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Abstract  

 

In this study we extend the research on risk-based asset allocation strategies. We build upon the 

work by Choueifaty & Coignard (2008) and Choueifaty et al. (2011) who developed the approach 

of the Most Diversified Portfolio (MDP) which seeks to maximize the diversification ratio, a 

measure of diversification benefits. Choueifaty et al. (2011) state that the MDP “…is a strong 

candidate for being the undiversifiable portfolio, and as such delivers investors the full benefit of 

the equity risk premium”, by which they mean the portfolio which maximizes the risk-adjusted 

return. We use this framework to study international investing from a purely risk-based 

perspective. This allows us to deviate from previous research on international investing who have 

studied the subject from a mean-variance framework, a framework that has been questioned and 

fallen out of favor in recent years. We use MSCI equity indices of 23 developed markets and 28 

emerging markets over the time-period 1988-2019 as a reference universe. Our findings indicate 

the MDP portfolio outperforms both a market cap-weighted and equally-weighted portfolio. This 

allows us to state that the strategy delivers on the outperformance claims made in Choueifaty et al. 

(2011). After establishing the relevance of a focus on the diversification ratio as a tool for studying 

international investing, we set out to find the driving factors behind it. To do so we conduct a 

regression analysis to link the diversification ratio with economic variables measuring time-

varying levels of integration between the countries included in our reference universe. The 

variables used are (1) trade linkages, measured by bilateral trade, (2) financial integration, 

measured by external liabilities and (3) recessions, determined by the National Bureau of 

Economic Research (NBER). We find that increased trade linkages and the financial integration 

of emerging markets have a significantly negative impact on diversification ratios. Furthermore, 

we find that the 1990 and 2001 recessions during the period studied differently impact the different 

market segments, thus highlighting the benefits of holding a global portfolio. Contrary to this we 

find diversification benefits fall apart for all globally invested portfolios during the global financial 

crisis 2008 with the MDP delivering the least bad diversification benefits throughout the period. 

KEYWORDS: Diversification Ratio, Most Diversified Portfolio, International Diversification, 

Emerging Markets, Trade Linkages, Financial Integration, U.S. Recessions  
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1 Introduction 

In his seminal paper from 1952 Markowitz stated, “Diversification is the only free lunch in 

investing”. This section outlines the purpose of this paper, which aims to expand on previous 

research aimed at finding Markowitz’s free lunch. Furthermore, the section outlines a summary 

of the study´s results and its limitations. The section concludes by outlining the overall structure 

of the paper. 

1.1 Problem Statement  

Modern Portfolio Theory (MPT), developed by Markowitz (1952, 1959) states that the equity risk 

premium is defined as the return of the undiversifiable portfolio. Several diversification strategies, 

taking a mean-variance optimization approach, claim to deliver the full benefit of the equity risk 

premium. The mean-variance approach seeks to maximize return while taking into consideration 

investor risk appetite. Hence, all strategies within the mean-variance framework rely on future 

estimated returns in its optimization process. This is problematic since future expected returns are 

particularly hard to predict which leaves the performance of a portfolio to rely on arbitrary 

estimations. This issue has been further amplified in recent decades with the world experiencing a 

global financial crisis and the following high macroeconomic uncertainty. Due to this mean-

variance optimizing portfolios have fallen out of favor for investors as they have been unable to 

deliver on their promises of outperformance relative to market benchmarks.  

To circumvent the estimation issues, risk-based strategies to asset allocation have been growing 

and expanded on in recent years. As is common within financial theory, these new approaches do 

not come without contention and just as they have many advocates they do not come without 

critiques. The fundamental idea behind the new strategies is that they disregard return estimates 

and solely focusing on the risk parameter, meaning there is less room for estimation errors. One 

of the novel risk-based approaches is the Most Diversified Portfolio (MDP), developed by 

Choueifaty and Coignard (2008). The strategy allocates assets to maximize a measure of 

diversification benefits named the diversification ratio (DR).  
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The previous empirical literature on international diversification has, to a large extent, used the 

mean-variance framework to determine the existence of the benefits. When doing so, various early 

studies have postulated the benefits from including foreign assets to a domestic portfolio, taking 

an American investor´s perspective Grubel (1968), Levy & Sarnat (1970), Lessard (1973) and 

Solnik 1974). Also, more recent studies have arrived at similar conclusions Odier & Solnik (1993) 

Bailey & Stulz (1990), Divecha et al. (1992), Michaud et al., (1996), Li et al. (2003) and Dunis & 

Shannon (2005). What seems to be evident is that the diversification benefits have been 

deteriorating in the last decades due to an increasingly integrated world market as indicated by 

Longin & Solnik (1995), Christoffersen et al. (2012) and Christoffersen et al. (2014).  

Based on previous empirical findings, the focus of this study is to investigate the time-varying 

benefits of international diversification, using the purely risk-based strategy MDP. The strategy 

will be utilized for a portfolio investing in both emerging and developed market countries, as well 

as two additional portfolios, each invested in only one of the market segments. Further, the global 

portfolio will be contrasted with the benchmark allocation strategies: cap-weighted and equally-

weighted. These strategies have been chosen to first evaluate the MDP to determine if it can 

efficiently deliver on its claims of outperformance made by (Choueifaty et al. 2011) when 

investing internationally. Differences in the construction methodologies will be evaluated to 

determine if the MDP strategy can outperform its counterparts. An outperformance of the purely 

risk-based MDP would imply that the methodology, and the alternate measures it utilizes, provide 

additional insights into the field of international diversification. This would be desirable given that 

previous literature within the field all have been conducted within a mean-variance framework, 

which in recent times has fallen out of favor with researchers and investors alike due to sub-par 

performance. The study will encompass a universe consisting of MSCI equity indices of 23 

developed markets and 28 emerging markets over the time period 1988-2019. 

This study contributes to the existing literature through the following. Firstly, (1) it evaluates the 

purely risk-based portfolio construction methodology of maximum diversification from an 

international investment perspective. This to determine if the strategy can deliver on its claims of 

outperformance given a global investment sample in terms of realized diversification and risk-

return metrics. Secondly, (2) it seeks to find determinants of international diversification benefits, 

in this study measured by the Diversification Ratio. The explanatory variables used are trade 
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linkages, measured by bilateral trade between countries, financial integration, measured by a 

country´s external liabilities, and recessions, determined by the classification of the National 

Bureau of Economic Research (NBER).  

1.2 Summary of Results 

The study arrives at the following conclusions:  

1. The MDP portfolio provides the highest diversification ratio of the global portfolios studied 

across the time period through a majority weighting in emerging markets. A high allocation 

towards emerging markets within the MDP framework allows for access to diversification 

opportunities, which enables for effectively managing the risk of the more volatile market 

segment, whilst reaping the benefits of a higher return. This leads the MDP to generate higher 

risk-adjusted returns than that of the market cap-weighted and Equally-weighted approaches. 

Furthermore, diversification benefits of emerging markets are so plentiful that the emerging 

markets MDP can perform on par with the global MDP from a risk-return perspective over the 

time period studied. Contrary to this the developed markets MDP delivers subpar performance 

from a risk-return perspective. 

2. We observe a trend of falling diversification ratios across portfolios over the studied time 

period indicating deteriorating diversification benefits from international diversification. We 

find the drivers of this downward trend to be increased trade between developed and emerging 

markets as well as increased financial integration of emerging markets. Furthermore, we 

observe what may be the start of an uptick in diversification ratios in more recent years, which 

coincides with the US-China trade war and the anti-global sentiments it gave way to. 

3. We find that being globally diversified during the 1990 and 2001 crisis allowed for a portfolio 

which exhibited no significant drop in diversification ratios during the crises. A portfolio only 

invested in developed markets saw significant drops in the diversification ratio during both 

crises. A portfolio only invested in emerging markets saw a significant drop in the 

diversification ratio during the 2001 crisis. This highlights the importance of being invested 

across the market segments. During the 2008 financial crises, we find a globally invested 

portfolio as well as the emerging markets and developed markets portfolios to all exhibit a 

significant drop in diversification ratio. However, as was true for the entire time period studied 
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the global MDP was able to deliver a higher diversification ratio throughout the crisis relative 

to the global market cap-weighted and equally-weighted approaches. This “best of the bad” 

result shows how a focus on the diversification ratio during times of extreme stress in the 

financial markets can provide better protection towards the spike in correlations. 

1.3 Limitations 

Only equities have been taken into consideration throughout the study. An equity focus has been 

chosen since this is in line with previous research within the subject. Equity data for all sample 

countries was readily available which also made the data collection less cumbersome. The study 

could have been expanded to also include debt securities, to give an even broader view of the 

possibility for diversification across international markets. However, a study like that would be 

limited to a more recent time period. This is because securities, such as debt instruments, in 

emerging markets have become investable only in recent years for international investors.  

Further, this study draws conclusions based on unhedged equity investments in line with previous 

studies. This means the diversification results found will be derived from a mixture of local equity 

returns and foreign exchange returns. Furthermore, one could argue that an unhedged approach 

implies a possibility for a large degree of currency risk, as emerging markets tend to have a large 

fluctuation in their currency. However, Conover et al. (2014) find that currency risk is largely 

mitigated by simply investing broadly and diversifying across emerging markets as is the case for 

all the portfolios studied in this paper. Nevertheless, it is important to keep in mind that the 

diversification outputs will be the results of both local equity and foreign exchange returns. 

Trading costs are assumed to be non-existent in this study. In a real-world setting, this is not 

realistic. However, we note two arguments to speak in favor of at least low transaction costs. 

Firstly, there has been a tendency of falling trading costs associated with the growth in passive 

investing. Secondly, the investment approaches of this study suggest investing in country indices, 

and not specific stocks, which leads to lower trading costs. Despite this, the study covers a time 

period back to 1988 with a partial focus on investments in emerging markets. Hence, the notion of 

non-existing trading costs is not realistic. The results indicating outperformance of the MDP 

should therefore be evaluated within this context. Also, because MDP tends to trade quite 
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excessively, the outperformance may not be as large. Nevertheless, our findings of a downward-

trending diversification ratio across portfolios, and the factors influencing this, will hold whether 

trading costs are present or not. 

As with any portfolio construction approach with some focus on risk, it is important that the sample 

covariance matrix is deemed as representative for the true underlying relationship between the 

assets. To ensure this to be the case we have ensured long estimation windows, with the number 

of observations for each asset to be larger than the number of assets. This leads to a stable matrix 

and the possibility for errors is reduced. Furthermore, shrinkage has been applied to the sample 

covariance matrix for each time period to further minimize the risk of significant errors. However, 

there is of course always a risk present of the covariance matrix used not being representative of 

the underlying relationship and this should be kept in mind. 

The study has focused on a limited investment universe defined by MSCI two indices: MSCI 

World and MSCI Emerging Markets. This has been done in order to ensure all country data is 

available from the same robust source. It is also advantageous since the countries in the MSCI 

indices should be accessible to most investors meaning the sample is representative of how an 

investor truly could invest throughout the time period studied. With this being said, a wider 

investment universe could lead to additional interesting results. Intuitively, a wider universe which 

also includes frontier economies should imply even higher diversification benefits as these markets 

are generally less integrated with the global economies. Based on this, the MDP could potentially 

deliver even higher outperformance. 

The MDP performance is put in relation to the market cap-weighted and equally-weighted 

approaches. Debatably, other risk-based approaches could have been included, such as the 

minimum-variance or equally-weighted risk approaches. The MDP was chosen as the 

representative approach for the risk-based strategies given the findings of Choueifaty et al. (2011) 

indicating it to be among the best performers of the purely-risk based strategies. It was also chosen 

because it provides a new metric for evaluating diversification, namely the diversification ratio.  

Additionally, we could also have evaluated the MDP strategy relative to mean-variance optimizing 

portfolios. We have chosen not to do so but instead take previous research at face value and adhere 

to their claims that mean-variance optimizers have not delivered on their claims in recent decades, 
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whilst purely risk-based approaches have done so. Doing so we can place a focus on the MDP 

approach and avoid expanding our study and keep it relatively concise. However, including a 

mean-variance portfolio could have allowed us to further strengthen the claims made by previous 

researchers. 

1.4 Structure 

The study is organized as follows. Chapter 2 provides an overview of previous research within the 

subjects of international investing and diversification, thus providing a foundation for this study 

to be based on. Chapter 3 outlines the study´s theoretical framework by explaining the construction 

methodology behind the most diversified portfolio and outlining the statistical tests used in the 

study. In chapter 4 the study’s data and its origins are presented. In Chapter 5 we present our 

research methodology which converts the raw data input to our output results. Chapter 6 presents 

the results. In chapter 7, the results are discussed in relation to previous theoretical and empirical 

research. The chapter also includes a suggestion for future research. Finally, the study is concluded 

in chapter 8.  
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2  Literature Review  

The seminal work of Markowitz (1952) has been highly valuable and applicable in many decades. 

However, partly because of the recent global financial crisis, a shift towards more risk-based 

approaches has been apparent and is today widely used by large institutional investors such as 

pension funds. This study takes a risk-based approach to asset allocation, with a focus on MDP. 

Hence, this chapter aims to presents the historical evolution of approaches to asset allocation. This 

will give a foundation for the basis of diversification and the need for a risk-based approach to 

asset allocation. The chapter then describes previous empirical work on international 

diversification benefits.  

2.1  The Evolution of Asset Allocation 

Although we are using the novel risk-based approach MDP, it builds on the fundamental 

assumptions behind Modern Portfolio Theory (MPT). Hence, to understand the importance of 

diversification in portfolio asset allocation, the profound work by Markowitz (1952) is presented 

in the initial subsection. Next, methods to enhance the mean-variance theory are presented and 

critically evaluated. As a response to the critiques, alternative approaches to asset allocation that 

circumvent the estimation of expected return and solely focus on risk, are presented. Lastly, the 

basics and main arguments of MDP (Choueifaty & Coignard, 2008), is laid out as it serves as the 

main strategy of the thesis.  

2.1.1 Markowitz’s Mean-variance Optimization  

In the 1950s, the first stream of work within Portfolio Theory was conducted and still today shapes 

how economists think about diversification. As a graduate from the University of Chicago, Harry 

Markowitz, presented an, at the time, contentious insight into the world of finance. Markowitz 

(1952) rejected the prevailing idea that investment portfolios should solely be based on 

maximizing expected return. This because returns of the included assets can be very similar, which 

would lead to a portfolio creation without any risk analysis. Investors should instead select 

portfolios based on both the risk and return of their portfolio. Moreover, assets should not be 
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viewed in isolation, but within the context of the portfolio they are a part of. Markowitz was 

building on the theories of his Ph.D. supervisor Milton Friedman (1975) who strongly believed in 

the idea that “there's no such thing as a free lunch”. In a portfolio construction context, this idea 

means that an investor must hold more risk to achieve a higher return and vice versa. What 

Markowitz pointed out was that there diversifying one´s portfolio could lead to a free lunch: higher 

returns without more risk. Markowitz (1959) explained the profound idea of portfolio 

diversification:  

“A good portfolio is more than a long list of good stocks and bonds. It is a balanced whole, 

providing the investor with protections and opportunities with respect to a wide range of 

contingencies”. (Markowitz, 1959)  

Markowitz (1952) calls the relationship between risk and return as the “expected return – variance 

of return rule” (E-V rule). An efficient portfolio maximizes the expected return and minimizes the 

risk compared to alternatives. The Markowitz approach suggested creating an efficient frontier, 

along which all portfolios are considered efficient from a risk-return perspective. An investor can 

make decisions based on risk preferences (Markowitz, 1959). Hence, investors with a high risk-

appetite will position themselves further up the frontier, while risk-averse investors will be closer 

to the very left of the frontier.  

 

Figure 1 Efficient Frontier (Authors´ Own Illustration) 
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Markowitz (1952) distinguished between two types of risk: systematic and unsystematic risk. 

Systematic risk is inherent to the system one is investing in and can therefore not be diversified 

away. Unsystematic risk, however, is attributable to the individual assets. Because it is attributed 

to the individual asset, an investor can diversify away this risk by including more assets in the 

portfolio given that the assets are not fully correlated. Therefore, the undiversifiable portfolio is 

only effected by systematic risk. 

2.1.2 Improving Accuracy and Robustness  

An issue with the approach outlined by Markowitz (1952, 1959) is that the optimization assumes 

the estimates of risk and return are accurate. The parameters are treated as if they were the true 

parameters when they are simply estimations. The deterministic nature leads the optimization 

approach to heavily weight asset classes with high returns compared to those with low variances 

and negative correlations. Due to the difficulty in estimating future returns, these assets are the 

most likely to suffer from estimation errors. This issue has been highlighted by researchers who 

have found the approach to have poor out-of-sample performance, calling it an “estimation error 

optimizer” (Braga, 2016).  

Due to the estimation risks of mean-variance optimization, alternative methods have been 

developed. The alternative approaches can be divided into two major camps. Both work within the 

classic optimization framework but attempt to improve how inputs are used or produced. The first 

camp is defined as the Heuristic approach and the second as the Bayesian approach. (Braga, 2016) 

Heuristic approaches act on the model side to make the optimization less deterministic, forcing it 

to produce more diversified portfolios. The major approach within this camp is the one proposed 

by Michaud (1998) called the resampled efficient frontier approach. Michaud (1998) states that by 

resampling the available data, the number of different efficient portfolio sets can be increased and 

the average of them computed. Notably, the portfolio obtained will not be efficient in regard to 

any of the underlying samples, however, it will be more stable across input parameters. 
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Bayesian approaches are more researched and act on the estimation side to improve the estimates. 

Sharpe (1964) has contributed to the arguably most famous approach in the field, namely the 

Capital Asset Pricing Model (CAPM). In his paper, Sharpe (1964) proposes connecting the 

expected return of a security to its sensitivity towards the overall market return. The CAPM 

postulates that all assets on the market are correctly priced relative to their systematic risk, given 

this one must not estimate the expected return, but it is instead given by the cap-weighted market 

portfolio. The approach was praised at the time, due to its ability to greatly reduce the number of 

parameters required for return estimation. The CAPM model has been highly influential, however 

not without criticism. It was mainly Fama & French (1992) who stated that the market factor alone 

is not enough to explain an asset´s expected return. They developed two additional factors, value 

and size, which they argued to also be relevant for return prediction. Further, Black and Litterman 

(1992) developed a widely used approach within the field, through combining equilibrium returns 

and investors’ views to predict expected returns. 

2.1.3 The Emergence of Risk-Based Allocation 

The commonality of the improvements by Michaud (1998), Sharpe (1964), Fama & French (1992) 

and Black & Litterman (1992) is that they all still rely on future expected returns for the 

optimization process within the MPT framework. This is problematic since future expected returns 

are particularly hard to predict which leaves the construction and performance of a portfolio to be 

reliant on arbitrary estimations. This issue has been further amplified in recent decades with the 

world experiencing a global financial crisis and the following high macroeconomic uncertainty. 

In the 1980s and 1990s financial markets around the world grew alongside an increase in 

transnational financial flows. In the midst of this, institutional investors began to rise and became 

an ever more important actor in the financial system (Mader et al., 2020). At the time, most 

institutional investors based their portfolio asset allocation on MPT. 

In the dot-com crisis in 2001, many institutional investors lost substantial amounts of money. 

Pension funds were highly exposed to the sharp decline in equity prices as they, in many cases, 

held equity allocations of 60 % or more (OECD, 2005). Several years later, The Global Recession 

2007-2008 caused sharp declines in asset prices, with synchronicity of contraction much higher 

than in the dot-com crisis.  



2  LITERATURE REVIEW 

19 

MPT was particularly accused of not being able to keep portfolios diversified in the global 

financial crisis. In turn, the theory was blamed for the widespread bad performance of many 

institutional portfolios (Choueifaty et al., 2011). Many seemingly diversified portfolios suffered 

from incorrect input estimates with expected portfolio returns calibrated using historical figures. 

Further, assets with historically low correlations were combined but when the crisis actually hit, 

their correlations spiked, and they offered suboptimal diversification benefits.  

As seen in both recent crises, a reliance on estimated returns to allocate assets can be problematic. 

This is because relying on historical return data to determine the future can be very hard and 

inaccurate. Markowitz responded to the critics after the financial crisis in 2008, defending the 

continued use of MPT:  

“At any point in time we look back at the past and make our estimates and decisions for the future. 

The future is always uncertain. At any time, we should make our best estimates for “the next spin 

of the wheel,” and then choose an appropriate point from the implied risk-return trade-off curve” 

(Markowitz et al., 2009) 

Despite this, the global financial crisis 2007-2009 made practitioners aware that prevailing 

allocation strategies needed to change (Bennett & Sinas, 2010). Since then there has been a 

growing appetite for risk management and less on performance management. Due to this, 

alternative strategies that reduced the dependency on expected return to only focus on risk 

diversification arguments have emerged.  

These alternative strategies, in this thesis commonly referred to as risk-based strategies, leave less 

room for estimation errors as they construct portfolios without the need for return estimates. 

Hence, by disregarding the performance dimension, the emphasis is instead put on the risk 

dimension where the goal is to minimize or diversify portfolio risk (Braga, 2016). Contrary to the 

mean-variance optimization, the risk level of the risk-based strategies cannot be adjusted to the 

preference of the investor.  

Arguably the most common risk-based strategy is the global minimum variance portfolio. It is an 

extension of Markowitz´s mean-variance framework where the variance of the portfolio is 
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minimized. The global minimum-variance portfolio is therefore positioned to the very left on the 

efficient frontier as presented in Figure 1.  

Clarke et al. (2012) evaluate the performance of three risk-based approaches: risk parity, minimum 

variance and MDP. The evaluation was done in relation to a market cap-weighted approach. They 

conclude that “… risk-based portfolio structures have historically done quite well” and find that 

the minimum variance portfolio in particular delivers the best realized performance out of all the 

strategies in terms of Sharpe ratio.  

The most recent approach of the ones evaluated by Clarke et al. (2012) is the MDP developed by 

Choueifaty & Coignard (2008) which revisits the fundamental ideas of diversification. In their 

paper Choueifaty & Coignard (2008) establish a framework where investors should seek to 

maximize the diversification ratio, a measure of the diversification benefits in a portfolio. 

Choueifaty et al. (2011) expanded on Choueifaty & Coignard (2008) and gave empirical evidence 

of the outperformance of MDP in terms of diversification and Sharpe ratio when compared to the 

market cap-weighted approach. The same risk-based approaches as in Clarke et al. (2013) were 

studied, and the MDP was found to perform the best from a risk-adjusted return perspective. It was 

also found to perform best when evaluated in terms of the lowest R-squared and highest alpha 

when conducting a Fama French 3 factor regression on all portfolio construction approaches 

studied in the paper.  

In sum, previous research has expressed concerns over the potential pitfalls of using a risk-return 

approach for evaluating the diversification benefits of international investing. Moreover, evidence 

has been put forward that the MDP strategy has been amongst the better performers of the purely 

risk-based strategies. Therefore, this study uses the MDP construction methodology and 

diversification ratio as a basis for studying the diversification benefits of international investing.   

Choueifaty et al. (2011) have nominated the MDP as “a strong candidate for being the 

undiversifiable portfolio, and as such delivers investors the full benefit of the equity risk premium” 

by which they mean the portfolio which maximizes the risk-adjusted return. If these claims hold, 

the methodology used in this study will be helpful in providing additional insights and guidance 

for international investors going forward. In particular since the majority of previous research 
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within the subject has all been conducted within a mean-variance framework, a framework that 

today is under great scrutiny.  

2.2  International Portfolio Diversification 

This section presents the empirical literature on international diversification. Importantly most of 

the previous research within the subject has studied international portfolio diversification from a 

mean-variance lens. Nonetheless, previous empirical findings of the existence as well as the drivers 

of international diversification benefits are still considered important since it puts this study´s 

findings in relation to the prevailing consensus.  

2.2.1 Benefits of International Diversification 

International assets in general have a relatively low correlation with domestic assets. Therefore, 

they can serve as a natural risk reduction vehicle of a portfolio according to MPT. This is because 

diversification benefits increase when the correlation between assets decrease (Markowitz, 1952). 

Further, as developed countries generally are relatively integrated, investors in developed countries 

can achieve diversification benefits by including assets from emerging markets that are not as 

integrated with the developed countries.  

The pioneering work of Grubel (1968), Levy & Sarnat (1970) and Lessard (1973) gave evidence 

to this and demonstrated the benefits of including foreign stocks to reduce risk in a portfolio. 

Grubel (1968) proved that emerging markets offer lower correlation and therefore can serve as a 

natural risk reduction vehicle. Levy and Sarnat (1970) and Lessard (1973) later confirmed that low 

correlations between developed markets and emerging markets offer considerable benefits for 

investors in developed countries.  

Solnik (1974) did a similar study and found that for an American investor, whilst the total risk of 

a domestic portfolio decreased by adding additional U.S. stocks, this risk reduction was only true 

to a limited magnitude. The marginal risk reduction after the 20th stock was insignificant. However, 

when international stocks were added to the portfolio Solnik noticed that risk decreased 

substantially. With respect to variability of return, a well-diversified portfolio would be only half 

as risky as a well-diversified U.S. domestic portfolio (Solnik, 1974).  
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Since the seminal work  of Grubel (1968), Levy & Sarnat (1970) Lessard (1973) and Solnik (1974) 

many scholars have confirmed the profound idea that there are benefits of international 

diversification Odier & Solnik (1993), Bailey & Stulz (1990), Divecha et al. (1992), Michaud et 

al. (1996) Li et al. (2003), Dunis & Shannon (2005).  

Odier & Solnik (1993) found an international portfolio as compared to a U.S portfolio to be more 

efficient in the 1980-1990 decade from a risk-return perspective. It was found that an international 

portfolio, with the same return as the U.S. portfolio, could decrease the risk by two thirds. Divecha 

et al. (1992) studied the time period 1986-1991 and found a portfolio including emerging markets 

to reduce risk and enhance return. The risk reduction was due to the relatively low correlation 

between emerging markets and with developed markets. It was noted that:  

“… as these markets develop greater links (financial and trade) with the developed markets, they 

undoubtedly become more highly correlated. Thus, there is a “diversification free lunch currently 

available – one should indulge while the opportunity exists” (Divecha et al., 1992).  

Bailey & Stulz (1990) found diversification benefits for an American investor when investing in 

the Pacific region markets. The findings were based on estimates of four different ex-post efficient 

frontiers of long positions in S&P 500 and Pacific Basin indexes: same day, one day lagged, 

weekly and monthly returns. It was found that in all cases, a U.S. investor can reduce portfolio 

volatility by reducing S&P 500 stocks and including more Pacific region stocks. More recent work 

by Dunis & Shannon (2005) found that an optimized portfolio including Asian markets (central 

and southeast countries) in the time period September 2003 to July 2004, outperformed a purely 

domestic portfolio from an American investor´s perspective.  

There has also been evidence of differences in correlation within developed markets and within 

emerging markets. Li et al., (2003) found that the emerging market indices have lower correlations 

amongst themselves as well as with developed countries, relative to correlations amongst the 

developed countries. These benefits were present both with and without short constraints imposed. 

Interestingly, between the developed countries no diversification benefits were found. 
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2.2.2 Time-Varying Diversification Benefits  

By studying the correlation structure of global equity markets over 150 years, Goetzmann et al. 

(2005) found it to be high during periods of economic integration, meaning the change in 

correlation structure is not necessarily a constant process. It was concluded that economic 

integration, driven by globalization has carried both benefits and drawbacks to an international 

investor. It has expanded the opportunity set with new markets opening up. However, as a result, 

diversification benefits have become gradually reliant on investment in emerging markets. These 

markets have become increasingly integrated with the developed world which has lowered some 

of the diversification benefits they can provide. 

Similarly, Michaud et al. (1996) find that when emerging markets become increasingly integrated 

with the world market, more opportunities open for an American investor. However, despite 

increased opportunities for investing in foreign markets, intensifying globalization and financially 

integrated markets have threatened the very basic motivation for diversification, namely low 

correlations between markets.  

The MPT logic put forward so far has been that investors should diversify internationally, as this 

can reduce the unsystematic risk of a portfolio and increases the risk-adjusted performance. 

However, if the increased openness of emerging markets also leads to an increased correlation 

between the returns of the equity markets included in the portfolio, the risk of the portfolio, ceteris 

paribus, will increase. The benefits of international diversification have therefore increasingly been 

put into question.  

Studying the period 1960-1990 Longin & Solnik (1995) use a multivariate GARCH model and 

find correlations between international equity markets to be unstable over time. They find that the 

correlation has been increasing over the full time period, while periods of high volatility lead to a 

rise in correlations. Bekaert et al. (2009) arrive at a partially similar conclusion when studying 

international equity return co-movements for 23 developed markets in the time period 1980-2005. 

They find correlations to be increasing for the European developed markets, however not for the 

North American and East Asian markets. Christoffersen et al (2014) investigate a longer time 

period, 1973-2012, and also include emerging markets. They find an upward trend in correlations. 

More specifically, they find differing patterns within and between markets and conclude that:  
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“Correlations between DMs have exceeded correlations between EMs throughout the 1989-2012 

period. Moreover, for developed markets, the average correlation with other developed markets 

is higher than the average correlation with emerging markets. For emerging markets, the 

correlation with developed markets is generally somewhat higher than the correlation with the 

other emerging markets, however, the differences are small.” (Christoffersen et al., 2014).  

Using a mean-variance framework, Driessen & Laeven (2005) arrive at a similar conclusion 

studying developed and emerging markets, in which they find a reduction in diversification 

benefits over the time period 1985-2002. The reduction was found to be mainly attributable to the 

earlier years, which was argued to come as a result of an increase in correlations of emerging 

market country returns with the global indices and a decrease in the variances of the emerging 

market country indices. This implies that despite an increased correlation the lower variance may 

still make emerging markets an attractive investment. More recent empirical research by Han et 

al. (2017) postulate the diminishing diversification benefits of emerging markets by the findings 

of a gradual increase in correlation between the U. S. market and the emerging markets during 

1995-2013.  

2.2.3 Determinants of Variation in Diversification Benefits  

As outlined, in general, investors today have a harder time finding diversification benefits from 

investing in international equity markets. The deteriorating benefits have been argued to be 

attached to a trend of increased correlations between developed emerging markets. However, this 

trend has been found to be non-constant and subject to shocks. To provide a deeper understanding 

of the increase in correlation and, in turn, the decrease in diversification benefits, this study seeks 

to explore the determinants of the decline. The three factors with the most consistent and robust 

backing from previous research are selected as candidates of determinants for the decreasing 

diversification benefits as follows. (1) countries´ trade integration in world goods markets, (2) 

countries´ financial integration in financial markets (3) if there is an ongoing recession as defined 

by NBER. Previous research in relation to these factors is now described.  

Trade integration 

As countries are more engaged in bilateral trade, the correlation between the countries should 

increase. This pattern was found by Chen & Zhang (1997) focusing on Pacific region markets and 
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concluded that if two economies have strong economic ties, they tend also to have financial 

markets that move together. Frankel & Rose (1998) found that business cycles between countries 

that have closer linkages in terms of trade are more correlated than others. Forbes & Chinn (2004) 

studied direct trade between countries and found it to be the most important determinant of equity 

market correlations between countries. Guesmi & Nguyen (2011) found, by studying time-

variation of emerging markets, that it can be satisfactorily explained by the level of trade openness 

and variations in the US term premium. Further Bekaert & Harvey (1995), Bekaert & Harvey 

(1997), Ng (2000) Bekaert et al. (2005) and Baele (2005) have all used different trade measures to 

arrive at the general conclusion that increased trade leads to increased integration with world 

markets. Driessen & Leaven (2005) conducted a regression to explain changes Sharpe ratios as a 

measure of diversification benefits, with trade openness being one of the explanatory variables. 

The trade openness was measured as exports plus imports divided by GDP. However, they did not 

find the variable to be statistically significant.   

Financial integration 

Another way of measuring a country´s integration with the world market is by looking at financial 

integration. There have been different ways of measuring financial integration.  Bekaert & Harvey 

(1997) and Driessen & Laeven (2005) use market capitalization to GDP as a proxy for financial 

integration. However, when using the proxy to explain changes in the portfolio’s Sharpe ratios 

they find no statistically significant relationship. An alternate way of measuring financial 

integration is to study the liberalization of markets. Bekaert & Harvey (2000) introduced dates of 

liberalization of emerging equity markets, with the majority occurring in the late 1980s and 

beginning of the 1990s. Li et al. (2003) investigated international diversification benefits in a pre-

liberalization phase (1976-1989) and a post-liberalization phase (1990-1999) of emerging markets. 

The study finds both standard deviation reduction and return enhancements of including emerging 

markets to a portfolio to be smaller in the post-liberalization phase. However, as noted by Bekaert 

et al. (2003) using binary variables such as ‘liberalized’ and ‘not liberalized’ is problematic as it 

fails to capture the “intensity or comprehensiveness of the liberalization”. For this reason, 

measures such as the ‘measure of intensity controls´ by Edison & Warnock (2001) have been 

introduced as an alternate measure for financial integration. An issue directed at the measures, 

however, is that they are not readily available for the current time period. Catão & Milesi-Ferretti 

(2013) use foreign liabilities to GDP as a measure of financial integration. In their study, they find 
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foreign liabilities to GDP to be the most significant predictor for domestic crises as the result of 

an event external to the country. This states that when a country has a large degree of foreign 

liabilities, it will be affected by fluctuations and crises in external economies to a much higher 

degree. 

Recessions 

Moving beyond the idea of a general decrease in diversification benefits due to economic or 

financial integration, research has been done of specific periods of bad economic performance. 

Due to the large importance of the U.S. economy, a contraction of its economy will likely cause a 

synchronized contraction in the world markets, and therefore also lower the possibility to diversify 

away risk. Longin & Solnik (1995) found evidence of higher correlation in international markets 

during times of high volatility.   

Conover et al. (2002) found that emerging market correlations are lower during restrictive 

monetary periods, which argued by the authors, are periods of generally poor performance for U.S. 

stocks. Due to this, the authors find that the diversification benefits associated with adding 

emerging markets to the investment pool are mainly driven by the large benefits it achieves during 

restrictive monetary environments. In line with their previous study, Conover et al. (2014) find a 

significant drop in risk when investing broadly across emerging market economies. They attribute 

this to the fact that there is a high degree of heterogeneity in the emerging market countries which 

is of benefit during times of crisis.  

2.3 Summary of Literature Review and Research Question Development 

To summarize, portfolio construction methodologies that require return estimations have begun 

falling out of favor in more recent years. A response to this has been the emergence of purely risk-

based strategies which only require risk inputs. Whilst there is a degree of contention surrounding 

the strategies, they are commonly used by many practitioners today as they tend to perform well 

on a realized basis. MDP is one of the more recently developed risk-based strategies and previous 

research has appointed it to be a contender for the undiversifiable portfolio (Choueifaty et al., 

2011). MDP is the strategy deployed in this study when analyzing the diversification benefits of 

international investing through time. If the strategy is found to be viable it will provide valuable 
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additional insights and build on the current body of research within the subject. The broad 

consensus of current research within international investing is that diversification benefits have 

fallen through time. Furthermore, this downward trend is not necessarily constant but subject to 

shocks in the form of crises. The consensus is that the drivers of decreased diversification benefits 

is an increasing integration of world markets, mainly driven by increased trade and financial 

linkages.  

Based on previous research we have formulated the following research questions: 

RQ1. Does the global MDP outperform both the market cap-weighted and equally-weighted 

global portfolio construction approaches over the time period studied from both a risk-

return as well as a purely risk-based perspective? 

RQ2. Has there been a downward trend in the diversification ratio of investing internationally 

throughout the time period studied? 

RQ3. Have increased trade linkages between emerging and developed economies had a negative 

impact on the diversification ratio of international investing? 

RQ4. Has increased financial integration between emerging and developed markets had a 

negative impact on the diversification ratio of international investing? 

RQ5. Do financial crises contribute to structural breaks in the diversification ratio trend? 
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3 Theoretical Framework 

This chapter presents the theory underlying the thesis. It starts with a brief overview of matrix 

math. Next, it presents the basic metrics and concepts underlying MPT. Thereafter, the additional 

metric of the diversification ratio is lifted. Additionally, we present the MDP, which aims to obtain 

the maximum diversification ratio at any point in time. Then, the two more commonly known 

equally-weighted and cap-weighted portfolio construction approaches are laid out. Lastly, the 

statistical tests which will be used in the study are presented.  

3.1 Matrix Math 

This section provides a brief overview of relevant matrix math to this study which will be utilized 

in later sections of the paper. 

3.1.1 Matrix Subscripts and Notation 

All matrices and vectors in this study will be defined in bold text. The subscripts for each vector 

or matrix (𝑛 × 𝑚) denote the number of rows 𝑛 and number of columns 𝑚. 𝑾 denotes a column 

vector of portfolio weights as 

 𝑾𝑛×1 =

(

 
 𝑤1

𝑤2

⋮
𝑤𝑛)

 
 

 (1) 

Further, 𝝈 denotes a column vector of volatilities as 
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 𝝈𝑛𝑥1 =

(

 
 𝜎1

𝜎2

⋮
𝜎𝑛)

 
 

 (2) 

𝛀 denotes the 𝑛 × 𝑛 covariance matrix. Where 𝑛 denotes the number of assets in the portfolio. 

Furthermore, the covariance matrix is a symmetric matrix meaning the off-diagonal elements 

mirror one-another since 𝜎𝑛,𝑚 = 𝜎𝑚,𝑛 and the elements along the diagonal are equal to the 

variance of each asset.  

 𝛀𝑛𝑥𝑛 = 

[
 
 
 
 
𝜎1,1

2 𝜎1,2 ⋯

𝜎2,1 𝜎2,2
2 ⋯

⋮ ⋮ ⋱

𝜎1,𝑛

⋮
⋮

𝜎𝑛,1  ⋯ ⋯ 𝜎𝑛,𝑛
2 ]

 
 
 
 

 (3) 

Lastly, 𝑰 denotes the identity matrix, defined as a symmetrical matrix with the off-diagonal 

elements equal to zero and the diagonal elements all equal to 1. It acts as a 1 in matrix 

multiplication. 

 𝑰𝑛𝑥𝑛 = 

[
 
 
 
 
1 0 0
0 1 0
0 0 1

⋯
⋯
⋯

0
0
0

⋮  ⋮ ⋮ ⋱ ⋮
0 0 0 ⋯ 1]

 
 
 
 

 (4) 

 

3.1.2 Matrix Transposition  

𝒘′ denotes the transpose of the weight vector meaning that the weight in the 𝑛’𝑡ℎ row in the 𝑚’𝑡ℎ 

column is placed in the 𝑚’𝑡ℎ row in the 𝑛’𝑡ℎ column, respectively. Transposing vectors or matrices 

is required since matrix multiplication will only be possible if the number of columns in the first 

matrix is equal to the number of rows in the second matrix. 
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Given the above, the variance of a portfolio can be expressed as  

 ∑ ∑ 𝑤𝑖𝑤𝑗𝜎𝑖,𝑗 = (𝑤1 𝑤2
𝑛
𝑗=1 ⋯𝑤𝑛)𝑛

𝑖=1 (
𝜎1,1

2 ⋯ 𝜎1,𝑛

⋮ ⋱ ⋮
𝜎𝑛,1 ⋯ 𝜎𝑛,𝑛

2
)(

𝑤1

𝑤2

⋮
𝑤𝑛

) = 𝒘′𝛀 𝒘 = 𝜎𝑝
2   (5) 

 

3.1.3 Matrix Inversion  

𝜴−𝟏 denotes the inverse of the variance-covariance matrix and is of importance since division by 

matrices is not possible, instead one can multiply by the inverse which will have the same effect. 

Importantly for a matrix to be invertible it must be square, and it must have a non-zero determinant.  

3.1.4 Matrix First Order Conditions 

For a two-asset portfolio, we can write 

 𝒘′𝛀 𝒘 =  𝑎𝑤1
2 + 2𝑏𝑤1𝑤2 + 𝑐𝑤2

2 (6) 

Where 𝑎 denotes the variance of asset 1, 𝑐 denotes the variance of asset 2 and 𝑏 denotes the 

covariance between the assets. 

The weight vector 𝒘 will be 2 × 1  

 (
𝑤1

𝑤2
) (7) 

The covariance matrix will be 2 × 2 

 (
𝑎 𝑏
𝑏 𝑐

) (8) 
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We can therefore state that the first-order conditions are (Zivot, 2013b) 

 
∂𝒘′𝛀 𝒘

∂𝒘
= 

(

 
 

∂𝒘′𝛀 𝒘

∂𝒘1

∂𝒘′𝛀 𝒘

∂𝒘2 )

 
 

= (
2𝑎𝑤1 + 2𝑏𝑤2

2𝑏𝑤1 + 2𝑐𝑤2
) (9) 

Which can be rewritten in matrix form as 

 2 (
𝑎 𝑏
𝑏 𝑐

) (
𝑤1

𝑤2
) = 2𝛀𝐰 (10) 

 

3.1.5 Matrix Shrinkage 

Leidot & Wolf (2004) state that when estimating variance-covariance matrices, we require an 

estimated matrix which is not only invertible but also well-conditioned, meaning inverting the 

matrix does not amplify estimation errors. The authors show that estimated variance-covariance 

matrices are typically not well behaved. This is especially the case if the number of observations 

is similar in size to the number of variables. Furthermore, if the number of observations is fewer 

than the number of variables, this will always be the case. This issue can be resolved by imposing 

an ad-hoc structure on the matrix in order to force it to be well-conditioned. It is done through 

shrinking the estimated matrix towards a matrix with a desirable structure, in their case the authors 

use the identity matrix  

 𝛀∗ = 𝝀𝚻 + (𝟏 −  𝝀)𝛀 (11) 

It is further stated by Leidot & Wolf (2004) that in the absence of a priori information about the 

true structure of the underlying matrix the ad hoc structure will generally be misspecified which 

implies that the resulting estimator may be so biased it bears little resemblance to the true 
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covariance matrix. Therefore, it can be desirable to shrink the estimated to a matrix with a matrix 

with a slightly looser structure. 

This problem is tackled in Schäfer & Strimmer (2005) where they distinguish between correlation 

shrinkage which affects the off-diagonal elements, and variance shrinkage which effects the 

diagonal elements in the variance-covariance matrix. This is expanded on in a later study by 

Opgen-Rhein & Strimmer (2007) who develop an approach to shrinking both elements. The 

approach is available through the corpcor package in R and is utilized in this study. The authors 

explain the separation of the elements by first defining a matrix 𝑽 which has variances along its 

diagonal, with all off-diagonal elements equal to 0:  

 𝑽 = [
𝜎1

2 0 0
0 ⋱ 0
0 0 𝜎𝑛

2
] (12) 

Based on (12) it means that   

 �̃� = √𝑽 (13) 

�̃� will then be a 𝑛 × 𝑛 matrix with volatilities along the diagonal. Which means we can express 

the variance-covariance matrix as  

 𝛀 = �̃�𝑪�̃� (14) 

where 𝑪 denotes the correlation matrix. In other words, we shrink the variance and correlations 

matrices to get the estimated covariance matrix: 

 𝛀∗ = �̃�∗𝑪∗�̃�∗ (15) 
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Where 𝝈∗̃ = √𝑽∗. Ensuring the correlation structure is correct is of particular importance when 

studying the stock market, since assets tend to be highly correlated with one another. The shrunk 

matrices outlined in (15) and how to obtain them are outlined in greater detail below. 

Correlation Shrinkage Intensity 

Opgen-Rhein & Strimmer (2007) advocate shrinking the estimated correlation matrix towards the 

identity matrix  

 𝑪∗ = �̂�𝐶
∗ 𝚰 + (1 − �̂�𝐶

∗ )𝑪 (16) 

Where the shrinkage intensity is defined as Schäfer & Strimmer (2005): 

 �̂�𝐶
∗ = 𝑚𝑖𝑛 (1,

∑ 𝑉𝑎�̂�(𝑟𝑖,𝑗)𝑖≠𝑗

∑ 𝑟𝑖,𝑗
2

𝑖≠𝑗

) (17) 

𝑟𝑖,𝑗 denotes the elements in the observed correlation matrix. Furthermore 𝑉𝑎�̂�(𝑟𝑖,𝑗) denotes the 

counterpart observation in an unbiased estimate of the sample correlation matrix. It is defined as 

follows: 

We start by observing that the correlation metric is defined as (Zivot, 2013b): 

 𝑟𝑖𝑗 = 
𝜎𝑖𝑗

𝜎𝑖𝜎𝑗
 (18) 

Schäfer & Strimmer (2005) then define: 

 𝑘𝑖𝑗,𝑡 = 
1

𝜎𝑖𝜎𝑗
(𝑟𝑖,𝑡 − 𝑟𝑖)(𝑟𝑖,𝑗 − 𝑟𝑗) (19) 
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 𝑘𝑖𝑗 = 
1

𝑇
∑𝑘𝑖𝑗,𝑡

𝑇

𝑡=1

 (20) 

Which gives us the estimation: 

 𝑉𝑎�̂�(𝑟𝑖𝑗) =
𝑇

(𝑇 − 1)3
∑(𝑘𝑖𝑗,𝑡 − 𝑘𝑖𝑗

𝑇

𝑡=1

)2 (21) 

If observed correlations are high, less shrinkage will be applied towards the identity matrix. 

Importantly the min in (16) implies that the shrinkage estimator will take a value between 0 and 1. 

This is to ensure there is not over or under shrinkage. 

Variance Shrinkage Intensity 

Opgen-Rhein & Strimmer (2007) advocate shrinking the variances towards their medians 

 𝑽∗ = �̂�𝑣
∗𝑣𝑚𝑒𝑑𝑖𝑎𝑛 + (1 − �̂�𝑣

∗)𝑽 (22) 

The shrinkage intensity is defined as Opgen-Rhein & Strimmer (2007): 

 �̂�𝑣
∗ =  min (1,

∑ 𝑉𝑎�̂�(𝑣𝑖)
𝑛
𝑖=1

∑ (𝑣𝑖 − 𝑣𝑚𝑒𝑑𝑖𝑎𝑛)2𝑛
𝑖=1

 ) (23) 

𝑣𝑖 denotes the observed metric whilst 𝑉𝑎�̂�(𝑣𝑖) denotes an unbiased estimate of the metric, it is 

computed as follows, Opgen-Rhein & Strimmer (2007) define: 

 𝑘𝑖,𝑡 = (𝑟𝑖,𝑡 − 𝑟)2 (24) 
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 𝑘𝑖 = 
1

𝑇
∑𝑘𝑖,𝑡

𝑇

𝑡=1

 (25) 

Where 𝑟 denotes the arithmetic average return for the time period, this gives: 

 𝑣𝑖 =
𝑇

𝑇 − 1
𝑘𝑖 (26) 

 

 𝑉𝑎�̂�(𝑣𝑖) =
𝑇

(𝑇 − 1)3
∑(𝑘𝑖,𝑡 − 𝑘

𝑇

𝑡=1

)2 (27) 

Consequently, if the observed variance deviates a lot from its median there will be less shrinkage. 

Again, as in (16) the variance shrinkage intensity can only assume a number between 0 and 1. 

Ledoit & Wolf (2003) stress the importance of matrix shrinkage for portfolio optimization 

specifically. In their study they find that the error reduction obtained through shrinkage leads to a 

substantial increase in the information ratio of the active portfolio manager. Using the sample 

covariance matrix instead implies the portfolio construction being driven by weighting heavily and 

rebalancing often between smaller assets with greater variance, potentially subject to greater 

estimation error. On the basis of this they state that nobody should use the sample covariance 

matrix for the purpose of portfolio optimization. 

3.2 Modern Portfolio Theory  

Within the portfolio construction space, all approaches start in mean-variance. This implies finding 

the weights which maximize the portfolio return 𝑟𝑝 subject to the volatility of the portfolio 𝜎𝑝. As 

outlined above Markowitz (1959) pioneered this approach 

 

𝑚𝑖𝑛    𝐰′𝛀 𝐰 ,    𝑤. 𝑟. 𝑡. 

𝜇′𝑤 ≥ 𝔼∗ 

(28) 
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Where the above implies minimizing the variance subject to a target return specified by the 

investor.  

3.2.1 Return 

Returns for each index is calculated on a quarterly basis. We are computing quarterly returns as 

the linear returns of the assets, which is the approach advocated by Markowitz (1952, 1959) 

 𝑅𝑡,𝑇 =
𝑃𝑡

𝑃𝑡−1
− 1 (29) 

Following (20), quarterly returns of a portfolio can be computed as 

 𝑅(𝑝) = ∑𝑤𝑖 

𝑁

𝑖=1

(
𝑃𝑡

𝑃𝑡−1
− 1) =  ∑𝑤𝑖

𝑁

𝑖=1

𝑅𝑖 = 𝑤′𝑅 (30) 

An alternative approach to (20) would be to compute the logarithmic returns of the assets  

 𝑅𝑡,𝑇 = 𝐿𝑜𝑔 (
𝑅𝑇

𝑅𝑡
) (31) 

The advantage of using log returns is that it allows for aggregation across time. However, it does 

not allow for aggregation across assets, which linear returns do. Given that the study requires a 

calculation of portfolio returns for each time period, a linear return approach is therefore more 

desirable. 

Once the one period portfolio return is calculated through aggregating across assets, the multi-

period return is calculated by taking the sum product of the one period gross returns, also known 

as the cumulative return. 
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3.2.2 Variance 

The above calculated multi-period return is what an investor would have earned through holding 

the asset throughout the period, it does however not state anything about the path the underlying 

portfolio has taken. The variance of a portfolio can help in understanding this. Variance is the 

second core component in Markowitz (1952, 1959) mean-variance framework. The portfolio 

variance is computed as the sum of the variance for each asset return in the portfolio and the 

pairwise covariance between the assets  

 𝑉𝑎𝑟(𝑟𝑝) =  ∑∑𝑤𝑖 𝑤𝑗

𝑛

𝑖=1

𝑛

𝑖=1

𝐶𝑜𝑣(𝑟𝑖, 𝑟𝑗) (32) 

3.2.3 Sharpe Ratio 

The Sharpe ratio is a commonly used ratio to evaluate different asset allocation strategies within 

the mean-variance framework. The Sharpe ratio was coined by Sharpe (1964) and is computed as  

 𝑆𝑅 =   
𝜇𝑖 − 𝑅𝑓

𝜎𝑖
 (33) 

Where 𝜇𝑖 is the return of the portfolio, 𝑅𝑓 is the risk-free return, and 𝜎𝑖 is the standard deviation 

of the excess return. A higher Sharpe ratio will therefore imply a better performance, since it means 

a greater amount of return has been earned for every unit of risk taken. Whilst perceptions vary, a 

rule of thumb tends to be that a Sharpe ratio of 0.5 or lower is deemed poor, whilst a ratio of 0.5-

1 is deemed good and 1 and higher to be very good. 

3.3 Most Diversified Portfolio   

The following section starts by explaining the concept of the diversification ratio. Thereafter the 

Most Diversified Portfolio which is constructed through maximizing this ratio is explained. 
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3.3.1 Diversification Ratio 

When studying the risk of a portfolio as determined by its volatility, we distinguish between two 

different types of risk. These two risk types were first lifted by Harry Markowitz (1952, 1959), in 

which he defined the concepts of systematic and unsystematic risk. Systematic risk is inherent to 

the system one is investing in. Unsystematic risk, however, is risk which is attributable to the 

individual assets which one invests in and can therefore be diversified away. Maximum 

diversification will be obtained when all unsystematic risk has been diversified away. 

Instead of denoting a portfolio’s variance as (32) it can be expressed as  

 𝜎𝑝
2 = ∑𝑤𝑖

𝑛

𝑖=1

𝜎𝑖𝑝 (34) 

Where  

 𝜎𝑖𝑝 = 𝜎𝑝𝜎𝑖𝐶𝑜𝑟𝑟(𝑟𝑖, 𝑟𝑝) (35) 

Therefore, we can rewrite (25) as  

  𝜎𝑝
2 = ∑𝑤𝑖

𝑛

𝑖=1

𝜎𝑝𝜎𝑖𝐶𝑜𝑟𝑟(𝑟𝑖, 𝑟𝑝) (36) 

Then by dividing (27) on both sides with 𝜎𝑝 we get a function for decomposed portfolio volatility 

denoted as 

 𝜎𝑝 = ∑𝑤𝑖

𝑛

𝑖=1

𝜎𝑖𝐶𝑜𝑟𝑟(𝑟𝑖, 𝑟𝑝) (37) 

Rewriting the portfolio volatility in this way we see that the portfolio depends on the weighted 

average of the volatility of each asset. This is then adjusted to account for the correlation between 

the asset and the portfolio. Unless there is perfect correlation between the asset and portfolio 

(𝐶𝑜𝑟𝑟(𝑟𝑖, 𝑟𝑝) = 1), the portfolio volatility will be lower than the weighted average of the portfolio 

assets volatilities.  
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Based on the above, Choueifaty & Coignard (2008) have derived the concept of the diversification 

ratio 𝐷𝑅, to quantify diversification, defined as 

 𝐷𝑅(𝑤) =
∑ 𝑤𝑖𝜎𝑖

𝑛
𝑖=1

𝜎𝑝
 (38) 

By applying a matrix form in line with section 3.1 we arrive at  

 𝐷𝑅(𝒘) =  
𝒘′𝝈

√𝒘′𝛀𝒘
 (39) 

Therefore, the numerator denotes the sum of the individual volatilities of all the assets in the 

portfolio, and the denominator denotes the total portfolio volatility. Given that the numerator does 

not include the diversification component which arises from the inclusion of multiple assets in a 

portfolio, the diversification ratio of a long-only portfolio will be strictly larger than 1. If the 

portfolio holds only one asset, the diversification ratio will be equal to 1.  

3.3.2 Decomposition of Diversification Ratio 

Choueifaty et al. (2011) state that intuitively a portfolio with concentrated weights and highly 

correlated holdings will be poorly diversified. On the basis of this they decompose the 

diversification ratio in terms of a concentration ratio and a volatility weighted correlation ratio. 

 𝐷𝑅(𝒘) = [𝑝(𝒘)(1 − 𝐶𝑅(𝑤)) + 𝐶𝑅(𝒘)]
−

1
2 (40) 

Where the volatility weighted correlation 𝑝(𝒘) can be calculated as 

 𝑝(𝒘) =
∑ (𝑤𝑖𝜎𝑖𝑤𝑗𝜎𝑗)𝑝𝑖,𝑗𝒊≠𝒋

∑ (𝑤𝑖𝜎𝑖𝑤𝑗𝜎𝑗)𝒊≠𝒋
 (41) 

This measures how correlated the assets within the portfolio are. Importantly the correlation is 

weighted by volatility, further highlighting that the maximum diversification methodology is a 

purely risk-based approach. The volatility weighted correlation will be strictly lower than 1. If the 

portfolio holds only one asset, the volatility weighted correlation will be equal to 1.  
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In (39) 𝐶𝑅(𝒘) can be written as  

 𝐶𝑅(𝒘) =
∑ (𝑤𝑖𝜎𝑖)

𝟐
𝒊

(∑ 𝑤𝑖𝜎𝑖)𝟐
𝒊

 (42) 

This measures the concentration of holdings in a portfolio. Again, as in (40) the highest possible 

measure is 1 which will be the case for a mono-asset portfolio. 

Based on (39) the diversification ratio increases when the average correlation and/or the 

concentration ratio increases. It is also true that if the correlations between all assets increase to 1 

the diversification ratio will be equal to 1, regardless of the concentration ratio. Similarly, with a 

one asset portfolio the concentration ratio will be equal to 1 and thus the diversification ratio will 

once again equal 1. The decomposition allows for a deeper understanding of the diversification 

ratio, through it one can observe if a change in the diversification ratio is attributable to changes 

in the correlations of the portfolio or if it is attributable to changes in the concentration of assets. 

 

Table 1 Diversification Ratio Matrix (Authors´ Own Example) 

Table 1 displays a matrix of different values for the diversification ratio, given different values for 

the concentration ratio (CR) and volatility weighted correlation (VWCORR) variables. The matrix 

is symmetrical, indicating that both variables play an equally important role and the diversification 

ratio. Furthermore, we observe that shifts upwards along the diagonal consistently generate the 

highest increase in diversification ratio in comparison with horizontal or vertical shifts. This 

implies that maintaining somewhat of a balance between the underlying variables tends to be of 

VWCORR/CR 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1.0

0.1 2.294 1.890 1.644 1.474 1.348 1.250 1.170 1.104 1.048 1.000

0.2 1.890 1.667 1.508 1.387 1.291 1.213 1.147 1.091 1.043 1.000

0.3 1.644 1.508 1.400 1.313 1.240 1.179 1.125 1.078 1.037 1.000

0.4 1.474 1.387 1.313 1.250 1.195 1.147 1.104 1.066 1.031 1.000

0.5 1.348 1.291 1.240 1.195 1.155 1.118 1.085 1.054 1.026 1.000

0.6 1.250 1.213 1.179 1.147 1.118 1.091 1.066 1.043 1.021 1.000

0.7 1.170 1.147 1.125 1.104 1.085 1.066 1.048 1.031 1.015 1.000

0.8 1.104 1.091 1.078 1.066 1.054 1.043 1.031 1.021 1.010 1.000

0.9 1.048 1.043 1.037 1.031 1.026 1.021 1.015 1.010 1.005 1.000

1.0 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000
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importance. Having said this, if a large horizontal or vertical shift is possible without heavily 

negatively impacting the other variable, this could trump maintaining a balance. This can be seen 

in the sub-matrix above which displays that the largest shifts in the matrix occur between lower 

values of either variable. In sum, the diversification ratio tends to put a premium on maintaining a 

balance between the variables and will only deviate from such a balance if large decrease can be 

obtained in one variable without heavily penalizing the other.  

3.3.3 Most Diversified Portfolio Construction 

The MDP is defined by Choueifaty & Coignard (2008) as the portfolio with the maximum 

diversification ratio. Importantly the objective function the authors lay out to obtain a portfolio 

which maximizes the ratio is motivated by maximizing the portfolios Sharpe, with the assumption 

that expected returns are assumed to be proportional to asset risk. This is also called an anti-

benchmark strategy and there are two separate ways in which this portfolio can be obtained.  Under 

the assumption of expected returns proportional to asset risk 

 𝐸𝑅(𝑃) = 𝑘𝑃′Σ (43) 

where k denotes the constant relative relationship between risk and return, maximizing the Sharpe 

ratio (33) will then be equal to maximizing diversification ratio (38/39). Hence, it will imply that 

the MDP is equal to the tangency portfolio. Given the constraints placed by the assumption of a 

constant risk/return relationship one can therefore use the Sharpe optimization approach as a 

benchmark in order to arrive at the portfolio with the highest diversification ratio. Importantly, this 

is not the approach outlined by Choueifaty & Coignard (2008). Instead, it is outlined by the 

Choueifaty et al (2011), where the optimization problem is defined as 

 𝑚𝑖𝑛 
𝑤

1

2
𝒘′𝛀𝒘  𝑠. 𝑡. 𝒘′𝝈 = 𝟏 (44) 
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 𝐿(𝒘, 𝜆) =
1

2
𝒘′𝛀𝒘 − 𝜆(𝒘′𝝈 − 𝟏)  (45) 

Given (9) and (10), the first order condition with respect to the weight vector is: 

 
∂𝐿(𝒘, 𝜆)

∂𝒘
=

1

2
 2𝛀𝒘 − 𝜆𝝈 = 0 (46) 

(46) can be simplified to  

 𝛀𝒘 =  𝜆𝝈 (47) 

Solving with respect to weight vector therefore gives us: 

 𝒘 = 𝜆𝛀−1𝝈 (48) 

The first order condition with respect to the LaGrange multiplier is: 

 
∂𝐿(𝒘, 𝜆)

∂𝜆
= 𝒘′𝝈 − 1 = 0 (49) 

Since 𝒘′𝝈 = 𝝈′𝒘 we get  

 𝝈′𝒘 = 1 (50) 

Multiplying (48) with 𝝈′ on both sides we arrive at  

 𝝈′𝒘 =  𝜆𝝈′𝛀−1𝝈 = 1    (51) 

(51) allows us to obtain a definition for the LaGrange multiplier  
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 𝜆 =
1

𝝈′𝛀−1𝝈
 (52) 

Through inserting this into (48) we are left with our optimization problem: 

 

 𝒘 =
𝛀−1𝝈

𝝈′𝛀−1𝝈
 (53) 

Notably, the optimization has been performed under the assumption that a risk-free asset is part of 

the investable universe. For our purposes we therefore need to rescale the weights obtained in order 

to ensure that they sum to one, as we have no desire to include a risk-free asset in our portfolios. 

 

 𝒘∗ = 

(

 
 
 
 

𝑤1

∑ 𝑤𝑖
𝑛
𝑖=1
𝑤2

∑ 𝑤𝑖
𝑛
𝑖=1

⋮
𝑤𝑛

∑ 𝑤𝑖
𝑛
𝑖=1 )

 
 
 
 

 (54) 

 

In our attempts to create a long only portfolio we are left with the same optimization problem as 

(44), however with an additional constraint  

 

 
𝑚𝑖𝑛 
𝑤

1

2
𝒘′𝛀𝒘            

𝑠. 𝑡. 𝒘′𝝈 = 𝟏
𝒘𝒊 ≥ 0

 (55) 

Given the additional constraint we are not able to solve the problem analytically but instead must 

do so numerically. To do so we utilize the quadratic programming approach developed by Goldfarb 

and Idnani (1983). Which is a numerical approach with optimizes a quadratic objective function 

through an iterative process. It does this in the presence of linear constraints that can both be 

equalities and inequalities. The details of the process are outlined in the referenced paper, however 

for the purposes of this study we will simply state that it is a commonly accepted approach used 
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for optimizing problems like (55). It is utilized by previous researchers and available through the 

quadprog package in R. The package sets up the problem in a matrix format as follows: 

 

 𝑚𝑖𝑛 
𝑏

− 𝒅′𝒃 +
1

2
𝒃′𝐃𝒃        𝑠. 𝑡.  𝑨′𝒃 = 𝒃𝟎    (56) 

 

For our purposes 𝑫 denotes the covariance matrix, 𝒃 denotes the weighting vector and both will 

be defined the same way as previously. Furthermore, 𝒅 denotes an additional vector appearing in 

the quadratic function to be optimized, however for our purposes we can simply null this vector as 

it is not present in our optimization problem. Doing so will result in an optimization function that 

is identical to the one we are trying to optimize. Therefore, we then solely need to define the 

constraints in matrix format. In Goldfarb and Idnani (1983) 𝑨 denotes the matrix defining the 

constraints under which we want to minimize the portfolio variance and 𝒃𝟎 denotes a vector 

denoting the constraint boundaries. 

To control for the two constraints 𝑨 will be defined as an 𝑛 × (𝑛 + 1) matrix, with the asset 

standard deviations in the first column, followed by an 𝑛 × 𝑛 identity matrix. 

 = [

𝜎1 1 0
𝜎2 0 1

⋯
⋯

0
0

⋮    ⋮ ⋮ ⋱ ⋮
𝜎𝑛 0 0 ⋯ 1

] (57) 

The vector denoting the constraint boundaries will be defined as a (𝑛 + 1) × 1 vector 

 𝒃𝟎 =

(

 
 1

0
⋮
0)

 
 

 (58) 

Through multiplying the transpose of 𝑨 with 𝒃 we can see that the first column of matrix 𝑨 and 

first row of matrix 𝒃𝟎 control for the constraint: 

  𝒘′𝝈 = 𝟏 (59) 
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The following identity matrix in matrix 𝑨 and rows of matrix 𝒃𝟎 control for the constraint: 

 𝑤𝑖 ≥ 0 (60) 

Similar to the long-short approach after finding the optimal weights using the numerical approach 

outlined above. We once again need to rescale the weights to sum to 1. 

3.3.4 Properties of the Most Diversified Portfolio 

In order to develop an intuitive understanding for the Most Diversified Portfolio Choueifaty et al. 

(2011) lay out two core properties for the MDP. 

 

First Property 

Any stock which does not belong to the MDP is more correlated to the MDP than any of the stocks 

that belong to it. Furthermore, all stocks belonging to the MDP have the same correlation to it. 

This property illustrates that all stocks in the investment universe will be effectively represented 

in the MDP even if the portfolio does not hold them, since the stocks not held by the portfolio are 

simply more correlated with the MDP than the stocks the portfolio actually holds. 

 

Second Property 

The MDP is the only portfolio such that the correlation between any other portfolio/asset and itself 

is greater than or equal to the ratio of their diversification ratios denoted as  

 

 𝜌𝒘,𝒘
𝑀𝐷𝑃 ≥ 

𝐷𝑅(𝑤)

𝐷𝑅(𝑤𝑀𝐷𝑃)
 (61) 

 

Put differently, the more diversified a portfolio or asset is, the more correlated it will be with the 

MDP. 

Alongside the two properties Choueifaty et al. (2011) find that in comparison to the minimum 

variance, market cap-weighted, equal risk contribution and equally-weighted portfolios, the MDP 

has the lowest R-squared when a Fama French 3 Factor Model is applied to the portfolios. Also, 
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the MDP has the highest alpha. This implies that the size, market and value factors seem to explain 

quite little of the MDP returns. The authors argue that the results are indicative of the fact that the 

MDP can deliver maximum diversification and therefore a balanced exposure to the effective risk 

factors in the investment universe.  

3.3.5 Most Diversified Portfolio Versus Minimum Variance 

To further develop an understanding of the MDP approach, the differences between it and the more 

commonly known minimum variance portfolio are highlighted in this section. To do so we observe 

that the optimization problem in (53) is very similar to that for the tangency portfolio, the 

difference lies in that the covariance matrix in the numerator of (53) is multiplied with a volatilities 

vector instead of an expected excess return vector. It is also very similar to the optimization 

problem for the minimum variance portfolio, therein the difference lies in in that the volatilities 

vectors in (53) are substituted by the identity matrix.  

Clarke et al. (2013) use this realization to explain the differences in weightings between the MDP 

and minimum variance. They rewrite the minimum-variance portfolio weights as: 

 

 𝑤𝑀𝑉,𝑖 =
𝜎𝑀𝑉

2

𝜎𝜀,𝑖
2 (1 −

𝛽𝑖

𝛽𝐿
)    𝑓𝑜𝑟   𝛽𝑖 < 𝛽𝐿   𝑒𝑙𝑠𝑒 = 0 (62) 

 

Where 𝜎𝑀𝑉
2  denotes the risk of the minimum variance portfolio, 𝛽𝐿 is a long only threshold market 

beta, 𝛽𝑖 denotes the market beta of the 𝑖𝑡ℎ asset and 𝜎𝜀,𝑖
2  denotes the idiosyncratic risk of the 𝑖𝑡ℎ  

asset. An asset will therefore only be included in the portfolio its market beta is lower than that of 

the threshold market beta. Furthermore, high idiosyncratic risk in the asset lowers the asset weight. 

The second term implies that a lower Beta asset will obtain a higher weighting in the portfolio. 

Furthermore, Clarke et al. (2013) define the MDP weights as: 

 𝑤𝑀𝐷,𝑖 =
𝜎𝑀𝐷

2

𝜎𝜀,𝑖
2

𝜎𝑖

𝜎𝐴
(1 −

𝜌𝑖

𝜌𝐿
)    𝑓𝑜𝑟   𝜌𝑖 < 𝜌𝐿   𝑒𝑙𝑠𝑒 = 0 (63) 
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Where 𝜌𝐿 is a long only threshold correlation to the market factor and 𝜌𝑖 denotes the correlation 

of the 𝑖𝑡ℎ asset to the market factor, indicating that only assets with correlations below the 

threshold will be included in the portfolio. 𝜎𝑀𝐷
2  is the risk of the MDP, 𝜎𝑖 denotes the risk of the 

𝑖𝑡ℎ asset and 𝜎𝐴 denotes the weighted average risk of the assets in the long only portfolio. The 

authors state that like (62) high idiosyncratic risk in the first term will also here imply a lower 

weighting in the portfolio. However, in the middle term, total asset risk tends to offset the 

idiosyncratic risk squared, therefore the MDP weights are approximately proportionate to the 

inverse of an assets return standard deviation. Whilst they tend to be approximately proportionate 

to the assets return variance in the minimum variance portfolio. This results in the MDP generally 

having less concentrated weights than the minimum variance portfolio. Since the inverse standard 

deviation tends to give less extreme values than the inverse variance. Furthermore, the final term 

in (63) implies that a lower correlation to the market factor will imply a large weight in the 

portfolio. Low correlation to the market factor will henceforth be referred to as the presence of 

idiosyncratic diversification opportunities. Clarke et al. (2013) state that this implies that the MDP 

weights lie on a kinked line when plotted against correlation. This contrary to the minimum 

variance weights which lie on a kinked line when plotted against Beta. In other words, whilst the 

approaches sometimes may yield similar results, this is not always the case, since maximizing 

diversification through minimizing correlation is not the same thing as minimizing the variance. 

3.4 Benchmark Allocation Strategies  

As points of comparison to the MDP outlined above, two additional portfolio construction 

techniques have been applied throughout the sample period. The two additional techniques are 

chosen to allow for comparison and thus determine if the MDP fulfills the claims of 

outperformance made by Choueifaty et al. (2011). The techniques and specific purpose of choosing 

each one are outlined below.  

3.4.1 Market Cap-Weighted Portfolio 

A market cap-weighted portfolio weights each asset in accordance with its market cap size relative 

to the other assets in the portfolio. This implies that a larger market cap leads to a larger weight in 

the portfolio, and a lower market cap leads to a smaller weight. This portfolio construction 
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technique is generally believed to be efficient if the financial markets are efficient. Meaning the 

price and risk of each available security in the marketplace is the price and risk agreed on by all 

market participants as the CAPM postulates. Haugen & Baker (1991) showed that except under 

extremely restrictive conditions, the market cap-weighted portfolio will be inefficient even if the 

market is informationally efficient. This since the assumptions that need to hold for the market cap 

portfolio to be optimal is almost always violated in practice. 

Contrary to the above, Lee (2011) states that there is no theory available that can predict the 

performance of alternative portfolios relative to the market. Furthermore, he states that any 

portfolio construction technique implies taking some view on the market, meaning any portfolio 

that deviates from the market portfolio will be an active portfolio. For certain active portfolios to 

outperform others must underperform. Therefore, if an active portfolio consistently outperforms 

the market, the portfolio must have more information about asset returns in the future than the 

market portfolio.  

Despite the potential flaws of a market cap-weighted approach to portfolio construction it is widely 

used in practice in the world today. Given the rise of passive investing, investors are more 

commonly placing money in funds that track a market cap-weighted benchmark, such as the 

S&P500. For those investors whom contrary to this invest actively, their performance is evaluated 

relative to a benchmark which commonly tends to be market cap-weighted. Alongside the above, 

the cap-weighted approach is representative of the optimal portfolio from a mean-variance 

perspective if the CAPM does indeed hold. Given this including a market cap-weighted approach 

to benchmark the MDP against came naturally and is in line with the approach by Choueifaty et 

al. (2011).   

3.4.2 Equally-Weighted Portfolio 

Equally weighting a portfolio implies giving the same weight to each of the assets the portfolio 

holds in terms of the amount of cash allocated to each holding. Whilst the theoretical backing of 

the approach is not as robust as the two others lifted above, through broadly investing equally in 

each available security, the portfolio itself should be quite well diversified. Therefore, including 

the equally-weighted portfolio as a benchmark as also done in Choueifaty et al. (2011). Will give 

an indication as to which degree the MDP does offer maximum diversification, as it claims to do. 
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3.5 Ordinary Least Squares Regressions with Time Series Data 

The variables studied in this paper are all time series variables, which in and of itself creates an 

issue for the ordinary least square regression. If the time series variables are found to be non-

stationary this opens the possibility of spurious regression. In other words, if one has two variables, 

and each of the variables in part can be explained by a drift term through the studied time period. 

The Ordinary Least Square (OLS) estimates of the relationship between the variables will tend 

towards the ratio of the two drift terms which leads to a miss-measurement of the estimate. 

Furthermore, the t-statistics will generally indicate that the relationship is highly statistically 

significant, even if that is not actually the case. If the variables are found to be non-stationary, 

there are two ways to get past this issue and ensure the relationship estimated by the OLS is correct. 

(Enders, 2018) 

The first pertains to differencing the variables in order to ensure stationarity, the drawback of this 

approach is that a lot of information in the underlying series is lost when doing so. An alternate 

approach is to determine if there is a cointegration relationship between the variables. This implies 

that there is a long run equilibrium between the system of variables, which they all converge to 

when a shock is applied to one of them. Another way of stating this is that one of the variables can 

be rewritten as a function of the other, with a relationship that remains constant through time. If 

this is the case, the OLS estimates will not only be consistent, but super consistent, meaning the 

estimates converge to the true relationship at a faster pace than for the normal OLS case with cross-

sectional variables. Meaning one can proceed with the variables at level in the regression. (Enders, 

2018) 

Alongside the above, another common issue for the data input to OLS regressions is that of 

multicollinearity (which is explained in more detail below) between the explanatory variables. A 

too high degree of multicollinearity will greatly inflate the variance of the estimators making it 

difficult to find significance. Therefore, the variables will initially also be checked to ensure a high 

degree of multicollinearity is not present between variables. Whether or not to include regressors 

with a high variance inflation factor can be thought of as a trade-off between the unbiasedness and 

efficiency of the model. (Woolridge, 2016) 

Below the test used to ensure the above requirements hold are presented. 
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3.5.1 Augmented Dickey-Fuller Test 

The Augmented Dickey-Fuller (ADF) test is an expansion of the simple Dickey-Fuller test which 

applies to a basic 𝐴𝑅(1) model and tests if a unit root is present in the series. A Unit root being 

present implies a non-stationary time series. This is tested through differencing the time series and 

regressing the differenced time series on 1 time period lagged values of the series. A unit root 

defined in the 𝐴𝑅(1) case as the autoregressive component being equal to 1, will then become 

zero.  The augmentation implies adding additional lags of the differenced time series to control for 

correlation in error terms for higher order models. 

 ∆𝑦𝑡 =  𝜋𝑦𝑡−1 + ∑𝛽𝑖∆𝑦𝑡−𝑖+1 + 𝜖𝑡

𝑃

𝑖=2

 (64) 

Given (64) we evaluate 𝐻0: 𝜋 = 0, 𝐻1: 𝜋 < 0. Therefore, if we reject the null, we can state that 𝜋 

<0 in (64), which means that the process is stationary. The ADF test also allows for inserting drift 

and trend terms to the above model, meaning stationary around a stochastic or deterministic trend 

can also be tested. Importantly, when conducting the above test, we cannot assume stationarity in 

the data, therefore we cannot assume the central limit theorem or law of large numbers hold. A 

consequence of this is that we cannot evaluate the value obtained from the above formula relative 

to the student t-test, it is instead evaluated relative to a special Dickey-Fuller distribution. The 

number of lags to be included in the above formula is determined using the Akaike Information 

Criteria (AIC). Which computes the relative information lost by a model through removing 

explanatory variables from the model. If there is little information loss from removing a variable 

the model is deemed to be of higher quality. In this way the criterion balances the tradeoff between 

goodness of fit and simplicity. Multiple models are computed and ranked by their AIC, with a 

lower AIC metric implying a better model. (Enders, 2018) 

3.5.2 KPSS Test 

The KPSS test is commonly used in conjunction with the ADF test in order to weigh up for the 

shortcomings of the ADF. The shortcomings lie in the fact that the ADF test has very low power, 
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meaning it too often fails to reject the null of non-stationarity. To tackle this issue the KPSS test 

is instead set up so that it requires the null to be rejected in order to state that there is non-

stationarity. The KPSS test divides a time series into three components, a deterministic trend 𝛼𝑡 a 

random walk 𝑟𝑡 and a stationary error 𝑒. The components are modeled through an OLS approach 

as follows 

 𝑦𝑡 = 𝛼𝑡 + 𝑟𝑡 + 𝑒 (65) 

 If the time series is stationary, the model will have a fixed intercept, or if there is trend stationarity, 

the model will be stationary around a certain fixed level. (Enders, 2018) 

3.5.3 Augmented Granger Johansen Test 

The Augmented Granger Johansen Test is used to determine if there is cointegration between any 

combination of the time series variables used in a model. Cointegration is defined as the difference 

between the time series variables being stationary. Importantly, the test requires non-stationary 

variables as it attempts to find if there is a relationship between the variables which in the long run 

makes them stationary. The benefits of a cointegration relationship lies in that one must not 

difference the time series variables in order to infer stationarity, since doing so implies losing a lot 

of information in the underlying time series variable. The augmented version of the test allows for 

adding drift and trend terms, as was the case with the ADF test. Furthermore, it also allows for 

adding structural breaks to the relationship in the form of exogenous dummy variables. 

 Δ𝑥𝑡 =  𝜋𝑥𝑡−𝑖 + ∑ Γ 𝑖Δ𝑥𝑡−𝑖 +

𝑝−1

𝑖=1

𝜇 + ϕ𝐷𝑡 + 휀𝑡 (66) 

The above equation is almost identical to the augmented Dickey-Fuller equation displayed 

previously, with lagged values of the relevant variables as well as a drift and trend term. The 

difference lies in the first term 𝜋, which denotes a matrix of 𝛼 × 𝛽 where 𝛽 denotes the 

cointegrating vectors and 𝛼 is a vector capturing the speed of correction. The speed of correction 

shows how quickly a variable will revert to the long run equilibrium after a shock has been applied 
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to it. We can therefore view 𝜋 as a matrix attempting to capture the cointegration relationship 

between variables. It will be a 𝑛 × 𝑛 matrix where 𝑛 is equal to the number of observations. 

Cointegration is tested through determining the rank of the matrix which is the same thing as the 

number of eigenvectors in the matrix. One conducts a significance test for the different rank levels 

and rejecting the null implies that level of rank is present in the matrix. A rank of 0 implies that all 

variables are stochastic, and no stationary linear combination exists between them. If the matrix 

has full rank all variables will be stationary, and one will have a convergent system of difference 

equations. Only when 𝑟 < 𝑛 it is possible to state that there is a cointegration relationship between 

the variables, and 𝑟 will then denote the number of long-run equilibrium relationships that exists 

between the time series variables. (Enders, 2018) 

3.5.4 Variance Inflation Factor 

Variance Inflation Factors (VIFs) are a measure used to diagnose if there is a high degree of 

multicollinearity between the explanatory variables in the regression. The VIFs consider linear 

combinations between all explanatory variables and the method of obtaining them implies initially 

regressing one explanatory variable on all other explanatory variables. One auxiliary regression is 

run for each of the explanatory variables. Thereafter the 𝑉𝐼𝐹 for each regression is computed as 

 𝑉𝐼𝐹 =  
1

1 − 𝑅𝑗
2 (67) 

Hence, a high 𝑅𝑗
2 means a large portion of the variation in an explanatory variable is explained by 

the others, leading to a higher 𝑉𝐼𝐹. One can therefore view the VIF as an inflated R-squared 

measure where the inflation allows for better comparison between the explanatory variables. A 

rule of thumb is to not include a 𝑉𝐼𝐹 >  5 as it will likely lead to a destabilizing of the regression 

with standard errors drastically increased. (Woolridge, 2016) 

3.6 Robustness and Efficiency of Ordinary Least Squares Regression  

The OLS regression of this study is conducted within an econometrics setting, the field of statistics 

that focuses on non-experimental data. The data is not obtained from a controlled experiment as it 
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is when working with experimental data. The distribution of the data is therefore unknown to us. 

Because of the unknown distribution, there will always be a tradeoff between having the most 

efficient estimator and have a robust estimator. An efficient estimator will be the best estimator 

given the assumed distribution is true. A robust estimator on the other hand hold true regardless of 

which distribution the underlaying data has.  

In the case we knew all the underlying distributions of the variables, it would be optimal to use a 

Maximum Likelihood Estimator (MLE) as it would both be robust and the most efficient estimator. 

However, since we do not know the underlying distribution of the data, the OLS approach is more 

applicable. The beauty of OLS is that even with non-normal data, the OLS can still be used and 

will still be consistent. It will be consistent due to the Central Limit Theorem (CLT) which states 

that an estimation will converge towards its true value as the number of observations goes towards 

infinity (Woolridge, 2016). Hence, we can state that the OLS approach will give us the most robust 

estimator, although it may not necessarily be the most efficient. This is indeed a tradeoff; however, 

it is one we are willing to take.  

Given that we are using an OLS approach we now continue to accentuate the criteria under which 

the regression must hold for ensuring it to be BLUE (Best Linear Unbiased Estimator). Given the 

above discussion, only the conditions which remain applicable within an econometrics settings 

will be lifted. 

3.6.1 Gauss Markov Assumptions 

The initial Gauss Markov Assumptions pertain to ensuring the estimators produced by the model 

are consistent, implying they asymptotically converge to the correct value. 

1) The Model must be linear in its parameters. One should note that the OLS also can handle non-

linear models, however we need to ensure that the functional form used is correct, which is done 

through Ramsey's Reset test. In doing so one also controls for the issues of heterogeneity and 

endogeneity which are lifted below. (Woolridge, 2016) 
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2) There must be no perfect collinearity between the explanatory variables. This issue mainly 

pertains to dummy variables and ensuring that there is one base value all other dummies are 

evaluated relative to within a set of dummies. (Woolridge, 2016) 

3) The error term must be uncorrelated with all explanatory variables. If correlation is present, 

there is said to be endogeneity in the regression. Endogeneity can arise due to excluding an 

important variable, measurement error, simultaneity or model misspecification. (Woolridge, 2016) 

The following assumption pertains to ensuring the standard errors of the model are correctly 

specified. 

4) There is no heteroskedasticity in the errors. This implies that the variance of the errors 

conditional on the explanatory variables are non-constant and will generate errors that are too small 

and biased. (Woolridge, 2016) 

The tests required to ensure the above assumptions hold are presented below  

3.6.2 Ramsey's Reset Test 

The Ramsey’s Reset test is used to ensure the model has the correct functional form. The idea 

behind the test is to include additional functional forms of the explanatory variables and test if the 

added variables generate regressors which are statistically different from zero. If this is the case, 

there is said to be functional form misspecification, as there exists another functional form that 

better explains the dependent variable. The Ramsey Reset test adds additional functional forms 

through explaining the dependent variable by the original regressions fitted variables. Given that 

the values are fitted based on all the explanatory variables the fitted value therefore represents all 

explanatory variables. Furthermore, squaring the fitted values will imply squaring the entire fitted 

regression, thus it implies including higher order transformations of the original model as well as 

interaction terms. Cubing the fitted values will allow for even higher order transformations to be 

included. The benefits of using the fitted values instead of including the explanatory variables one 

by one is that one does not lose as many degrees of freedom. The regressors in front of the fitted 

squared and cubed values are then tested for significance. If significance is found, this implies that 
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transformations should be applied to the variables in the original regression as doing so will lead 

to a more correctly specified model. (Woolridge, 2016) 

3.6.3 Breusch Pagan Test 

The Breusch Pagan test, tests for heteroskedasticity in the errors of a regression. Importantly the 

test is conducted based on the estimated errors since the true errors are not obtainable. The test 

implies attempting to explain the error variance using the explanatory variables. 

 𝑢2 = 𝛿0 + 𝛿1𝑥1 + 𝛿2𝑥2 + ⋯+ 𝛿𝑘𝑥𝑘 + 𝑣 (68) 

Where 𝑢2 denotes the error variance 𝛿 obtained by squaring the estimated errors, and the 𝑥 

variables denote all the explanatory variables. If the regressors of the explanatory variables are 

jointly statistically different from zero, they can explain the error variance and we therefore have 

heteroskedasticity. This is tested using the F-test 

 𝐹 =  
𝑅2/ 𝑘

1 − 𝑅2/ (𝑛 − 𝑘 − 1)
 (69) 

where the null states that all regressors are zero. Therefore, rejecting the null implies the regressors 

are jointly statistically different from zero and we have heteroskedasticity. (Woolridge, 2016) 

3.6.4 Heteroskedasticity Robust Standard Errors 

If heteroskedasticity is found in the errors of the model, one attempts to control for this through 

computing the Huber White standard errors and using these to test the significance of the residuals. 

The Huber White standard errors attempt to control for the fact that the error variance is non-

constant when computing the variance of the regressors. The variance of each regressor is 

calculated through 

 𝑉𝑎�̂�(𝛽�̂� 𝑋) =  
∑ �̂�𝑖𝑗

2�̂�𝑖
2

𝑡

𝑆𝑆𝑅𝑗
2  (70) 
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Where 𝑆𝑆𝑅𝑗 = 𝑆𝑆𝑇 𝑗(1 − 𝑅𝑗
2)  and 𝑅𝑗

2 denotes the R-squared of regressing 𝑋𝑗 on all dependent 

variables. In other words, the method works the same way as when calculating the variance 

estimate of the regressors in the normal OLS case, but the numerator is different. The term �̂�𝑖𝑗
2  

denotes the 𝑖 𝑡ℎ residual of regressing 𝑋𝑗 on all other independent variables and �̂�𝑖
2 is simply the 

𝑖 𝑡ℎ error of the ordinary OLS regression. What the method does is therefore to consider the 

different error variances for each observation by considering the specific error in the real regression 

in combination with the error based on the individual regressor. Through computing the variance 

of each regressor as is done above, a white corrected coefficient covariance matrix is created. This 

can then be used as the true covariance matrix when testing the significance of the regressors. 

(Woolridge, 2016) 
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4  Data  

This chapter presents the data used in the study. The aim is to shed light on where data is gathered 

from and how it is organized. The chapter is structured as follows. Firstly, the section presents this 

study´s region classification of the included countries. Secondly, the data which was required for 

the portfolio construction, and following performance analysis, is presented. Lastly, the data which 

was required to compute the variables used in the regression analysis is presented.  

4.1 Region Classification 

The selected countries in this study represent the country components of MSCI World Index and 

MSCI Emerging Markets Index. The study therefore refers to countries as being a developed or 

emerging market based on the MSCI classification. The sample includes 23 countries from MSCI 

Developed Markets and 28 countries from MSCI Emerging Markets. Within both indices MSCI 

divides countries into three distinct groups based on geographical region, as seen in Table 1. 

Countries have entered and fallen out of each of the respective MSCI indices. Hence, this needs to 

be taken into consideration in order to get a valid historical representation of the indices. Therefore, 

we have cross-checked the data against MSCI’s official announcements of inclusion and exclusion 

of countries (MSCI, 2020).  

The following countries have dropped out during the sample period and is not illustrated in Table 

1 (drop-out year): Jordan (2008), Morocco (2013) and Sri Lanka (2001). Saudi Arabia has been 

excluded from the study since the index was reclassified from standalone to emerging markets in 

May 2019 which leaves too few observations to analyze given the portfolio composition strategy 

used in this thesis. Movements between the indices have also occurred which we need to be taken 

into consideration. Israel moved from MSCI EM to MSCI World in 2010. Portugal moved from 

MSCI EM to MSCI World in 1997. Greece moved from MSCI EM to MSCI World in 2001 and 

back to MSCI EM in 2013.  
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Table 1 MSCI classification 

4.2 Portfolio Construction Data 

This sub-section presents all the data which was required for the portfolio construction, and 

following performance analysis. 

4.2.1 Country Total Return Indices  

The country indices data are gathered from total return equity indices provided by MSCI, 

representing the performance of the large and mid-cap segments of each market. The total return 

index tracks both the capital gains of all stocks in the index over time and assumes that any cash 

distributions are reinvested into the index. Each MSCI country index covers approximately 85 % 

Developed Markets (MSCI World)

Americas Europe & Middle East Pacific 

Canada Austria Italy Australia

USA Belgium Netherlands Hong Kong

Denmark Norway Japan

Finland Portugal New Zealand

France Spain Singapore

Germany Sweden

Ireland Switzerland

Israel United Kingdom

Emerging Markets (MSCI EM)

Americas Europe, Middle East & Africa Asia

Argentina Czech Republic Russia China

Brazil Egypt Saudi Arabia* India

Chile Greece South Africa Indonesia

Colombia Hungary Turkey Korea

Mexico Poland United Arab Emirates Malaysia

Peru Qatar Pakistan

Philippines

Taiwan

Thailand
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of the free float-adjusted market capitalization (MSCI, 2020). All country index data is gathered 

from Datastream (2020) with a monthly frequency.  

Each of the total return indices was denoted in USD, based on DataStream’s exchange rate facility. 

Meaning DataStream has converted each of the total return indices from domestic currency returns 

to USD returns for each observation. Importantly using the absolute returns in this way implies 

that the potential investor following such a strategy takes on a degree of currency risk. The 

motivations for using absolute returns and potential weaknesses of doing so are discussed in the 

limitations section above.   

4.2.2 Country Market Cap  

To be able to generate market cap-weighted portfolios, market capitalization data for each country 

was gathered from Bloomberg terminals (2020). Due to unavailable data prior to 1995, we can 

only create a market capitalized weighted portfolio covering the years 1995 to 2019. It should be 

stressed that market capitalizations were found both in USD and local currency. Monthly 

frequencies of market capitalizations for 11 countries were collected in USD and the remaining in 

local currency. The data found in local currency were converted to USD by using quarterly 

exchange rates in the same time period.  

4.2.3 Exchange Rates 

Exchange rates were retrieved on a monthly basis from Datastream (2020) to convert data points 

from local currency into USD. As mentioned, the market capitalizations retrieved in local currency 

have been converted using these exchange rates. Also, as presented below, GDP metrics have also 

been subject to conversion. Exchange rates of pre-Euro currencies were used for countries before 

they transitioned into the Euro. The transmission month to Euro therefore made some countries 

deviate largely from their pre-Euro exchange rate.  

4.2.4 Risk-Free Rate 

A risk-free investment is defined as an investment with no risk of defaulting. In practice no such  
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investment exists. The closest thing an investor can come to a risk-free investment is instead US 

treasuries, since the probability of the US government defaulting is exceedingly small. 

Furthermore, there are a wide array of US treasuries available, all with differing maturities. Longer 

maturity treasuries have less volatility than their shorter maturity counterparts which is desirable 

to ensure stability in the risk-free rate across time. A too long maturity however, such as the of the 

30-year treasury, leads to a high degree of illiquidity meaning the rate does not adequately adapt 

to changing financial environments. Given this the 10-year treasury yield has been used to define 

the risk-free rate in line with previous research. The rate has been obtained from the Federal 

Reserve’s Database (FED, 2020). 

4.3 Regression Data 

This section presents all the data that was required in order to compute the explanatory variables 

used in the regression analysis.  

4.3.1 Trade Linkages  

Trade linkages can be computed in various ways. Arguably, the easiest method would be to use 

the aggregated measure of the historical development of trade openness as a percentage of GDP 

on a global scale. The downside of this method is the low specificity when investigating trade 

between a certain set of countries. If the bilateral trade between a lower amount of countries are 

investigated trade restrictions can be studied to understand trade linkages. However, this method 

is limited as trade restriction data can be difficult to find for a larger amount of countries (IMF, 

2002). Since this study tries to investigate trade linkages between 23 developed countries and 28 

emerging countries, the aforementioned methods will not be sufficient. Instead, this study uses the 

sum of bilateral exports and imports between two countries, divided by the sum of their GDP. 

(Frankel and Rose, 1998, IMF, 2002). The numerator of this variable namely trade-linkages 

consists of the total sum of imports + exports for a country over a quarter. Total imports and exports 

for the sample countries were obtained on a quarterly basis from the IMF´s database Direction of 

Trade Statistics (DOTS) on a quarterly basis (DOTS, 2020). 
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4.3.2 External Liabilities 

As highlighted in the theory section, multiple papers have attempted to measure financial 

integration between markets with varying degrees of success. The variable used to measure 

financial integration in this study will be the external liabilities to GDP ratio. This since it is 

deemed the most robust measure when studying previous research, with findings indicating that 

an increasing ratio has a significant impact on the co-movement of countries as they become more 

dependent on one another. Furthermore, the measure was also readily available for all sample 

countries throughout the sample period. External liabilities denote all equity and debt instruments 

in the country held by non-foreign residents. Hence, it can be seen as the claim of non-residents 

on residents. Putting external liabilities in relation to GDP allows for a more representative 

measure that can easily be compared between countries and regions. External liabilities of the 

sample countries were obtained on a quarterly basis from IMF (2020b). 

4.3.3 Country GDP 

Both trade linkages and external liabilities are computed in a way in which GDP is used in the 

denominator. The GDP data on a quarterly basis was obtained from IMF (2020a) in local currency 

and were converted to USD by using quarterly exchange rates in the same time period. The 

exchange rates were gathered from Datastream (2020) as indicated in 4.2.3.  

4.3.4 Recession Dates  

There are numerous ways of defining a recession. Arguably the most well-known definition of a 

national recession is the one we can find in the financial press referring to “at least two consecutive 

quarters of decline in national output” (The Economist, 2002). National output, being measured as 

either GDP or GDP per capita, is indeed a major determinant for recession. Having said that, it is 

important to allow for a broader definition taking indicators beyond GDP into consideration.  

National Bureau of Economic Research (NBER) defines recessions as: 

 “A significant decline in economic activity spread across the economy, lasting more than a few 

months, normally visible in real GDP, real income, employment, industrial production, and 

wholesale-retail sales” NBER (2020).  
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Accordingly, we will use the recession dates provided by NBER on a monthly basis. The data is 

publicly available and is widely used in previous literature. According to NBER (2020) a recession 

(contractions) starts in the first month after a peak and ends in the last month when the trough 

occurs. Table 2 shows the recession dates categorized by NBER, within the sample period of this 

study.  

 

Table 2 NBER Recession Peaks and Troughs 

It should be mentioned that the NBER data reflects the US business cycle. This is important since 

US recessions do not necessarily occur synchronously with a global recession. At the same time, 

other economies might experience recessions while the US is unaffected or affected to a very small 

degree. The East Asian financial crisis is an example of severe contractions in EMs while growth 

in developed market remained robust (Kose et al., 2019). 

  

Recession Peak Trough Duration (months)

Early 1990´s Recession July 1990 March 1991 8

Dot-com Crisis March 2001 November 2001 8

Global Financial Crisis December 2007 June 2009 18
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5 Methodology 

This chapter presents the methodology of the study and consists of three main sections as follows. 

We begin by presenting how the portfolios are constructed. Next, we describe the computation of 

the portfolio performance metrics and explanatory variables used for the regression. The chapter 

concludes with a section where we outline the tests used to validate our regression analysis. 

It should be mentioned that the sample period stretches from 1988 until 2020 with portfolio 

performance metrics and regression variables computed on a quarterly basis. A quarterly frequency 

was used since data for the explanatory regression variables were only available on a quarterly 

basis. The specific time period was determined based on the availability of return data. All 

processing of the data was done in the statistical programming language R. All figures were done 

using the data visualization tool Tableau. 

5.1  Portfolio Construction 

This section outlines how the analyzed portfolios were constructed. Each of the portfolio 

construction methodologies was used to construct a globally invested portfolio. Alongside this, the 

MDP methodology was also used to construct a portfolio that invests solely in emerging markets 

and a portfolio that invests solely in developed markets. Doing so will allow for comparison 

between investing broadly versus restricting the investment universe to only developed or 

emerging markets. This will allow for an evaluation of the results relative to those of the previous 

empirical research outlined above. The portfolios will be named global, developed markets and 

emerging markets portfolios, respectively. Rebalancing of all portfolios is done on a quarterly 

basis to ensure the realized performance metrics of the portfolios match up with the explanatory 

variables used in the regression analysis. 

Two additional portfolios have been chosen to serve as benchmarks. These are the market cap-

weighted portfolio and equally-weighted portfolio. The market cap-weighted portfolio has been 

chosen since it is used as a global benchmark. The Equally-weighted portfolio has been chosen 

since it tends to be a very well-diversified portfolio through investing equally in all assets it holds. 
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5.1.1  Return Calculation 

The net return of the country total return indices was calculated as the linear return in line with 

(29) and (30).  

5.1.2  Computing the Most Diversified Portfolio 

The weights of the MDP were computed using the variance-covariance matrix of country indices 

returns going back 5 years, 5 years of quarterly data imply 60 observations of each asset. Given 

that the portfolio at most is constructed based on 52 assets, this implies that a 5-year window is 

required to ensure the number of observations for each asset is greater than the number of assets. 

Which in line with Leidot & Wolf (2004) is required in order to mitigate the risk for errors in the 

assets covariance matrix and allow for it to be inverted, a requirement in this study as outlined in 

(53).  

Our sample period starts in the first quarter of 1988, meaning the first performance metric for the 

MDP can be obtained at the first quarter of 1993. The weights were computed in the line with the 

approach outlined in section 3.3.3. This implies that the weights were obtained using both a long-

short portfolio optimization approach and a long-only optimization approach.  

5.1.3  Computing the Market Cap-Weighted Portfolio 

As already outlined, 5 years of return data was required to be included in the sample universe used 

to compute the MDP weights. To allow for comparability, the market cap-weighted portfolio was 

constructed based on the same country sample as the MDP. The portfolio was constructed through 

weighting the countries within the sample by their market capitalization as outlined in 3.4.1. Since 

market capitalization data for the sample countries was first available from 1995 this portfolio 

construction approach is only evaluated from then and forward. 

5.1.4  Computing the Equally-Weighted Portfolio 

The equally-weighted portfolio was constructed on the basis of the same country sample as for the 

already mentioned approaches. Weights were simply computed by equally weighting the countries 

in the sample as outlined in 3.4.2. Hence, this strategy is able to go back to the very start of the 
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sample period, namely 1988. To allow for relevant comparison the countries included in the 

equally-weighted approach pre-1993 are the same as the countries included from the start of the 

most diversified approach 1993. 

5.2 Variable Computation 

This section first highlights the realized performance metrics that were used to evaluate portfolio 

performance. Thereafter it highlights the computation of the explanatory variables used in the 

regression analysis. 

5.2.1 Diversification Ratio 

All portfolios realized diversification ratios are computed based on a 3-year forward-looking 

window. A 3-year forward-looking window was chosen to ensure stability in the sample 

covariance matrices in line with Leidot & Wolf (2004), which are used to compute the 

diversification ratios, thereby ensuring stability in the diversification ratios. 

Importantly this implies the MDP construction method requires a total of 8 years of return data for 

an asset to be included in the computation of the diversification ratio. It requires a 5-year 

backward-looking window to construct the portfolio weights and a 3-year forward-looking 

window to compute the diversification ratio. To allow for comparability across strategies, 8 years 

of data has been required for every asset in each time period, for inclusion in the sample universe 

when computing the diversification ratio of all portfolios.  

After computing the diversification ratio, it was decomposed in terms of volatility weighted 

correlation and concentration ratio, in line with (40), (41) and (42). 

One should note that the restriction of 8 years of data availability does not have as large of an 

impact as one might expect. In unreported results we find that the market cap and equally-weighted 

approaches perform almost identically when requiring a window of 8 years for inclusion in the 

construction methodology relative to when only requiring a forward-looking window of 3 years. 

This since the countries included in the emerging markets and developed markets indices tend to 

be quite stable over time. It is mainly around the turn of the century we note a difference, with new 
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countries are entering the emerging markets index. The only difference observed then is that the 

effects of inclusion are slightly delayed when requiring an 8-year window. 

5.2.2 Volatility, Return and Sharpe Ratios  

The realized performance metrics are calculated to allow for a comparison between the strategies. 

Notably, the metrics were all computed on a 1-year forward-looking basis, with annual 

rebalancing. This contrary to the diversification ratio which was computed with quarterly 

rebalancing and over three-year forward-looking periods. Having said this, the metrics are the 

result of using the same weights as previously. An alternate approach was chosen to ensure that 

the observations are not overlapping. This means that the realized metrics display what a real-

world investor would earn through holding the different portfolios.  

Rebalancing over a 3-year period with 3-year performance metrics to ensure non-overlapping data 

would also be a possibility. This has been done in unreported result where it yields similar results. 

However, annual rebalancing implies higher frequency data, which is desirable. Also, annual 

performance measures are most used in previous research within the subject. Given a 1-year 

forward-looking period and 5-year backward-looking period, 6 years of data was required to be 

included in the computation for the metrics for all portfolios. 

The computed realized metrics are: cumulative returns, annual volatilities and annual Sharpe 

ratios. All calculated in line with what is outlined in 3.2.1 - 3.2.3 and 3.3.1. 

5.2.3 Trade Linkages Proxy 

The first explanatory variable to be computed was a trade linkages proxy. As outlined above this 

variable is measured as total imports + exports divided by GDP. Since we are interested in trade 

linkages (Ti) between developed markets (DM) and emerging markets (EM) we have used the 

following formula:  
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 𝑇   𝐷𝑀,𝐸𝑀
1 = ∑

𝑋𝐷𝑀,𝐸𝑀,𝑡 + 𝑀𝐷𝑀,𝐸𝑀,𝑡

𝐺𝐷𝑃𝐷𝑀,𝑡 + 𝐺𝐷𝑃𝐸𝑀.𝑡
𝑡

 (71) 

where 𝑋𝐷𝑀,𝐸𝑀,𝑡 are exports from DM to EM at time t, 𝑀𝐷𝑀,𝐸𝑀,𝑡 are imports to DM from EM, 

𝐺𝐷𝑃𝐷𝑀,𝑡 are the sum of DM constituents´ GDP at time t and 𝐺𝐷𝑃𝐸𝑀.𝑡 are the sum of EM 

constituents´ GDP at time t. Importantly, no trade between countries within DM and EM is 

accounted for. Also, the same computation could have been done from the EM perspective 

(𝑇   𝐷𝑀,𝐸𝑀
1 ), however it would render the same results. The exports and import data were obtained 

from IMF, Direction of Trade Statistics (DOTS) and were available from 1990-2019. The resulting 

output variable is displayed in Figure 2. 

 

Figure 2 Trade Linkages 1990-2017 

As seen from the above graph we observe a gradual increase in trade linkages. We see one large 

drop during the Asian financial crisis which started in 1997, with a further significant drop during 

the global financial crisis, before plateauing around 0.09 between 2011 and 2014. From the start 
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of 2015 we then begin to see a downward slide in global trade with a significant downward drop 

during the third quarter of 2018 as the US-China Trade war had begun in July 2018. 

5.2.4 Financial Integration Proxy 

The second explanatory variable to be computed was a proxy for financial integration. As 

mentioned above, this proxy is measured as external liabilities relative to GDP. External liabilities 

to GDP for the emerging markets segment and developed markets segment was calculated by 

dividing the total external liabilities of the market segments by their total GDP. An increase in 

external liability to GDP can therefore be seen as residents outside of the market segment in 

question increasing their holdings of debt and/or equity instruments within the market segment. 

The resulting variables are presented in Figure 3.  

 

Figure 3 Financial Integration Proxy Variable (External Liabilities to GDP) 

When studying the external liabilities of emerging and developed markets we observe the relative 

change of external liabilities of emerging markets has been the largest during the 1990s, where the 

ratio has increased from around 0.35 to 2. This also corresponds to the time period in which we 
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see the greatest drop in diversification ratios. Thereafter from 2000 and forward we see a large 

increase of external liabilities of developed markets from around 4.5 to around 9.5 just before the 

financial crisis. During the crises we see ratios for both regions remain relatively stable, if not 

declining slightly. After the crisis the ratios for both regions seem to remain relatively stable, 

indicating no significant further financial integration has occurred thereafter, assuming the 

measures are a viable proxy. 

5.2.5 Recession Dummy 

The last explanatory variables to be calculated are the recession dummies. After defining periods 

of recession in line with the NBER classification using dummies, we note that the realized 

diversification ratio is measured on a 3-year forward-looking rolling basis. Hence, the recession 

dummies have been weighted in accordance with their proportion of the 3-year forward-looking 

window in each case. For instance, if 4 quarters of the 2008 financial crisis is present in the 12 

quarter forward-looking window, the recession dummy in that point in time will be assigned a 

value of 0.33. 

5.3 Regression Testing 

This section outlines the tests which were conducted in order to ensure that the regression results 

were valid.  

5.3.1 Regression Set Up 

In the following section we test and set up 3 different regressions as follows. 

Model 1 “Global” 

 
𝐺𝑙𝑜𝑏𝑎𝑙. 𝐷𝑅 =  𝑇𝑟𝑎𝑑𝑒. 𝐺𝑙𝑜𝑏𝑎𝑙 + 𝐿𝑖𝑎𝑏𝑖𝑙𝑖𝑡𝑖𝑒𝑠. 𝐷𝑀 + 𝐿𝑖𝑎𝑏𝑖𝑙𝑖𝑡𝑖𝑒𝑠. 𝐸𝑀

+ 𝑅𝑒𝑐𝑒𝑠𝑠𝑖𝑜𝑛. 90 + 𝑅𝑒𝑐𝑒𝑠𝑠𝑖𝑜𝑛. 01 + 𝑅𝑒𝑐𝑒𝑠𝑠𝑖𝑜𝑛. 08  
(72) 
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Model 2 “DM”  

 
𝐷𝑀.𝐷𝑅 =  𝑇𝑟𝑎𝑑𝑒. 𝐺𝑙𝑜𝑏𝑎𝑙 + 𝐿𝑖𝑎𝑏𝑖𝑙𝑖𝑡𝑖𝑒𝑠. 𝐷𝑀 + 𝑅𝑒𝑐𝑒𝑠𝑠𝑖𝑜𝑛. 90

+ 𝑅𝑒𝑐𝑒𝑠𝑠𝑖𝑜𝑛. 01 + 𝑅𝑒𝑐𝑒𝑠𝑠𝑖𝑜𝑛. 08 
(73) 

Model 3 “EM”  

 
𝐸𝑀. 𝐷𝑅 =  𝑇𝑟𝑎𝑑𝑒. 𝐺𝑙𝑜𝑏𝑎𝑙 + 𝐿𝑖𝑎𝑏𝑖𝑙𝑖𝑡𝑖𝑒𝑠. 𝐸𝑀 + 𝑅𝑒𝑐𝑒𝑠𝑠𝑖𝑜𝑛. 90

+ 𝑅𝑒𝑐𝑒𝑠𝑠𝑖𝑜𝑛. 01 + 𝑅𝑒𝑐𝑒𝑠𝑠𝑖𝑜𝑛. 08  
(74) 

Setting up three regressions allow us to see drivers of changes in the diversification ratio on a 

global level, a developed market level and an emerging market level. Given that we want to explain 

the diversification ratio of a portfolio, it is of importance that the explanatory variables are 

representative of the portfolio in each time period. This means one should weight each countries 

contribution to the explanatory variable in each point in time with the same weighting it has within 

the portfolio of interest. For instance, if the MDP portfolio in time t has a 20% weighting towards 

China, the diversification ratio obtained in time t will be 20% attributed to the China weighting. 

The explanatory variables should therefore also be weighted by 20% towards China in time t. 

As mentioned in the theory section above, it is of importance that the variables studied are 

stationary over time or that there is a cointegration relationship between them which ensures 

stationarity. These conditions make MDP portfolios hard to utilize as the weightings within them 

are unstable over time and shift widely. To fulfill the conditions, we instead use the diversification 

ratio and explanatory variables of the equally-weighted portfolios. This is done since these are 

more stable over time. The equally-weighted approach also allows us to look further back in time 

and include an additional recession in the data used for the regressions, namely the 1990s 

recession. Furthermore, the equally-weighted portfolios have the highest degree of correlation with 

the MDPs as seen in Table 3.  
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Table 3 Correlation Between Diversification Ratio of Equally-weighted Portfolio and MDP 

The second property of the MDP states that a higher degree of correlation with the MDP the more 

well diversified a portfolio is. Hence, the high correlation implies that the equally-weighted 

portfolio serves as a good proxy. 

5.3.2 Robustness Analysis  

In implementing an OLS regression on time series variables, we first need to test if there is 

stationarity in the variables. In Table 4, we observe that the critical values obtained for all ADF 

tests across variables do not indicate any type of base stationarity or stationarity around a stochastic 

or deterministic trend. This is since all values are lower than the 10pct critical value. Furthermore, 

the KPSS tests strengthen the claim of no trend-stationarity as none of the variables generate a p-

value above 0.1 when applying the test. 

 

Table 4 Augmented Dickey-Fuller and KPSS Test for Stationarity 

Portfolio Global DM EM

Correlation 0.83497 0.91 0.97132

Studentized Breusch-Pagan test

Global

BP = 19.72, df = 6, p-value = 0.003

Null hypothesis: significant effects

DM

BP = 9.472, df = 5, p-value = 0.092

Null hypothesis: significant effects

EM

BP = 20.359, df = 5, p-value = 0.001

Null hypothesis: significant effects

Augmented Dickey-Fuller Test

T1 T2 T3

Div.Ratio World -1.31 1.22 1.72

Div.Ratio DM -0.80 1.01 1.50

Div.Ratio EM -1.40 1.21 1.69

Trade Linkages -2.07 2.38 2.63

Liabilities to GDP DM -2.41 2.45 2.92

Liabilities to GDP EM -1.46 2.90 2.31

1 pct -3.99 6.22 8.43

5 pct -3.43 4.75 6.49

10 pct -3.13 4.07 5.47

***, **, * indicate significance at 1%, 5%, and 10% levels, respectively

T1 = Base stationarity, T2 = Stationarity around stochastic trend, T3 = Stationarity around deterministic trend

KPSS Test

P-value

<0.01***

<0.01***

<0.01***

0.069*

<0.01***

<0.01***
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As mentioned in the theory section above, this creates an issue as it is our goal to run an OLS 

regression using the variables. We therefore proceed with testing for if there is a cointegration 

relationship between the variables within each regression. The cointegration test is conducted with 

structural breaks incorporated into the test, denoted by the recession dummies. 

 

Table 5 Augmented Granger Johansen Cointegration Test 

As observed above in Table 5 we can find a cointegration relationship between the variables in all 

three models. The tests indicate that the variables in the global regression have a rank of 2 

indicating that they have 2 cointegration relationships between them. Whilst the variables in DM 

and EM regressions have a rank of 1, indicating that the regressions variables each have one 

cointegrating relationship between them. 

The results imply an OLS can be conducted in each case, as the cointegration relationship will lead 

to super consistency of the estimates. To be certain that the OLS approach is valid for the time 

series variables, the errors of the OLS regression are tested for stationarity. To do so, we once 

again apply the ADF and KPSS tests, only testing for base stationarity. 

Augmented Granger Johansen Cointegration Test

Test 10pct 5pct 1pct

Global

r = 0 106.20 45.23 48.28 55.43

r = 1 33.09 28.71 31.52 37.22

r = 2 8.18 15.66 17.95 23.52

r = 3 2.05 6.50 8.18 11.65

DM

r = 0 43.97 28.71 31.52 37.22

r = 1 21.33 15.66 17.95 23.52

r = 2 5.20 6.50 8.18 11.65

EM

r = 0 34.07 28.71 31.52 37.22

r = 1 16.23 15.66 17.95 23.52

r = 2 3.04 6.50 8.18 11.65

***, **, * indicate significance at 1%, 5%, and 10% levels, respectively
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Table 6 Augmented Dickey-Fuller Test and KPSS Test of Residuals 

As can be seen in Table 4, the residuals of each regression were found to be stationary, since the 

computed ADF test statistic is smaller than the critical values at all significance levels. 

Furthermore, we observe that p-values of the KPSS tests are all greater than 0.1, which strengthens 

our assumption of stationarity. We can therefore state that our OLS approach is valid. 

One must also control for multicollinearity between the explanatory variables. A high VIF 

indicates multicollinearity, which means that the variance of the estimates will increase greatly 

leading to difficulties in finding statistically significant relationships. In unreported results we also 

included 2 additional trade variables, encompassing trade within emerging markets and trade 

within developed markets. This however led to exploding VIFs as they had a high degree of 

multicollinearity with one another as well as with a few other variables. After removing these two 

variables and proceeding with the variables outlined above, we arrive at the following VIF factors 

for our explanatory variables. 

Augmented Dickey-Fuller Test

Test 10pct 5pct 1pct

Global

T1 -3.851*** -1.62 -1.95 -2.58

DM

T1 -2.6875*** -1.62 -1.95 -2.58

EM

T1 -3.0149*** -1.62 -1.95 -2.58
***, **, * indicate significance at 1%, 5%, and 10% levels, respectively

World variables: Trade Linkages, Liabilities to GDP DM, Liabilities to GDP EM, Recession 91, Recession 01, Recession 07-09. DM variables: Trade Linkages, Liabilities to GDP EM, 

Recession 91, Recession 01, Recession 07-09. EM variables: Trade Linkages, Liabilities to GDP DM, Recession 91, Recession 01, Recession 07-09

KPSS Test

P-value

Global >0.1

DM >0.1

EM >0.1

***, **, * indicate significance at 1%, 5%, and 10% levels, respectively

T1 = Base stationarity
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Table 7 Variance Inflation Factors 

As is outlined above the majority of the VIF values are below 5. However, trade linkages and 

liabilities to GDP of Developed Markets have VIF values above 5. Since the cutoff level of above 

5 is quite conservative and the values are only slightly higher than 5, we have decided to keep both 

variables in the regression. This since the variables are of importance for what is being tested. 

After ensuring the variables being used were valid it was of importance to ensure the relevant 

Gauss Markov assumptions hold in order to ensure consistency in the estimates. To ensure this, 

Gauss Markov 1st pertains to ensuring the model to specified in the correct functional form. This 

was tested using Ramsey's Reset test. 

 

Table 8 Ramsey´s Reset Test for Correct Functional Form 

As displayed in Table 8 the p-values of each of the above tests are greater than 0.1, meaning we 

are not able to reject the null that there is functional form misspecification in any of the regressions. 

Variance Inflation Factor

Global DM EM

Trade Linkages 8.483 7.495 3.787

Liabilities to GDP DM 7.107 6.713 -

Liabilities to GDP EM 3.240 - 3.060

Recession 91 1.446 1.355 1.362

Recession 01 1.266 1.152 1.164

Recession 07-09 1.158 1.141 1.140

Ramsey’s Reset test

Global

RESET = 2.813, df1 = 1, df2 = 100, p-value = 0.123

Null hypothesis: correct specification

DM

RESET = 1.241, df1 = 1, df2 = 101, p-value = 0.268

Null hypothesis: correct specification

EM

RESET = 3.013, df1 = 1, df2 = 101, p-value = 0.118

Null hypothesis: correct specification
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Gauss Markov 2nd assumption is not an issue for this study as there is no risk for perfect collinearity 

in the explanatory variables put forward. 

Gauss Markov 3rd assumption pertains to ensuring there is no endogeneity present in the 

regression. Given that the data is collected from trusted sources the risk of endogeneity as a result 

of measurement error is deemed as relatively low. Furthermore, given that we have ensured the 

models have the correct functional forms, the presence of endogeneity attributable to functional 

form misspecification is also mitigated. The main causes of endogeneity in the models of this paper 

are instead attributable to omitted variable bias. One should note that it is difficult if not impossible 

to fully ensure there is no omitted variable bias since there will always be additional variables that 

could be included. Instead it here becomes an issue of controlling for endogeneity to the best extent 

possible. This can be done through looking at previous studies within the subject in order to 

determine which variables seem to be of greatest importance. As highlighted in Chapter 2, the 

broad literature outlined in the section has been utilized in determining which explanatory 

variables are relevant. Therefore, we are considerably confident that omitted variable bias should 

not be deemed a considerable risk in the regressions put forward. 

Gauss Markov 4th assumption pertains to ensuring that the errors of the model are correctly 

specified. This is done through ensuring no heteroskedasticity is present in the error term. Which 

is extra crucial to test given that we are using time series variables. 

 

Table 9 Studentized Breusch-Pagan Test of Error Terms 

Portfolio Global DM EM

Correlation 0.83497 0.91 0.97132

Studentized Breusch-Pagan Test

Global

BP = 19.72, df = 6, p-value = 0.003

Null hypothesis: significant effects

DM

BP = 9.472, df = 5, p-value = 0.092

Null hypothesis: significant effects

EM

BP = 20.359, df = 5, p-value = 0.001

Null hypothesis: significant effects
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As highlighted in Table 9, the p-values are all below 0.1 indicating that we find autocorrelation in 

the errors in all three regressions. Therefore, we need to compute white heteroskedasticity robust 

standard errors in order to correctly test the significance of the estimates. The output table 

displayed outlining the results of the regressions in the results section are therefore the results 

received after correcting for heteroskedasticity in the errors. 
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6 Results 

This chapter presents the results of the study. The structure is broken down into three main 

sections. Firstly, the weightings of the different portfolio construction techniques are presented. 

Next, we outline the performance of the corresponding portfolios. Finally, results from the 

regression aim to shed light on what real-world factors influence the international diversification 

benefits.  

In unreported results we find that the long-only and long-short MDP deliver diversification ratios 

almost on par with one another throughout the time period, albeit slightly better diversification 

ratio from the long-short strategy. To spare the reader from excessive graphs, we have chosen to 

only display the results of one of the strategies. The long-only portfolio has been chosen since it 

can be deemed a more realistic portfolio from an international investor’s point of view. This is 

because an investor has limited opportunities to short certain emerging market indices. Also, given 

our time period, many developed markets were difficult to short at the start of the period. The 

performance of the long-short portfolio can therefore arguably be deemed unobtainable over the 

time period.  

6.1 Portfolio Composition  

The aim of this section is to display the country allocations of the MDP, market cap-weighted 

portfolio and equally-weighted portfolio.  

6.1.1 Most Diversified Portfolio 

The weightings of the MDP have been computed based on a 5-year backward-looking window. 

Countries have been given a certain allocation with the purpose of obtaining the maximum 

diversification for the period. Each country has then been grouped into regions based on the MSCI 

(2020) classification and is illustrated in Figure 4. Individual country weightings within each 

region are presented in Appendix A. 
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Figure 4 Country Allocations in MDP Portfolio 

Some observations can be made by eyeballing Figure 4. Firstly, the MDP has constantly allocated 

a zero or close to zero weighting to Americas (DM). By recalling the first property of the MDP, 

we can state that this does not mean that Americas (DM) are not represented in the portfolio. 

Instead, given the broader universe of assets, countries in Americas (DM) do not provide any 

additional idiosyncratic diversification opportunities. Secondly, from 2000 to 2013 MDP has 

weighted heavily towards Europe, Middle East and Africa (EM). The spike prior to the turn of the 

century corresponds to new countries entering the MSCI Emerging Markets index.  

Further, we see no large reallocation shifts in weightings towards regions in the 2001 dot-com 

crisis. In the global financial crisis in 2007-2009 however we see emerging markets spike to 

encompassing almost 95% of the total portfolio weight. This spike is mainly driven by a further 

increase in weighting towards Europe, Middle East and Africa (EM). Allocations towards Pacific 

(DM) however, shifts downwards to a weighting of zero. Europe and Middle East (DM) shift 

downwards to a weighting of around only 5%, encompassing the only weighting towards 

developed markets during the initial portion of the crisis. As the post-crisis time period becomes 
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present in the estimation window, we see a reversal of the initial shifts. This is mainly driven from 

a downward shift in Europe, Middle East and Africa (EM) as well as Asia (EM), whilst Europe 

and Middle East (DM) see the greatest increase in weighting. The reallocation between emerging 

markets and developed markets is more apparent when regions are grouped into two major 

categories, namely developed markets and emerging markets as can be seen in Figure 6. 

6.1.2 Cap-Weighted Portfolio  

 

Figure 5 Country Allocations in Cap-Weighted Portfolio 

When studying the cap-weighted portfolio, weights remain relatively constant throughout the time 

period. This holds true even during the global financial crisis 2007-2009, different from the MDP 

strategy where we saw substantial reallocations. The static weights across good and bad economic 

times may, ceteris paribus, be hurtful to the diversification benefits of the cap-weighted portfolio 

if the MDP is able to deliver on its promise. 

Furthermore, the cap-weighted portfolio constantly holds a high weight in developed markets. The 

allocation of American (DM) is the biggest difference from the MDP strategy. Within the market 



6 RESULTS 

80 

cap-weighted portfolio, the region is consistently given a high weight, while the MDP consistently 

allocates a weighting of zero towards the region.  

6.1.3 Equally-Weighted Portfolio  

The equally-weighted strategy consistently weights all the assets equally. The only change, albeit 

very small, happens when countries enter or fall out of the indices. Due to this, no illustration of 

the allocations is presented.  

6.1.4 Overall Region Allocation 

 

Figure 5 Allocation Comparison Between MDP and CW (Region-Based) 

 

In Figure 5 we see overall weightings towards the emerging and developed market countries for 

the MDP and market cap-weighted portfolios. As outlined in 6.1.1 we see a high degree of 

variability between the relative regional allocations through time for the MDP. In the market cap-

weighted portfolio, the same regions hold comparably stable allocations as outlined in 6.1.2. When 

comparing the two in the same graph the results are striking. Figure 5 clearly illustrates that the 

two portfolios are close to each other’s inverse throughout the time period. It is particularly evident 
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during the global financial crisis indicating that the market cap-weighted approach may be gravely 

misallocated throughout and specifically during a time of deep crisis in financial markets. 

6.2 Portfolio Performance  

We now turn to the performance of the portfolios. Since the focus of this study is diversification, 

we first compare the performance of the diversification ratio throughout time.  

6.2.1 Diversification Ratio  

To compare the diversification ratios of the different portfolios, we both look at an ex-ante 

(modelled) and ex-post (realized) performance. Looking at Figure 6 we can observe that the 

modelled diversification ratio of the MDP is constantly higher than the other portfolios. This must 

be true in accordance to the MDP theory as the allocation always seeks to maximize the 

diversification ratio.   

 

Figure 6 Modelled Diversification Ratio (5-Year Backward-Looking Window) 

 



6 RESULTS 

82 

 

Figure 7 Realized Diversification Ratio (3-Year Forward-Looking Window) 

Figure 6 illustrates a clear downward trend in the diversification ratios of all the portfolios. 

Interestingly, we see an increase in the diversification ratio in more recent years, even after the 

global financial crisis is no longer present in the estimation window.  

The modelled performance, however, is of little practical use for an investor. Therefore, we 

continue with the realized results. Again, by studying Figure 7, it is clear that the global MDP and 

emerging markets MDP deliver the highest realized diversification ratio throughout most of the 

time period studied. It is particularly evident in the financial crisis 2007-2009. This is indicative 

of the fact that the MDP does its job in ensuring the highest degree of diversification on a realized 

basis.  

Furthermore, we find the realized diversification ratio of the market cap-weighted global approach 

to consistently be the lowest throughout the time period.  Noticeably, it seems to be outperformed 

by the developed markets MDP which is constrained to only investing in developed markets. The 

equally-weighted approach consistently outperforms these two strategies. However, it does not 

deliver as high realized diversification benefits as the global MDP and emerging markets MDP.  
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On both a realized and modelled basis, the global MDP move in tandem with the emerging markets 

MDP. These two portfolios also appear to deliver much higher diversification ratios throughout 

the time period. This is an indication that a large portion of the diversification benefits come from 

emerging markets countries. This does not come as a surprise, given the consistently high weight 

of emerging markets in the MDP (Global) as highlighted in section 6.1.1. 

As a footnote, we have also studied the difference in diversification ratios between the global MDP 

and the market cap-weighted strategy (Appendix B). When doing so we observe the largest 

difference when more diversification opportunities are present. This implies the difference in 

diversification ratio between MDP and market cap-weighted moves almost in tandem with the 

diversification ratio of the MDP.  

6.2.2 Decomposing the Diversification Ratio  

Figure 8 and Figure 9 illustrates how the concentration ratio and volatility weighted correlation 

ratio move in the time period. These are the components that comprise the diversification ratio. 

In Figure 8 we observe that the global MDP and emerging markets MDP consistently provide the 

lowest volatility weighted correlation across time. These are followed by the equally-weighted 

approach. Surprisingly, the developed markets MDP seems to trump the market cap-weighted 

approach except during the financial crisis. During the crisis, the global MDP and emerging 

markets MDP correlations peak to slightly above 0.6 whilst the equally-weighted peaks to above 

0.75 followed by the cap and developed markets strategies which reach as far as or slightly above 

0.85. 

In Figure 8, as expected,  we can see that the equally-weighted approach consistently delivers the 

lowest concentration ratio. It is stable through time between 0.04-0.03 with drops as new assets 

enter into the indices. Thereafter the global MDP and emerging markets MDP have relatively 

stable concentration ratios starting around 0.09 then trending upward. Surprisingly, the 

concentration ratio of the portfolios does not show any shift during the global financial crisis. The 

developed markets MDP trends relatively close to the two previously mentioned approaches but 

peaks significantly after and during the global financial crisis to around 0.3. Lastly, the market 
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cap-weighted approach tends to have the highest concentration ratio, although contrary to the MDP 

strategies, it trends downwards during the global financial crisis. 

 

Figure 8 Volatility Weighted Correlation 

 

Figure 9 Concentration Ratio 
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One should highlight the results within the context of the diversification ratio matrix (3.3.2) in 

which we observed the largest benefit came from maintaining a relative balance between the 

concentration ratio and volatility weighted correlations. With large decreases in one over the other 

only being beneficial if it would not significantly hurt the other variable or lead to a large enough 

upside to motivate it. The two graphs put together above, lead to the following results. The 

consistently lower concentration ratio implies the most substantial diversification benefits come 

from the lower concentration ratios, or in other words investing broadly across multiple countries. 

We can state this, since if it is not possible to maintain a balance shifts between lower values in 

either of the values will generate the major portion of the gains. Furthermore, this inability to 

balance also means that it is difficult to maintain a very low correlation between assets in the 

portfolio. This is expected as there will naturally be a lower bound which is much higher for the 

volatility weighted correlation since global markets are always connected to some degree. We also 

observe that the emerging markets MDP and global MDP maintain the highest degree of balance 

between the variables out of all portfolios thus generating the best diversification ratio. Given that 

the global MDP and emerging markets MDP consistently provide the lowest volatility weighted 

correlations, another way to think about this is to say that it is desirable to maintain the lowest 

volatility weighted correlation possible, under a managed concentration ratio. 

When studying the results above in more detail, one observes there seem to be multiple countries 

providing idiosyncratic diversification factors for the global MDP and emerging market MDP 

strategies. So much so that even during the financial crisis as we see a global synchronicity of 

contraction, there are enough idiosyncratic opportunities present that it remains beneficial to 

maintain a low concentration ratio and not shift it upwards in an attempt to reduce volatility 

weighted correlations. As the crisis passes, we see a shift in concentration ratios, indicating some 

countries arise which provide diversification opportunities for lower correlations which are 

substantial enough to motivate an increase in concentration ratios and move closer to somewhat of 

a balance between the variables. Thereafter all countries return to normal leading to the volatility 

weighted correlations tapering off and concentration ratios falling. 

For the developed markets MDP strategy, we see an even greater imbalance between the variables, 

with a clear premium on the concentration ratio over the volatility weighted correlation. Which is 

also expected given the high degree of integration and therefore correlation between the developed 
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markets. During the crisis we see an interesting effect of the developed markets concentration ratio 

spiking, when comparing it to the global market cap-weighted approach we instead see a decrease 

in concentration ratio. Studying the correlations, we see spikes to similar levels for the two 

portfolios albeit slightly lower for developed markets MDP. This all results in quite similar 

diversification ratios during the crisis. In other words, as all developed markets contracted in a 

synchronized manner, there were still a few with idiosyncratic opportunities, which were enough 

to motivate a large increase in the concentration ratio, with the goal of keeping down volatility 

weighted correlations to the extent possible for the developed markets portfolio. This all resulted 

in an almost on par diversification with a globally constructed market cap-weighted portfolio 

during the crisis. We here see the power of diversification in action. 

Lastly, we should also mention the equally-weighted approach, which has the highest degree of 

imbalance between the variables of all strategies. Importantly however, the approach still 

maintains lower concentration ratios and volatility weighted correlation ratios than the developed 

markets MDP and market cap-weighted approaches. With this being said, despite the benefits of 

keeping one of the ratios (the concentration ratio) very low as remembered from the diversification 

ratio matrix. It does not trump the global MDP and emerging markets MDP strategies which 

consistently outperform all other strategies through maintaining the highest degree of balance 

between the variables. Which is the best way to generate a high diversification ratio, as illustrated 

by the diversification ratio matrix (3.3.2). 

6.2.3 Volatility, Return and Sharpe Ratio  

On a cumulative return basis (Figure 10), we find that the best performers are the global MDP and 

emerging markets MDP. This followed by the equally-weighted approach, the market cap-

weighted approach and lastly the emerging markets MDP approach. When studying volatilities 

(Figure 11), we find spikes when new assets enter the indices. Furthermore, we find a spike during 

the Asian financial crisis in 1997. Alongside this we find spikes in volatility during the 2001 dot-

com and global financial crisis in 2007-2009.  
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Figure 10 Cumulative Returns 

 

Figure 11 Annual Volatility 

 

 

Table 12 Comparison of Average Volatility & Average Sharpe 

Portfolio MDP CW EW MDP(DM) MDP(EM)

Average volatility 0.154 0.147 0.172 0.174 0.173

Average Sharpe 0.67 0.60 0.58 0.42 0.68

Portfolio MDP CW EW MDP(DM) MDP(EM)

Average Sharpe 0.67 0.58 0.172 0.174 0.173
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Although emerging markets MDP display the highest degree of volatility initially, the equally-

weighted and developed markets MDP display the highest degree of volatility during the two 

crises. This results in the equally-weighted, emerging markets MDP and developed markets MDP 

to generate the highest level of volatility for the period on average whilst the market cap-weighted 

generates the lowest level of volatility (Figure, 12). Furthermore, we observe that this all results 

in the global MDP and emerging markets MDP delivers the highest Sharpe ratio over the time 

period, followed by the cap-weighted and equally-weighted portfolios. Lastly, we find that the 

developed markets MDP generates the lowest Sharpe over the time period. 

6.3 Regression Results  

The following section presents the regression results. We have run three different regression 

models. The first is a global model where we consider a portfolio investing in both developed and 

emerging markets. Then two additional models solely consider developed and emerging markets, 

respectively.  

 

Table 13 OLS Regression 

Regression Results

Global DM EM

Trade Linkages -6.786***

(1.645)

-6.048***

(0.992)

-5.511***

(1.009)

Liabilities to GDP DM 0.033**

(0.012)

0.0173*

(0.008)

Liabilities to GDP EM -0.185***

(0.025)

-0.120***

(0.028)

Recession 90 0.504

(0.324)

-0.475**

(0.171)

0.419

(0.501)

Recession 01 -0.067

(0.091)

-0.300**

(0.096)

-0.195*

(0.095)

Recession 07-09 -0.703***

(0.046)

-0.485***

(0.027)

-0.665***

(0.049)

Adjusted R2 0.828 0.643 0.820

***, **, * indicate significance at 1%, 5%, and 10% levels, respectively. Number in parenthesis shows standard errors
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Model 1: Global  

As reported in Table 13, trade linkages have a negative impact on the diversification ratio in the 

global portfolio. To put the impact in context, the model implies the increase of trade linkages 

from 0.02-0.09 up until 2011 corresponds to a drop in the diversification ratio of the global 

portfolio by 0.5. A staggering amount when considering that the diversification ratio was as highest 

around 2 at the start of the 1990s, and the lowest possible level is 1. The fall in trade linkages since 

2011 corresponds to an increase of the diversification ratio of around 0.15 which seems to be part 

of the explanation of the uptick in diversification ratios in the more recent time period. The increase 

of external liabilities to GDP for emerging markets also has a negative impact. The model states 

that the increase from 0.35-2 during the 1990s period implies a drop in the diversification ratio of 

around 0.3. As external liabilities of developed markets increase, we instead see an increase of the 

diversification ratio. One should note that the real-world impact is very small, albeit significant, 

with the increase of developed markets external liabilities during 2000 to 2007 of 4.5-9.5 

corresponding to an increase in the diversification ratio by around 0.07. The conjunction of global 

trade linkages increasing and financial integration of emerging markets increasing during the 

1990s explains the large drops in diversification ratio during the period studied according to the 

model. Furthermore, the model implies that the downward trending trade linkages in recent years 

with financial integration metrics remaining stable, drives the recent uptick in diversification 

ratios. In regard to the recession dummies, we find that only the global financial crisis in 2008 has 

a statistically significant negative impact on diversification with a substantial drop of 0.7 in the 

diversification ratio. In the other two crises there are non-significant impacts on global 

diversification ratios. This can be understood through the fact that the 1990 crisis was mainly a 

developed world crisis, whilst the 2001 crisis arguably had a larger impact on the developed world. 

Model 2: DM (Developed Markets)  

Within developed markets we find that trade linkages also have a negative impact, albeit a slightly 

lower impact than on the global portfolio. The model states that the trade linkages increase up until 

2011 here corresponds to a drop in diversification ratios of around 0.4. Furthermore, we find a 

small positive impact of external liabilities to GDP, the historical changes in the explanatory 

variable correspond to an increase of the diversification ratio of around 0.075 according to the 
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model. Given the small impact one should take this result with a grain of salt. However, it could 

potentially be argued that the positive impact comes from the fact that when a developed economy 

becomes more integrated with the emerging markets it also becomes slightly less integrated with 

the developed markets. Which is beneficial from the developed markets point of view within a 

context of only developed market economies. Within the developed markets space, we find a 

significant negative impact of the global financial crisis of –0.5. This is lower than the impact on 

the global portfolio but should be put in context by stating that the diversification ratio of the global 

portfolio is higher to begin within as well as throughout the crisis. Furthermore, we find significant 

negative impacts on the diversification ratios for the two other crises of -0.46 and –0.3 for the 1990 

and 2001 crises subsequently. This strengthens the statement that these were crises that had a larger 

effect on the developed world. 

Model 3: EM (Emerging Markets) 

Within the emerging markets space, we see that trade linkages have a negative impact albeit not 

as much as for the developed markets or on a global level. The increase up until 2011 corresponds 

to a drop in diversification ratio of around 0.385. Furthermore, we find the financial integration 

metric to have a negative impact albeit less than on a global level. The historical increase of 

emerging markets’ external liabilities corresponds to a decrease in the diversification ratio by 

around 0.2. Regarding the recession dummies, we find the 1990 recession does not have a 

significant impact, indicating the benefits of being invested in emerging markets during the period. 

This further accentuates the statement that the 1990 crisis was mainly a western world crisis. 

Noticeably, we also find a significant negative impact for the 2001 crisis of around –0.2 which is 

lower than that on developed markets. Lastly, we observe a negative impact of –0.66 on the 

diversification ratio of the global financial crisis. 
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7 Discussion  

This section discusses the implications of our study´s results in relation to previous theoretical and 

empirical research, as detailed in Chapter 2 and Chapter 3. Importantly, the discussion is conducted 

in relation to the research questions put forward. Thereafter, we present some new areas of 

investigation that arose from our study which we believe could be subject to further research.  

7.1 Discussion  

When comparing the weightings of the portfolio construction methodologies, we observe that the 

global MDP allocated heavily towards emerging markets relative to the market cap-weighted 

approach. A clear example of this is how the global MDP allocates a weight of zero to countries 

in the Americas (developed markets) through almost the entire time period studied. Comparing the 

global MDP and market cap-weighted portfolios we found their allocations to be close to each 

other’s inverse throughout the time period. As outlined in the following paragraphs, the difference 

in allocation between developed and emerging markets between the MDP and market cap-

weighted portfolios have substantial effects on performance.  

When studying performance related to diversification, we find that the global MDP delivers the 

highest realized diversification ratio over the studied time period, with larger outperformance when 

diversification opportunities are plentiful. We find increasing exposure to markets that are less 

integrated into the global economy to be a main driver of diversification. Alongside this we also 

find a low concentration ratio to play an important role in obtaining a higher diversification ratio, 

which holds true across portfolio construction methodologies. Investing broadly in multiple 

different countries is therefore a major source of diversification benefits. The results further 

indicate that it is not possible to maintain a very low volatility weighted correlation within a 

portfolio since there is naturally a higher lower bound for the volatility weighted correlation, as 

countries are always correlated to some degree. Arguably, the main driver of the global MDP 

delivering the highest diversification ratio is its ability to maintain the highest degree of balance 

between its concentration ratio and volatility weighted correlation ratio throughout the time period. 
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Only deviating when extreme circumstances motivate it. A clear example of this is how the MDP 

invests broadly to maintain a low concentration ratio when volatility weighted correlations spike 

as seen during the global financial crisis 2007-2009. After the crisis when idiosyncratic 

diversification opportunities arise, the MDP instead concentrates its holdings to fewer assets and 

allocate a zero weighting to countries with no diversification opportunities.  

Regarding the performance in terms of realized volatilities, returns and Sharpe ratios we observe 

that the global MDP is able to outperform both the market cap-weighted and equally-weighted 

approach in terms of Sharpe ratios. MDP outperforms the equally-weighted strategy, thought of 

by the broader investment community as a strategy diversifying risk. Hence, this accentuates the 

importance of a robust risk management approach when investing and constructing one’s portfolio. 

The fact that the global MDP outperforms the market cap-weighted approach implies the strategy 

trumps the CAPM. Meaning the market is not fully informationally efficient, in line with Haugen 

& Baker (1991). Further, in line with Lee (2011) it means that the MDP construction methodology 

has more information about asset performance in the future than the market portfolio. We find that 

the outperformance comes through the dynamic MDP approach exploiting what was previously 

found by of Li et al. (2003). Namely that emerging market indices have lower correlations amongst 

themselves as well as with developed countries, relative to correlations amongst the developed 

countries. In order to exploit these opportunities, the MDP allocates a higher portion of its portfolio 

towards the higher variance emerging markets segment. The dynamic MDP approach then utilizes 

the lower correlations to lower risk to such a degree that the higher returns offered by emerging 

markets more than outweigh the higher risk risks. Leading to a higher Sharpe ratio. In the words 

of Choueifaty et al. (2011) the outperformance comes from the MDP more efficiently capturing 

and balancing across the effective risk factors in the investment universe. An interesting takeaway 

is that the above results occur within the context in which market cap-weighted approach has the 

lowest degree of volatility of all portfolios, but at the same time also the lowest diversification 

ratio throughout the time period. This shows the importance of incorporating other measures when 

measuring risk (Clarke et al., 2013).  

Furthermore, our results indicate the importance of including foreign stocks to achieve 

diversification benefits and thereof also strong risk-adjusted performance. This confirms the 

findings of Grubel (1968), Levy & Sarnat (1970), Lessard (1973), Solnik (1974), Odier & Solnik 
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(1993) Bailey & Stulz (1990), Divecha et al. (1992), Michaud et al. (1996) Li et al. (2003), Dunis 

& Shannon (2005) who found the inclusion of foreign stocks were able to reduce risk, defined as 

standard deviation in a portfolio, derived from lower correlations between developed and emerging 

markets. This can be seen through studying the volatilities of the developed markets MDP and 

emerging markets MDP whom both have higher volatilities than the global MDP.  

Our results also strengthen the findings by Odier & Solnik (1993) who state that an international 

portfolio is more efficient from a risk-return perspective than one focused on developed markets. 

This can be seen through the significantly higher Sharpe ratio for the global MDP in comparison 

to the developed markets MDP. With the developed markets MDP more concentrated in assets 

with lower returns and no idiosyncratic diversification opportunities such as countries within the 

Americas (developed markets) region. Contrary to this the emerging markets MDP delivers an 

almost on par, albeit slightly higher, realized Sharpe ratio than the global MDP. This implies that 

the risk return tradeoff from only focusing on emerging markets is not substantially worse than for 

the global portfolio. Given that the global portfolio consistently has a very high weighting in 

emerging markets the results are perhaps not so surprising. 

Hence, it seems to be that a focus on the diversification ratio in international portfolio allocation 

is essential and that including emerging markets in one's portfolio delivers diversification benefits. 

Further, we observe the diversification ratio to be falling over time as indicated by Longin & Solnik 

(1995) and Christoffersen et al., (2014). Therefore, we run an OLS regression to determine what 

the real-world driving factors of the diversification ratios were in the studied time period. This to 

allow for a better understanding of how the benefits of being diversified vary through time, and to 

determine if the diversification benefits of investing internationally would sustain going forward. 

The regression results indicate that increased trade linkages have had the largest real-world impact 

on decreasing diversification ratios throughout the time period. Increased financial integration, in 

particular of emerging markets, was also found to have a large negative impact. Although, the 

impact was not found to be as large as trade linkages. The results are in line with Michaud et al. 

(1996) who find that intensifying globalization and increasingly financially integrated markets 

have threatened the very basic motivation for diversification, namely low correlation between 

markets. We see the largest drop in diversification ratios during the 1990s which is also when we 
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see a large increase in trade linkages and emerging markets’ external liabilities. However, in more 

recent years we observe a reversal of the downward trend in diversification ratios. This coincides 

with financial integration ratios remaining constant whilst trade linkages have started trending 

downwards as a result of the US-China trade war. The reversal of the downward trend might be 

beneficial from an international investing perspective, as it may be the start of an upward trend for 

diversification ratios once again. This should all be put in the context that the MDP is best able to 

deliver on its promise of diversification ratio outperformance when diversification opportunities 

are plentiful. Given this, an increasingly integrated world has had a negative impact on the MDP. 

The forward trajectory of global integration will thereof have a direct impact on the ability of the 

MDP to deliver on its promise of being substantially more diversified than a benchmark portfolio. 

Lastly, the significant impact of the recession dummy variables strengthens the results of 

Goetzmann et al. (2005) and Longin & Solnik (1995) who found diversification benefits to be 

unstable over time. The results indicate the developed markets MDP saw a decrease in 

diversification ratios during the 1990 crisis whilst the global MDP and emerging markets MDP 

saw no significant impact. The 2001 crisis led to a drop in diversification ratios for both emerging 

markets MDP and developed markets MDP whereas no significant impact was found on global 

MDP. The 2008 crisis impacted all portfolios, although to varying degrees. This stochasticity and 

non-constant downward trend in diversification ratios, with market segments effected vastly 

differently. Highlights the importance of holding a global portfolio if one wants to remain 

diversified throughout times of crisis, and ensure a beneficial realized risk-return tradeoff over 

longer time periods. 

7.2 Research Questions 

Based on the discussion, we now provide answers to the research questions raised in the 

Introduction.   

RQ1: “Does the global MDP outperform both the market cap-weighted and equally-weighted 

global portfolio construction approaches over the time period studied from both a risk-return as 

well as a purely risk-based perspective?”  
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The MDP does outperform the market cap-weighted and equally-weighted portfolios. It does so 

both from a risk return perspective and a purely risk-based perspective. We find indications that 

the risk-based outperformance is largest when diversification opportunities are plentiful. 

Furthermore, we find the risk-return outperformance to be attributable to heavily weighting 

towards emerging markets, which have higher risk and return. Whilst the markets alone are riskier, 

they also provide significant diversification benefits as they tend to have relatively low correlations 

with the rest of the world. The MDP is able to exploit these diversification benefits, through 

maintaining a balance between the portfolio’s concentration ratio and volatility weighted 

correlation. The dynamic approach allows for a reduction of risk while obtaining the benefits of 

the higher returns available in the emerging markets segment. Leading to the highest Sharpe ratio 

of the global portfolios. This should all be put in the context of an increasingly integrated world in 

more recent years, which has negatively impacted the prospects for the MDP to exploit 

diversification benefits to the same extent as previously. 

RQ2. “Has there been a downward trend in the diversification ratio of investing internationally 

throughout the time period studied?” 

We do observe a downward trend in diversification benefits across the portfolios studied, however 

given that the diversification ratio is calculated in such a way that the observations have a high 

degree of dependency between one another. No clear-cut significance test can be conducted to test 

for this, meaning we cannot state that the downward trend is statistically significant. Additionally, 

we find in recent years what may be the start of an uptick in diversification ratios, which coincides 

with the US-China trade war and the anti-global sentiments it gave way to. 

RQ3 “Have increased trade linkages between emerging and developed economies had a negative 

impact on the diversification ratio of international investing?” 

We find that increased trade linkages between the emerging and developed economies do have a 

statistically significant negative impact on the diversification benefits. This negative impact of 

increased trade is present when investing in developed and emerging markets combined, as well 

as when solely investing in one of the market segments. 
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RQ4: “Has increased financial integration between emerging and developed markets had a 

negative impact on the diversification ratio of international investing?” 

We find that increased financial integration does have a statistically significant negative impact on 

diversification ratio. Furthermore, it is mainly the increased financial integration of emerging 

markets that is the driver of lower diversification ratios. 

RQ5: Do financial crises contribute to structural breaks in the downward diversification ratio 

trend? 

We find that the financial crises do contribute to statistically significant structural breaks in the 

diversification ratio trend. The 1990 and 2001 crisis had a significant negative impact on the 

diversification ratio when investing in developed markets. However, when investing in emerging 

markets no impact is present in 1990 and only a slight, however significant, negative impact during 

the 2001 crisis. No statistically significant impact is found during the 1990 or 2001 crises when 

investing on a global basis. The differing effects on the market segments during these crises display 

the importance of being invested across market segments 

During the globally synchronized contraction of the global financial crisis 2007-2009 we see a 

negative impact on diversification ratios across all portfolios. However, as was true for the entire 

time period studied the global MDP was able to remain more diversified than the other portfolios 

throughout the period. This “best of the bad” result, shows how a focus on the diversification ratio 

during times of extreme stress in the financial markets can provide better protection towards the 

spike in correlations. 

7.3 Further Research  

The hope of this study is that it will spur future research within the subject of international 

diversification to take a more purely risk-based approach given the pitfalls of an overly stringent 

focus on returns which many researchers are highlighting today. This study has highlighted the 

possibilities provided through a focus on a maximum diversification approach. It has attempted to 

explain drivers effecting the approach through looking at what factors influence the diversification 

ratio through time. An interesting topic for future research would be to attempt to explain the 
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factors influencing the diversification ratio on a more granular level, through studying what 

influences the concentration ratio and volatility weighted correlations which are the two 

components underlying the diversification ratio. Importantly the variation of these two underlying 

variables should mainly be studied for the MDP. Since this is the only portfolio that actively tries 

to manage these two underlying variables in order to maximize the diversification ratio. This can 

allow one to gauge if for instance increased trade linkages tend to have a broad impact on all 

countries, as volatility weighted correlations increase but concentration ratios remain unaffected. 

Or if increasing trade instead tends to effect certain countries whilst not effecting others at all, in 

which case one would expect a peak in concentration ratios whilst volatility weighted correlations 

remain stable, with the MDP concentrating holdings in those countries least effected. A deeper 

analysis along these lines was not possible for this study, since the MDPs diversification ratio did 

not remain stable enough through time to allow for some kind of stationary relationship to be 

found, meaning no relevant inferences could be drawn from conducting an OLS regression using 

the relevant variables. 

Yet another interesting topic for future research is to incorporate additional variables to explain 

even more of the variation in the diversification ratio through time. Examples of variables could 

include predictors of recessions, such as unemployment numbers. Furthermore, one could also 

look at the effect of commodity prices such as oil, whose fluctuations would arguably impact 

certain regions harder than others. 

Future research could also attempt to evaluate additional risk-based strategies on top of the MDP 

from an international investment perspective. Doing so one might find differences in how these 

strategies perform from a diversification ratio point of view, and a deeper analysis can allow for 

an understanding of how the strategies differ in terms of balancing between concentration ratios 

and volatility weighted correlations within the portfolios.   

Alongside the above, it would also be of interest for future research to expand the investment 

horizon of this study. Both in terms of assets but also countries. One could choose to also include 

debt instruments as well as frontier markets which are less integrated with the global economy. 

Doing so should intuitively lead to increased diversification opportunities, with frontier markets 

less integrated with the global economy, leading to further outperformance of the MDP. 
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Lastly, it would also be of interest to reconduct the study at a later date to see if diversification 

benefits for an international investor have continued trending downwards. Or if the anti-global 

push brewing in many countries today has caused a decoupling of countries in the world on both 

a financial and trade basis. Which in accordance with the results of this study then once again 

should revitalize and increase the diversification benefits of investing internationally. 
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8  Conclusion  

This study finds that for an international investor, the MDP strategy performs better than both the 

equally-weighted and cap-weighted strategies from both a risk-return as well as a purely risk-based 

perspective. We find indications that the risk-based outperformance is largest when diversification 

opportunities are plentiful. Moreover, we find the risk-return outperformance to be attributable to 

heavily weighting into emerging markets with lower correlations amongst them but also higher 

risk and return than that of developed markets. The MDP exploits the diversification opportunities 

of less correlated markets to substantially reduce risk whilst reaping the benefits of the higher 

return market segment, leading to the highest Sharpe ratio of the global portfolios. These findings 

are within the context in which diversification benefits have been falling over time. We find the 

drivers of this fall to be attributed to increased trade linkages between emerging and developed 

market economies, as well as increase financial integration of emerging markets. Although there 

has been a reduction, diversification benefits remain present and may also increase in the future 

due to a possible deglobalization push initiated by the US-China trade war. In addition, 

internationally diversified portfolios seem to be particularly important during financial crises. We 

find evidence of restricting one's investment universe to only a portion of the market in the 1990 

and 2001 crisis to imply a much lower potential for diversification. Lastly, during times of extreme 

synchronicity of contraction of financial markets, such as throughout the global financial crisis we 

find significant drops in diversification benefits across portfolios. However, the MDP construction 

methodology can protect investors from the drop to a greater extent than the other portfolios 

studied. It delivered a sustained higher diversification ratio than a market cap-weighted or equally-

weighted approach.  

To conclude, the free lunch of international diversification is still on the menu, although it seems 

to have moved to the children’s section and rationing may occur during times of crisis.  
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Appendices 

A Country Allocations by Region 

 

Figure 12 DM Americas Country Allocation 

 

 

Figure 13 DM Europe & Middle East Country Allocation 
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Figure 14 DM Pacific Country Allocation 

 

 

Figure 15 EM Americas Country Allocations 
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Figure 16 EM Europe, Middle East & Africa Country Allocation 

 

 

Figure 17 EM Asia Country Allocation 
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B Difference in Diversification Ratio between MDP and Market Cap-

Weighted Portfolio 

 

Figure 18 Diversification Comparison between MDP and CW 

 

  



APPENDICES 

113 

C R Code: Portfolio Construction and Computation of Performance 

Metrics  

 

rm(list = ls()) 
 
options(java.parameters = "- Xmx1024m") 
 
##Load packages and set working directory 
library(readxl) 
library(timeSeries) 
library(PerformanceAnalytics) 
library(corpcor) 
library(tibble) 
library(xlsx) 
library(quadprog) 
library(matrixStats) 
library(DescTools) 
library(quantmod) 
library(matrixcalc) 
setwd("~/MastersThesis") 
 
#Return Calculation Countries 
Country.Returns.Calculation = function(Period1,Period2,MarketCaps) 
{ 
  call = match.call() 
  Period1Names <-  colnames(Period1)[colSums(is.na(Period1)) == 0] 
  Period2Names <-  colnames(Period2)[colSums(is.na(Period2)) == 0] 
  IntersectingNames <- intersect(Period1Names,Period2Names) 
   
  NonIntersectingNames <- colnames(Period1[!(colnames(Period1) %in% IntersectingNames)]) 
  NonIntersectingPlaceHolders <- which(colnames(Period1) %in% NonIntersectingNames) 
   
  Period1<- Period1[,IntersectingNames] 
  period1.ts = as.timeSeries(Period1, drop=FALSE) 
  period1.ret = returns(period1.ts,method="simple") 
  period1.ret = as.matrix(period1.ret) 
   
  Period2<- Period2[,IntersectingNames] 
  period2.ts = as.timeSeries(Period2,drop=FALSE) 
  period2.ret = returns(period2.ts,method="simple") 
  period2.ret = as.matrix(period2.ret) 
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  MarketCaps <- as.matrix(MarketCaps[which(colnames(MarketCaps) %in% 
colnames(period1.ret))]) 
  MarketCaps <- MarketCaps[nrow(MarketCaps),] 
   
  #Store all outputs 
  Country.Returns = list("call"= call, 
                         "period1.ret"= period1.ret, 
                         "period2.ret" =period2.ret, 
                         "NonIntersectingNames" = NonIntersectingNames, 
                         "NonIntersectingPlaceHolders"= NonIntersectingPlaceHolders, 
                         "MarketCaps" = MarketCaps) 
  Country.Returns 
} 
 
 
#Return Caclulation Regions 
Region.Returns.Calculation = function(Period1,Period2,DMorEM,MarketCaps1,MarketCaps2) 
{ 
  call = match.call() 
   
  Regions <- list("DM AMERICAS", "DM EUME", "DM PACIFIC", "EM AMERICAS", "EM EUMEAFR", 
"EM ASIA") 
  if (DMorEM == "Combination"){ 
    RelevantRegions <- Regions 
  } else { 
    RelevantRegions <- paste(DMorEM,"%",sep="") 
    RelevantRegions <- Regions[which(Regions %like% RelevantRegions)] 
  } 
   
   
  Period1 <- Period1[,colSums(is.na(Period1))==0] 
  period1.ts = as.timeSeries(Period1, drop=FALSE) 
  period1.ret = returns(period1.ts,method="simple") 
  period1.ret = as.matrix(period1.ret) 
   
  MarketCaps1 <- as.matrix(MarketCaps1[-1,which(colnames(MarketCaps1) %in% 
colnames(period1.ret))]) 
   
  RegionReturns <- vector() 
  RegionColNames <- list() 
  RegionReturnsCap <- vector() 
  RegionColNamesCap <- list() 
   



APPENDICES 

115 

  for (i in RelevantRegions){ 
    indx <- which(grepl(i, colnames(period1.ret))) 
    indx2 <- which(grepl(i, colnames(MarketCaps1))) 
    if (length(indx)!=0){ 
      subset <- period1.ret[,indx] 
      subset2 <- MarketCaps1[,indx2] 
      if (is.null(dim(subset2))){ 
        subsetweights <- 1 } 
        else {subsetweights <- t(apply(subset2,1,function(x){x/sum(x, na.rm=TRUE)}))} 
        
      if (!(is.null(dim(subset)))){ 
        RegionReturns <- cbind(RegionReturns,assign(i,rowSums(subsetweights*subset))) 
         
        #RegionReturns <- cbind(RegionReturns,assign(i,rowMeans(subset))) 
         
        RegionReturnsCap <- cbind(RegionReturnsCap,assign(i,rowSums(subset2, na.rm=TRUE))) 
      } 
      else { 
        RegionReturns <- cbind(RegionReturns,assign(i,subset)) 
        RegionReturnsCap <- cbind(RegionReturnsCap,assign(i,subset2)) 
      } 
      RegionColNames <- append(RegionColNames,i) 
      RegionColNamesCap <- append(RegionColNamesCap,i) 
    } 
  } 
  colnames(RegionReturns) <- RegionColNames 
  period1.ret <- RegionReturns 
  colnames(RegionReturnsCap) <- RegionColNamesCap 
  MarketCaps1 <- RegionReturnsCap 
   
   
  Period2 <- Period2[,colSums(is.na(Period2))==0] 
  period2.ts = as.timeSeries(Period2,drop=FALSE) 
  period2.ret = returns(period2.ts,method="simple") 
  period2.ret = as.matrix(period2.ret) 
   
  MarketCaps2 <- as.matrix(MarketCaps2[-1,which(colnames(MarketCaps2) %in% 
colnames(period2.ret))]) 
   
  RegionReturns2 <- vector() 
  RegionColNames2 <- list() 
  RegionReturnsCap2 <- vector() 
  RegionColNamesCap2 <- list() 
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  for (i in RelevantRegions){ 
    indx <- which(grepl(i, colnames(period2.ret))) 
    indx2 <- which(grepl(i, colnames(MarketCaps2))) 
    if (length(indx)!=0){ 
      subset <- period2.ret[,indx] 
      subset2 <- MarketCaps2[,indx2] 
      if (is.null(dim(subset2))){ 
        subsetweights <- 1 } 
        else {subsetweights <- t(apply(subset2,1,function(x){x/sum(x, na.rm=TRUE)}))} 
      if (!(is.null(dim(subset)))){ 
        RegionReturns2 <- cbind(RegionReturns2,assign(i,rowSums(subsetweights*subset))) 
         
        #RegionReturns2 <- cbind(RegionReturns2,assign(i,rowMeans(subset))) 
      } 
      else { 
        RegionReturns2 <- cbind(RegionReturns2,assign(i,subset)) 
      } 
      RegionColNames2 <- append(RegionColNames2,i) 
    } 
  } 
  colnames(RegionReturns2) <- RegionColNames2 
  period2.ret <- RegionReturns2 
   
  IntersectingNames <- intersect(colnames(period1.ret),colnames(period2.ret)) 
  NonIntersectingNames <- RelevantRegions[!(RelevantRegions %in% IntersectingNames)] 
  NonIntersectingPlaceHolders <- which(RelevantRegions %in% NonIntersectingNames) 
   
  if (length(NonIntersectingNames)==0){ 
    period1.ret <- period1.ret 
  } else if (NonIntersectingNames %in% colnames(period1.ret)) { 
    period1.ret <- period1.ret[,-which(colnames(period1.ret) %in% NonIntersectingNames)] 
  } else { period1.ret <- period1.ret } 
   
  if (length(NonIntersectingNames)==0){ 
    period2.ret <- period2.ret 
  } else if (NonIntersectingNames %in% colnames(period2.ret)){ 
    period2.ret <- period2.ret[,-which(colnames(period2.ret) %in% NonIntersectingNames)] 
  } else { period2.ret <- period2.ret } 
   
  MarketCaps1 <- MarketCaps1[,which(colnames(MarketCaps1) %in% colnames(period1.ret))] 
  MarketCaps1 <- MarketCaps1[nrow(MarketCaps1),] 
   
  #Store all outputs 
  Region.Returns = list("call"= call, 
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                        "period1.ret"= period1.ret, 
                        "period2.ret" =period2.ret, 
                        "NonIntersectingNames" = NonIntersectingNames, 
                        "NonIntersectingPlaceHolders"= NonIntersectingPlaceHolders, 
                        "MarketCaps" = MarketCaps1) 
  Region.Returns 
} 
 
#Weight Caluclation for LongShort 
LongShort.Weights = function(period1.ret) 
{ 
  call = match.call() 
   
  #Inputs to calculate optimal weights 
  cov.mat = cov(period1.ret) 
  st.dev = cbind(apply(period1.ret,2,sd)) 
  #cov.mat.inv <- matrix.inverse(cov(period1.ret)) 
  cov.mat.inv <- invcov.shrink(period1.ret) 
   
  #optimale weights 
  top.mat = cov.mat.inv%*%st.dev 
  bot.mat = as.numeric(t(st.dev)%*%top.mat) 
  weights = top.mat/bot.mat 
  weights = weights/sum(weights) 
  weights = as.vector(weights) 
  weights 
} 
 
#Weight Calculation for Long Only 
Long.Weights = function(period1.ret) 
{ 
  call = match.call() 
 
  st.dev = cbind(apply(period1.ret,2,sd)) 
  #Inputs to quadratic optimization 
  Amat = cbind(st.dev, diag(length(st.dev))) 
  dvec= rep(0,length(st.dev)) 
  #Dmat= cov(period1.ret) 
  Dmat= cov.shrink(period1.ret) 
  bvec = c(1,rep(0,length(st.dev))) 
  MDPLong = solve.QP(Dmat=Dmat, dvec=dvec, Amat=Amat, bvec=bvec, 
                     meq=1) 
  weights = MDPLong$solution/sum(MDPLong$solution) 
  weights 
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} 
 
#Weight Calculation for Equally-weighted 
Equal.Weights = function(period1.ret) 
{ 
  call = match.call() 
   
  weights <- rep(1/(ncol(period1.ret)), ncol(period1.ret)) 
  weights 
} 
 
#Weight Calculation for Cap-weighted  
Cap.Weights.Output = function(period1.ret,MarketCaps) 
{ 
  call = match.call() 
   
  weights <- vector() 
  for (g in 1:length(MarketCaps)){ 
    x <- MarketCaps[g] / sum(MarketCaps) 
    weights <- append(weights,x) 
    } 
   
  weights 
} 
 
#Calculation for Modelled and Realized Metrics 
MDP.Calculation = 
function(period1.ret,period2.ret,rf1,rf2,w.dmax,NonIntersectingNames,NonIntersectingPlacehol
ders) 
{ 
  call = match.call() 
   
  #Modelled Return 
  ModelledReturn = period1.ret%*%w.dmax 
  colnames(ModelledReturn) = c("ModelledReturn") 
  ModelledReturn.ts = as.timeSeries(ModelledReturn,drop=FALSE) 
   
  #Modelled Sharpe 
  ModelSharpe = (mean(ModelledReturn.ts-rf1)/(mean(sd(ModelledReturn.ts-rf1))))*sqrt(12) 
   
  #Modelled diversification ratio 
  st.dev = cbind(apply(period1.ret,2,sd)) 
  cov.mat1 = cov(period1.ret) 
  ModelledDR = (t(w.dmax)%*%st.dev)/sqrt(t(w.dmax)%*%cov.mat1%*%w.dmax) 
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  Modelledport.vol = sqrt(t(w.dmax)%*%cov.mat1%*%w.dmax*12) 
   
  #Modelled Volatility Weighted Average Correlation 
  Corr = cor(period1.ret) 
  VolWeightedMatrix = (w.dmax*st.dev)%*%t(w.dmax*st.dev) 
  diag(VolWeightedMatrix) = 0 
  ModelledVWCorr = sum(VolWeightedMatrix*Corr)/sum(VolWeightedMatrix) 
   
  #Modelled Concentration Ratio 
  ModelledCR = sum((w.dmax*st.dev)^2)/(sum(w.dmax*st.dev)^2) 
   
  #Modelled Correlations 
  ModelledCorrelations = as.data.frame(t(apply(period1.ret, 2, 
function(x){cor(x,ModelledReturn.ts)}))) 
  colnames(ModelledCorrelations) <- colnames(period1.ret) 
   
  #Realized Return 
  RealizedReturn = period2.ret%*%w.dmax 
  colnames(RealizedReturn) = c("RealizedReturn") 
  RealizedReturn.ts = as.timeSeries(RealizedReturn,drop=FALSE) 
   
  #Realized Sharpe 
  RealSharpe = (mean(RealizedReturn.ts-rf2)/(mean(sd(RealizedReturn.ts-rf2))))*sqrt(12) 
   
  #Realized Diversification Ratio 
  st.dev2 = cbind(apply(period2.ret,2,sd)) 
  cov.mat2 = cov(period2.ret) 
  RealizedDR = (t(w.dmax)%*%st.dev2)/sqrt(t(w.dmax)%*%cov.mat2%*%w.dmax) 
  Realizedport.vol = sqrt(t(w.dmax)%*%cov.mat2%*%w.dmax*12) 
   
  #Realized Volatility Weighted Average Correlation 
  Corr2 = cor(period2.ret) 
  VolWeightedMatrix2 = (w.dmax*st.dev2)%*%t(w.dmax*st.dev2) 
  diag(VolWeightedMatrix2) = 0 
  RealizedVWCorr = sum(VolWeightedMatrix2*Corr2)/sum(VolWeightedMatrix2) 
   
  #Realized Concentration Ratio 
  RealizedCR = sum((w.dmax*st.dev2)^2)/(sum(w.dmax*st.dev2)^2) 
   
  #Realized Correlations 
  RealizedCorrelations = as.data.frame(t(apply(period2.ret, 2, 
function(x){cor(x,RealizedReturn.ts)}))) 
  colnames(RealizedCorrelations) <- colnames(period2.ret) 
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  #Get Weighting Vector Correctly Matched 
  w.dmax <- as.data.frame(t(w.dmax)) 
  colnames(w.dmax) <- colnames(period1.ret) 
   
  ColumnAdder <- seq(1,length(NonIntersectingNames)) 
   
  for (i in ColumnAdder){ 
     
    if (length(NonIntersectingNames)==0){ 
      w.dmax <- w.dmax 
      RealizedCorrelations <- RealizedCorrelations 
      ModelledCorrelations <- ModelledCorrelations 
    } 
    else if (!(NonIntersectingNames[i] %in% colnames(w.dmax))){ 
      w.dmax <- add_column(w.dmax, !!(as.character(NonIntersectingNames[i])) :=NA, .after = 
NonIntersectingPlaceholders[i]-1) 
      RealizedCorrelations <- add_column(RealizedCorrelations, 
!!(as.character(NonIntersectingNames[i])) :=NA, .after = NonIntersectingPlaceholders[i]-1) 
      ModelledCorrelations <- add_column(ModelledCorrelations, 
!!(as.character(NonIntersectingNames[i])) :=NA, .after = NonIntersectingPlaceholders[i]-1) 
    } 
  } 
   
  #Store all outputs 
  dmax.port = list("call"= call, 
                   "ModelledReturn"= prod(ModelledReturn.ts+1), 
                   "ModelledSharpe" = ModelSharpe, 
                   "ModelledDR" = ModelledDR, 
                   "ModelledVolatility" = Modelledport.vol, 
                   "ModelledVWCorr" = ModelledVWCorr, 
                   "ModelledCR" = ModelledCR, 
                   "RealizedReturn" = prod(RealizedReturn.ts+1), 
                   "RealizedSharpe" = RealSharpe, 
                   "RealizedDR" = RealizedDR, 
                   "RealizedVolatility" = Realizedport.vol, 
                   "RealizedVWCorr" = RealizedVWCorr, 
                   "RealizedCR" = RealizedCR, 
                   "ModelledCorrelations" = ModelledCorrelations, 
                   "RealizedCorrelations" = RealizedCorrelations, 
                   "Weights" = w.dmax) 
  class(dmax.port) = "portfolio" 
  dmax.port 
} 
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#Get Risk Free Rate 
getSymbols("DGS10", src="FRED") 
rf <- to.monthly(DGS10$DGS10) 
rf <- as.vector(1+(rf[313:nrow(rf),1])/100)^(1/12)-1 
 
 
#Create Excel File with MDP outputs 
#Define Forward-looking Window, Backward-looking Window and Rebalance frequency 
Forward <- 36 
Backward <- 60 
Rebalance <- 36 
 
 
CountryOrRegion <- list("Country","Region") 
WhichSubRegion <- list("DM","EM","Combination") 
WhichPortfolio <- list("MDPLongShort","MDPLong","EquallyWeighted","CapWeighted") 
 
 
for (a in CountryOrRegion){ 
  if (a == "Country"){ 
    ExcelFile <- "MSCI-Monthly2WithNA.xlsx" 
  } else { ExcelFile <- "MSCI-Monthly2.xlsx"} 
  for (b in WhichSubRegion){ 
    SheetnumberReturn <- 1 
    SheetnumberCap <- 4 
    if (b =="EM"){ 
      SheetnumberReturn <- 2 
      SheetnumberCap <- 5 
    } 
    if (b == "Combination"){ 
      SheetnumberReturn <- 3 
      SheetnumberCap <- 6 
    } 
    Returns <- as.data.frame(read_excel(ExcelFile, sheet=SheetnumberReturn, col_names=T, 
na="NA")) 
    Returns[,2:ncol(Returns)][Returns[,2:ncol(Returns)] == "NA"] <- NA 
    Returns[,2:ncol(Returns)]<-as.numeric(unlist(Returns[,2:ncol(Returns)])) 
    Returns$Date <- as.Date(Returns$Date, format = "%y-%m-%d") 
     
    MarketCaps <- as.data.frame(read_excel(ExcelFile, sheet=SheetnumberCap, col_names=T, 
na="NA")) 
    MarketCaps[,2:ncol(MarketCaps)][MarketCaps[,2:ncol(MarketCaps)] == "NA"] <- NA 
    MarketCaps[,2:ncol(MarketCaps)]<-as.numeric(unlist(MarketCaps[,2:ncol(MarketCaps)])) 



APPENDICES 

122 

    MarketCaps$Date <- as.Date(MarketCaps$Date, format = "%y-%m-%d") 
     
    ConstructionRange <-  seq(Backward+1, nrow(Returns)-(Forward+1), by=Rebalance) 
     
    for (c in WhichPortfolio){ 
      ModelledDivRatio <- vector() 
      ModelledVolatility <- vector() 
      ModelledReturn <- vector() 
      ModelledSharpe <- vector() 
      ModelledVWCorr <- vector() 
      ModelledCR <- vector() 
      RealizedDivRatio <- vector() 
      RealizedVolatility <- vector() 
      RealizedReturn <- vector() 
      RealizedSharpe <- vector() 
      RealizedVWCorr <- vector() 
      RealizedCR <- vector() 
      ModelledCorrelations <- vector() 
      RealizedCorrelations <- vector() 
      MDPWeights <- vector() 
      DateIndex <- vector() 
       
      for (i in ConstructionRange) { 
        p <- i-Backward 
        q <- i+1 
        s <- q+Forward 
        if (a == "Country"){ 
          CorrectReturns <- Country.Returns.Calculation(Returns[p:i,],Returns[q:s,],MarketCaps[p:i,]) 
        } else {CorrectReturns <- 
Region.Returns.Calculation(Returns[p:i,],Returns[q:s,],b,MarketCaps[p:i,],MarketCaps[q:s,])} 
         
        if (c =="MDPLongShort"){ 
        weightinput <- LongShort.Weights(CorrectReturns$period1.ret) 
        } 
        if (c =="MDPLong"){ 
        weightinput <- Long.Weights(CorrectReturns$period1.ret) 
        } 
        if (c =="EquallyWeighted"){ 
        weightinput <- Equal.Weights(CorrectReturns$period1.ret) 
        } 
        if (c =="CapWeighted"){ 
        weightinput <- 
Cap.Weights.Output(CorrectReturns$period1.ret,CorrectReturns$MarketCaps) 
        } 
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        Results <- MDP.Calculation(CorrectReturns$period1.ret, CorrectReturns$period2.ret, 
rf[(p+1):i], rf[(q+1):s], weightinput, CorrectReturns$NonIntersectingNames, 
CorrectReturns$NonIntersectingPlaceholders) 
        ModelledDivRatio <- cbind(ModelledDivRatio, Results$ModelledDR) 
        ModelledVolatility <- cbind(ModelledVolatility, Results$ModelledVolatility) 
        ModelledReturn <- cbind(ModelledReturn, Results$ModelledReturn) 
        ModelledSharpe <- cbind(ModelledSharpe, Results$ModelledSharpe) 
        ModelledVWCorr <- cbind(ModelledVWCorr, Results$ModelledVWCorr) 
        ModelledCR <- cbind(ModelledCR, Results$ModelledCR) 
        RealizedDivRatio <- cbind(RealizedDivRatio, Results$RealizedDR) 
        RealizedVolatility <- cbind(RealizedVolatility, Results$RealizedVolatility) 
        RealizedReturn <- cbind(RealizedReturn, Results$RealizedReturn) 
        RealizedSharpe <- cbind(RealizedSharpe, Results$RealizedSharpe) 
        RealizedVWCorr <- cbind(RealizedVWCorr, Results$RealizedVWCorr) 
        RealizedCR <- cbind(RealizedCR, Results$RealizedCR) 
        ModelledCorrelations <- rbind(ModelledCorrelations,Results$ModelledCorrelations) 
        RealizedCorrelations <- rbind(RealizedCorrelations,Results$RealizedCorrelations) 
        MDPWeights <- rbind(MDPWeights,Results$Weights) 
        DateIndex <- cbind(DateIndex,as.character(Returns$Date[i])) 
      } 
      MDP <- cbind(t(DateIndex), t(ModelledDivRatio), t(ModelledVolatility), t(ModelledReturn), 
t(ModelledSharpe), t(ModelledVWCorr), t(ModelledCR), t(RealizedDivRatio), t(RealizedVolatility), 
t(RealizedReturn), t(RealizedSharpe), t(RealizedVWCorr), t(RealizedCR), MDPWeights, 
ModelledCorrelations, RealizedCorrelations) 
      write.xlsx(MDP, file = paste(a,"DiversificationBenefitsOutput.xlsx",sep=""), sheetName 
=paste(b,c,sep="") , append = TRUE) 
       
    } 
     
  } 
} 
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D R Code for Regressions  

rm(list = ls()) 
setwd("~/MastersThesis") 
 
library(readxl) 
library(lmtest) 
library(car) 
library(xlsx) 
library(tseries) 
library(urca) 
library(vars) 
 
#Get Data 
THREEYRData <- as.data.frame(read_excel("RegressionData.EW.xlsx", col_names=T, sheet=1, 
na="NA")) 
THREEYRData[,2:ncol(THREEYRData)]<-as.numeric(unlist(THREEYRData[,2:ncol(THREEYRData)])) 
 
 
#Test for Stationarity of Variables 
summary(ur.df(THREEYRData$EW.DR.Global, type='trend', lags =12, selectlags=c("AIC"))) 
kpss.test(THREEYRData$EW.DR.Global, null='Trend') 
 
summary(ur.df(THREEYRData$EW.DR.DM, type='trend', lags =12, selectlags=c("AIC"))) 
kpss.test(THREEYRData$EW.DR.DM, null='Trend') 
 
summary(ur.df(THREEYRData$EW.DR.EM, type='trend', lags =12, selectlags=c("AIC"))) 
kpss.test(THREEYRData$EW.DR.EM, null='Trend') 
 
 
summary(ur.df(THREEYRData$Trade.Linkages.Global, type='trend', lags =12, selectlags=c("AIC"))) 
kpss.test(THREEYRData$Trade.Linkages.Global, null='Trend') 
 
summary(ur.df(THREEYRData$LToGDP.DM, type='trend', lags =12, selectlags=c("AIC"))) 
kpss.test(THREEYRData$LToGDP.DM, null='Trend') 
 
summary(ur.df(THREEYRData$LToGDP.EM, type='trend', lags =12, selectlags=c("AIC"))) 
kpss.test(THREEYRData$LToGDP.DM, null='Trend') 
 
 
 
#Additional tests and output of Global 
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Variables <- 
cbind(THREEYRData$EW.DR.Global,THREEYRData$Trade.Linkages.Global,THREEYRData$LToGDP.
EM,THREEYRData$LToGDP.DM) 
Dummies <- cbind(THREEYRData$Recession.Dummy2,THREEYRData$Recession.Dummy3) 
colnames(Dummies) <- c('exo','exo') 
VARselect(Variables, lag.max = 12, type = "none")  
summary(ca.jo(as.data.frame(Variables), type="trace", K=12, ecdet="none", spec="longrun", 
dumvar=Dummies)) 
 
x <- 
lm(EW.DR.Global~Recession.Dummy1+Recession.Dummy2+Recession.Dummy3+Trade.Linkages.
Global+LToGDP.DM+LToGDP.EM, data=THREEYRData) 
summary(x) 
summary(ur.df(x$residuals, lags=12, selectlags=c("AIC"))) 
kpss.test(x$residuals) 
resettest(x, power=2, type ="fitted", data=THREEYRData) 
vif(x) 
bptest(x) 
coeftest(x,vcov=hccm(x, type="hc0")) 
 
 
#Additional tests and output of DM 
Variables <- 
cbind(THREEYRData$EW.DR.DM,THREEYRData$Trade.Linkages.Global,THREEYRData$LToGDP.D
M) 
VARselect(Variables, lag.max = 12, type = "none")  
summary(ca.jo(as.data.frame(Variables), type="trace", K=12, ecdet="none", spec="longrun", 
dumvar=Dummies)) 
 
x <- 
lm(EW.DR.DM~Recession.Dummy1+Recession.Dummy2+Recession.Dummy3+Trade.Linkages.Glo
bal+LToGDP.DM, data=THREEYRData) 
summary(x) 
summary(ur.df(x$residuals, lags=12, selectlags=c("AIC"))) 
kpss.test(x$residuals) 
resettest(x, power=3, type ="fitted", data=THREEYRData) 
vif(x) 
bptest(x) 
coeftest(x,vcov=hccm(x, type="hc0")) 
 
 
#Additional tests and output of EM 
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Variables <- 
cbind(THREEYRData$EW.DR.EM,THREEYRData$Trade.Linkages.Global,THREEYRData$LToGDP.EM
) 
VARselect(Variables, lag.max = 12, type = "none")  
summary(ca.jo(as.data.frame(Variables), type="trace", K=7, ecdet="none", spec="longrun", 
dumvar=Dummies)) 
 
x <- 
lm(EW.DR.EM~Recession.Dummy1+Recession.Dummy2+Recession.Dummy3+Trade.Linkages.Glo
bal+LToGDP.EM, data=THREEYRData) 
summary(x) 
summary(ur.df(x$residuals, lags=12, selectlags=c("AIC"))) 
kpss.test(x$residuals) 
resettest(x, power=3, type ="fitted", data=THREEYRData) 
vif(x) 
bptest(x) 
coeftest(x,vcov=hccm(x, type="hc0")) 
 

 

 


