <0.0001 Rejects Ho -61.76 <0.0001 Rejects Ho 
England -63.33 <0.0001 Rejects Ho -63.35 <0.0001 Rejects Ho 
France -62.78 <0.0001 Rejects Ho -62.79 <0.0001 Rejects Ho 

Germany -62.74 <0.0001 Rejects Ho -62.74 <0.0001 Rejects Ho 
Japan -63.10 <0.0001 Rejects Ho -63.10 <0.0001 Rejects Ho 
Spain -60.76 <0.0001 Rejects Ho -60.78 <0.0001 Rejects Ho 

Sweden -60.90 <0.0001 Rejects Ho -60.90 <0.0001 Rejects Ho 
U.S. -66.65 <0.0001 Rejects Ho -66.68 <0.0001 Rejects Ho 

 
 

8.4.4. Model diagnostic checks. 

Before we present the results, we will briefly mention the diagnostics used to check for the 

necessary assumptions surrounding the VAR model.  As it was mentioned before, the VAR 

model is very sensible to assumptions of autocorrelated residuals, while being less affected by 

residual heteroscedaticity and normality assumptions.  It is in this respect that we will put 

emphasis in correcting for autocorrelated residuals by adding lags in the model until the AR 

disturbances in the residuals cannot reject the null hypothesis that the residuals are 

uncorrelated.  SAS presents this output as an F test for AR disturbances.     

In the data section it was pointed out that we tried to account for Autoregressive Conditional 

Heteroscedastic (ARCH) disturbances in the residuals by using monthly data instead of daily 

data, but this did not correct the problem.  Maybe quarterly data would have solved the 

problem, but then we will have to deal with too few observations which generate more 

complications.  Besides presenting ARCH disturbances, it is widely known that financial data 

also has the problem of non normality in the residuals (fat tails, greater downside risk, etc).  

Since there is not much that we could do to correct for these two problems, and because they 

do not have a major effect in the VAR model, we will have to accept them in our research. 
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In addition to checking for the AR disturbances, we will also check at various models of 

selection criteria available in SAS such as the AIC (Akaike Information Criteria) which compares 

different models and gives values based on the goodness of fit, with the model that has a lower 

value being comparatively better than the other options. Because increasing the number of lags 

or variables will increase the goodness of fit regardless of the number of free parameters in the 

data, the AIC penalizes the models proportionally to the number of parameter to be estimated.  

In other words, the AIC criteria tries to find the model that explains the data best but with the 

lesser number of free parameters.  The AIC penalty for adding more variables is less than other 

models of selection criteria, therefore, it is usually recommended to look at other information 

criterion such as the Schwartz Bayesian Criterion (SBC) that is also available in SAS.   

In summary, we will use a combination of an F test for AR disturbances and model selection 

criteria to determine the best models to be used for the several Johansen cointegration tests 

that we will perform between the 16 stock indexes for the 3 sub-periods under study.   

Out of the 5 possible specifications for the Johansen procedure mentioned in section 8.2.2.2, 

case 1 is disregarded as there is no reason for us to believe that the cointegrating relations will 

start at zero – i.e. have no intercept. Case 4 and 5 were disregarded as well since we do not 

expect to have trends in the cointegrating relations – case #4 – or quadratic trends in the model 

– case #5.  Therefore, case # 2 and #3 are possible options for testing for cointegration between 

the stock indexes.  However, we have seen in the graphical inspection of the series that all of 

them are trending, and this will invalidate case # 2 since this case is consistent with no linear 

trends in the data.  We are left then with case #3 as the most reasonable case for performing 

the Johansen test since this case is consistent with trends in the series that cancel each other in 

the cointegrating relationship.  

The following illustrates the steps used to determine the correct order of the VAR model for the 

Johansen procedure.  Table #6 corresponds to selected parts of the SAS output for the 

Johansen cointegration test with one lag (p=1) between The U.S. and South Africa – SP and 

SAJSE – for the period January 2003 – May 2010.  The upper rows contain general information 

on the two series.  The box under the label “Cointegration Rank Test Using Trace” shows the 
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Johansen test for the case # 3.  The table shows a trace test that is lower than the 5% critical 

level – 10.01 and 15.34 respectively – therefore we do not reject the H0 that the rank=0.  This 

means that these two series do not cointegrate.  However, we need to check for model 

specification before we can draw any conclusion.  For this, we need to look at the output 

presented in the box labeled “Univariate Model AR Diagnostics” which shows the 

autocorrelation (AR) diagnostic in the residuals.  It is clear from the output (in bold) that the H0 

of non correlated residuals is rejected for the SP (Pr > F is lower than 0.05), thus, we need to 

correct this model.   

Table#6 Johansen test between SP and SAJSE, p=1 
Variable Type N Mean Std Min Max 

SP Dependent 1933 111.40462 2.67302 102.87686 116.11752 
SAJSE Dependent 1933 108.36391 5.81009 95.19502 117.43946 

Cointegration Rank Test Using Trace 
H0: Rank=r H1: Rank>r Eigenvalue Trace 5% Critical Value Drift in ECM Drift in Process 

0 0 0.0037 10.0122 15.34 Constant Linear 
1 1 0.0014 2.7818 3.84     

 Univariate Model AR Diagnostics 
Variable AR1 AR2 AR3 AR4 

F Value Pr > F F Value Pr > F F Value Pr > F F Value Pr > F 
SP 31.39 <.0001 24.02 <.0001 17.67 <.0001 13.23 <.0001 

SAJSE 0.01 0.9131 0.59 0.5548 0.91 0.4371 0.75 0.5562 
 

Table # 7 presents selected output from the Johansen test between these two countries with 2 

and 3 lags.  We can see that the VAR (2) model is still inappropriate because the residuals for 

the AR are still showing autocorrelation.  However, this is not the case any longer for the VAR 

(3) model as the residuals from AR(1) up to AR(4) are now not correlated.  Also notice that we 

present a comparison for the AIC and SBC for the tree models in the middle part table #7, 

where we can see that the AIC and SBC have both become more negative for the case of p=3, 

implying that the model fits the data better as compared to the VAR (1) and VAR (2) models.  

With this output, we have confidence that the correct VAR model for the Johansen method is 

the VAR (3) since our residuals are “generally well behaved” and the model fits the data better 

than the comparing models.  The last box of the output in Table #7 shows the final decision 

with regards to the Johansen test where it can be seen that with a trace test of 4.42 we cannot 

reject the H0 that the SP and SAJSE are not cointegrated.   
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Table#7 Johansen test between SP and SAJSE. Diagnostics 
Univariate Model AR Diagnostics p=2 (VAR 2) 

Variable AR1 AR2 AR3 AR4 
F Value Pr > F F Value Pr > F F Value Pr > F F Value Pr > F 

SP 19.31 <.0001 12.25 <.0001 8.50 <.0001 6.45 <.0001 
SAJSE 0.01 0.9312 1.02 0.3606 1.33 0.2621 1.20 0.3090 

Univariate Model AR Diagnostics p=3 (VAR 3) 
Variable AR1 AR2 AR3 AR4 

F Value Pr > F F Value Pr > F F Value Pr > F F Value Pr > F 
SP 0.00 0.9801 0.10 0.9075 0.20 0.8942 0.51 0.7316 

SAJSE 0.00 0.9622 0.01 0.9925 0.25 0.8584 0.36 0.8357 
 

Information Criteria at different lags 
Lags p=1 p=2 p=3 
AIC -5.72634 -6.12289 -6.15112 

HQC -5.71999 -6.11231 -6.13633 
AIC -5.72635 -6.12291 -6.15118 
SBC -5.70906 -6.09409 -6.11081 

FPEC 0.003259 0.002192 0.002131 
 

Cointegration Rank Test Using Trace Under Restriction SP and SAJSE p=3 
H0:  

Rank=r 
H1:  

Rank>r 
Eigenvalue Trace 5% Critical Value Drift in ECM Drift in Process 

0 0 0.0028 4.42 15.34 Constant Constant 
1 1 0.0009 1.7151 9.13     

 

The same selection process was performed for all the cointegration tests to be performed in 

the thesis, and in the tables to be presented in the empirical results, we will specify – with a p = 

(k) - which model was selected to be the best one based on these diagnostic checks.  In most of 

the cases, the residuals became well behaved after 2 or 3 lags.              

 

8.4.5. Bivariate Johansen cointegration test.  Period 1: September 1995 to December 2002. 

Now that we have determined that all series are I(1), cointegration tests on these series can be 

performed to find common long term trends.  Table #8 shows the bivariate Johansen test 

between The U.S. and the other 15 markets for this period.  The first column in the table 

describes the paired countries used for the test.  The second column is the VAR(p) model based 

on the criteria mentioned before.  The third and fourth columns are the H0 and H1 respectively.  

The last column is the final decision with regards to the test.  For example, the first row shows 

the Johansen test for the U.S - Brazil pair, the model selected was a VAR(2), and with a trace 
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statistic of 7.01 – lower than the 15.34 5% critical level – we conclude that there is no 

cointegrating relationship between these two countries for this period – i.e. r = 0. 

Table#8 Johansen test between SP and 15 other countries for the period September 1995 –December 2002 
 VAR(p)  H0 H1 Trace Statistic  5% critical value Decision 

U.S. - Brazil p=2 r = 0 r>0 7.01 15.34 r=0 

U.S. - China p=2 r = 0 
 

r>0 
 

14.20 15.34 r=0* 
U.S. - India p=2 r = 0 

 
r>0 

 
9.30 15.34 r=0 

U.S. - Malaysia p=2 r = 0 
 

r>0 
 

8.17 15.34 r=0 

U.S. - Mexico p=2 r = 0 
 

r>0 
 

12.86 15.34 r=0 

U.S. - Russia p=2 r = 0 
 

r>0 
 

7.28 15.34 r=0 

U.S. - South Africa p=2 r = 0 
 

r>0 
 

12.81 15.34 r=0 

U.S. - Taiwan p=2 r = 0 
 

r>0 
 

8.77 15.34 r=0 

U.S. - Australia p=2 r = 0 
 

r>0 
 
 

17.19 
 

15.34 r=1** 
 U.S. - England p=3 r = 0 

 
r>0 

 
16.79 15.34 r=1** 

 U.S. - France p=2 r = 0 r>0 
 

20.02 
 

15.34 
 

r=1** 

U.S. - Germany p=2 r = 0 
 

r>0 
 

8.21 
 

15.34 r=0 
 U.S. - Japan p=2 r = 0 

 
r>0 

 
6.66 15.34 r=0 

U.S. - Spain p=3 r = 0 
 

r>0 
 

12.07 15.34 r=1 
U.S. - Sweden p=1 r = 0 

 
r>0 

 
17.19 15.34 r=1** 

** and * Indicates statistical significance at the 5% and 10% level respectively 

We can see from the table that Australia, England, France and Sweden cointegrate with the 

American market at the 5% significance level.  It is interesting to notice that all of these 

countries are developed economies which give us an indication that developed economies were 

not a good place for American investors to diversify internationally in this period. 

Also worth noticing is that out of the developed economies, Japan is the one with the lowest 

trace statistic, strongly rejecting any cointegrating relationship with The States.  This is in line 

with our expectations as it is widely know the problems that the Japanese economy had in the 

90’s to generate growth, the so called “lost decade”, a stretch of economic stagnation between 

the early 90’s and the early part of this century31

                                                           
31 Originated by a combination of extremely high land values and very low interest in the 80’s, which fueled 
speculative behavior and a consequent asset bubble that ended in 1989 when the Japanese Central Bank increased 
rates to cool down the economy.  This originated a stock market collapse and a huge debt problem, forcing the 
government to bail out many banks.  Many question if The States faces the same problem after its housing 
collapse.   

.  These problems were reflected in their stock 

market, and it is clear from the cointegration test that this economy followed its own path and 

had no long term relationship with the States; a marked difference with other developed 

economies.   
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We also see from the table that China shows some signs of cointegration with The U.S. - 

although only at the 10% significance level32

 

.  This could be explained by the dependency and 

linkages of the Chinese export sector with the American economy in the 90’s since The U.S. was 

China’s mayor trading partner.  This situation changed in the 2000’s as Chinese exports became 

less dependent of The States; in fact, the European Union became China’s mayor trading 

partner in 2006.  It is important to point out that with the exception of China, none of the 

emerging markets show any sign of cointegration with The U.S. in this period.  In Appendix #3 

we include selected SAS output for all the cointegration tests performed in this period. 

8.4.6. Bivariate Johansen cointegration test.  Period 2: January 2003 to May 2010. 

Table #9 shows the results for the cointegration test between The U.S. and the other 15 

countries for this period.   

Table#9 Johansen test between SP and 15 other countries for the period January 2003 to May 2010 
 VAR(p)  H0 H1 Trace Statistic  5% critical value Decision 

U.S. - Brazil p=3 r = 0 r>0 
 

4.80 
 

15.34 
 

r=0 
U.S. - China p=3 r = 0 r>0 4.63 15.34 r=0 
U.S. - India  p=3 r = 0 r>0 5.54 15.34 r=0 

U.S. - Malaysia p=3 r = 0 r>0 4.57 15.34 r=0 
U.S. - Mexico p=3 r = 0 r>0 4.10 15.34 r=0 
U.S. - Russia  p=3 r = 0 r>0 5.78 15.34 r=0 

U.S. - South Africa p=3 r = 0 r>0 4.42 15.34 r=0 
U.S. - Taiwan p=2 r = 0 r>0 8.25 15.34 r=0 

U.S. - Australia p=3 r = 0 r>0 6.06 15.34 r=0 
U.S. - England p=3 r = 0 

 
r>0 

 
17.75 

 
15.34 r=1*** 

 U.S. - France p=3 r = 0 r>0 7.15 
 

15.34 r=0 
U.S. - Germany p=3 r = 0 r>0 6.96 

 
15.34 r=0 

U.S. - Japan p=3 r = 0 r>0 13.24 
 

15.34 r=0 
U.S. - Spain p=3 r = 0 r>0 7.21 15.34 r=0 

U.S. - Sweden p=3 r = 0 r>0 7.54 15.34 r=0 
*** Indicates statistical significance at the 2.5% level 

As it was the case in the first period, England shows clear evidence of cointegration with the 

American market.  In this period the relationship has apparently strengthen since the Johansen 

test now rejects the H0 of r=0 with a 2.5% significance level (17.28).  We also see from the 

                                                           
32 The 10% critical level of 13.42 has been taken from the asymptotic tables for cointegrating rank found in: The 
Cointegrated VAR Model, Katarina Juselius (2006), pg 420. 
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results that the Japanese economy left its “lost decade” behind and shows in this period some 

signs of cointegration with The U.S. as its 13.24 trace is very close to the 10% significance level 

of 13.42.  Other developed economies do not seem to cointegrate with the U.S. in this period.   

It is worth highlighting the evolution of the Chinese market from the previous period to this 

one.  Let us recall that China showed slight indications of cointegration with The States in the 

prior period.  That equilibrium relationship is no longer present in this period, which could be 

an argument for the decoupling theory, as the largest of the emerging markets became less 

dependent of the American economy and decoupled from it.       

The results are extremely interesting for diversification purposes as we will argue that based on 

the acceptance of a cointegrating relationship between the U.S. and England in both periods, 

our American investor should avoid this market.  On the other side, we see that all the 

emerging economies - and the BRICs in particular - show no sign of sharing a common 

equilibrium relationship with the States, confirming the results from the previous period.  This 

would imply that these emerging economies present good diversifications opportunities for our 

American investor.  Selected SAS output for the cointegration tests performed in this period can 

be found in Appendix #4 

From the previous two tables, we have a pretty clear idea that the English and American market 

cointegrate with each other, while 3 of the BRICs – Brazil, Russia and India – do not.  We are still 

a bit uncertain about Japan, Australia, France, Sweden and China as these countries showed 

signs of sharing a long run equilibrium relationship with the States in one period but not the 

other.  In an effort to have a clearer picture of the relationship between these markets we 

prepared Table #10, where we show the bivariate cointegrating results between these markets 

with The U.S. for the whole sample period - 15 years.  Our assumption is that now that we have 

accounted for possible shifts in the long run relationship between these markets by cutting the 

sample in two roughly equal periods, and after having found the same results in both periods 

for the case of England, Brazil, Russia and India, then it is expected that the whole sample will 

show the same relationship between these markets and the U.S.  For the case of Japan, 

Australia, France, Sweden and China we need further testing so hopefully this long period will 
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shed light into the relationship between these markets and The U.S.  The cointegrating results 

for the countries presented in this table can be found in Appendix #5 

Table#10 Johansen test between SP and selected countries for the whole sample (1995-2010) 
 VAR(p) H0 H1 Trace Statistic  5% critical value Decision 

U.S. - Brazil p=3 r = 0 
 

r>0 
 

8.09 15.34 
 

r=0 

U.S. - China p=4 r = 0 
 

r>0 
 

11.60 15.34 r=0 

U.S. - India  p=3 r = 0 
 

r>0 
 

9.76 15.34 r=0 
U.S. - Russia  p=3 r = 0 

 
r>0 

 
8.38 15.34 r=0 

U.S. - Australia p=3 r = 0 r>0 8.54 15.34 r=0 
U.S. - England p=3 r = 0 

 
r>0 

 
17.97 15.34 r=1*** 

U.S. – France  p=3 r = 0 
 

r>0 
 

14.28 15.34 r=1* 

U.S. - Japan p=3 r = 0 r>0 14.57 
 

15.34 r=1* 
U.S. - Sweden p=3 r = 0 r>0 11.73 15.34 r=0 

*** and * indicates statistical significance at 2.5% and 10% level respectively.  

We see from Table #10 that for the case of England, the results confirm our findings in the two 

subsamples; therefore, now we have rather decisive evidence that England cointegrates with 

The U.S., and quite strongly as the H0 of no cointegration is rejected at the 2.5% significance 

level.  The table also gives us reassuring results for the case of Brazil, India and Russia as we 

confirm that these markets do not share a common long-run equilibrium with The States for 

our whole sample period.  We could add China to this group as its weak indication of 

cointegration with The U.S. in the first period is rejected in the second period rejected again 

this table for the full sample  - i.e. r=0, China does not cointegrate with The States. 

The equilibrium relationship between Sweden and Australia with The States in the first period 

seems to have receded.  The results also show that France and Japan have a long-run 

equilibrium with The States, although the cointegration relation is found only at the 10% 

significance level, and therefore is not as strong as it is the case between England and The U.S.     

All these are important conclusions for us moving forward into building portfolios using ETFs in 

the next sections.  

 

8.4.7. Bivariate Johansen cointegration test.  Period 3: July 2007 to May 2010. 

We have mentioned that one of the goals of the research was to see how the markets – and 

specifically the BRICs - behaved during the recent financial crisis that dragged the world’s 
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economies into recessions and has had profound impact in the stock markets all over the world.  

The emerging economies were not able to escape this decline, putting pretty much to rest the 

debate of decoupling from the developed economies.  Table #11 presents a summary of the 

results for this recent period.  Appendix #6 shows selected output for these cointegration tests. 

We will point out that because of the relatively shortness of this period, we do not consider it 

by itself enough evidence to confirm that country cointegrates with The U.S.  The analysis for 

this period is presented mostly out of interest to investigate how the BRICs performed during 

the financial crisis, and to confirm any findings from the other larger periods.   

Table#11 Johansen test between SP and 15 other countries for the period July 2007 to May 2010 
 VAR(p)  H0 H1 Trace Statistic  5% critical value Decision 

U.S. - Brazil p=3 r = 0 
 

r>0 
 

9.38 15.34 
 

r=0 
U.S. - China p=3 r = 0 

 
r>0 

 
12.35 15.34 r=0 

U.S. - India  p=3 r = 0 
 

r>0 
 

7.81 15.34 r=0 
U.S. - Malaysia p=3 r = 0 

 
r>0 

 
6.13 15.34 r=0 

U.S. - Mexico p=3 r = 0 
 

r>0 
 

10.26 15.34 r=0 
U.S. - Russia  p=3 r = 0 

 
r>0 

 
12.68 15.34 r=0 

U.S. - South Africa p=3 r = 0 
 

r>0 
 

13.43 15.34 r=0* 
U.S. - Taiwan p=2 r = 0 

 
r>0 

 
15.68 15.34 r=1** 

U.S. - Australia p=4 r = 0 
 

r>0 
 

11.20 15.34 r=0 
U.S. - England p=2 r = 0 

 
r>0 

 
15.67 15.34 r=1** 

U.S. - France p=3 r = 0 
 

r>0 
 

4.33 15.34 r=0 
U.S. - Germany p=3 r = 0 

 
r>0 

 
12.51 15.34 r=0 

U.S. - Japan p=3 r = 0 
 

r>0 
 

15.17 15.34 r=1* 
 U.S. - Spain p=3 r = 0 

 
r>0 

 
5.10 15.34 r=0 

U.S. - Sweden p=3 r = 0 
 

r>0 
 

19.13 15.34 r=1*** 
 ***, ** and * Indicates statistical significance at the 2.5%, 5% and 10% level respectively. 

From table # 11, we confirm the long run equilibrium relationship between England and The 

States, and the excellent diversification qualities for our investor from investing in Brazil, Russia, 

India and China.  Also worth noticing is that Sweden and Japan once again cointegrate with the 

States, and the same is seen in two emerging markets – Taiwan and South Africa - although only 

borderline at the 10% significance level for South Africa.  As mentioned, we cannot infer much 

about the long term relationship between Taiwan and South Africa with The States because the 

cointegration only shows up in this short period.  It is more impressive to see that few countries 

such as the before mentioned BRICs did not cointegrate with U.S during this period and thus 

offered good diversification opportunities even in this stressful period.   
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8.4.8. Multivariate cointegration test.  

After having examined these 16 markets for different periods, we have evidence that the 

emerging markets, Spain and Germany do not cointegrate with The U.S., while England does 

show strong indication of sharing a common long term relationship with the States.  France and 

Japan also show signs of cointegrating with the U.S., although only at the 10% significance level.  

Australia showed cointegration with The States in the first period, although this relationship 

seems to have disappeared as these two countries do not cointegrate in any of the following 

periods, nor in the whole sample set.  With respect to Sweden, the results are inconclusive as 

this country seems to cointegrate with The States in certain periods but not in others.  

One potential problem with these bivariate results is that our American investor most likely will 

want to invest in more than one country at a time, and this opens up the possibility that while a 

market chosen for investing does not cointegrate with The U.S, it might cointegrate with other 

market(s) in her portfolio.  This is clearly not desirable, and in order to account for this 

possibility, in Table #12 we carried out the Johansen test for 5 different groups of countries.  

The methodology is the same as in the bivariate case.  As usual, we present selected SAS output 

for these test in Appendix #7.  Notice that we are only presenting the results for the 2003-2010 

period, however, we have performed the tests for the 1995-2002 period and the results are 

largely similar. 

Table#12 Johansen test between several countries for the period January 2003 to May 2010 
 VAR(p)  H0 H1 Trace Statistic  5% critical 

 
Decision 

South Asia (3 countries) p=2 r = 0 
 

r>0 
 

22.75 29.38 
 

r=0 
Asia (6 countries) p=3 r = 0 

 
r>0 

 
70.15 93.92 

 
r=0 

America (3 countries) p=3 r = 0 
 

r>0 
 

16.26 29.38 
 

r=0 
BRICs (4 countries) p=3 r = 0 

 
r>0 

 
30.58 47.21 

 
r=0 

European (5 countries) p=3 r = 0 
r = 1 

r>0 
r>1  

72.13 
32.00 

68.68 
47.21 

r>0** 
r=1 

** Indicates statistical significance at the 5% level. 

The first test is conducted for the South Asian area, which includes India, China and Malaysia.  

The main objective is to see if there is any common movement between two of the biggest 

emerging markets in Asia - China and India – and if any of these economies have any effect on 

the smaller Malaysia.  We can see from the table that it does not seem to be a common 

equilibrium relationship between these markets.  The next test is performed for the whole 
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Asian area – South Asia, Japan, Russia and Taiwan.  This test is presented in the second row of 

Table #12 where we see that the 70.15 trace statistic cannot reject the H0 of no cointegration.  

We conclude from these two tests that an investor looking to diversify into Asia can do it in any 

combination of these countries without being exposed to a possible long term relationship 

between them. 

Now that we have found that the Asian countries used in our research offer good diversification 

opportunities for investors, we want to see if the same holds true for the other regions in the 

world.  Row 3 in table #12 illustrates the cointegration test for the American countries (Brazil, 

Mexico and The U.S).  We see that this area also offers good diversification opportunities.  Row 

4 presents a fundamental result for our research as it proves that the BRIC countries as a block 

do not cointegrate among each other, this is excellent news for our American investor as now 

she can include in her portfolio any combination of these counties – or all of them – and be 

exposed to the emerging markets that offer the best growth opportunities without having to 

dread that these markets might be moving together in the long run.   

The last analysis in a geographical area is performed for Europe.  We can see that these 5 

markets – England, Germany, France, Sweden and Spain – show one cointegrating relationship 

(with a trace statistic of 72.13, the H0: r=0 is rejected, and with a trace of 32.09, the H0 of r=1 

cannot be rejected).  This has the potential to negatively affect our investor’s portfolio, and 

therefore, we need to look the structure of the relationship between these markets. 

 

8.4.9. The VECM and testing restrictions on α and β between the 5 European markets. 

Now that we have identified one cointegrating relationship between the 5 European markets, 

we need to conduct some further exploratory testing on the long-run equilibrium relationship 

between these countries by means of the VECM.  We fitted case #3 for our VECM (3) for the 

same reasons explained before for the bivariate tests.  Appendix #8 shows the coding for fitting 

this VECM model – along with all the other codes used in the thesis.  Selected output for the 

estimation of the VECM(3) is presented in Table #13, notice that we are normalizing on the 

French market (CAC) and that the rank is 1 since that is the conclusion from the Johansen test 

performed before. 
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Table#13 VECM (3) for the 5 European countries, rank=1 
Type of Model VECM(3) 

Estimation Method Maximum Likelihood Estimation 
Cointegrated Rank 1 

 
 α β 

DAX 0.02505 -0.26779 
CAC 0.01818 1.00000 
OMX 0.02227 0.14500 
FTSE 0.04978 -0.92496 
IBEX 0.02264 -0.27136 

 
Parameter Alpha * Beta' Estimates (π) 

Variable DAX CAC OMX FTSE IBEX 
DAX -0.00671 0.02505 0.00363 -0.02317 -0.00680 
CAC -0.00487 0.01818 0.00264 -0.01681 -0.00493 
OMX -0.00596 0.02227 0.00323 -0.02060 -0.00604 
FTSE -0.01333 0.04978 0.00722 -0.04604 -0.01351 
IBEX -0.00606 0.02264 0.00328 -0.02094 -0.00614 

 
AR Coefficients of Differenced Lag 

DIF Lag Variable DAX CAC OMX FTSE IBEX 
1 DAX 0.16542 -0.30904 0.00780 -0.05435 0.15263 
  CAC 0.36967 -0.50753 0.00610 0.01476 0.10534 
  OMX 0.71878 -0.38231 -0.26590 0.10375 0.42018 
  FTSE 0.33562 -0.34753 0.00442 -0.08442 0.06323 
  IBEX 0.32312 -0.49031 -0.01008 -0.02646 0.21902 
2 DAX -0.00675 0.23102 -0.02255 -0.08846 -0.14328 
  CAC 0.09699 -0.02290 -0.01979 0.02457 -0.11030 
  OMX 0.47911 -0.01330 -0.11411 -0.02142 -0.30327 
  FTSE 0.11200 -0.03515 -0.02656 0.05562 -0.11461 
  IBEX 0.13873 -0.04655 -0.02787 0.08511 -0.13101 

 
Under the β column we find the long-run estimates for these countries.  The long term 

relationship can be expressed as: 

𝐶𝐴𝐶𝑡 = 0.27 𝐷𝐴𝑋𝑡 −  0.15 𝑂𝑀𝑋𝑡 +  0.92𝐹𝑇𝑆𝐸𝑡 + 0.27 𝐼𝐵𝐸𝑋𝑡 +  𝑒𝑡    

Looking at the adjustment coefficients (α) we see that the DAX, FTSE and IBEX have opposite 

signs to their correspondent long run parameters (β) implying that these cointegrating 

relationship are equilibrium correcting.  Notice that the CAC seems to move almost in lockstep 

with the FTSE (0.92 coefficient), while being less affected by the other markets.  It is interesting 

also to notice that the DAX and the IBEX seem to have the exact same influence on the CAC 

(both coefficients are around 0.27).  We note here that SAS does not provide us with the 

needed statistics for the adjustments coefficients to see how significant the respective 

equilibrium correcting relation is, therefore, in order to dig further into the relationship 
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between these markets we need to do some hypothesis testing on the π matrix – to be 

presented shortly.  

Based on the output, the VECM can be expressed as: 

⎣
⎢
⎢
⎢
⎡
∆𝐷𝐴𝑋𝑡
∆𝐶𝐴𝐶𝑡
∆𝑂𝑀𝑋𝑡
∆𝐹𝑇𝑆𝐸𝑡
∆𝐼𝐵𝐸𝑋𝑡⎦

⎥
⎥
⎥
⎤

         =        �
�

−0.007 0.025 0.004 −0.024 −0.007
−0.005 0.019 0.003 −0.017 −0.005
−0.006 0.023 0.003 −0.021 −0.006
−0.014 0.050 0.007 −0.046 −0.014
−0.006 0.023 0.003 −0.021 −0.006

�
�  

⎣
⎢
⎢
⎢
⎡
𝐷𝐴𝑋𝑡−1
𝐶𝐴𝐶𝑡−1
𝑂𝑀𝑋𝑡−1
𝐹𝑇𝑆𝐸𝑡−1
𝐼𝐵𝐸𝑋𝑡−1⎦

⎥
⎥
⎥
⎤

    +    

⎣
⎢
⎢
⎢
⎡
𝟎.𝟏𝟕 −𝟎.𝟑𝟏 0.01 −0.05 𝟎.𝟏𝟓
𝟎.𝟑𝟕 −𝟎.𝟓𝟏 0.01 0.01 0.11
𝟎.𝟕𝟐 −0.39 −𝟎.𝟐𝟕 0.10 𝟎.𝟒𝟐
𝟎.𝟑𝟒 −𝟎.𝟑𝟓 0.01 −0.08 𝟎.𝟎𝟔
𝟎.𝟑𝟐 −𝟎.𝟒𝟗 −0.01 −0.03 𝟎.𝟐𝟐⎦

⎥
⎥
⎥
⎤
 

⎣
⎢
⎢
⎢
⎡
∆𝐷𝐴𝑋𝑡−1
∆𝐶𝐴𝐶𝑡−1
∆𝑂𝑀𝑋𝑡−1
∆𝐹𝑇𝑆𝐸𝑡−1
∆𝐼𝐵𝐸𝑋𝑡−1⎦

⎥
⎥
⎥
⎤

    +  

 

⎣
⎢
⎢
⎢
⎡−0.01 𝟎.𝟐𝟑 −0.02 −0.01 —𝟎.𝟏𝟒

0.09 −0.02 −0.02 0.02 −0.11
𝟎.𝟒𝟖 −0.01 −𝟎.𝟏𝟏 −0.02 −𝟎.𝟑𝟎
𝟎.𝟏𝟏 −0.04 −𝟎.𝟎𝟑 0.06 −𝟎.𝟏𝟏
𝟎.𝟏𝟒 −0.05 −0.03 0.09 −𝟎.𝟏𝟑 ⎦

⎥
⎥
⎥
⎤

 

⎣
⎢
⎢
⎢
⎡
∆𝐷𝐴𝑋𝑡−2
∆𝐶𝐴𝐶𝑡−2
∆𝑂𝑀𝑋𝑡−2
∆𝐹𝑇𝑆𝐸𝑡−2
∆𝐼𝐵𝐸𝑋𝑡−2⎦

⎥
⎥
⎥
⎤

 + 𝑒𝑡 

In bold are the estimates that are significant at the 5% significance level.  By looking at the two 

matrices in differences, it would seem that changes in the DAX (Germany) have the strongest 

impact on other markets.  At the same time, it appears that all the markets react to changes in 

the other European markets, maybe The CAC being the only exception.  It is apparent from both 

matrices in differences (lagged 1 and 2 periods) that there is a rich interconnection between 

these markets.  These matrices however, are just transitory effects and as such not so helpful 

for understanding the long-run equilibrium between these markets.  These equilibrium 

relations are in π (the cointegrating matrix).  Unfortunately, SAS does not provide us with the 

necessary statistics to make inferences.  Despite the limitations, we can still make use of the 

VECM to test for restrictions in α and β that will - hopefully - shed some light in understanding 

the relationship between these 5 European markets. 

First, we explored the possibility that one of the 5 stock markets do not belong to the 

cointegrating space.  This is a restriction on the β matrix.  The H0 is that each particular serie 

does not belong to the cointegrating vector.  For example, to test that IBEX does not belong to 

π we have to set up the following restricting matrix in the SAS coding: 

𝐻  =  

⎣
⎢
⎢
⎢
⎡
1 0 0 0
0 1 0 0
0 0 1 0
0 0 0 1
0 0 0 0⎦

⎥
⎥
⎥
⎤
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This matrix is designed to make the last row of the VECM equal to zero – the row that 

corresponds to IBEX.  The H matrix can be rearranged to test that other variables do not belong 

to the cointegrating space.  We present all the necessary SAS coding to test these restrictions in 

Appendix #8, and selected SAS output for these restriction testing in Appendix #9.  A summary 

of the results for these exclusion tests for the 5 European markets is presented in Table #14 

where we can see that all of the 5 European stock markets belong to the long term relationship.  

Table#14: Test for exclusion of each stock market from the cointegrating vector (π) 
 H0 H1 Pr > ChiSq Decision 

DAX Does not belong to π Belongs to π 0.0026 Reject H0 
CAC Does not belong to π Belongs to π <0.0001 Reject H0 
OMX Does not belong to π Belongs to π 0.0003 Reject H0 
FTSE Does not belong to π Belongs to π <0.0001 Reject H0 
IBEX  Does not belong to π Belongs to π 0.0251 Reject H0 

 
Next we might want to investigate if any of these stock markets is not affected by the others, 

while still exerting influence over the rest of markets in the cointegrating space.  This is a test of 

weak exogeneity were the H0 is that the tested market does not make adjustment towards the 

long run equilibrium, in other words, this is a test that the speed of adjustment is zero (αi= 0).  

Table #15 presents the results for this test where we can see that with the exception of 

England, all the other markets cannot reject the H0, implying that they do not adjust to the long 

run relation, hence, each can be considered a common driving trend in the system.  The SAS 

output for this test is presented at the bottom of Appendix #9        

Table#15 Testing Weak exogeneity of each variable (𝛂𝐢 = 𝟎) 
 H0 H1 Pr > ChiSq Decision 

DAX α (DAX ) = 0 α (DAX ) < 0 0.1873 DAX is weakly exogenous 
CAC α (CAC) = 0 α (CAC) < 0 0.2345 CAC is weakly exogenous 
OMX α (OMX ) = 0 α (OMX ) < 0 0.3852 OMX is weakly exogenous 
FTSE α (FTSE) = 0 α (FTSE) < 0 0.0023 FTSE is not weakly exogenous 
IBEX  α (IBEX ) = 0 α (IBEX ) < 0 0.0990 IBEX is weakly exogenous 

 
These results are quite interesting as they will imply that it is the English market that adjusts 

towards the long run equilibrium while the other markets are driving trends that do not show 

the feedback response of a VAR model.  It would appear that it is the FTSE that explains the 

long run equilibrium between these markets.  It is nevertheless a bit surprising that smaller 

economies like Spain or Sweden influence the FTSE and not the other way around.   
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In order to test for reliability in our results, we added the SP to the same European portfolio 

and performed several tests on this new portfolio.  We expect to see another cointegrating 

relationship being added to the long run equilibrium relationship in this new portfolio since we 

have already shown that the FTSE and The States cointegrate.  Additionally, we performed 

exclusion tests from the long term equilibrium and weakly exogeneity tests on this new 

portfolio.  A summary of the results are shown in Table #16, and selected SAS output for these 

tests is presented in Appendix #10 

Table#16 Test for cointegration rank, exclusion from π and weak exogeneity for Europe and SP 
Johansen test for cointegration, European countries and SP, p=3 

 VAR(p)  H0 H1 Trace statistic  5% critical value Decision 

Europe and SP 3 r = 0 
r = 1 
r = 2 

r>0 
r>1 
r>2 

138.10 
67.58 
32.88 

93.92 
68.68 
47.21 

r>0** 
r>1* 
r=2 

Test for exclusion of each stock market from the cointegrating vector (π) 
 H0 H1 Pr > ChiSq Decision 

DAX Does not belong to π Belongs to π <.0001 Reject H0 
CAC Does not belong to π Belongs to π <.0001 Reject H0 
OMX Does not belong to π Belongs to π 0.0045 Reject H0 
FTSE Does not belong to π Belongs to π <.0001 Reject H0 
IBEX  Does not belong to π Belongs to π 0.0014 Reject H0 
SP Does not belong to π Belongs to π <.0001 Reject H0 

Testing Weak exogeneity of each variable (𝛂𝐢 = 𝟎) 
 H0 H1 Pr > ChiSq Decision 

DAX α (DAX ) = 0 α (DAX ) < 0 0.4515 DAX is weakly exogenous 
CAC α (CAC) = 0 α (CAC) < 0 0.7593 CAC is weakly exogenous 
OMX α (OMX ) = 0 α (OMX ) < 0 0.8850 OMX is weakly exogenous 
FTSE α (FTSE) = 0 α (FTSE) < 0 0.0023 FTSE is not weakly exogenous 
IBEX  α (IBEX ) = 0 α (IBEX ) < 0 0.2127 IBEX is weakly exogenous 
SP α (IBEX ) = 0 α (IBEX ) < 0 0.0300  SP is not weakly exogenous 

** and * indicates statistical significance at the 5% and 10% respectively. 

We can see from the cointegrating results that adding the SP to the 5 European markets 

creates, as expected, a new cointegrating relationship –at the 10% significance level, although 

borderline at the 5% level.  It is important to point out that in Appendix #10 we have included 

the output for case # 2 which finds 2 cointegrating relations as well, but both at the 5% level, 

reinforcing our conclusion that the inclusion of the SP created another cointegrating relation.  

In the middle part of table # 16 we find the test for β exclusion for each market, the conclusion 

is the same for all markets: All are needed in the long-run equilibrium relationship.  The test of 

weak exogeneity is presented at the bottom of table #16; out of the 6 countries, the SP and the 
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FTSE are not weakly exogenous, while the other 4 European markets cannot reject the H0 of 

weak exogeneity - recall that the same results were found in the case of the all European 

portfolio.  These results support our prior findings and although we are still a bit surprised to 

see smaller markets influencing the larger economies, the battery of tests performed give us 

strong indication that the cointegrating relationships between these 6 markets are explained by 

the SP and FTSE. Unfortunately, this is as far as we can test hypothesis with SAS since it cannot 

handle more complicated restrictions.  We would need to use our bivariate knowledge 

gathered so far to get a better judgment of the long run linkages between these markets.      

We learned from the bivariate tests that other European countries have shown signs of 

cointegration with The States.  Therefore, we should expect to find a cointegrating relation in a 

portfolio formed by The SP and European countries – excluding the FTSE.  We tested for this 

possibility – the results are presented in Appendix #11 - and with a trace of 71.15 the H0: r = 0 

is rejected while a trace of 33.26 cannot reject the H0: r = 1 at the 5% significance level.  Once 

again we get consistent results to the conclusions reached with the bivariate tests.  The next 

step is to recall that Germany and Spain have not shown in any of the tested periods signs of 

cointegrating with The States, thus, a portfolio formed by these 3 countries should not be 

expected to have any long-run equilibrium relationship in it.  We tested for this – the results are 

presented in the bottom part of Appendix #11 - and we found that with a trace of 15.42 we 

cannot reject the H0 of no cointegration between these markets.  

The results reached in this section have many positive implications: First, we have found that 

besides cointegrating strongly with the States, England also shares a common long run 

relationship with the other European markets in the study.  Second, excluding the English 

market to construct a European portfolio with the remaining 4 European countries will be ill 

advised as well since this portfolio will still show a cointegrating relationship, possibly due to 

the bivariate relation presented at times between The U.S. with France and Sweden.  Third, a 

portfolio that includes only Germany and Spain out of the European countries does provide 

optimal diversification opportunities for our American investor.  Finally, this succession of tests 

has given us assurance that the results presented throughout the analysis are consistent and 
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robust, and we have confidence in reference to which countries should be avoided within the 

European area.   

 

8.4.10. Conclusion.  Recommended countries to diversify.  

After this long journey analyzing the 16 different stock markets in different periods looking for 

optimal markets to diversify internationally, we have now a clear idea of which markets should 

be avoided, and which ones offer optimal diversification benefits.  

Based on the cointegration results, both bivariate and multivariate, we conclude that the 

following countries offer optimal diversification benefits and should be included in our 

investor’s portfolio: Brazil, Russia, India, China, Malaysia, Mexico, South Africa, Taiwan, 

Germany, Spain and Australia.  Countries that should be avoided are England, France, Sweden 

and Japan.   

IX. ANALYSIS OF COUNTRY ETFs AND THEIR UNDERLYING INDEXES.  

Now that we know which countries offer the best diversification possibilities, we are ready to 

create portfolios and test whether the knowledge gathered from our cointegration research is 

able to assist MPT in creating superior risk adjusted portfolios. However, before we create 

portfolios, we need to answer the following: how do we invest effectively in those countries? 

This section will start with a discussion of the benefits of the ETFs, and we will focus on the 

comparisons between the ETFs and its closer competitor for international diversification: the 

Mutual Funds (MF).  We will follow this discussion with an important analysis on how well this 

financial instrument tracks its underlying country index.  Section IX ends with a presentation of 

one of the ETF’s under study; the Chinese FXI.      

 
9.1. Passive investment vehicles, Mutual funds and ETFs 
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There are two main passive investment vehicles available for private investors: mutual funds 

and ETFs33

While ETFs can be bought or sold at anytime during the trading day as their prices are updated 

constantly throughout the day – just like a stock -, MF can only be bought or sold at prices 

determined only once a day, at the market close.  This is highly inconvenient as participants 

cannot react to positive or negative news.  Additionally, ETFs can be shorted to take advantage 

of a possible decline in a sector, or hedge a portfolio.   It is clear that ETF are a sophisticated 

and convenient evolution of the mutual funds.       

.  Mutual funds and ETFs share a main investment concept: professionally managed 

basket of stocks that reflect or invest in a particular index thus providing investors with access 

to a variety of underlying securities. Both instruments divide the Net Asset Value (NAV) of the 

securities that they hold by the number of shares issued thus creating the price of the security.  

For example, if they hold a NAV of $1 million and they issue 100,000 shares, the price of each 

share is $10. But this is as far as the similarities go as there are many differences between 

them. 

A key component of the pricing of ETFs is its transparency.  Since ETFs can be traded at all 

times, market participants are able to discern whether the price of the ETF is over or under 

their underlying assets, thus creating a constant arbitrage mechanism that assures an accurate 

price, and provides liquidity to the ETF.  With regards to transparency, the mutual fund industry 

had a serious setback in 2003 because of an investigation carried out in The States related to 

possible illegal activities.  The investigation recommended changing mutual fund practices as a 

result of irregularities with respect to market timing, late trading, unfair valuation, and hidden 

fees34

Another marked difference between ETFs and mutual funds is their cost structure.  We briefly 

mention the pros and cons of each instrument: 

.    

                                                           
33 A third option would be buying a stock directly in an international market. And a fourth option would be buying 
and ADR – American Depositary Receipts – in the U.S.  Buying the stock however, does not offer the diversification 
benefits of an ETF, additionally; many stock markets – like the Chinese – are closed to foreign investors. Buying an 
ADR is like buying a single stock, thus does not offer either the same diversification benefits of ETFs. 
34 For details refer to: The fortunes and foibles of exchange traded funds: A positive market response to the 
problems of mutual funds, Delaware Journal of Corporate Law, Birdthistle, 2008.  
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• Against mutual funds:  

o One of the highest costs of buying mutual funds is the daily redemptions by its 

clients.  Because mutual funds buy and sell the underlying securities from the 

cash that they hold as part of the fund, when investors buy or sell shares of the 

fund, the managers have to buy or sell the underlying assets from the cash that 

they hold.  This process occurs every day, thus driving up the price of the mutual 

fund in the form of commissions.  ETFs on the other hand have a unique “in 

kind”35

o Another factor against mutual funds is the cash drag which is an opportunity cost 

for holding cash ready for the daily redemptions.      

 redemption process, eliminating this cost.   

o Management fees are much higher for mutual funds as there is a lot of 

accounting costs at the fund level.  This cost is absorbed by the broker in an ETF. 

o Taxation costs are higher with mutual funds because they have to sell and buy 

securities and any capital gains from these transactions are taxed by the 

government.  The “in kind process” eliminates this cost for ETFs. 

• Against ETFs: 

o Dividend policy favors the mutual funds because they reinvest the dividends paid 

by the underlying securities.  ETF’s distributes them at the end of the quarter as 

payment to their shareholders, which are taxed by the government as dividends. 

o Transaction fees are paid by investors when they buy or sell ETFs in the same 

way that they would pay fees for buying or selling any stock.  Mutual funds do 

not charge these transaction fees.       

A final important difference is the minimum requirements to invest in these instruments, while 

many mutual have minimum requirements – sometimes as high as $25,000 – ETFs do not have 

them, which is appealing to small investors 

                                                           
35 ETFs are usually sponsored from large financial institutions that create ETFs by depositing a portfolio of stocks 
that they hold in exchange for a block of ETF shares, thus creating the product from exchanging shares rather than 
buying stocks with cash as the mutual funds do.  The same “in kind redemption” is used when shares of the ETF are 
bought or sold, thus large blocks are just swapped, and no buying or selling is involved.  More information can be 
found in the NASDAQ:   http://www.nasdaq.com/indexshares/eqqqETFsInDetail.stm  

http://www.nasdaq.com/indexshares/eqqqETFsInDetail.stm�
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To make a comparison of the different fees paid for investors, we present in Table #17 the fee 

structure for what an American investor would pay to diversify in Brazil by using ETFs and MF.  

The information was taken from the Exchange Traded Fund Report presented by Standard & 

Poor’s.  The prices and information presented are as of August 19th, 2010.  We made an effort 

to preset the most up to date information as these are the options that our American investor 

has if she would decide to diversify in Brazil today. 

Table #17: ETF / Mutual Fund Peer Comparison 
Ticker Description Price 

 
Expense Ratio % 1Yr ret.  3Yr ret.   Market Cap. $ 

Exchange Traded Fund 
EWZ iShares MSCI Brazil Index Fund $69.87 0.65 22% 13.7% 9,484 B 
ILF iShares S&P Latin  America ETF $46.25 0.50 22.4% 9.9% 2,520 B 
GML SPDR S&P Emerging Latin America ETF $77.67 0.60 26% 9.7% 178 M 

Mutual Fund 
MDLTX Black Rock Latin America Fund $64.42 1.63 27.5% 9.3% 842M 
PRLAX Latin America Fund $48.49 1.29 26.1% 8.6% 2.5B 
FLNIX Fidelity Advisor Latin American Fund $47.95 1.20 22.4% 4.5% 190M 
Source: S&P, Lipper 

The first thing that gets our attention from this table is the clear difference between the 

expense ratios for ETFs and MF – around 0.60% for ETFs vs. 1.45% for MF.  To put this in 

perspective, if our investor were to buy one of these instruments, and hold it for 10 years, the 

expenses would have accrued to 6.16% of the investment value for the ETF and 15.48% for the 

MF.  In an investment of $5,000 the total expenses would be $315 ($308 + brokerage fees of 

$7) for the ETF vs. $774 for the MF.  It is clear that a 0.85% difference in the expense ratios 

makes a sizable difference.  We also see from the table the difference in the liquidity of the 

instruments; with a market capitalization of 9.484 billion, the ETF is extremely liquid, in fact, the 

number of shares traded on August 19th 2010 was 19,615,000. Finally, the MF seems to have 

outperformed the ETFs in the last year, but the same is not true for the average return over the 

last three years as MF clearly underperformed the returns achieved by the ETFs.  From this 

analysis, it seems that an investor in ETFs would have achieved higher returns and paid less as 

compared to MF. 

Based on the analysis presented in this section, it appears that ETFs have many advantages as 

compared to MF – i.e. they are more flexible, tax effective, less expensive, and easy to cost 
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average since there are no minimum limits to invest in an ETF.  Because of these characteristics, 

we are choosing ETF’s over MF as financial instruments to diversify internationally. 

 
9.2. How well the ETF’s track their indexes?  

The last step before building portfolios based on country ETFs is to be sure that these ETFs are 

able to track their indexes effectively as it will be of no use to construct portfolios based on the 

knowledge just acquired with the cointegration techniques if the ETFs cannot track perfectly its 

indexes. We just saw in the previous section that ETFs trade constantly which makes it almost 

impossible that its price will deviate from the NAV of its underlying index because of the 

potential arbitrage opportunities.  In this respect, ETFs are built in a way that should assure its 

constant tracking of the index.  Table #18 presents two tests to confirm this: A correlation 

analysis and a cointegration analysis.  The first column represents the pair being analyzed, for 

example: The U.S. and its correspondent ETF, the SPY.  The second column shows the 

correlation coefficient obtained from this pair.  The next columns correspond to our well known 

Johansen cointegrating analysis, with the respective decision in the last column.   

Table # 18: Correlation and cointegration analysis between ETFs and their underlying indexes 
 Correlation VAR(p)  H0 H1: r>0 Trace Stat.  5% critical  Decision 

U.S. - SPY 0.9998 p=3 r = 0 
 

r>0 
 

177.37 
 

15.34 r=1 
Brazil – EWZ 0.9968 P=3 r = 0 

 
r>0 

 
12.49 15.34 r=0 

China – FXI 0.9531 p=2 r = 0 
 

r>0 
 

17.20 15.34 r=1 
Russia - RSX  0.9930 p=3 r = 0 

 
r>0 

 
28,43 15.34 r=1 

Malaysia - EWM 0.9960 p=3 r = 0 
 

r>0 
 

48.89 15.34 r=1 
Mexico - EWW 0.9980 p=2 r = 0 

 
r>0 

 
20.02 15.34 r=1 

Russia - RSX 0.9951 p=3 r = 0 
 

r>0 
 

29,72 15.34 r=1 
South Africa - EZA 0.9958 p=3 r = 0 

 
r>0 

 
36.31 15.34 r=1 

Taiwan - EWT 0.9917 p=3 r = 0 
 

r>0 
 

71,21 15.34 r=1 
Australia - EWA 0.9980 p=3 r = 0 

 
r>0 

 
114.35 15.34 r=1 

England - EWU 0.9964 p=3 r = 0 
 

r>0 
 

43,36 15.34 r=1 
France - EWQ 0.9989 p=3 r = 0 

 
r>0 

 
120,19 15.34 r=1 

Germany - EWG 0.9795 p=2 r = 0 
 

r>0 
 

24.49 15.34 r=1 
 Japan - EWJ 0.9844 p=4 r = 0 

 
r>0 

 
48,87 15.34 r=1 

Spain - EWP 0.9990 p=3 r = 0 
 

r>0 
 

157.35 15.34 r=1 
Sweden - EWD 0.9966 p=3 r = 0 

 
r>0 

 
41.19 15.34 r=1 

 
 

We see from the table that all of the pairs show very high correlations, with the lowest 

correlation being 0.9531 for the China – FXI pair.  With respect to the cointegration analysis, all 
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the ETFs - with the exception of Brazil’s – show cointegration with their underlying indexes at 

the 5% significance level or better. 

We investigated the apparent “anomaly” for the China – FXI pair since our theoretical review 

argues that correlations have to be very close to one to avoid any arbitrage opportunities. We 

found out that the FXI is the ETF that tracks the Xinhua B35 index which base / starting date is 

July 26, 2001.  As mentioned in the data section, for the Chinese market we are using the 

Shanghai index, this decision was made because of its older base date - January 2nd, 1992 – 

which gave us the opportunity to include the Chinese market in our 1995-2010 cointegrating 

analysis.  Unfortunately, there is not an ETF that tracks the Shanghai index.  It is clear that the 

“lower” correlation is because the FXI tracks the Xinhua, and not the Shanghai that is the index 

that we are using.  We consider this a minor problem since both indexes are indicators of the 

Chinese market – something like the S&P 500 and the Dow Jones industrial.  Since we have 

accounted for this lower correlation, we can conclude that the FXI is correctly tracking the 

Chinese market.  Additionally, there is undoubtedly a long-run equilibrium relationship since 

the cointegration analysis finds that the Shanghai and the FXI cointegrate at the 5% level.         

We also researched the Brazil – EWZ pair.  Although the correlation is high - 0.9968, we find it 

problematic that our cointegration analysis shows that this pair does not cointegrate at the 5% 

significance level – the 12.49 trace means cointegration only at 15% significance level.  We 

found out in the 2010 prospectus to shareholders for the iShares MSCI Brazil index fund 

(EWZ)36

                                                           
36 Prospectus can be found in The U.S. ishares webpage: 
http://us.ishares.com/content/stream.jsp?url=/content/en_us/repository/resource/prospectus/ewz_prospectus.p
df&mimeType=application/pdf 

 that it has 3.7% of its assets as money market accounts – cash.  3.7% is certainly a small 

amount, and should not have any material impact in tracking the index; however, the same 

prospectus indicates that in the last five years the annualized return of the index – Bovespa - 

has been 25.15%.  If we add the 0.65% fee charged to investors, and the 3.7% cash holdings 

that is not exposed to the 25.15% return of the index, we see that it is quite possible that the 

ETF will underperform its index on time if the Bovespa keeps having such large returns.  Our 

intuition is supported by the chart comparison presented in figure #2 where we can see that 
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the ETF tracks the index almost perfectly from the inception on July 10th 2000 until mid 2005 

when the Bovespa starts showing exceptional returns.   

Figure #2 :Tracking error chart between the EWZ and Bovespa 

 
      Source: ishares 

Between 2007 and 2009 when the Brazilian market crashed along with equities around the 

world, we see that the performance of the ETF gets closer again to its index; it could be argued 

that the 3.7% cash holdings cushioned the decline of the ETF, making it possible to get closer to 

its index.  Once the Brazilian market takes off once again in 2009, we see once again the gap 

between the two series.   

We will argue that the Johansen method is – correctly – picking up this widening and narrowing 

of the two series and thus showing weak cointegration.  On the other side, the correlation 

analysis is – also correctly – picking up the up and down daily movements between the two 

series thus showing the high 0.9968 correlation.  In this respect, the EWZ is correctly tracking 

the Bovespa and can be used for our analysis.   

After having accounted for the difference between the Chinese – FXI and Brazil – EWZ pairs, we 

have enough evidence from Table # 18 to determine that the ETFs are correctly tracking their 

underlying indexes and can be used further in our research to construct portfolios based on the 

results from our cointegration analysis.  
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9.3. IShares FTSE / Xinhua China 25 ETF (FXI) 

We conclude this section on ETFs by presenting one of the ETFs used in our analysis to have a 

firsthand impression of the qualities and characteristics of the instrument, and how easy it 

would be for an American investor to diversify into China by buying the FXI. 

The FXI’s prospectus defines the instrument as “seeking investment results that correspond 

generally to the price and yield performance, before fees and expenses, of the FTSE/Xinhua 

China 25 Index”.  The expense ratio is 0.73% and the market capitalization is over $8.1B.  It 

holds 26 stocks and its top 10 holdings account for 61.9% of total assets.  The average daily 

volume is over 19 million of shares traded.     

Table # 19 shows FXI’s top 10 holding as of August 19th, 2010 where we can see that by 

acquiring the FXI, our investor gets exposure to companies from all sectors of the Chinese 

economy, such as financial, industrials, telecommunications, basic materials, oil, utilities, etc.  

We thought it was important to give a quick look at one of these ETFs and see the excellent 

diversification benefits that they offer to investors.   

Table #19: FXI’s top 10 daily holdings as of 19/08/2010 

 

9.4. Conclusion.   

We have shown in this section that ETFs are a cost effective and efficient way to get 

international exposure and diversification.  Additionally, our cointegration and correlation 

analysis presents evidence that the instruments are able to track their underlying indexes 

adequately.  It is easy to see that building a portfolio with few of these ETFs from countries that 

China Mobile 
China construction bank
Industrial & commercial bank
China life insurance 
Bank of China 
Ping An insurance 
China merchants bank
China petroleum and Chemical
CNOOC ltd
China Shenhua energy
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do not cointegrate with The States should make our investor’s portfolio diversified across 

several companies, industries and countries around the world.   

X. TESTING OUR ANALYSIS BY COMPARING PORTFOLIOS.  

The analysis in section XIII indentified the countries to invest in.  Section IX showed how to 

invest cost-effectively into the recommended countries.  In this section we will use this 

knowledge to build portfolios and test if cointegration techniques combined with MPT can 

create superior risk adjusted portfolios as compared to using only MPT which relies solely on 

expected returns, variance and correlations among securities. 

This section starts with an overview of the main criticisms to MPT.  Section 10.2 discusses the 

performance measure to be used to compare portfolios, and section 10.3 presents our findings. 

 
10.1. MPT and criticisms. 

We will not describe the general framework and assumptions of the MPT as it would extend 

unnecessarily this research and because this knowledge is assumed to be generally known.  The 

interested reader could refer to Modern Portfolio Theory and Investment analysis by Elton, 

Gruber, Brown and Goetzmann (2007).  We will mention however that in recent years many 

researchers have criticized their assumptions as they do not reflect accurately the players or 

the scenario where investment decisions are made.  Assumptions of normality in asset prices, 

constant correlations and rational behavior are among the most challenged by newer 

disciplines such as behavioral finance that tries to include emotions and human behavior into 

investment decisions, or the Arbitrage price theory that allows for prices of financial assets to 

be modeled by influences beyond simple means and variances, such as macroeconomic 

variables.  Technical analysis, which is based on heard behavior and past prices and patters, is 

also widely followed.    

Despite the criticisms, MPT is still extensively used because the new theories have not been 

able to consistently explain assets prices.  The research keeps on going.  For now however, MPT 
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is the best theory for asset prices that we have and therefore, its mean variance optimization 

framework will be used for constructing portfolios.  Their limitations however, are one of the 

main motivations for conducting our research in an effort to see in cointegration techniques are 

of any help in producing superior risk adjusted portfolios. 

 
10.2. Portfolio performance measures. Sharpe ratio. 

There are several ways to evaluate a portfolio risk adjusted performance; some examples are 

the Treynor measure, Jensen’s alpha and the Sharpe ratio.  Out of the three methods, the 

Sharpe ratio is the appropriate measure of performance for an overall portfolio, particularly 

when it is compared to another portfolio. Consequently, it is the performance measure to be 

used in our research.  It measures excess return over unit of total risk and is defined as the 

portfolio return in excess of the risk free rate, divided by the standard deviation of the 

portfolio.  A portfolio with a higher Sharpe ratio is superior to other portfolios.  

 

10.3. Comparing portfolios.  

In this section we will compare portfolios under a buy and hold strategy.  There will be two 

general time frames for constructing the portfolios.  In the first time frame, the buying date has 

been selected on January 1st, 2003.  The second set of portfolios has a moving buying date 

which starts in March 2009 and moves backwards until 2004, we will briefly explain these two 

time frames.  

 

10.3.1. Same buying date, different length of information.     

These portfolios were constructed under the assumption that our investor buys the portfolio on 

January 1st, 2003.  This date was selected because we want to make use of the knowledge from 

the cointegration analysis of our first period that went from 1995 to December 2002.  We are 

trying to simulate a scenario where our investor makes a cointegration analysis through 

December 2002, and uses those results to construct her portfolio on January 2003.  This date 

also allows us to test how the portfolios performed from 2003 through 2010 since we have data 
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for this period, which is highly preferable to testing strategies based on simulated data or 

simply recommend portfolios without being able to test their performance.  The portfolios 

bought in January 2003 will not suffer any alteration or rebalancing through May 2010, when 

we will see how the portfolio performed.   

In order to have robust results, we need to test as many portfolios as possible.  For this, first we 

will use data just from one year prior to January 2003 to optimize and select portfolios.  

Afterwards, a second set of portfolios will be created by using data two years back, and then a 

third set of portfolios with data 3 years back – i.e. from January December 1999 to December 

2002.  We will continue with this process until we use up all our data.  This process allows us to 

eliminate any possible bias of optimizing portfolios just based on a short period of data since it 

is well known that correlations between securities do not remain constant over time.  If, for 

example, we would have used only 1 year of data to build portfolios, it could have been argued 

that we are not using all the data available for optimizing portfolios the same way that we used 

all available data for the cointegration analysis.  To avoid this, we are using all possible data, 

and for different lengths of time, from one year back to 7 and ¼ years back – September 1995 

to December 2002.  We believe this is the best way to use our data and test our portfolios. 

One of the sets of portfolios will not be restricted at all, these portfolios will use all the data 

available and MPT will decide which are the best portfolios’ weights; we call these portfolios 

“portfolios based only on MPT”.  Notice that before 2003 the ETFs for South Africa, India, China 

and Russia were not in existence yet, therefore, these unrestricted portfolios can choose only 

from the 12 remaining countries which did have country ETFs.  The second set of portfolios will 

be restricted based on the knowledge of our cointegration analysis as of December 2002, which 

found cointegration between The States and England, France, Sweden and Australia.  

Therefore, these 4 countries are excluded from this second set of portfolios, which means that 

these restricted portfolios can choose from any of the 8 remaining countries.  We call these 

portfolios: “portfolios with cointegration and MPT”.   
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10.3.2. Different buying dates, using as much information as possible.  

These portfolios were constructed with the intention to take use as much data as possible in 

the optimization process.  The portfolios from the previous section used data in the 

optimizations process only up to December 2002.  We try to correct this by letting these 

portfolios use data up to 2009.  Another advantage of constructing these portfolios is that we 

can now include all the countries in the portfolios since between 2003 and 2008 the four 

remaining country ETFs were created – South Africa, China, Russia and India.  The drawback is 

that we will not have much series left to test how the recommended portfolios performed.  The 

first of these portfolios uses data from 1995 to 2009 to get the optimal weights, then “buys” 

that portfolio and tests the real results based on the recommended weights for one year – 2009 

through 2010.  The next one goes backwards one year and uses data from 1995 to 2008, and 

tests the optimal weights from 2008 through 2010.  We keep on building portfolios backwards 

until we get back to a portfolio that uses all data from 1995 to the end of 2003 to get the 

optimal weights, then “we buy” this portfolio and tests how would have performed from 2004 

to 2010.   

As it was the case with the prior portfolios, we do not restrict one of the sets at all, and just let 

MPT optimize the weights in the portfolio.  This set of portfolios works with the 16 countries - 

as their ETFs become available.  The second set is restricted based on our final decision from 

the cointegrating analysis, that is, the second set does not include England, France, Sweden and 

Japan, and optimizes the remaining 12 countries.    

 
10.3.3. Three strategies for each period. 

We believe that by creating the portfolios explained in the prior two sections, we use the data 

in the most comprehensive way.  In an effort to put our analysis to further testing and make our 

conclusions as robust as possible, we will be testing three different portfolios for each period of 

time: 

• The first one will be the tangent portfolio.  To obtain this portfolio, we estimate the 

expected return, variances and covariance between the different series, and then use 
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financial modeling – in Excel and Visual Basic – to generate the optimal portfolio 

weights.  Theoretically, this is our tangent portfolio that lies on the efficient frontier, in 

other words, is the most efficient mean variance portfolio out of the securities selected. 

• It is well know that when optimizing for the tangent portfolio, in many occasions the 

weights of the tangent portfolio are not realistic.  For example, the tangent portfolio 

might want to short one of the assets by 50% of the portfolio’s total value, while going 

long another asset 180%.  These weights are certainly feasible, but not realistic for a 

private investor.  It is for this reason that we create a second portfolio which is a 

restricted version of the tangent portfolio, and optimized using the iterative solver 

function in Excel.  In order to use the solver, we build up a model to obtain the tangent 

portfolio, and then we let the solver maximize its Sharpe ratio.  The restrictions are 

meant to make the portfolio as realistic as possible.  We impose three restrictions: 

restrict for not short sales, for no asset with a weight higher than 20% or lower than 5% 

of the portfolio, and the sum of the asset’s weights in the portfolio equal to 1 which 

implies that our investor cannot go on margin – borrow money – or be underinvested in 

stocks by investing in risk free bonds at the risk free rate.  

• Many argue that the best investing strategy is to have an equal weighted portfolio, this 

has no bases in the MPT framework, but it is nevertheless used by many private, 

unsophisticated investors.  It is for this reason that another set of portfolios will be 

constructed just by having equal weights on all the assets within the portfolio. 

In total, we will be testing 78 portfolios – or 39 pairs of portfolios.  39 portfolios optimized only 

with MPT and the other 39 optimized combining cointegration and MPT.  We believe that this 

extensive testing was necessary to have robust results.  The risk free rate used throughout the 

analysis is assumed to be 3% a year.  The portfolios will be compared based on the Sharpe ratio 

– portfolios with higher ratios are better than the others.    

 
10.3.4. Comparing portfolios. Results.  

Table # 20 shows the Sharpe ratios for the 78 portfolios constructed.  The top part of the table 

shows the results for the portfolios “bought” on January 1st, 2003 – i.e. portfolios in section 
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10.3.1, and the bottom part shows the portfolios that use the longest possible period for 

optimizing – i.e. portfolios in section 10.3.2.  The left side of the table shows the portfolios 

constructed only by using MPT optimization techniques, and the right side contains the 

portfolios constructed by combining cointegration with MPT optimization techniques.  In each 

side we can find the three different tested portfolios under: “Tangent portfolio”, Equal 

weighted portfolio” and “Portfolio with solver”.  Under “Expected” we find the Sharpe ratio 

based on the optimal weights and expected returns and variances based on the information 

used for optimizing – i.e. past data.  Under “Actual” we find the Sharpe ratios of how the 

portfolio actually performed from the buy and hold strategy – i.e. using data from the buying 

date forward.  Highlighted in blue are the portfolios that performed better than their 

correspondent pair on the left side of the table. Highlighted in red are the ones that 

underperformed.  

Table #20: Sharpe ratio for 78 portfolios.  Comparison 
Portfolios based solely on MPT 

No exclusions  
Portfolios with cointegration and MPT 

Excluding England, France, Sweden and Australia 
 Tangent  

portfolio 
Equal weighted 

portfolio 
Portfolio with 

solver 
Tangent 
portfolio 

Equal weighted 
portfolio 

Portfolio with 
solver 

 Expected Actual Expected Actual Expected Actual Expected Actual Expected Actual Expected Actual 

‘02 -0,0946 -0,001 -0,0713 0,0165 -0,0592 0,014 -0,0888 0,0192 -0,072 0,0196 -0,0595 0,0187 

‘01 -0,1117 -0,047 -0,0601 0,0165 -0,0438 0,0188 -0,0944 0,003 -0,0578 0,0196 -0,0405 0,0199 

‘00 -0,0998 -0,107 -0,0746 0,0165 -0,0612 0,0191 -0,0919 0,0134 -0,0732 0,0196 -0,0611 0,0194 

‘99 -0,0813 -0,017 -0,0427 0,0165 -0,0212 0,0206 -0,0739 0,010 -0,0392 0,0196 -0,0229 0,0182 

‘98 -0,0612 0,0045 -0,0332 0,0165 -0,0394 0,0174 -0,0542 0,0282 -0,0330 0,0196 -0,0214 0,0194 

‘97 -0,0714 0,0037 -0,0323 0,0165 -0,0194 0,0172 
 

-0,0632 0,0295 -0,0329 0,0196 -0,0182 0,0178 

‘95 -0,0749 0,0032 -0,0263 0,0165 -0,0131 0,0172 -0,0672 0,0302 -0,0283 0,0196 -0,0126 0,0178 

Portfolios based solely on MPT 
No exclusions 

Portfolios with cointegration and MPT 
Excluding England, France, Sweden and Japan 

 Tangent 
portfolio 

Equal weighted 
portfolio 

Portfolio with 
solver 

Tangent 
portfolio 

Equal weighted 
portfolio 

Portfolio with 
solver 

 Expected Actual Expected Actual Expected Actual Expected Actual Expected Actual Expected Actual 

‘09 -0,0854 0,0414 -0,0124 0,0870 -0,0028 0,0817 -0,0608 0,0981 -0,0105 0,0899 -0,0056 0,0861 

‘08 -0,0735 -0,058 0,0095 -0,0146 0,024 -0,018 -0,0483 -0,0218 0,0113 -0,019 0,0265 -0,017 

‘07 -0,0737 -0,023 0,0137 -0,0169 0,0297 -0,012 0,0491 -0,0144 0,0171 -0,016 0,0297 -0,011 

‘06 -0,0755 -0,015 0,0081 -0,0055 0,0259 -0,001 0,0565 -0,0174 0,0111 -0,001 0,0259 -0,001 

‘05 -0,0819 0,0107 -0,0010 0,0036 0,01601 0,0008 -0,0647 0,0192 0,0015 0,0117 0,0151 0,0083 

‘04 -0,0679 -0,036 -0,0037 0,0049 0,01228 0,0034 0,0479 0,0035 -0,0015 0,0143 0,0116 0,0047 
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For example, the first row (’02) shows the portfolios constructed with information up to 2002, 

which means that all the figures under “Expected” are based on the optimized weights and 

expected returns, variances and covariances from the data up to 2002.  All figures under 

“Actual” are Sharpe ratios from a portfolio bought on January 2003 based on the optimized 

optimal weights, and left untouched until May 2010 – returns, variance and covariances are 

calculated from the 2003-2010 data.  This first row shows three highlighted blue figures in the 

right panel, which indicates that the tangent, equal weighted, and solver portfolios constructed 

with help of the cointegration techniques outperformed the portfolios on the left panel bought 

on the same day but constructed only with MPT optimization techniques (0.0192 outperforms -

0.001, 0.0196 outperforms 0.0165, and 0.0187 outperforms 0.014).  We show the weights, 

expected and actual portfolio returns, variances and Sharpe ratios of the six portfolios 

presented in the row under “’95” in Appendix # 12.  These portfolios use information from 1995 

to December 2002 for “expected” returns and from 2003 to 2010 for “actual” returns.  

We can see from the table that in 36 – highlighted in blue - out of the 39 pairs, a combination of 

MPT with our cointegration knowledge renders better results than just using MPT optimizations 

techniques.  In 3 instances – highlighted in red – the MPT techniques alone outperform the 

combination of cointegration and MPT techniques.  These results are quite interesting since 

they imply that using cointegration techniques to restrict from the optimization process 

countries that share a common long-run equilibrium with The States renders better results in 

more than 90% of the cases.  We were positively surprised by the results, but certainly 

acknowledge that the data used for some of the ETFs are quite short – like the Russian or Indian 

ETF’s that have only 3 and 2 years of existence respectively - and further testing is necessary 

with longer time series.   

Since the portfolios constructed using solely MPT techniques include as much data as possible, 

and are not restricted at all for the tangent portfolio case, these results would imply that even if 

we feed the optimization with as much data as the cointegration technique, it is not able to 

optimize better than a combination with cointegration because MPT is based only in past 

values of variances, expected returns and correlations.  It cannot “predict” in a way that 
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cointegration can because we know that if two series that cointegrate have moved from 

equilibrium, sooner or later they will come back to it, and even if the correlation is low for a 

certain period of time, it should nevertheless be avoided because it would not offer any 

diversification benefits for our portfolio in the long run.  Cointegration picks this up, MPT – 

apparently – cannot, and we think this is strong evidence in favor of using cointegration 

techniques along with optimization techniques.    

XI. CONCLUSIONS.   

This research investigates the benefits of international diversification from the point of view of 

an American investor and finds that superior risk adjusted portfolios can be constructed by 

combining cointegration techniques with Modern Portfolio Theory (MPT) as compared to 

portfolios created solely by using MPT techniques.  39 pairs of portfolios are tested, and in 36 

cases, the combination of cointegration and MPT outperforms the optimization techniques 

based solely in MPT.  

We argue that investors looking to diversify internationally need to be very selective in 

reference to which countries they invest into since international diversification will benefit the 

investor only in the cases that the home country does not cointegrate with the foreign market.  

In the cases where the countries cointegrate, the benefits of international diversification will be 

diminished.   In this respect, before portfolios could be optimized, our findings suggest that a 

necessary step is to perform cointegration analysis in order to include in the optimization 

process only countries that do not share common long term equilibrium relationships.  

Following this line of thought, our research performs bivariate and multivariate cointegration 

analysis between The U.S. as home country, and 15 foreign markets.  4 countries are found to 

cointegrate with The States, and therefore should be avoided by American investors.  These 

countries are: England, France, Sweden and Japan.  On the other side, for 11 other countries we 

do not find evidence of cointegration with The U.S., implying that they offer good 

diversification benefits for American investors.  These countries are: Brazil, Russia, India, China, 

Malaysia, Mexico, South Africa, Taiwan, Germany, Spain and Australia.  We note that most of 
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these countries are emerging markets, while all of the countries that cointegrate with The 

States are developed economies, clearly suggesting that for an American investor, international 

diversification makes sense mostly in emerging markets, and investing in developed economies 

should be examined carefully.    

In reference to geographical regions, we find one cointegrating relationship among the 5 

European countries in our analysis (England, Germany, France, Spain and Sweden), and another 

cointegrating vector appears when The U.S. is added to these markets.  These findings further 

support our prior conclusion that American investors wishing to invest in developed economies 

should do it with extreme care as the long-run linkages between developed markets could 

negatively affect investor’s portfolios.  No cointegrating relationships are found among other 

regional areas such as Asia or America. 

Out of the 8 emerging markets under study, we find that all of them offer good diversification 

opportunities for American investors as none cointegrates with The States.  Within the 

emerging markets, special attention was placed to the BRICs – Brazil, Russia, India and China – 

as a whole due to their good growth prospects, and we did not find any indication that these 4 

countries share a long run equilibrium relationship, which is excellent news for investors as they 

could invest in any or all of these markets and rip the benefits of being exposed to these 

emerging economies while being fully diversified.  In addition, we find evidence that The 

Chinese and American markets cointegrated – although only at the 10% significance level – in 

the 1995-2002 period.  This equilibrium relationship disappeared in the 2003-2010 period as 

this emerging economy became less dependent to movements in The States.  This underscores 

the benefits of diversifying internationally into emerging markets.  Another key finding is that 

during the recent financial crisis, the BRICs did not cointegrate with The States, offering good 

diversification opportunities during these difficult times.    

Lastly, we performed an analysis of the adequacy of country ETFs as instruments for 

international diversification, and found that these relatively new financial instruments are able 

to adequately track their country indexes, thus providing investors with a compelling and cost 

effective way to diversify internationally and get full exposure to foreign countries.  



81 
 

XII. REFERENCES.  

Aktar, Ismail.  Is there any Comovement Between Stock Markets of Turkey, Russia and 
Hungary?. International Research Journal of Finance & Economics, Issue 26, 2009, pp 192-200. 

Al Asad, Hafiz. Co-movement of Bangladesh stock market with other markets. Cointegration and 
error correction approach. Managerial Finance, Vol. 33, 2007. 

Allen D.E.; Macdonald G. The long-run gains from international equity diversification: Australian 
evidence from cointegration tests. Applied Financial Economics, 5, 1995, pp 33-42. 

Arshanapalli, Bala; Doukas, John. International Stock market linkages: Evidence from the pre - 
and post – October 1987 period Journal of Banking and Finance, 17, 1993 pp193-208. 

Awokuse, Titus; Chopra, Aviral; Bessler, David A.. Structural change and international stock 
market interdependence: evidence from Asian emerging markets. Economic modeling, 26:3, 2009, 
pp 549-559.  

Bessler, David A.; Yang, Jian. The structure of interdependence in international stock markets. 
Journal of International Monetary and Finance.  

Birdthistle, William A. The fortunes and foibles of exchange traded funds: A positive market 
response to the problems of mutual funds. Delaware Journal of Corporate law, vol. 33, 2008. 
  
Brahmasrene, Tantatape; Jiranyakul, Komain. Cointegration and causality between stock index 
and macroeconomic variables in an emerging market. Academy of Accounting and Financial Studies 
Journal, vol. 11, 2007, p 17-. 
  
Byers, J.D.; Peel, D.A. Some evidence on the interdependence of national stock markets and gains 
from international portfolio diversification. Applied Financial Economics, 3, 1993, pp 239-242. 
  
Cerny, Alexandr; Koblas, Michal. Stock Market Integration and the Speed of Information 
Transmission. Czech Journal of Economics and Finance, 58, 2008. 
 
CFA Institute. CFA Program Curriculum, level III, Vol. 3. United States: Pearson Custom Publishing, 
2010.  
  
CFA Institute. CFA Program Curriculum, level III, Vol. 4. United States: Pearson Custom Publishing, 
2010.  
 
Cha, Baekin; Oh, Sekyung. The relationship between developed equity markets and the pacific 
Basin’s emerging equity markets. International review of Economics and Finance, 9, 2000, pp 299-
322. 
  
Chittedi, Krishna R. Global Stock Markets Development and Integration: with Special Reference to 
BRIC countries MPRA paper no 18602, 2009. 
  
Choi, In; Kurozumi, Eiji. Model Selection Criteria for the Leads-and-Lags Cointegrating 
Regression, 2008. 
 



82 
 

Chung, Huimin; Ho, Tsung-Wu; Wei, Ling-Ju. The dynamic relationship between the prices of 
ARDs and their underlying stocks: evidence from threshold vector error correction model. Applied 
Economics, 37, pp 2387-2394. 
  
Defusco, Richard A; Geppert, John M.; Tsetsekos, George P.. Long-Run Diversification Potential 
in Emerging Stock Markets. The Financial review, Vol. 31, 1996. pp 343-363. 
 
Elton, Edwin J.; Gruber, Martin J.; Brown, Stephen J.; Goetzmann, William N. Modern Portfolio 
Theory and Investment Analysis, 7th edition. Hoboken, United States: John Wiley & Sons Inc. 2007. 
  
Elfakhani, Said; Arayssi, Mahmoud; Smahta, Hannin. Globalization and Investment 
Opportunities. A Cointegration Study of Arab, U.S, and Emerging Stock Markets. The Financial 
Review, 2008, p 591-. 
  
Enders, Walter. Applied Econometric Time Series, 3rd edition. Hoboken, United States: John Wiley 
& Sons Inc. 2010. 
 
Engle, Robert F.; Granger, C. W. J. Co-Integration and Error Correction: Representation, 
Estimation, and Testing. Econometrica, Vol. 55, 1987, pp 251-276. 
 
Fadhlaoui, Kais; Bellalah, Makram; Dherry, Armand; Zouaouii, Mhamed.  An Empirical 
Examination of International Diversification Benefits in Central European Emerging Equity 
Markets.International Journal of Business, vol. 14, 2009, pp 163-73. 
 
Gilmore, Claire G.; McManus, Ginette M. International portfolio diversification : US and Central 
European equity markets. Emerging Markets review, 3, 2002 pp 69-83. 
  
Grubel, Herbert G.; Fadner, Kenneth. The Interdependence of International Equity Markets. The 
Journal of Finance, Vol. 26, 1971. 
  
Gujarati, Damodar. Basic Econometrics, fourth edition. Mc Graw Hill, 2003. 
 
Jarres, Timothy E.; Lavin, Angeline M. Japan and Hong Kong Exchange-Traded Funds (ETFs): 
Discounts, Returns and Trading strategies. Journal of Financial Services research, 25:1, 2004, pp 
57-69. 
 
Juselius, Katarina. The Cointegrated VAR model. New York: Oxford University Press. 2006. 
  
Kasa, Kenneth. Common stochastic trends in international stock markets. Journal of Monetary 
Economics 29, 1991, pp 95-124. 
 
Koop, Gary. Introduction to Econometrics. West Sussex: John Wiley & Sons Ltd. 2008. 
 
Li, Hongyi; Maddala, G.S. Bootstrapping cointegration regressions. Journal of Econometrics, 80, 
2007, pp 297-318. 
 
Madhusoodanan, P.R. ; Kumar, Hareesh V. An empirical Verification of cointegration and 
Causality in Indian Stock Markets: A case of BSE and NSE. South Asia Economic Journal, 9:1, 
2008, pp 159-172. 
 
Meric, Ilhan; Meric Gulser. Co-movement of the European Equity Markets Before and After the 
1987 crash. Multinational Finance Journal, vol. 1, 1997 pp 137-152. 
  



83 
 

Mukherjee, Paramita; Bose, Suchismita. Does the Stock Market in India Move with Asia? A 
Multivariate Cointegration – Vector Autoregression Approach. Emerging Markets Finance & Trade, 
Vol. 44, 2008. 
 
Murray, Rowena. How to write a thesis. Philadelphia: Open University Press. 2002. 
 
Nath, Golaka C.; Patel, Bhavesh. Global equity markets: a study of cointegration. Journal of 
Academy of Business and Economics, vol. 1, 2003, p 197 -. 
  
O'Hara, Neil. How Decoupled Are They?, Institutional Investor. Vol. 33, 2008. 
 
Phylaktis, Kate; Ravazzolo, Fabiola. Stock prices and exchange rate dynamics. Journal of 
International Money and Finance, 24, 2005, pp 1031-1053 
 
Piesse, Jenifer; Hearn, Bruce. Equity market integration versus segmentation in three dominant 
markets of the Southern African Customs Union: cointegration and causality test. Applied Economics 
14, 2002, pp 1711-1722. 
  
Poddar, Tushar; Yi, Eva. India’s Rising Growth Potential. Global Economics Paper No: 152, 2007. 
  
Psaradakis, Z. Bootstrap tests for an autoregressive unit root in the presence of weakly dependent 
errors. Journal of Time Series Analysis 22, 2001, pp 577–594. 
  
Ratanapakorn, Orawan; Sharma, Subhash. Interrelationships among regional stock indexes. 
Review of Financial Economics, 11, 2002. 
  
The Economist. Decoupling 2.0. Vol. 391, Issue 8632, 5/23/2009, p 14-14. 
 
Taylor, Mark P.;Tonks, Ian. The Internationalisation of Stock Markets and the Abolition of U.K. 
Exchange Control.  The Review of Economics and Statistics, Vol. 71, 1989, pp 332-336. 
  
Wilkinson, John. Decoupling: are emerging markets breaking up with developed 
economies?. Money Management, Vol. 22, Issue 22, 2008. 
  
Wilson, Dominic; Purushothaman, Roopa. Dreaming With the BRICs: The path to 2050. Global 
Economics Paper No: 99, 2003. 
 
Wong, Wing-Keung; Agarwal, Aman; Du, Jun. Financial Integration for India Stock Market, a 
Fractional Cointegration Approach. National University of Singapore Department of Economics 
paper 0501, 2005. 
  
Yang, Jian; Kolari, James; Wibawa, Peter. On the stability of long – run relationships between 
emerging and U.S. stock markets. Journal of Multinational Financial Management, 14, 2004. 

Yavas, Burhan F.; Rezayat, Fahimeh. Integration among global equity markets: portfolio 
diversification using exchange-traded funds.  Investment Management and Financial innovations Vol 
5, 2008.   
 
Yule, G. Udny. Why do we Sometimes get Nonsense-Correlations between Time-Series?--A Study 
in Sampling and the Nature of Time-Series. Journal of the Royal Statistical Society, Vol. 89, 1926, 
pp 1-63. 
 
Zhao, Yan. International diversification through country index funds and ETFs, 2008. 



84 
 

APPENDIX # 1: Trend and correlation analysis. 16 Stock indexes in levels.  
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APPENDIX # 2: Trend and correlation analysis. 16 Stock indexes in first differences. 
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APPENDIX # 3: Johansen cointegration test.  Period 1: September 1995 - December 2002. 
 
SP and Brazil’ Bovespa, p=2. 
 
  

Simple Summary Statistics 

Variable Type N Mean 
Standard 
Deviation Min Max 

SP Dependent 1913 97.19944 3.83019 88.84918 102.82748 
Bovespa Dependent 1913 99.49083 3.94043 87.04401 107.05643 

 
Cointegration Rank Test Using Trace 

H0:  
Rank=r 

H1:  
Rank>r Eigenvalue Trace 5% Critical Value Drift in ECM Drift in Process 

0 0 0.0026 7.0137 15.34 Constant Linear 
1 1 0.0011 2.1262 3.84     

 

SP and China’s Shanghai, p=2 
 

Simple Summary Statistics 

Variable Type N Mean 
Standard 
Deviation Min Max 

SP Dependent 1912 109.39948 4.31168 100.00000 115.73262 
Shanghai Dependent 1912 113.40931 7.96798 92.19760 125.16107 

 
Cointegration Rank Test Using Trace 

H0:  
Rank=r 

H1:  
Rank>r Eigenvalue Trace 5% Critical Value Drift in ECM Drift in Process 

0 0 0.0051 14.2072 15.34 Constant Linear 
1 1 0.0023 4.4615 3.84     

 

SP and India, p=2 
 

Simple Summary Statistics 

Variable Type N Mean 
Standard 
Deviation Min Max 

SP Dependent 1913 97.19944 3.83019 88.84918 102.82748 
India Dependent 1913 103.39316 5.76949 90.06716 124.79441 

 
Cointegration Rank Test Using Trace 

H0:  
Rank=r 

H1:  
Rank>r Eigenvalue Trace 5% Critical Value Drift in ECM Drift in Process 

0 0 0.0031 9.3054 15.34 Constant Linear 
1 1 0.0017 3.3130 3.84     
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SP and Malaysia, p=2 
 

Simple Summary Statistics 

Variable Type N Mean 
Standard 
Deviation Min Max 

SP Dependent 1913 97.19944 3.83019 88.84918 102.82748 
Malaysia Dependent 1913 106.17602 9.59836 83.03870 122.99442 

 
Cointegration Rank Test Using Trace 

H0:  
Rank=r 

H1:  
Rank>r Eigenvalue Trace 5% Critical Value Drift in ECM Drift in Process 

0 0 0.0028 8.1763 15.34 Constant Linear 
1 1 0.0014 2.7269 3.84     

 

SP and Mexico, p=2 
Simple Summary Statistics 

Variable Type N Mean 
Standard 
Deviation Min Max 

SP Dependent 1913 97.19944 3.83019 88.84918 102.82748 
Mexico Dependent 1913 97.16584 3.74531 86.15435 104.65958 

 
Cointegration Rank Test Using Trace 

H0:  
Rank=r 

H1:  
Rank>r Eigenvalue Trace 5% Critical Value Drift in ECM Drift in Process 

0 0 0.0049 12.8633 15.34 Constant Linear 
1 1 0.0019 3.5457 3.84     

 

SP and Russia’s RTS p=2 
 

Simple Summary Statistics 

Variable Type N Mean 
Standard 
Deviation Min Max 

SP Dependent 1913 97.19944 3.83019 88.84918 102.82748 
RTS Dependent 1913 99.91904 11.54941 70.12670 121.92527 

 
Cointegration Rank Test Using Trace 

H0:  
Rank=r 

H1:  
Rank>r Eigenvalue Trace 5% Critical Value Drift in ECM Drift in Process 

0 0 0.0035 7.2853 15.34 Constant Linear 
1 1 0.0003 0.5528 3.84     

 

SP and South Africa’s SAJSE, p=2 
 

Simple Summary Statistics 

Variable Type N Mean 
Standard 
Deviation Min Max 

SP Dependent 1913 97.19944 3.83019 88.84918 102.82748 
SAJSE Dependent 1913 100.75988 2.61375 93.45111 106.54765 

 
Cointegration Rank Test Using Trace 

H0:  
Rank=r 

H1:  
Rank>r Eigenvalue Trace 5% Critical Value Drift in ECM Drift in Process 

0 0 0.0042 12.8112 15.34 Constant Linear 
1 1 0.0025 4.7455 3.84     
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SP and Taiwan, p=2 
 

Simple Summary Statistics 

Variable Type N Mean 
Standard 
Deviation Min Max 

SP Dependent 1913 97.19944 3.83019 88.84918 102.82748 
Taiwan Dependent 1913 104.60894 5.45709 90.19579 115.07503 

 
Cointegration Rank Test Using Trace 

H0:  
Rank=r 

H1:  
Rank>r Eigenvalue Trace 5% Critical Value Drift in ECM Drift in Process 

0 0 0.0033 8.7708 15.34 Constant Linear 
1 1 0.0013 2.3975 3.84     

 

SP and Australia’s ASX, p=2 
 

Simple Summary Statistics 

Variable Type N Mean 
Standard 
Deviation Min Max 

SP Dependent 1912 109.39948 4.31168 100.00000 115.73262 
ASX Dependent 1912 101.56596 0.99808 98.16225 103.80266 

 
Cointegration Rank Test Using Trace 

H0:  
Rank=r 

H1:  
Rank>r Eigenvalue Trace 5% Critical Value Drift in ECM Drift in Process 

0 0 0.0068 17.1900 15.34 Constant Linear 
1 1 0.0022 4.2277 3.84     

 

SP and England’s FTSE 
Simple Summary Statistics 

Variable Type N Mean 
Standard 
Deviation Min Max 

SP Dependent 1913 97.19944 3.83019 88.84918 102.82748 
FTSE Dependent 1913 99.59179 2.24034 95.38180 103.42299 

 
Cointegration Rank Test Using Trace 

H0:  
Rank=r 

H1:  
Rank>r Eigenvalue Trace 5% Critical Value Drift in ECM Drift in Process 

0 0 0.0071 16.7938 15.34 Constant Linear 
1 1 0.0016 3.0899 3.84     

 

SP and French CAC, p=2 
 

Simple Summary Statistics 

Variable Type N Mean 
Standard 
Deviation Min Max 

SP Dependent 1912 109.39948 4.31168 100.00000 115.73262 
CAC Dependent 1912 105.88311 3.50579 99.35833 112.22529 

 
Cointegration Rank Test Using Trace 

H0:  
Rank=r 

H1:  
Rank>r Eigenvalue Trace 5% Critical Value Drift in ECM Drift in Process 

0 0 0.0086 20.0249 15.34 Constant Linear 
1 1 0.0018 3.4694 3.84     
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SP and German DAX, p=2 
 

Simple Summary Statistics 

Variable Type N Mean 
Standard 
Deviation Min Max 

SP Dependent 1913 97.19944 3.83019 88.84918 102.82748 
DAX Dependent 1913 98.17668 3.05702 91.24938 104.07893 

 
Cointegration Rank Test Using Trace 

H0:  
Rank=r 

H1:  
Rank>r Eigenvalue Trace 5% Critical Value Drift in ECM Drift in Process 

0 0 0.0034 8.2132 15.34 Constant Linear 
1 1 0.0009 1.7994 3.84     

 

SP and Japanese TOPIX, p=2 
 

Simple Summary Statistics 

Variable Type N Mean 
Standard 
Deviation Min Max 

SP Dependent 1912 109.39948 4.31168 100.00000 115.73262 
TOPIX Dependent 1912 90.03083 9.15608 71.00679 105.55038 

 
Cointegration Rank Test Using Trace 

H0:  
Rank=r 

H1:  
Rank>r Eigenvalue Trace 5% Critical Value Drift in ECM Drift in Process 

0 0 0.0031 6.6577 15.34 Constant Linear 
1 1 0.0004 0.7949 3.84     

 

SP and Spain’s IBEX, p=3 
Simple Summary Statistics 

Variable Type N Mean 
Standard 
Deviation Min Max 

SP Dependent 1912 109.39948 4.31168 100.00000 115.73262 
IBEX Dependent 1912 106.63497 3.35489 99.50129 112.24573 

 
Cointegration Rank Test Using Trace 

H0:  
Rank=r 

H1:  
Rank>r Eigenvalue Trace 5% Critical Value Drift in ECM Drift in Process 

0 0 0.0063 12.0749 15.34 Constant Linear 
1 1 0.0020 2.7313 3.84     

 

SP and Swedish OMX, p=1 
Simple Summary Statistics 

Variable Type N Mean 
Standard 
Deviation Min Max 

SP Dependent 1912 109.39948 4.31168 100.00000 115.73262 
OMX Dependent 1912 114.66525 8.09625 99.13858 134.52855 

 
Cointegration Rank Test Using Trace 

H0:  
Rank=r 

H1:  
Rank>r Eigenvalue Trace 5% Critical Value Drift in ECM Drift in Process 

0 0 0.0076 17.1945 15.34 Constant Linear 
1 1 0.0014 2.6469 3.84     

 



94 
 

APPENDIX # 4: Johansen cointegration test.  Period 2: January 2003 to May 2010. 

 
SP and Brazilian Bovespa, p=3 
 
 

Simple Summary Statistics 

Variable Type N Mean 
Standard 
Deviation Min Max 

SP Dependent 1934 111.40410 2.67242 102.87686 116.11752 
Bovespa Dependent 1934 114.11451 8.49098 93.72417 126.67038 

 
Cointegration Rank Test Using Trace 

H0:  
Rank=r 

H1:  
Rank>r Eigenvalue Trace 5% Critical Value Drift in ECM Drift in Process 

0 0 0.0023 4.8058 15.34 Constant Linear 
1 1 0.0002 0.3532 3.84     

 
 
SP and China’s Shanghai, p=3  
 

Simple Summary Statistics 

Variable Type N Mean 
Standard 
Deviation Min Max 

SP Dependent 1934 111.40410 2.67242 102.87686 116.11752 
Shanghai Dependent 1934 124.99007 11.57320 107.67321 149.62909 

 
Cointegration Rank Test Using Trace 

H0:  
Rank=r 

H1:  
Rank>r Eigenvalue Trace 5% Critical Value Drift in ECM Drift in Process 

0 0 0.0018 4.6312 15.34 Constant Linear 
1 1 0.0006 1.1514 3.84     

 

SP and India, p=3 
 

Simple Summary Statistics 

Variable Type N Mean 
Standard 
Deviation Min Max 

SP Dependent 1934 111.40410 2.67242 102.87686 116.11752 
India Dependent 1934 121.07712 14.48486 88.35361 146.59125 

 
Cointegration Rank Test Using Trace 

H0:  
Rank=r 

H1:  
Rank>r Eigenvalue Trace 5% Critical Value Drift in ECM Drift in Process 

0 0 0.0020 5.5416 15.34 Constant Linear 
1 1 0.0008 1.6294 3.84     
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SP and Malaysia, p=3 
Simple Summary Statistics 

Variable Type N Mean 
Standard 
Deviation Min Max 

SP Dependent 1934 111.40410 2.67242 102.87686 116.11752 
Malaysia Dependent 1934 93.54037 4.44632 84.85545 102.33306 

 
Cointegration Rank Test Using Trace 

H0:  
Rank=r 

H1:  
Rank>r Eigenvalue Trace 5% Critical Value Drift in ECM Drift in Process 

0 0 0.0019 4.5765 15.34 Constant Linear 
1 1 0.0005 0.9356 3.84     

 

SP and Mexico, p=3 
Simple Summary Statistics 

Variable Type N Mean 
Standard 
Deviation Min Max 

SP Dependent 1934 111.40410 2.67242 102.87686 116.11752 
Mexico Dependent 1934 122.71724 8.41123 104.63197 134.23129 

 
Cointegration Rank Test Using Trace 

H0:  
Rank=r 

H1:  
Rank>r Eigenvalue Trace 5% Critical Value Drift in ECM Drift in Process 

0 0 0.0019 4.1064 15.34 Constant Linear 
1 1 0.0003 0.4909 3.84     

 

SP and RTS, p=3 
Simple Summary Statistics 

Variable Type N Mean 
Standard 
Deviation Min Max 

SP Dependent 1934 111.40410 2.67242 102.87686 116.11752 
RTS Dependent 1934 150.43176 11.87882 126.32213 169.79182 

 
Cointegration Rank Test Using Trace 

H0:  
Rank=r 

H1:  
Rank>r Eigenvalue Trace 5% Critical Value Drift in ECM Drift in Process 

0 0 0.0018 5.7815 15.34 Constant Linear 
1 1 0.0012 2.2268 3.84     

 

SP and South Africa’s SAJSE, p=3 
 

Simple Summary Statistics 

Variable Type N Mean 
Standard 
Deviation Min Max 

SP Dependent 1934 111.40410 2.67242 102.87686 116.11752 
SAJSE Dependent 1934 108.35791 5.81458 95.19502 117.43946 

 
Cointegration Rank Test Using Trace 

H0:  
Rank=r 

H1:  
Rank>r Eigenvalue Trace 5% Critical Value Drift in ECM Drift in Process 

0 0 0.0019 4.4195 15.34 Constant Linear 
1 1 0.0004 0.6827 3.84     
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SP and Taiwan, p=3 
Simple Summary Statistics 

Variable Type N Mean 
Standard 
Deviation Min Max 

SP Dependent 1934 111.40410 2.67242 102.87686 116.11752 
Taiwan Dependent 1934 102.59050 4.23055 92.53669 110.82615 

 
Cointegration Rank Test Using Trace 

H0:  
Rank=r 

H1:  
Rank>r Eigenvalue Trace 5% Critical Value Drift in ECM Drift in Process 

0 0 0.0025 8.2589 15.34 Constant Linear 
1 1 0.0018 3.4839 3.84     

 

SP and Australia’s ASX, p=4 
 

Simple Summary Statistics 

Variable Type N Mean 
Standard 
Deviation Min Max 

SP Dependent 1934 111.40410 2.67242 102.87686 116.11752 
ASX Dependent 1934 110.40369 4.46148 100.25910 118.99766 

 
Cointegration Rank Test Using Trace 

H0:  
Rank=r 

H1:  
Rank>r Eigenvalue Trace 5% Critical Value Drift in ECM Drift in Process 

0 0 0.0020 6.0621 15.34 Constant Linear 
1 1 0.0011 2.2081 3.84     

 

SP and England’s FTSE, p=3 
 

Simple Summary Statistics 

Variable Type N Mean 
Standard 
Deviation Min Max 

SP Dependent 1934 111.40410 2.67242 102.87686 116.11752 
FTSE Dependent 1934 105.84717 2.80813 98.70428 110.93916 

 
Cointegration Rank Test Using Trace 

H0:  
Rank=r 

H1:  
Rank>r Eigenvalue Trace 5% Critical Value Drift in ECM Drift in Process 

0 0 0.0078 17.7523 15.34 Constant Linear 
1 1 0.0013 2.5929 3.84     

 

SP and French CAC, p=3 
Simple Summary Statistics 

Variable Type N Mean 
Standard 
Deviation Min Max 

SP Dependent 1934 111.40410 2.67242 102.87686 116.11752 
CAC Dependent 1934 110.01480 3.43517 101.04208 115.93147 

 
Cointegration Rank Test Using Trace 

H0:  
Rank=r 

H1:  
Rank>r Eigenvalue Trace 5% Critical Value Drift in ECM Drift in Process 

0 0 0.0021 7.1532 15.34 Constant Linear 
1 1 0.0016 3.1197 3.84     
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SP and German DAX, p=3 
 

Simple Summary Statistics 

Variable Type N Mean 
Standard 
Deviation Min Max 

SP Dependent 1934 111.40410 2.67242 102.87686 116.11752 
DAX Dependent 1934 110.25425 4.42208 97.78141 117.67970 

 
Cointegration Rank Test Using Trace 

H0:  
Rank=r 

H1:  
Rank>r Eigenvalue Trace 5% Critical Value Drift in ECM Drift in Process 

0 0 0.0022 6.9659 15.34 Constant Linear 
1 1 0.0014 2.6729 3.84     

 

SP and Japanese TOPIX; p=3 
Simple Summary Statistics 

Variable Type N Mean 
Standard 
Deviation Min Max 

SP Dependent 1934 111.40410 2.67242 102.87686 116.11752 
TOPIX Dependent 1934 89.18336 7.81509 69.35097 102.74157 

 
Cointegration Rank Test Using Trace 

H0:  
Rank=r 

H1:  
Rank>r Eigenvalue Trace 5% Critical Value Drift in ECM Drift in Process 

0 0 0.0052 13.2474 15.34 Constant Linear 
1 1 0.0016 3.1394 3.84     

 

SP and Spanish IBEX, p=3 
Simple Summary Statistics 

Variable Type N Mean 
Standard 
Deviation Min Max 

SP Dependent 1934 111.40410 2.67242 102.87686 116.11752 
IBEX Dependent 1934 112.87980 3.90071 103.48760 119.66605 

 
Cointegration Rank Test Using Trace 

H0:  
Rank=r 

H1:  
Rank>r Eigenvalue Trace 5% Critical Value Drift in ECM Drift in Process 

0 0 0.0025 7.2118 15.34 Constant Linear 
1 1 0.0012 2.4145 3.84     

 

SP and Swedish OMX, p=3 
Simple Summary Statistics 

Variable Type N Mean 
Standard 
Deviation Min Max 

SP Dependent 1934 111.40410 2.67242 102.87686 116.11752 
OMX Dependent 1934 123.34522 8.20752 102.52788 137.58692 

 
Cointegration Rank Test Using Trace 

H0:  
Rank=r 

H1:  
Rank>r Eigenvalue Trace 5% Critical Value Drift in ECM Drift in Process 

0 0 0.0025 7.5473 15.34 Constant Linear 
1 1 0.0014 2.6316 3.84     
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APPENDIX # 5: Johansen cointegration test. Selected countries for the period 1995 - 2010. 
 
 
SP and Brazilian Bovespa, p=3 
 
 

Simple Summary Statistics 

Variable Type N Mean 
Standard 
Deviation Min Max 

SP Dependent 3847 110.40665 3.71945 100.00000 116.11752 
Bovespa Dependent 3847 109.00275 8.43016 90.84459 126.67038 

 
Cointegration Rank Test Using Trace 

H0:  
Rank=r 

H1:  
Rank>r Eigenvalue Trace 5% Critical Value Drift in ECM Drift in Process 

0 0 0.0021 8.0931 15.34 Constant Linear 
1 1 0.0000 0.0669 3.84     

 

SP and China’s Shanghai, p=4 
 
 

Simple Summary Statistics 

Variable Type N Mean 
Standard 
Deviation Min Max 

SP Dependent 3847 110.40665 3.71945 100.00000 116.11752 
Shanghai Dependent 3847 119.22789 11.51020 92.19760 149.62909 

 
Cointegration Rank Test Using Trace 

H0:  
Rank=r 

H1:  
Rank>r Eigenvalue Trace 5% Critical Value Drift in ECM Drift in Process 

0 0 0.0021 11.6024 15.34 Constant Linear 
1 1 0.0010 3.6748 3.84     

 

SP and India, p=3 
 

Simple Summary Statistics 

Variable Type N Mean 
Standard 
Deviation Min Max 

SP Dependent 3847 110.40665 3.71945 100.00000 116.11752 
India Dependent 3847 108.48383 16.73373 83.41110 146.59125 

 
Cointegration Rank Test Using Trace 

H0:  
Rank=r 

H1:  
Rank>r Eigenvalue Trace 5% Critical Value Drift in ECM Drift in Process 

0 0 0.0025 9.7577 15.34 Constant Linear 
1 1 0.0001 0.2108 3.84     
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SP and Russia’s RTS, p=3 
 
 

Simple Summary Statistics 

Variable Type N Mean 
Standard 
Deviation Min Max 

SP Dependent 3847 110.40665 3.71945 100.00000 116.11752 
RTS Dependent 3847 131.80570 22.50611 79.28995 169.79182 

 
Cointegration Rank Test Using Trace 

H0:  
Rank=r 

H1:  
Rank>r Eigenvalue Trace 5% Critical Value Drift in ECM Drift in Process 

0 0 0.0021 8.3810 15.34 Constant Linear 
1 1 0.0001 0.4815 3.84     

 

SP and Australia’s ASX, p=3 
 
 

Simple Summary Statistics 

Variable Type N Mean 
Standard 
Deviation Min Max 

SP Dependent 3847 110.40665 3.71945 100.00000 116.11752 
ASX Dependent 3847 106.00853 5.48036 98.16225 118.99766 

 
Cointegration Rank Test Using Trace 

H0:  
Rank=r 

H1:  
Rank>r Eigenvalue Trace 5% Critical Value Drift in ECM Drift in Process 

0 0 0.0021 8.5415 15.34 Constant Linear 
1 1 0.0001 0.3970 3.84     

 
 
SP and England’s FTSE, p=3 
 
 

Simple Summary Statistics 

Variable Type N Mean 
Standard 
Deviation Min Max 

SP Dependent 3847 110.40665 3.71945 100.00000 116.11752 
FTSE Dependent 3847 105.13441 2.68695 98.70428 110.93916 

 
Cointegration Rank Test Using Trace 

H0:  
Rank=r 

H1:  
Rank>r Eigenvalue Trace 5% Critical Value Drift in ECM Drift in Process 

0 0 0.0035 17.9689 15.34 Constant Linear 
1 1 0.0011 4.3401 3.84     
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SP and French CAC, p=3 
 
 

Simple Summary Statistics 

Variable Type N Mean 
Standard 
Deviation Min Max 

SP Dependent 3847 110.40665 3.71945 100.00000 116.11752 
CAC Dependent 3847 107.95874 4.03997 99.35833 115.93147 

 
Cointegration Rank Test Using Trace 

H0:  
Rank=r 

H1:  
Rank>r Eigenvalue Trace 5% Critical Value Drift in ECM Drift in Process 

0 0 0.0026 14.2775 15.34 Constant Linear 
1 1 0.0011 4.4217 3.84     

 

 
SP and Japan’s TOPIX, p=3 
 
 

Simple Summary Statistics 

Variable Type N Mean 
Standard 
Deviation Min Max 

SP Dependent 3847 110.40665 3.71945 100.00000 116.11752 
TOPIX Dependent 3847 89.60724 8.51804 69.35097 105.55038 

 
Cointegration Rank Test Using Trace 

H0:  
Rank=r 

H1:  
Rank>r Eigenvalue Trace 5% Critical Value Drift in ECM Drift in Process 

0 0 0.0029 14.5697 15.34 Constant Linear 
1 1 0.0009 3.4317 3.84     

 

 
SP and Swedish OMX, p=3 
 
 

Simple Summary Statistics 

Variable Type N Mean 
Standard 
Deviation Min Max 

SP Dependent 3847 110.40665 3.71945 100.00000 116.11752 
OMX Dependent 3847 119.02519 9.23866 99.13858 137.58692 

 
Cointegration Rank Test Using Trace 

H0:  
Rank=r 

H1:  
Rank>r Eigenvalue Trace 5% Critical Value Drift in ECM Drift in Process 

0 0 0.0023 11.7298 15.34 Constant Linear 
1 1 0.0007 2.7738 3.84     
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APPENDIX # 6: Johansen cointegration test.  Period July 2007 to May 2010. 

 
SP and Brazilian Bovespa, p=3 
 
 

Simple Summary Statistics 

Variable Type N Mean 
Standard 
Deviation Min Max 

SP Dependent 761 111.09436 3.23891 102.87686 116.11752 
Bovespa Dependent 761 121.84386 3.65594 111.96253 126.67038 

 
Cointegration Rank Test Using Trace 

H0:  
Rank=r 

H1:  
Rank>r Eigenvalue Trace 5% Critical Value Drift in ECM Drift in Process 

0 0 0.0094 9.3844 15.34 Constant Linear 
1 1 0.0029 2.2328 3.84     

 

 

SP and China’s Shanghai, p=3 
 

Simple Summary Statistics 

Variable Type N Mean 
Standard 
Deviation Min Max 

SP Dependent 760 111.09527 3.24095 102.87686 116.11752 
Shanghai Dependent 760 136.42712 6.33083 123.55302 149.62909 

 
Cointegration Rank Test Using Trace 

H0:  
Rank=r 

H1:  
Rank>r Eigenvalue Trace 5% Critical Value Drift in ECM Drift in Process 

0 0 0.0146 12.3536 15.34 Constant Linear 
1 1 0.0016 1.2452 3.84     

 
 

SP and India, p=3 
 

Simple Summary Statistics 

Variable Type N Mean 
Standard 
Deviation Min Max 

SP Dependent 761 111.09436 3.23891 102.87686 116.11752 
India Dependent 761 132.74141 8.06062 113.17010 146.59125 

 
Cointegration Rank Test Using Trace 

H0:  
Rank=r 

H1:  
Rank>r Eigenvalue Trace 5% Critical Value Drift in ECM Drift in Process 

0 0 0.0084 7.8085 15.34 Constant Linear 
1 1 0.0018 1.3833 3.84     
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SP and Malaysia, p=3 
Simple Summary Statistics 

Variable Type N Mean 
Standard 
Deviation Min Max 

SP Dependent 761 111.09436 3.23891 102.87686 116.11752 
Malaysia Dependent 761 97.25569 3.16719 90.38180 102.33306 

 
Cointegration Rank Test Using Trace 

H0:  
Rank=r 

H1:  
Rank>r Eigenvalue Trace 5% Critical Value Drift in ECM Drift in Process 

0 0 0.0068 6.1314 15.34 Constant Linear 
1 1 0.0013 0.9737 3.84     

 

SP and Mexico, p=3 
Simple Summary Statistics 

Variable Type N Mean 
Standard 
Deviation Min Max 

SP Dependent 761 111.09436 3.23891 102.87686 116.11752 
Mexico Dependent 761 129.01420 4.23036 116.88586 134.23129 

 
Cointegration Rank Test Using Trace 

H0:  
Rank=r 

H1:  
Rank>r Eigenvalue Trace 5% Critical Value Drift in ECM Drift in Process 

0 0 0.0098 10.2618 15.34 Constant Linear 
1 1 0.0036 2.7692 3.84     

 

SP and Russia, p=3 
 

Simple Summary Statistics 

Variable Type N Mean 
Standard 
Deviation Min Max 

SP Dependent 761 111.09436 3.23891 102.87686 116.11752 
RTS Dependent 761 156.76564 9.75634 134.87019 169.79182 

 
Cointegration Rank Test Using Trace 

H0:  
Rank=r 

H1:  
Rank>r Eigenvalue Trace 5% Critical Value Drift in ECM Drift in Process 

0 0 0.0145 12.6773 15.34 Constant Linear 
1 1 0.0021 1.5715 3.84     

 

SP and South Africa’s SAJSE, p=3 
 

Simple Summary Statistics 

Variable Type N Mean 
Standard 
Deviation Min Max 

SP Dependent 761 111.09436 3.23891 102.87686 116.11752 
SAJSE Dependent 761 112.08116 3.59216 102.63237 117.43946 

 
Cointegration Rank Test Using Trace 

H0:  
Rank=r 

H1:  
Rank>r Eigenvalue Trace 5% Critical Value Drift in ECM Drift in Process 

0 0 0.0138 13.4271 15.34 Constant Linear 
1 1 0.0038 2.9119 3.84     
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SP and Taiwan, p=2 
Simple Summary Statistics 

Variable Type N Mean 
Standard 
Deviation Min Max 

SP Dependent 761 111.09436 3.23891 102.87686 116.11752 
Taiwan Dependent 761 104.51784 4.78112 93.17950 110.82615 

 
Cointegration Rank Test Using Trace 

H0:  
Rank=r 

H1:  
Rank>r Eigenvalue Trace 5% Critical Value Drift in ECM Drift in Process 

0 0 0.0162 15.6817 15.34 Constant Linear 
1 1 0.0044 3.3350 3.84     

 

SP and Australia’s ASX, p=4 
 

Simple Summary Statistics 

Variable Type N Mean 
Standard 
Deviation Min Max 

SP Dependent 761 111.09436 3.23891 102.87686 116.11752 
ASX Dependent 761 112.72524 4.05622 103.31002 118.99766 

 
Cointegration Rank Test Using Trace 

H0:  
Rank=r 

H1:  
Rank>r Eigenvalue Trace 5% Critical Value Drift in ECM Drift in Process 

0 0 0.0121 11.2036 15.34 Constant Linear 
1 1 0.0027 2.0210 3.84     

 

SP and England’s FTSE, p=2 
 

Simple Summary Statistics 

Variable Type N Mean 
Standard 
Deviation Min Max 

SP Dependent 761 111.09436 3.23891 102.87686 116.11752 
FTSE Dependent 761 105.84218 3.20111 98.70428 110.93916 

 
Cointegration Rank Test Using Trace 

H0:  
Rank=r 

H1:  
Rank>r Eigenvalue Trace 5% Critical Value Drift in ECM Drift in Process 

0 0 0.0177 15.6750 15.34 Constant Linear 
1 1 0.0028 2.1026 3.84     

 
SP and French CAC, p=3 
 

Simple Summary Statistics 

Variable Type N Mean 
Standard 
Deviation Min Max 

SP Dependent 761 111.09436 3.23891 102.87686 116.11752 
CAC Dependent 761 110.94606 3.34713 103.39907 115.93147 

 
Cointegration Rank Test Using Trace 

H0:  
Rank=r 

H1:  
Rank>r Eigenvalue Trace 5% Critical Value Drift in ECM Drift in Process 

0 0 0.0049 4.3266 15.34 Constant Linear 
1 1 0.0008 0.5965 3.84     
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SP and German DAX, p=3 
 
 

Simple Summary Statistics 

Variable Type N Mean 
Standard 
Deviation Min Max 

SP Dependent 761 111.09436 3.23891 102.87686 116.11752 
DAX Dependent 761 113.30652 2.94316 105.89679 117.67970 

 
Cointegration Rank Test Using Trace 

H0:  
Rank=r 

H1:  
Rank>r Eigenvalue Trace 5% Critical Value Drift in ECM Drift in Process 

0 0 0.0138 12.5051 15.34 Constant Linear 
1 1 0.0026 1.9768 3.84     

 

SP and Japan’s TOPIX, p=3  
 

Simple Summary Statistics 

Variable Type N Mean 
Standard 
Deviation Min Max 

SP Dependent 761 111.09436 3.23891 102.87686 116.11752 
TOPIX Dependent 761 88.61275 6.45290 73.31704 100.06826 

 
Cointegration Rank Test Using Trace 

H0:  
Rank=r 

H1:  
Rank>r Eigenvalue Trace 5% Critical Value Drift in ECM Drift in Process 

0 0 0.0167 15.1658 15.34 Constant Linear 
1 1 0.0031 2.3699 3.84     

 

SP and Spain’s IBEX, p=3 
Simple Summary Statistics 

Variable Type N Mean 
Standard 
Deviation Min Max 

SP Dependent 761 111.09436 3.23891 102.87686 116.11752 
IBEX Dependent 761 115.20823 2.90287 107.76973 119.66605 

 
Cointegration Rank Test Using Trace 

H0:  
Rank=r 

H1:  
Rank>r Eigenvalue Trace 5% Critical Value Drift in ECM Drift in Process 

0 0 0.0058 5.1029 15.34 Constant Linear 
1 1 0.0009 0.6957 3.84     

 

SP and Swedish OMX, p=3 
Simple Summary Statistics 

Variable Type N Mean 
Standard 
Deviation Min Max 

SP Dependent 761 111.09436 3.23891 102.87686 116.11752 
OMX Dependent 761 126.38187 7.17578 109.19874 137.58692 

 
Cointegration Rank Test Using Trace 

H0:  
Rank=r 

H1:  
Rank>r Eigenvalue Trace 5% Critical Value Drift in ECM Drift in Process 

0 0 0.0199 19.1341 15.34 Constant Linear 
1 1 0.0051 3.9078 3.84     
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APPENDIX # 7: Multivariate Johansen cointegration test. Different countries.  
 
South Asian countries, p=2 
 
 

Simple Summary Statistics 

Variable Type N Mean 
Standard 
Deviation Min Max 

India Dependent 1934 121.07712 14.48486 88.35361 146.59125 
Malaysia Dependent 1934 93.54037 4.44632 84.85545 102.33306 
Shanghai Dependent 1934 124.99007 11.57320 107.67321 149.62909 

 
Cointegration Rank Test Using Trace 

H0:  
Rank=r 

H1:  
Rank>r Eigenvalue Trace 5% Critical Value Drift in ECM Drift in Process 

0 0 0.0084 22.2735 29.38 Constant Linear 
1 1 0.0022 5.8832 15.34     
2 2 0.0008 1.6022 3.84     

 

 
Asia, p=3  
 

Simple Summary Statistics 

Variable Type N Mean 
Standard 
Deviation Min Max 

RTS Dependent 1934 150.43176 11.87882 126.32213 169.79182 
TOPIX Dependent 1934 89.18336 7.81509 69.35097 102.74157 
Taiwan Dependent 1934 102.59050 4.23055 92.53669 110.82615 
India Dependent 1934 121.07712 14.48486 88.35361 146.59125 
Malaysia Dependent 1934 93.54037 4.44632 84.85545 102.33306 
Shanghai Dependent 1934 124.99007 11.57320 107.67321 149.62909 

 
Cointegration Rank Test Using Trace 

H0:  
Rank=r 

H1:  
Rank>r Eigenvalue Trace 5% Critical Value Drift in ECM Drift in Process 

0 0 0.0135 70.1548 93.92 Constant Linear 
1 1 0.0105 44.0059 68.68     
2 2 0.0052 23.5477 47.21     
3 3 0.0032 13.5375 29.38     
4 4 0.0021 7.4336 15.34     
5 5 0.0018 3.3847 3.84     
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America, p=3  
Simple Summary Statistics 

Variable Type N Mean 
Standard 
Deviation Min Max 

SP Dependent 1934 111.40410 2.67242 102.87686 116.11752 
Mexico Dependent 1934 122.71724 8.41123 104.63197 134.23129 
Bovespa Dependent 1934 114.11451 8.49098 93.72417 126.67038 

 
Cointegration Rank Test Using Trace 

H0:  
Rank=r 

H1:  
Rank>r Eigenvalue Trace 5% Critical Value Drift in ECM Drift in Process 

0 0 0.0066 16.2603 29.38 Constant Linear 
1 1 0.0016 3.4840 15.34     
2 2 0.0002 0.3343 3.84     

 

BRICs, p=3 
Simple Summary Statistics 

Variable Type N Mean 
Standard 
Deviation Min Max 

Bovespa Dependent 1934 114.11451 8.49098 93.72417 126.67038 
RTS Dependent 1934 150.43176 11.87882 126.32213 169.79182 
India Dependent 1934 121.07712 14.48486 88.35361 146.59125 
Shanghai Dependent 1934 124.99007 11.57320 107.67321 149.62909 

 
Cointegration Rank Test Using Trace 

H0:  
Rank=r 

H1:  
Rank>r Eigenvalue Trace 5% Critical Value Drift in ECM Drift in Process 

0 0 0.0100 30.5838 47.21 Constant Linear 
1 1 0.0028 11.0987 29.38     
2 2 0.0021 5.7689 15.34     
3 3 0.0009 1.7680 3.84     

 

 

European portfolio, p=3 
 

Simple Summary Statistics 

Variable Type N Mean 
Standard 
Deviation Min Max 

DAX Dependent 1934 110.25425 4.42208 97.78141 117.67970 
IBEX Dependent 1934 112.87980 3.90071 103.48760 119.66605 
FTSE Dependent 1934 105.84717 2.80813 98.70428 110.93916 
CAC Dependent 1934 110.01480 3.43517 101.04208 115.93147 
OMX Dependent 1934 123.34522 8.20752 102.52788 137.58692 

 
Cointegration Rank Test Using Trace 

H0:  
Rank=r 

H1:  
Rank>r Eigenvalue Trace 5% Critical Value Drift in ECM Drift in Process 

0 0 0.0206 72.1260 68.68 Constant Linear 
1 1 0.0094 32.0009 47.21     
2 2 0.0037 13.7363 29.38     
3 3 0.0030 6.5703 15.34     
4 4 0.0004 0.7992 3.84     
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APPENDIX # 8:  SAS coding for various tests. 
 

Coding for Multivariate Johansen test  

proc varmax data=SASUSER.CointFinalFinal29; 
model dax ibex ftse cac omx / p=3 print=(estimates diagnose) cointtest=(johansen); 
run; 
 

Coding for VECM  

proc varmax data=SASUSER.CointFinalFinal29; 
model dax cac omx ftse ibex/ p=3 ecm=(rank=1 normalize=cac) print=(estimates diagnose); 
run; 
 

Restrictions on alpha  

proc varmax data=SASUSER.CointFinalFinal29; 
model dax cac omx ftse ibex/ p=3 ecm=(rank=1); 
cointeg rank=1 exogeneity; 
run; 
 

Restrictions on β, 5 countries, 1 cointegrating relation, p=3 

proc varmax data=SASUSER.CointFinalFinal29; 
model dax cac omx ftse ibex/ p=3 ecm=(rank=1); 
cointeg rank=1 h=(1 0 0 0 , 0 1 0 0 , 0 0 1 0 , 0 0 0 0 , 0 0 0 1);    
run; 
 

Restrictions on β, 6 countries, 2 cointegrating relations, p =3 

proc varmax data=SASUSER.CointFinalFinal44; 
model dax cac omx ftse ibex sp / p=3 ecm=(rank=2); 
cointeg rank=2 h=(1 0 0 0 0, 0 1 0 0 0 , 0 0 1 0 0 , 0 0 0 0 0 , 0 0 0 1 0, 0 0 0 0 1);    
run; 
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APPENDIX # 9: Testing restriction on β and α.   
 

 
Test for β exclusion, FTSE 

Long-Run Coefficient Beta with 
Respect to Hypothesis on Beta 
DAX 1.13595 
CAC 0.28846 
OMX 0.01285 
FTSE 0.00000 
IBEX -0.87948 

 

Test for Restricted Long-Run Coefficient Beta 

Index Eigenvalue 
Restricted 
Eigenvalue DF Chi-Square Pr > ChiSq 

1 0.0201 0.0100 1 19.82 <.0001 

 

Test for β exclusion, IBEX  

Long-Run Coefficient Beta with Respect 
to Hypothesis on Beta 

DAX 1.57612 
CAC 0.24657 
OMX 0.00244 
IBEX 0.00000 
FTSE -0.51587 

 

Test for Restricted Long-Run Coefficient Beta 

Index Eigenvalue 
Restricted 

Eigenvalue DF Chi-Square Pr > ChiSq 
1 0.0201 0.0175 1 5.01 0.0251 

 

Test for β exclusion, OMX  

Long-Run Coefficient Beta with Respect 
to Hypothesis on Beta 

DAX 0.14468 
CAC 1.00433 
IBEX -0.44621 
OMX 0.00000 
FTSE -1.24445 

 

Test for Restricted Long-Run Coefficient Beta 

Index Eigenvalue 
Restricted 

Eigenvalue DF Chi-Square Pr > ChiSq 
1 0.0201 0.0134 1 13.04 0.0003 
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Test for β exclusion, CAC  

Long-Run Coefficient Beta with Respect to 
Hypothesis on Beta 

DAX 1.21677 
OMX 0.27369 
IBEX -0.28803 
CAC 0.00000 
FTSE -0.94452 

 

Test for Restricted Long-Run Coefficient Beta 

Index Eigenvalue 
Restricted 

Eigenvalue DF Chi-Square Pr > ChiSq 
1 0.0201 0.0115 1 16.83 <.0001 

 

 

Test for β exclusion, DAX 

Long-Run Coefficient Beta with Respect to 
Hypothesis on Beta 

CAC -3.54280 
OMX -1.17754 
IBEX 0.76266 
DAX 0.00000 
FTSE 0.44476 

 

Test for Restricted Long-Run Coefficient Beta 

Index Eigenvalue 
Restricted 

Eigenvalue DF Chi-Square Pr > ChiSq 
1 0.0201 0.0155 1 9.04 0.0026 

 

Test for weak exogeneity (α=0), all markets, r=1 

Testing Weak Exogeneity of Each 
Variables 

Variable DF Chi-Square Pr > ChiSq 
DAX 1 1.74 0.1873 
CAC 1 1.41 0.2345 
OMX 1 0.75 0.3852 
FTSE 1 9.32 0.0023 
IBEX 1 2.72 0.0990 
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APPENDIX # 10: Testing for cointegration rank and restrictions on β and α.  Europe and SP 
 

Cointegration ranks, European portfolio plus SP, p=3  
 

Simple Summary Statistics 

Variable Type N Mean 
Standard 
Deviation Min Max 

DAX Dependent 1934 110.25425 4.42208 97.78141 117.67970 
IBEX Dependent 1934 112.87980 3.90071 103.48760 119.66605 
FTSE Dependent 1934 105.84717 2.80813 98.70428 110.93916 
CAC Dependent 1934 110.01480 3.43517 101.04208 115.93147 
OMX Dependent 1934 123.34522 8.20752 102.52788 137.58692 
SP Dependent 1934 111.40410 2.67242 102.87686 116.11752 

 
Cointegration Rank Test Using Trace 

H0:  
Rank=r 

H1:  
Rank>r Eigenvalue Trace 5% Critical Value Drift in ECM Drift in Process 

0 0 0.0359 138.1002 93.92 Constant Linear 
1 1 0.0178 67.5881 68.68     
2 2 0.0107 32.8798 47.21     
3 3 0.0036 12.1381 29.38     
4 4 0.0022 5.1588 15.34     
5 5 0.0004 0.8169 3.84     

 
Cointegration Rank Test Using Trace Under Restriction 

H0:  
Rank=r 

H1:  
Rank>r Eigenvalue Trace 5% Critical Value Drift in ECM Drift in Process 

0 0 0.0359 147.0138 101.84 Constant Constant 
1 1 0.0178 76.4625 75.74     
2 2 0.0107 41.7506 53.42     
3 3 0.0052 20.9223 34.80     
4 4 0.0035 10.8647 19.99     
5 5 0.0021 4.0448 9.13     

 

Test for β exclusion, FTSE  

Long-Run Coefficient Beta with Respect 
to Hypothesis on Beta 

Variable 1 2 
DAX 0.18013 1.11579 
CAC 0.24518 0.34791 
OMX -0.85575 -2.39703 
FTSE 0.00000 0.00000 
IBEX 1.14553 -0.01012 
SP -0.17349 1.00061 

 

Test for Restricted Long-Run Coefficient Beta 

Index Eigenvalue 
Restricted 

Eigenvalue DF Chi-Square Pr > ChiSq 
1 0.0359 0.0196 2 45.14 <.0001 
2 0.0178 0.0113       
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Test for β exclusion, SP 

Long-Run Coefficient Beta with Respect 
to Hypothesis on Beta 

Variable 1 2 
DAX 1.07624 0.96551 
CAC 0.07575 0.07601 
OMX -1.13163 -3.53818 
SP 0.00000 0.00000 
FTSE 1.86397 -0.27960 
IBEX 0.00586 1.87864 

 
Test for Restricted Long-Run Coefficient Beta 

Index Eigenvalue 
Restricted 

Eigenvalue DF Chi-Square Pr > ChiSq 
1 0.0359 0.0213 2 42.90 <.0001 
2 0.0178 0.0107       

 

Test for β exclusion, IBEX  

Long-Run Coefficient Beta with Respect 
to Hypothesis on Beta 

Variable 1 2 
DAX 0.93682 1.14288 
CAC 0.17613 -0.50773 
OMX -0.54548 -3.03881 
IBEX 0.00000 0.00000 
FTSE -0.93436 -1.31020 
SP 1.13705 2.25012 

 
Test for Restricted Long-Run Coefficient Beta 

Index Eigenvalue 
Restricted 

Eigenvalue DF Chi-Square Pr > ChiSq 
1 0.0359 0.0326 2 13.21 0.0014 
2 0.0178 0.0144       

 

Test for β exclusion, OMX 

Long-Run Coefficient Beta with Respect 
to Hypothesis on Beta 

Variable 1 2 
DAX -1.09743 -0.37362 
CAC 0.88442 -0.73878 
IBEX -0.95400 1.96694 
OMX 0.00000 0.00000 
FTSE -3.27149 -1.09675 
SP 0.78328 1.57382 

 
Test for Restricted Long-Run Coefficient Beta 

Index Eigenvalue 
Restricted 

Eigenvalue DF Chi-Square Pr > ChiSq 
1 0.0359 0.0358 2 10.82 0.0045 
2 0.0178 0.0124       
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Test for β exclusion, CAC  

Long-Run Coefficient Beta with Respect 
to Hypothesis on Beta 

Variable 1 2 
DAX -0.76541 1.06164 
OMX 0.69398 -0.80503 
IBEX 0.07335 -0.12985 
CAC 0.00000 0.00000 
FTSE -0.62650 0.29200 
SP -0.15111 0.05493 

 

Test for Restricted Long-Run Coefficient Beta 

Index Eigenvalue 
Restricted 

Eigenvalue DF Chi-Square Pr > ChiSq 
1 0.0359 0.0312 2 19.20 <.0001 
2 0.0178 0.0128       

 

Test for β exclusion, DAX  

Long-Run Coefficient Beta with Respect 
to Hypothesis on Beta 

Variable 1 2 
CAC 0.59557 -3.29780 
OMX 1.78110 -0.04284 
IBEX 0.42142 -0.25203 
DAX 0.00000 0.00000 
FTSE -0.41017 -0.51624 
SP 0.08804 -0.00154 

 

Test for Restricted Long-Run Coefficient Beta 

Index Eigenvalue 
Restricted 

Eigenvalue DF Chi-Square Pr > ChiSq 
1 0.0359 0.0270 2 21.45 <.0001 
2 0.0178 0.0159       

 

 

Test for weak exogeneity (α=0), all markets, r=2 

Testing Weak Exogeneity of Each 
Variables 

Variable DF Chi-Square Pr > ChiSq 
DAX 2 1.59 0.4515 
CAC 2 0.55 0.7593 
OMX 2 0.24 0.8850 
FTSE 2 12.15 0.0023 
IBEX 2 3.10 0.2127 
SP 2 7.01 0.0300 
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APPENDIX # 11: Multivariate Johansen cointegration test. 2 portfolios.  
 

SP and 4 European countries – FTSE excluded, p=3 

 

Simple Summary Statistics 

Variable Type N Mean 
Standard 
Deviation Min Max 

DAX Dependent 1934 110.25425 4.42208 97.78141 117.67970 
CAC Dependent 1934 110.01480 3.43517 101.04208 115.93147 
OMX Dependent 1934 123.34522 8.20752 102.52788 137.58692 
SP Dependent 1934 111.40410 2.67242 102.87686 116.11752 
IBEX Dependent 1934 112.87980 3.90071 103.48760 119.66605 

 
Cointegration Rank Test Using Trace 

H0:  
Rank=r 

H1:  
Rank>r Eigenvalue Trace 5% Critical Value Drift in ECM Drift in Process 

0 0 0.0194 71.1551 68.68 Constant Linear 
1 1 0.0110 33.2555 47.21     
2 2 0.0036 11.9482 29.38     
3 3 0.0022 4.9973 15.34     
4 4 0.0004 0.6936 3.84     

 

SP, DAX and IBEX, p=3 

Simple Summary Statistics 

Variable Type N Mean 
Standard 
Deviation Min Max 

SP Dependent 1934 111.40410 2.67242 102.87686 116.11752 
DAX Dependent 1934 110.25425 4.42208 97.78141 117.67970 
IBEX Dependent 1934 112.87980 3.90071 103.48760 119.66605 

 
Cointegration Rank Test Using Trace 

H0:  
Rank=r 

H1:  
Rank>r Eigenvalue Trace 5% Critical Value Drift in ECM Drift in Process 

0 0 0.0047 15.4154 29.38 Constant Linear 
1 1 0.0023 6.4121 15.34     
2 2 0.0010 1.9926 3.84     
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APPENDIX # 12.  Portfolio weights from optimization 
 

Portfolios only with MPT optimization 

Tangent Portfolio  
 

Equal Weighted  
 

Optimized with Solver 
Mexico -0,03194 

 
Mexico 0,08333 

 
Mexico 0,2000 

Malaysia 0,04853 
 

Malaysia 0,08333 
 

Malaysia 0,0500 
Germany -0,00535 

 
Germany 0,08333 

 
Germany 0,0500 

Japan 0,11092 
 

Japan 0,08333 
 

Japan 0,0500 
England  -0,00840 

 
England  0,08333 

 
England  0,0500 

France 1,03232 
 

France 0,08333 
 

France 0,0500 
Australia -0,01754 

 
Australia 0,08333 

 
Australia 0,0500 

Spain -0,13304 
 

Spain 0,08333 
 

Spain 0,1500 
Sweden 0,00800 

 
Sweden 0,08333 

 
Sweden 0,0500 

U.S. -0,21322 
 

U.S. 0,08333 
 

U.S. 0,2000 
Taiwan 0,08832 

 
Taiwan 0,08333 

 
Taiwan 0,0500 

Brazil 0,12140 
 

Brazil 0,08333 
 

Brazil 0,0500 

        Recommended TP 
 

Recommended EW 
 

Recommended Solver 
Expected Ret -0,0002 

 
Expected Ret -0,00016 

 
Expected Ret 0,0004 

Variance 0,0000 
 

Variance 0,00011 
 

Variance 0,0002 
Standard d 0,0045 

 
Standard d 0,01048 

 
Standard d 0,0151 

Sharpe ratio -0,0749 
 

Sharpe ratio -0,02634 
 

Sharpe ratio 0,0172 

        Actual returns 
 

Actual returns 
 

Actual returns 
Expected Ret 0,0001 

 
Expected Ret 0,00036 

 
Expected Ret 0,0000 

Variance 0,0000 
 

Variance 0,00023 
 

Variance 0,0001 
Standard d 0,0047 

 
Standard d 0,01505 

 
Standard d 0,0116 

Sharpe ratio 0,0032 
 

Sharpe ratio 0,01658 
 

Sharpe ratio -0,0131 

 

Portfolios with Cointegration and MPT optimization 

Tangent Portfolio  
 

Equal Weighted  
 

Optimized w Solver 
Mexico -0,1625 

 
Mexico 0,1250 

 
Mexico 0,2000 

Malaysia 0,3073 
 

Malaysia 0,1250 
 

Malaysia 0,0500 
Germany 0,5496 

 
Germany 0,1250 

 
Germany 0,2000 

Japan 0,7240 
 

Japan 0,1250 
 

Japan 0,0500 
Spain -0,5348 

 
Spain 0,1250 

 
Spain 0,2000 

U.S. -1,2015 
 

U.S. 0,1250 
 

U.S. 0,2000 
Taiwan 0,5705 

 
Taiwan 0,1250 

 
Taiwan 0,0500 

Brazil 0,7474 
 

Brazil 0,1250 
 

Brazil 0,0500 

        Recommended TP 
 

Recommended EW 
 

Recommended Solver 
Expected Ret -0,0015 

 
Expected Ret -0,0002 

 
Expected Ret 0,0000 

Variance 0,0006 
 

Variance 0,0001 
 

Variance 0,0002 
Standard d 0,0247 

 
Standard d 0,0115 

 
Standard d 0,0126 

Sharpe ratio -0,0672 
 

Sharpe ratio -0,0283 
 

Sharpe ratio -0,0126 

        Actual returns 
 

Actual returns 
 

Actual returns 
Expected Ret 0,0010 

 
Expected Ret 0,0004 

 
Expected Ret 0,0004 

Variance 0,0008 
 

Variance 0,0002 
 

Variance 0,0002 
Standard d 0,0278 

 
Standard d 0,0158 

 
Standard d 0,0157 

Sharpe ratio 0,0302 
 

Sharpe ratio 0,0196 
 

Sharpe ratio 0,0178 
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