
   
 

   
 

Linköping university | Department of Management and Engineering 

Master’s thesis. 30 credits | Master’s program – Economics 

Spring 2019 | ISRN- number: LIU-IEI-FIL-A--19/03125--SE 

 

 

 

 

Stock market integration  

between the BRICS countries 

-Long-term investment opportunities 

_______________________________________________________________________ 

Aktiemarknadsintegration  

mellan BRICS länderna  

-Långsiktiga investeringsmöjligheter  

 

 

Richard Konradsson 

Theodor Porss 

 

 

Supervisor:  

Bo Sjö 

  

 

 

Linköping University  

    SE-581 83 Linköping. Sweden 

                   013 - 28 10 00. www.liu.se  

http://www.liu.se/


   
 

 

 

 

 

 

 

 

 

 

 

 

 

English title: 

Stock market Integration  

   between the BRICS countries 

-Long-term investment opportunities   

Swedish title: 

Aktiemarknadsintegration mellan BRICS länderna  

-Långsiktiga investeringsmöjligheter  

Authors: 

Richard Konradsson 

ricko780@student.liu.se 

Theodor Porss 

thepo375@student.liu.se 

Supervisor: 

Bo Sjö 

Publication type: 

Master Thesis in Economics 

Master’s program in Economics at Linköping University 

Advanced level. 30 credits 

Spring semester 2019 

ISRN number: LIU-IEI-FIL-A--19/03125--SE 

Linköping University 

Department of Management and Engineering (IEI)  

www.liu.se  

 

 

mailto:ricko780@student.liu.se
mailto:thepo375@student.liu.se
http://www.liu.se/


   
 

 

Acknowledgements  

We would like to give a special thank you to our supervisor Bo Sjö as well as our opponents for the helpful 

and insightful comments that they have provided during our meetings. We would also like to thank our 

seminar group for the constructive feedback that has proven to be of great assistance to us.  

 

 

 

 

 

 

  



   
 

 

Abstract  

This paper investigates the long-term diversification opportunities that exists for global investors among 

the BRICS nations. It analyzes how risk-averse investors can allocate funds between the countries in order 

to maximize the expected return in relation to the overall risk. It utilizes an empirical cointegration approach 

in tandem with modern portfolio theory during the time period 1999-2019. The empirical results of 

cointegration that is found supports the suggestion that the BRICS markets have a stable risk-premium 

between each other and that they all share similar systematic risk factors. The results further support the 

construction of a portfolio solely compromising of stocks from four out of the five BRICS markets, since 

then they do not share any long-run co-movements with each other. Moreover, the markets of Brazil, India, 

China and South Africa are strong candidates for reducing portfolio risk without sacrificing the adjusted 

portfolio return. The results also indicate several causal relationships between the nations, with China as the 

main driving force. This suggest that shocks in the Chinese market will spread and effect the rest of the 

BRICS markets, either directly or through one of the other markets. This is important knowledge for global 

policy-makers since China could be affected by markets outside the co-operation and subsequently transfer 

it to the rest of the BRICS markets. Since the countries accounts approximately 25 % of the global GDP, 

policy-makers must act with great care before implementing economic policies against China, since the 

consequences can have a much larger and wider effect than they anticipate.         
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Sammanfattning  

I denna uppsats undersöks de långsiktiga diversifieringsmöjligheterna som existerar för globala investerare 

bland BRICS-länderna. Den analyserar hur risk-aversa investerare kan fördela sina tillgångar mellan länderna 

för att maximera den förväntade avkastningen i förhållande till risken. Rapporten utnyttjar en empirisk 

kointegrationsanalys i samverkan med modern portfolioteori under tidsperioden 1999-2019. De empiriska 

resultaten i rapporten indikerar att det finns ett stabilt riskpremium mellan BRICS-marknaderna och att de 

alla har liknande systematiska riskfaktorer. Resultatet indikerar även att en aktieportfolio enbart bör bestå 

utav fyra av de fem marknaderna, eftersom de då inte delar någon långsiktig jämnvikt med varandra. 

Brasilien, Indien, Kinas och Sydafrikas marknader är starka kandidater för konstruktionen av en optimal 

portfolio som minskar risken utan att kompromissa avkastningen. Rapporten finner även flera kausala 

samband mellan länderna med Kina som huvudsaklig drivkraft. Detta pekar på att chocker som drabbar 

den kinesiska marknaden direkt eller indirekt kommer att sprida sig till de resterande BRICS-marknaderna. 

Detta är av yttersta vikt för globala beslutsfattare då beslut och restriktioner implementerade gentemot Kina 

utifrån kommer att påverka de övriga av marknaderna. Eftersom BRICS-länderna står för cirka 25 % av 

globalt BNP så måste beslutsfattare agera med stor försiktighet innan de implementerar ekonomiska 

sanktioner gentemot Kina. Konsekvenserna kan komma att bli alvarligare och större än vad de förväntat 

sig.  

 

Nyckelord: BRICS; kointegration; diversifiering; kausala samband; systematisk risk; risk-premium    
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1. Introduction 

The purpose of this paper is to explore the relationship between the Brazilian, Russian, Indian, 

Chinese and South African (BRICS) stock markets. It investigates how these prominent emerging 

nations are related to each other, and how they can provide global investors with the potential for 

long-term diversification opportunities. To do so a cointegration analysis is implemented alongside 

a causality analysis on the logarithmic closing prices during the period 1999-2019. A mean-variance 

optimization is then utilized to investigate how a risk-averse investor can allocate funds in a 

portfolio consisting of the BRICS markets in order to achieve long-term diversification. To explore 

the relationship between the stock markets, indices from respective country have been collected. 

The S&P 500 will be utilized as a bench-mark index as well as a proxy for the global market since 

the U.S accounts for approximately 50 percent of the global market capitalization (World Bank 

Group 2019).  

The original BRIC co-operation was officially founded in 2009, and by that time the participating 

countries only consisted of Brazil, Russia, India and China (Luckhurst 2013). China subsequently 

invited South Africa to join the co-operation in 2010 which created the BRICS collaboration as it 

is known today (Global Sherpa 2019b). Later, in 2014, the New Development Bank was formalized 

in order to further increase the mobility of resources between different projects among the BRICS 

nations. It was also supposed to provide economic stability, solidity, and integration among its 

member countries (New Development Bank 2017, 2019).  

The BRICS countries have during the recent decades emerged as the most dominant emerging 

markets in the world. Between them the five countries contain about 40% of the world’s population 

and together they account for more than 25% of the global GDP (Global Sherpa 2019a). The five 

countries are distinguished from other emerging markets primarily due to their demographic and 

economic potential to become part of the world’s most influential and largest economies during 

the 21st century. A recent forecast on the future of the world’s biggest economies (Appendix Q) 

rank four out of the five BRICS countries in the top ten by the year 2050 (Global Sherpa 2019a). 

All the countries in the BRICS co-operation has experienced high growth for large parts of the last 

decade and each nation is different in their own unique way. According to the IMF (2019), India is 

the fastest growing economy among the BRICS countries, followed by China, Brazil, Russia and 

South Africa respectively. High growth rates is the common factor for these nations, making this 

collaboration such a powerful force in the global economy today.  

Simultaneously the financial markets in the BRICS co-operation have expanded rapidly as well. 

According to Bandi (2013) market capitalization in Brazil rose from 4 percent of its GDP to 74 

percent during 1990 to 2010. India’s rose from 12 percent to 93 percent and Russia’s increased 

from almost nothing to 70 percent. China likewise increased from barely nothing to 81 percent, 

and in South Africa it more than doubled from 123 to 278 percent. However, these five countries 

are vastly different when it comes to their structural characteristics, geopolitical importance and 

economic policies1. The countries also differ in their internal political structure and their cultural 

                                                                 
1 In depth information about the BRICS nations can be found at: http://www.statssa.gov.za/wp-
content/uploads/2018/11/BRICS-JSP-2018.pdf (Accessed May 16, 2019)   
  

http://www.statssa.gov.za/wp-content/uploads/2018/11/BRICS-JSP-2018.pdf
http://www.statssa.gov.za/wp-content/uploads/2018/11/BRICS-JSP-2018.pdf
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differences. These differences could indicate the existence of diversification opportunities and are 

therefore worth investigating.  

In the globalized markets of today, investors have to consider the benefits of long-term 

diversification. The problem is that financial markets tend to become more integrated over time 

and thus canceling out this long-term diversification effect. This has made investors increasingly 

active in foreign capital markets over the years in search of better investments to reduce their 

portfolio risk. With the increasing global financial development it has become easier to make cross-

border investments as well. This has led to more interdependency between countries, which in turn 

has resulted in financial markets around the world  becoming more integrated as time passes 

(Chevallier et al. 2018).     

Since it is important for investors to understand the financial relationship that exists between 

nations and markets in order to maximize the benefits of portfolio diversification, the subject has 

received much attention in the literature (Jegadeeshwaran & Sangeetha 2018). However, the results 

of previous studies regarding financial integration have been inconsistent at times, even 

contradicting (Hilliard 1979 and Abbas, Chancharat & Harvie 2008). This highlights the importance 

of further studies into the area in an increasingly open world. If the BRICS stock markets are 

independent of one another, investors can seek to leverage this to their advantage in terms of 

international portfolio diversification when allocating funds between the countries. However, if the 

markets are found to be closely integrated, the long-term benefits from diversification are lost. The 

BRICS nations are defined as emerging markets, which have proven to be valuable to create an 

optimal diversified portfolio with an increased expected return (Harvey 1995). For investors to 

make informed decisions of how and where to allocate their funds, it is necessary to investigate the 

long-term relationship between the BRICS markets and if they are integrated.   

There are different approaches to measure financial integration and to what extent it exists. One 

of the more common measures is identifying the correlation between the nations stock market 

returns (Jones & Witte 2011). This started in the 1970’s where studies from Solnik (1974) and Levy 

& Sarnat (1970) conducted empirical research based on the conclusion that investors could reduce 

risk if they spread their capital geographically and across various assets classes with low correlation 

(Markowitz 1952). In a follow up study, Solnik et al. (1996) concluded that the global correlation 

overall had increased during the period 1957-1995, pointing towards an increasing global financial 

stock market. Even though correlation has been widely used in the past to measure financial 

integration, it has its limitations. Particularly when it comes to analyzing the long-run dynamic 

relationship between the assets and the dependency between them (Alexander et. al 2002). A 

cointegration analysis is therefore implemented in this paper to acquire a better understanding of 

the long-run relationship between the stock markets, while at the same time enabling the possibility 

to examine the short and long run dependency between them.  

By applying a cointegration analysis the purpose of this paper is as previously stated, to examine 

and investigate if the five nations in the BRICS co-operation are financially integrated and how 

investors can utilize this to their advantage if they decide to allocate funds between them.  
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We therefore aim to answer the following questions: 

- What are the long-term diversification opportunities for global investors among the BRICS 

countries? 

 

- How would an optimal risk-averse portfolio be constructed and what underlying 

investment strategy is suitable based on the results?    

This paper aims to further fill the gap that still exists in the econometric literature on cointegration 

between emerging markets and the BRICS co-operation more specifically. It concurrently aims to 

show that an econometric approach can work well with modern portfolio theory to help investors 

make good and informed decisions when optimizing a portfolio and implementing an overall 

strategy, which previously studies have not.   

The stationarity of the indices is first tested with an Augmented-Dickey Fuller test. This is done 

since the variables need to be integrated of the same order to be allegeable for the estimation of a 

Vector Autoregressive model (VAR-model). Before we test for cointegration using the VAR-

model, we have to  determine the appropriate number of lags to include in the model. The number 

of lags that are determined primarily by the Akaike Information Criterion, but they can be adjusted 

manually to reduce potential autocorrelation that may still be present in the model. When the VAR-

model is correctly specified we perform a multivariate cointegration test to investigate if there exists 

a long-run relationship between the five stock markets or not. We stop with the VAR-model if 

there is no cointegration present, but if cointegration however is found, we proceed to estimate a 

Vector Error Correction Model (VECM) in order to find the estimated long-run and short-run 

equation. These equations will give further insight into the relationship between the five markets 

and help us draw further conclusions. If cointegration is found and thus confirms the absence of 

long-run diversification, further tests will be conducted in order to investigate if there exist other 

combinations of the markets that generates diversification benefits for global investors. Precedingly 

a causality analysis is also performed to determine if certain markets are dependent on others.  

When the cointegration and causality analysis is finished, a portfolio optimization is performed to 

determine how an investor can allocate funds between the five countries in order to minimize the 

risk and maximize the potential returns. The construction of the optimal portfolio will utilize 

modern portfolio theory and is based on the logarithmic returns from the indices collected. The 

use of stock indices, even though they do not represent the entirety of the markets, gives a good 

approximation of them and is the reason why they are utilized in this study. In addition, this paper 

does not take political uncertainty, behavioral finance, preference investing or additional risk 

factors into consideration since we do not have the resources to investigate every aspect of the 

portfolio optimization.   

This paper will first start with a brief review of the related literature in section two, which is then 

followed by the theoretical framework and the chosen methodology in section three and four. 

Section five will present the chosen data for the underlying cointegration analysis and the portfolio 

optimization. Section six will present the empirical findings and results, section seven will showcase 

our discussion, and finally section eight will review potential policy implications and conclusions 

based the empirical results.    
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2. Literature review 

In this study financial integration is defined as the interconnectedness between financial markets, 

which implies that prices and returns on financial assets in different markets converge over time. 

This means that  investors will have the same risk-adjusted returns no matter where an asset is 

bought. There exist previous studies on the financial integration between BRIC (Brazil, Russia, 

India & China) as well as BRICS (Brazil, Russia, India, China & South Africa) and the results have 

been inconclusive.  

Korajczyk (1996) studied the integration between developed and emerging markets and conclude 

that the market segmentation is higher in the emerging markets when compared to the developed 

markets. Korajczyk (1996) attributes this to the barriers that capital-flow is facing in and out of the 

emerging markets. The conclusion is that the stock exchanges of developed countries are more 

integrated than those of the emerging markets. Awokuse et al. (2009) points out that although the 

empirical evidence from cointegration models have shown that stock market integration is present 

in some markets, the evidence points to conflicting results regarding the dynamic interdependence 

between emerging markets.  

Sharma et al. (2013) studies the interrelationship between the stock indices of BRIC and find that 

the stock markets of Brazil, Russia, India and China are influenced by each other. Dasgupta (2014) 

also finds that there exists one cointegrating vector among the chosen indices between Brazil, 

Russia, India and China (BRIC) and the results further indicates short-term bidirectional Granger 

relationship between the Indian and Brazilian stock markets. It is also discovered that the Chinese 

market is a driving force for the Brazilian market and that the Brazilian market subsequently is a 

driving force for Russian market. Finally, he concludes that India is the dominant market between 

the four, since it has a strong impact on both the Brazilian and Russian market.  

Naidu et. al. (2014) conducts similar tests, where it first investigates the relationship between the 

BRIC countries during 1997-2014 and finds no integration among the countries. They then proceed 

to do the same but for the period 2009-2014. The results imply that cointegration exists between 

the nations, implying that the result may vary depending on the chosen time-period. Jitin & Jitender 

(2011) however conclude that the stock prices within BRIC are moving together, which both 

confirms and contradicts the results of Naidu et. al. (2014).    

Singh & Kaur (2016) divide their data sample into two data sets, were the first covers 2004-2013 

and the second 2007- 2013. They do not find any co-movements for BRIC in any of the samples, 

but pairwise they are able to find co-movements between Brazil, Russia and China when excluding 

India during the financial crisis and the years that follows.  

Mohammad and Velmurugan (2017) discovers unidirectional cause and effect relationship between 

the BRICS countries and finds that there are no long-run relationships between the countries. This 

is further confirmed by Jegadeeshwaran and Sangeetha (2018), who conclude that unidirectional 

relationship exist between some of the BRICS markets, but not all. This implies that there is a 

possibility for investors to diversify their portfolio between some of the BRICS countries. The 

results in these studies gives a clue about these group of stock exchanges and how they might be 

good candidates in a multi-national diversified long-term investment.   
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Prakash, Naurival & Karu (2017) however find that the financial integration between the BRICS 

nation is on ascension, but not yet complete, and they put much emphasis on the need for more 

research before it can be confirmed. With no long-run relationship between the BRICS countries, 

the opportunity for diversified portfolio investment increases. However, they note that most 

studies that uses stock market indices seems to find enhanced levels of integration among the 

markets. Ouattara (2017) further points out that it is important to note that the integration level 

has tendencies to increase over time, which then can result in the decrease of market segmentation. 

The most implemented investigation method in all of these papers is the Johansen’s cointegration 

test, the Granger non-causality test within the frame of a VAR/VECM approach. It is however 

implemented during different time periods, since the data frequency varies from daily, weekly, 

monthly and quarterly. The inconsistency of the results might therefore be related to inconsistency 

in the data that is analyzed.   

Ljumba (2013) on the other hand utilizes the usage of a GARCH-multivariate model when 

conducting an analysis of the BRICS nations between the period 2000-2012. The conclusions that 

it reaches is that the interdependence of the BRICS countries cannot be rejected, indicating that a 

long-run relationship between the five nations might be present in the sample. This further 

strengthens the hypothesis that the BRICS markets can reduce the potential of long-term 

diversification for global investors.  

Bonga-Bonga (2018) states that cross-transmission across countries in the BRICS co-operation is 

limited during the sample period 1996-2012. A VAR-DCC-GARCH model is used to reach this 

conclusion, and that the international investor who is looking for a diversified portfolio should 

consider the BRICS countries as viable options. This is further backed up by Liu, Hammoudeh 

and Thompson (2013) who concludes that the BRICS countries can indeed add to diversification 

benefits in a portfolio.   

The findings on stock market integration between the BRIC and BRICS are still contradicting and 

the variation of the results could be attributed to differences in variable selections, methods, and 

the time periods chosen. Therefore, a single general conclusion of the market integration between 

these emerging markets does not yet exists. As previously stated, this paper aims to further fill this 

gap in the literature by utilizing the VAR/VECM approach to study the financial integration 

between the BRICS countries, but over a longer time period than previous studies.  

           

  



   
 

 6 

3. Theoretical framework  

3.1 Efficient Markets  

The study is conducted with the underlying assumption of efficient markets, which is central in the 

world of finance. Fama (1970) defines efficient markets as markets that fully reflects all available 

information. There are different forms of market efficiency based on the degree of information 

that is available and Fama (1970) divides them into three relevant information subsets. They consist 

of weak form, semi-strong form and strong-form market efficiency. The most common one is the 

weak-form efficiency, which states that all historical information about the price is reflected in 

today’s price, and is the form that is of relevance to this study.   

Efficient markets restrict the option for investors to generate extra profit since the stock prices 

already reflects all available information. The possibility to earn extra profit through arbitrage is 

therefore eliminated since arbitrage opportunities only presents themselves if the prices of the same 

or similar assets deviate from each other and then can be exploited. The weak efficiency form also 

implies that the future price movements is impossible to predict since they do not follow patterns 

or trends.  

3.2 Modern Portfolio Theory  

The Modern Portfolio Theory (MPT) or Mean-Variance Optimization was developed by Harry 

Markowitz and will be utilized to construct the optimal portfolio for the risk-averse investor.   

Markowitz assumed that most investors are looking to minimize the risk in relation to the highest 

possible returns. Modern Portfolio Theory states that instead of looking into the expected risk and 

return for individual investments, they can benefit from diversification and reduction in volatility 

of the whole portfolio (Markowitz 1959).  

The theory states that the use of historical data is important and useful since history may repeat 

itself (O’Neil 2000). The modern portfolio theory at its core seeks to optimize the relationship 

between risk and return to create what is called an efficient portfolio. No other portfolio will have 

a higher return at the same level of risk as this efficient portfolio (Markowitz 1959). To find the 
efficient portfolio, Markowitz devised what he referred to as the efficient frontier curve. This is a 

trade-off curve with the expected return on the y-axis and the standard deviation or the risk on the 

x-axis. The efficient frontier makes it possible to identify the optimal portfolio and is a graph that 

represents risk and return for a number of different portfolios. For a portfolio to be on the efficient 

frontier it must maximize the return for the given level of risk (Manganelli 2003). To find the 

optimal portfolio each asset is weighted with the help of historical data, but since returns are not 

fixed over time, the weights must be reallocated as time passes.  

The Sharpe-ratio is used to measure the risk adjusted performance of the portfolio and was first 

introduced as a measurement for the performance of mutual funds by Sharpe (1966). The higher 

the ratio the better its risk-adjusted performance is.  

 

 



   
 

 7 

It is written as follows:  

S = 
𝐸(𝑟)−𝑟𝑓


    (3.1) 

Where: 

S = Sharpe-ratio 

E(r) = Expected return of the portfolio  

rf = Risk-free rate   

 = volatility of the portfolio.  

3.3 The Capital Asset Pricing Model  

The Capital Asset Pricing Model (CAPM) is utilized to calculate the expected return for each 

stock market, which subsequently is used to optimize the weights of the portfolios.  

The CAPM was developed to improve the mean-variance concept of Markowitz (1952) and it 

describes the relationship between risk and expected return for a risky asset. The Capital Asset 

Pricing Model is defined as a normative theory and it states how something should be. The 

model is dependent on a number of assumptions, whereas the most important ones according to 

Harrington (1987) are:  

- All investors are expected to behave relationally.  
- All investors have the same expectations about risk and returns.  
- All investors have the same time horizon.   
- All investors have access to the same information.   
- Unlimited opportunity to lending and borrowing under the risk-free rate of interest.  
- No taxes or transaction costs are present.   
- Short positions are possible to take.   
- All assets are liquid and divisible into small parcels.   

The relationship was first introduced by Sharpe (1964) and Lintner (1965) and can be written as 

the following equation:  

 

E(Ri) = Rf +i(E(Rm)-Rf)   (3.2) 

Where:  

Rf = Risk free rate of return  

i = Beta of security i (risk)  

 = 

𝐶𝑜𝑣(𝑅𝑖,𝑅𝑚)

𝑉𝑎𝑟(𝑅𝑚)
   

E(Rm) = Expected return of the market  

Rm-Rf = Market risk premium  

The coefficient i measures the linear relationship between the return of asset Ri and the market 

portfolio Rm. The benchmark that will represent the Rm to calculate  for every index is the S&P 

500 index since it gives a good approximation of the global market portfolio.  
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4. Methodology  

The study focuses on the multivariate cointegration relationship between the BRICS countries 

since it will give insight into different areas that are useful for investors. It builds on the 

cointegration technique suggested by Johansen (1988) and the VAR/VECM approach. If the five 

stock markets are found to have a cointegrating relationship it can be said that the markets share a 

stochastic common trend in the long-run (Emanuelsson et al. 2012).  

An important indication from such a result is primarily that the stock markets from the five 

countries are integrated, or are becoming more integrated as time passes. A cointegrating 

relationship would moreover imply that a causal linkage between the variables in at least one 

direction exists (Engle & Granger 1987).  If the five markets however do not show any signs of 

cointegration it would imply that the long run correlation coefficient is equal to zero. This means 

that over time the markets constantly would move away from each other since they in the long-run 

do not share a common stochastic trend.  

A portfolio optimization will then be performed to determine how a global investor could 

maximize this potentially long-term diversification opportunity. This is done with the help of the 

modern portfolio theory developed by Harry Markowitz. The analysis and optimization have been 

conducted with the help of Microsoft Excel and Eviews 10 software.   

4.1 Cointegration analysis  

Integration or Cointegration can be defined as the long-run steady state relationship among the 

included variables (Sjö 2019). Therefore, financial integration can be explained as the co-movement 

between the stock markets and this co-movement is identified  through a cointegration analysis. 

Another important conclusion that can be drawn from a cointegrating relationship is that even if 

the markets share a long-run trend, they still can deviate from each other in the short-run. The 

potential consequences of this is primarily that global investors who are looking to diversify might 

lose some of the short-run benefits, if they only focus on the long-run relationship.  

Since we want to analyze both the long-run and short-run relationship between the BRICS stock 

markets, a multivariate cointegration analysis is suitable. The process explains both the long-run 

relationship as well as the short-term deviations from the steady state equilibrium. It also gives the 

possibility to examine if certain markets are directly dependent or co-dependent of one another in 

the BRICS co-operation. This dynamic cointegration relationship offers better insight than the 

common correlation analysis. This allows for deeper conclusions which is of interest for investors. 

According to Hubana (2013) as a rule of thumb, the combination of two integrated variables will 

always be integrated at the higher order of the two orders of integration. Overall when it comes to 

time series the most common order of integration is zero or one (Brooks 2008).   

4.2 Unit-root test 

Time series data is often non-stationary at level and therefore needs to be differentiated of the same 

order to implement a cointegration analysis (Sjö 2019). This is due to that over time the mean and 

variance of non-stationary series fluctuates and therefore needs to be integrated of order I(d) to 

make it weak stationary.   
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Before being able to implement a cointegration analysis between our time series, the series needs 

to be confirmed at a common order of integration. There are several tests to confirm the order of 

integration and in this paper the use of the Augmented Dickey-Fuller test have been utilized.   

 

The Augmented Dickey-Fuller test undertakes that a series is integrated of order I(d), this implies 

that the series are non-stationary at level (Dickey & Fuller 1979). Furthermore, the null 

hypothesis and alternative hypothesis in the test can be written as following: 

H0: Yt ~ I(1)   (4.1) 

Ha: Yt  ~ I(0)   (4.2) 

The null hypothesis can be rejected if the values are significant and the data set are then considered 

to be stationary. However, if the values are not significant, the null hypothesis cannot be rejected 

and the series are assumed to be stationary at a higher order of integration, in this case I(1) 

(Emanuelsson et al. 2012). If the higher order of integration is suspected, then proceed with the 

following hypothesis where ∆ represents the first-order operator.  

H0: ∆Yt ~ I(1)   (4.3) 

Ha: ∆Yt  ~ I(0)   (4.4) 

If the null hypothesis can be rejected in this instance the series becomes stationary at I(1). If both 

series are integrated of the same order, they can be used for reliable statistical inference.   

The equation for the ADF-test with lagged values in the dependent variable can be written in the 

following way:                  
 

∆𝑌𝑡 = 𝛽1 + 𝛽2t + 𝛿𝛾t-1 + ∑ 𝛼𝑝
𝑖=1 i∆𝑌t-i + 휀t  (4.5) 

 

The parameters in the equation characterizes the following: 𝛽1 is a drift parameter, 𝛽2 is the 

coefficient on time component (t). 𝛿 is the testing coefficient of unit root, p is the lag order of first 

difference series, 𝛼i is the coefficient of lagged first difference series and finally 휀t represents a pure 

white noise error-term. The 𝛿 = 0 is the null hypothesis and depending on the outcome of 𝛿 = (p-

1), tells if it is possible to reject the null hypothesis or not. If the null hypothesis gets rejected, there 

does not exist a unit root (Singh & Kaur 2016).  

To find the optimal lag length different alternatives can be used. However, in this paper the model 

with the lowest Akaike Information Criterion (AIC) value will be used as a reference point. The 

test is performed with accordance to the Pantula Principle, which states that the test starts with the 

higher order of integration against the lower order until the null-hypothesis no longer can be 

rejected (Pantula 1989).   

4.3 Johansen’s test 

Once the order of integration is determined and are identical for all series, the test for cointegration 

can begin. Starting with the Johansen’s cointegration test by first constructing a Vector 
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Autoregressive model (VAR-model). This method is used to find cointegrating vectors, which are 

then implemented and rewritten into a Vector Error Correction Model (VECM) if cointegration is 

identified. It is then possible at this point to identify possible long-run and short-run relationships 

respectively between the nations (Singh & Kaur 2016).  

The VAR-model is set up as following when xt is the p-dimensional vector of a stochastic time 

series variables, represented as the k:th order VAR-model (Sjö 2019):  
 

xt = ∑ 𝑘
𝑖=1 i xt-i + Dt + t   (4.6) 

 

Where i is the matrix of the coefficients for lag number i. Dt is a vector of deterministic variables 

that includes a constant term, seasonal dummies and other dummies and t is a residual vector.  

Johansen’s (1991) cointegration equation trace test: 

 

𝜆Trace (r) = -T ∑
 
 

𝑛
𝑖=𝑟+1 ln(1-𝜆´)   (4.7) 

The trace test is a joint test that for the null hypothesis H0: r=0 against the alternative hypothesis 

Ha: r  0. The number of tested vectors is represented by r. T is the sample size and 𝜆´ represents 

the estimated values of the characteristic root, ranked from largest to smallest (Wadström & 

Wittsberg 2018).   

The VAR-model can then be rewritten as a Vector Error Correction Model (VECM) (Sjö 2019):  
 

xt = xt-1 + ∑ k−1
i=1 i xt-i + Dt + t  (4.8) 

 

The VECM has a shorter lag-length than the corresponding VAR and therefore the lag-structure 

is k-1 instead of k.  

4.4 Granger Non-Causality test 

The Granger non-causality test is used to find possible causality in the short-run between the 

variables to further study the potential integration. This test will help to see if one time series affects 

another and acts as a driving force for any other market. The Granger non-causality will be used in 

the framework of our VAR approach (Mohanasundram & Karthikeyan 2015). One of the main 

assumptions is that the error process in the VAR is a white-noise process.  

To investigate if yt Granger causes xt, it can be performed with the following model (Sjö 2019):  

 

zt = ∑ 𝛾𝑘
𝑖=1 ixt-i + ∑ 𝛿𝑘

𝑖=1 iyt-i + ηt       (4.9) 

 

The lag-length (k) is determined so that the residual vector is a white-noise process, and 

ηt ~NID (0, 2). If lagged values of yt predicts xt: yt is Granger causing xt.     
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With the help of the Akaike Information Criteria (AIC), the optimal lag length is chosen and 

connections between the series in a multivariate VAR model can be found (Ali, Butt and Rehman 

2011).  

4.5 Mean variance optimization  

To estimate the efficient portfolio, let i be the expected return and i
2 the covariance for each of 

the indices, i=(1, … ,n). For any indices i and j, the correlation coefficient between them, ij., is 

assumed to be known in addition to their expected return and covariance.  

Let xi represent the total proportion invested in index i. The expected return and the variance of 

portfolio x = (x1, …,xn) can be written as: 

 

E[x] = x11 +…+ xnn = Tx   (4.10) 

Var[x] = i,j ijijxixj = xTx   (4.11) 

 

Where ij  1. i,j = ijij and  = (1, … ,n) 

If portfolio x generates the highest possible expected return for a certain amount of risk, it lays on 

the efficient frontier that is generated by the collection of efficient portfolios where each portfolio 

is maximizing their respective expected return for the given level of risk.  

In this paper the aim is to minimize the portfolio risk or variance utilizing the mean-variance 

analysis of Markowitz (1952), while it is respecting a target value Rf as the minimum expected 

return:  

  min(𝑥): xT  x   (4.12) 

  Tx  Rf   (4.13) 

  vTx = 1   (4.14) 

Where v is an n-dimensional sum vector that is equal to 1. This means that the total weight of the 

portfolio and its indices need to be equal to 1 which indicates that 100 % of the funds have been 

invested between the assets in the portfolio. Rf  in our case represents the risk-free rate of return.   

 

  



   
 

 12 

5. Data 

The sample starts in 1999 and the total period covers January 1999 – January 2019. The time period 

is chosen since it approximately represents the 10 years before the official BRICS co-operation was 

founded as well as the 10 years after. With a timespan of 20 years and with monthly data, the total 

number of observations are therefore 241 in total.  

Furthermore, every index has been kept in their original currency to avoid exchange rates 

fluctuations (Sing & Kaur 2016) to more accurate capture the co-movements between the markets 

(Alexander 2001). The data has been collected from Thomson Reuters Eikon and the indices used 

are CNX NIFTY 50 (India), IBOVESPA (Brazil), MOEX (Russia), SSE Composite Index 

Shanghai (China), the FTSE/JSE all-share index (South Africa) and the S&P 500 (Global market). 

The data is in logarithmic form since reduces heteroskedasticity that may be present in the data. As 

the descriptive statistic is analyzed (Appendix A & B), it is clear that the Russian market is the most 

volatile one, both when it comes to the logarithmic closing prices and the logarithmic returns. 

However, the Russian market is also the market with the highest average return with its 0.015 

percent. The relationship that higher volatility generates potential higher returns is a well-known 

concept in finance. South Africa  displays the lowest volatility in the logarithmic stock market 

returns, while China has the lowest volatility in terms of the logarithmic closing prices.  

To investigate if the series are normally distributed they are tested with a Jarque-Bera test for 

normal distribution. The test reveals that the null-hypothesis can be rejected in all cases except for 

China in terms of the closing prices (Appendix A), indicating that China is the only series that is 

normally distributed. However, for the logarithmic returns (Appendix B) none of the series display 

any signs of normal distribution since the null-hypothesis is rejected in all instances. The skewness 

reveals that the logarithmic closing prices as well as the logarithmic returns do not follow a 

Gaussian normal distribution (Verbeek 2017).   

Table 1: Stock market indices      

CNX NIFTY 50:  The index uses well recognized and financially sound companies from the 

Indian stock market (Bloomberg 2019b). 

IBOVESPA:  Is one of the most common indexes in Brazil, it is constructed by the most 

traded companies on the Sao Paulo stock Exchange (Bloomberg 2019a).  
MOEX: Includes stocks from the largest and most dynamically developing Russian 

issuers on the Moscow stock exchange (Bloomberg 2019c).  
SSE Composite Index: Is an index that best represents the Shanghai security market, it consists of all 

A-shares and B-shares listed on the Shanghai stock exchange (Bloomberg 

2019e).  

FTSE/JS All-share Index: Business that make up for the top 99% of the pre-free float market 

capitalization of all listed companies on South African Stock Exchange 

(Bloomberg 2019d). 

S&P 500 Index: The S&P 500 captures approximately 80 % of the available market 

capitalization and is widely regarded as the best single gauge large-cap U.S 

equities (Bloomberg 2019f). 

Note: CNX Nifty 50 represents India, Ibovespa represents Brazil, MOEX represents Russia, SSE composition index 

represents China, FTSE/JSE represents South Africa and S&P 500 represents the global market.  
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These five indices are the most commonly used to represent their respective market in previous 

studies and will therefore be used when investigating and comparing the existence of a long-run 

relationship between the nations. The S&P 500 will be used as a bench-mark index when the 

portfolio optimization is performed and will act as a proxy for the overall-market as previously 

mentioned.  

Figure 1: Stock market indices in log-level closing prices.   

 

Figure 1 represents the total sample period from 1999-2019 and the time series are in level. 

Inspection of the series reveal that almost all seem to have a drift upwards as time passes. This is 

especially clear with the indices from Brazil, India, Russia and South Africa. The Chines SSE 

Composite Index does not seem to have the same distinct upward trend, but it is still present. All 

five series indicate non-stationarity upon visual inspection, but no conclusions can be drawn until 

the series have been run through proper statistical tests. All markets seem to have been affected by 

the financial crisis in 2008 since all of them display a significant drop around the time.    
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To get the monthly returns we take the first difference of the level series as displayed in figure 2. 

They do not display any trend and seem to be stationary upon visual inspection. This indicates that 

stationarity can possibly be achieved by taking the first difference of the logarithmic series. Brazil, 

Russia and India seem to have been more affected by the recent financial crisis in terms of 

logarithmic returns since the volatility around 2008 are significantly higher for these three nations. 

Russia seem to have been affected the most, as indicated by the sharp decline in returns around 

2008. China and South Africa remained relatively stable in terms of returns during the entire sample 

period.  

Figure 2: Stock market indices in log-level stock market returns.   
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6. Results and analysis  

6.1 Stationarity and order of integration  

To start the cointegration analysis the order of integration for the five stock markets is first tested. 

The results from the Augmented Dickey-Fuller test are presented in table 2.  

Notes: ADF(µ) represents tests including a constant and ADF(𝛿) represents tests including a constant and a trend. The asterisks 

mark the significance level at 1%*, 5%** and 10%***. 

The lag length was initially decided with respect to the Akaike information criteria (AIC) and the 

appropriate lag length indicated that it was not possible to reject the null-hypothesis for Brazil, 

India and South Africa immediately. However, in the cases of Russia and China the initial results 

were somewhat unexpected since the null-hypothesis could be rejected for Russia with a 1% 

significance and the null-hypothesis for China with approximately 10% significance. The test was 

carried out one more time but this times it was done by choosing the lags manually instead. It was 

discovered that for every other lag-length then the previously automatically chosen one based on 

the AIC, the test for China could no longer reject the null-hypothesis of a unit-root. Russia however 

still expressed rejection at 10% significance at lag-length one. That was until the test was performed 

with a trend included. With the trend included Russia could no longer reject the null-hypothesis of 

a unit root. It was further discovered that for every other lag length than zero and one Russia could 

not reject the null-hypothesis of a unit root. Based on the unit-root trial and error test in level, the 

clear results from the test in 1st difference, and the visual representation of the time series, it was 

concluded that all five time-series fulfill the requirement of being integrated of the same order. 

They are all therefore included in the construction of the VAR-model and the subsequent 

cointegration test that follows.  

6.2 Long-run diversification opportunities  

Once the order of integration is determined, the next step is to start analyzing the potential 

multivariate cointegration between the five indices to determine if there exists a long-run 

relationship between the markets. First the VAR-model is specified, and the lag-length is once again 

chosen with respect to the Akaike Information Criteria. The model that should be specified is a 

VAR(1) model in order to minimize the amount of information lost (Appendix C). However, the 

VAR(1) model displays significant autocorrelation when it is tested with the Lagrange-Multiplier 

test (LM test), and it is not until a VAR(5) that the model displays no significance of autocorrelation 

(Appendix D).  

Table 2: Augmented Dickey-Fuller test           

                 

    Level      1st difference     

Country  ADF(µ)   ADF(𝛿)  ADF(µ)   ADF(𝛿)   

Brazil  -1.811334(0) -2.347611(0)  -15.34054(0)* -15.32463(0)* 

Russia -2.871862(1)*** -3.082940(1)  -10.367336(1)* -10.41700(1)* 

India -0.982434(0) -2.263028(0)  -15.26416(0)* -15.24137(0)* 

China -2.364759(1) -2.498819(1)  -8.864762(1)* -8.866580(1)* 

South 

Africa -1.743691(0) -2.131007(0)  -16.31098(0)* -16.38418(0)* 

S&P 500 0.380515(0) -0.774900(0)  -14.31486(0)* -14.395030(0)* 
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The normality of the residuals as well as the variance of them are simultaneously tested for the 

VAR(5)-model and is done with the help of the Jarque-Bera test for normal distribution (Appendix 

E) and the White Heteroskedasticity test (Appendix F). This reveals that the residuals are not 

normally distributed and that the variance of the residuals are not constant. The distribution of the 

residuals may affect the reliability of the cointegration analysis and will be taken into consideration. 
The multivariate cointegration analysis is therefore performed with the VAR(5)-model.   

 

Table 3: VAR(5) Johansen’s multivariate cointegration test stock prices 1999-2019 

No. of Cointegrating Eq(s) Trace Statistic Critical Value P-value 

None 72.96771 69.81889 0.0274** 

At most 1 34.92813 47.85613 0.4518 

At most 2 19.74860 29.79707 0.4400 

At most 3 8.751821 15.49471 0.3888 

At most 4 1.222172 3.841466 0.2689 

Notes: The asterisk shows the significance level of 1%*, 5%** and 10%***.  

 

The unrestricted cointegration rank trace test indicates one cointegrating equation at 5% 

significance. Since cointegration is found a VECM is constructed and the relationship between 

the indices is presented in table 4. The cointegration equation is normalized against the Brazilian 

stock market and the long run-relationship is displayed by the α coefficients, while the short-term 

correction is represented by the β coefficients.  

Table 4: VECM Π-matrix for the period 1999-2019 

Country   α β 

Brazil  -0.058066** 1 

Russia  0.006931 -0.517291* 

India  0.049299** -1.673956* 

China  0.04284*** -0.391280* 

South Africa   0.006380 1.735421* 

Notes: The asterisk shows the significance level of 1%*, 5%** and 10%***.  

 

The results in table 4 indicates that the β coefficients are significant at 1% for all the five stock 

markets, which implies that there exists a long-run relationship between the markets. The long-

term correction that is represented by the α values suggests that the indices that are responsible for 

the long-run correction back to the steady state equilibrium are Brazil, India and China with 5% 

and 10% significance respectively. Russia and South Africa however display no significance of long-

run correction. The result dictates that the BRICS markets may deviate from the long-run 

equilibrium in the short-run, but over time they will converge back to a steady state equilibrium. 

This convergence therefore restricts the long-term diversification opportunities for global investors 

who seek to reduce the unsystematic risk in their portfolio. There may still be short-term deviations 

that investors can leverage for shorter periods, but as a long-term investment a portfolio that is 

supposed to minimize risk both in the short-run and the long-run should not consist of all five 

BRICS  markets. These results contradict the study performed by Mohammad and Velmurugan 

(2017) as well as Ouattara (2017), where they did not find any significant evidence of cointegration 

between the BRICS markets. The results can however complement the paper written by Prakash, 
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Naurival & Karu (2017). They reached the conclusion that the financial integration between the 

BRICS nations was on ascension but not yet complete. Our results suggest that this ascension is 

now complete or at least closer to being so. It is also in accordance with the earlier study conducted 

by Ljumba (2013), who stated that a long-run relationship between the BRICS nations could not 

be rejected.  

 

To determine the importance of each country in the model, a VECM is once again constructed but 

this time with certain restrictions to test if countries can be excluded from the analysis while 

cointegration remains.  

 

Table 5: Restrictions on the cointegrating vector  

 

Restrictions  βBrazil=0 βRussia=0 βIndia=0 βChina=0 βSouth Africa=0 

Chi2-value 13.87524 10,5679 16.84404 5.215928 20,61954 

P-value 0.000195* 0,001151* 0.000041* 0.022381** 0,000006* 
Notes: H0: The vector is stationary. Ha: The vector is non-stationary. the asterisk shows the significance level 1%*, 

5%** and 10%***. 

 

The results in table 5 test indicates that the null-hypothesis of stationarity can be rejected in the 

five cases when the β coefficients are tested. This suggests that each country is crucial for the 

existence of a long-run relationship and cannot be excluded as an explanatory variable. Since 

cointegration is identified, no long-term diversification is present when all five countries are 

included in the model, but based on the restrictions on the cointegrating vector, the long-run 

relationship only holds if all the five nations are included in the model. This further implies that 

there exists no cointegration between Brazil, Russia, India and China, the original BRIC countries. 

This contradicts the study performed by Jitin & Jitender (2011) and Dasgupta (2014) who did find 

cointegration among the original BRIC nations. These results are however in line with the study 

performed by Naidu (2014), who found no evidence of cointegration during the period 1997-2004 

between the BRIC markets. It is also in line with the later study performed by Singh & Kaur (2016) 

who found no evidence of cointegration between the four countries as well.  

 

To investigate how an investor can achieve the benefits of long-run diversification by excluding 

one or more markets from the model, the BRICS markets are tested with a pairwise cointegration 

test against the bench-mark S&P 500 index. This is to determine if any of the BRICS markets are 

integrated with the global market, and therefore should be excluded from the model in order to 

achieve long-term diversification.  
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Table 6: Pairwise Cointegration analysis 

 

Hypothesized 

No. of 

Cointegrating 

equation(s) 

Brazil- 

S&P 500 

China-

S&P500 

India-

S&P500 

Russia- 

S&P 500 

South-Africa-  

S&P 500 

      
None  0.5041     0.4345 0.5914 0.0163** 0.2956 

At most 1  0.9315     0.5595 0.4270 0.8070 0.6281 

Notes: The asterisk shows the significance level of 1%*, 5%** and 10%***. Chosen lag length for each pair can be 

found in Appendix G.  

 

The pairwise cointegration analysis reveals that the only country that is integrated with the S&P 

500 is Russia with a 5% significance. Based on the combined results from the multivariate and 

pairwise cointegration analysis, a second multivariate cointegration test is performed but this time 

excluding Russia from the model. The second test is therefore only including Brazil, India, China 

and South Africa to test if these four BRICS markets provide long-term diversification as the 

restriction in table 5 suggest. The second VAR-model is then specified and the optimal lag-length 

is based on the Akaike Information Criteria as before, which states that one lag is optimal for the 

model (Appendix H). This VAR(1)-model does not display any signs of autocorrelation when 

tested with the Lagrange-Multiplier test (Appendix I). However as with the first model, it does not 

have normally distributed residuals based on the Jarque-Bera test for normal distribution 

(Appendix J), nor constant variance in the residuals (Appendix K). This will once again be 

considered in the analysis and conclusions.    

 

Table 7: VAR(1) Johansen’s multivariate cointegration test stock prices 1999-2019 (Russia 

excluded from VAR).   

 

No. of Cointegrating Eq(s) Trace Statistic Critical Value P-value 

None  35.79881  47.85613  0.4066 

At most 1  16.82508  29.79707  0.6529 

At most 2  5.392182  15.49471  0.7658 

At most 3  0.777782  3.841466  0.3778 

Notes: The asterisk shows the significance level of 1%*, 5%** and 10%***. The critical p-values are obtained through 

the MacKinnon-Haug-Michelis (1999) p-values. 

The Johansen’s trace test indicates no significant cointegration when the VAR(1) model is solely 

tested with Brazil, India, China and South Africa. As the previous restrictions on the cointegrating 

vector implies, the long-run relationship does not hold if one market is excluded from the model. 

The conclusion is that the risk-averse investor will have a better diversified portfolio in the long-

run when excluding Russia. It therefore is possible to find long-term diversification opportunities 

among the BRICS nations as long as the portfolio does not include all five markets.    

6.3 Short-term relationships   

To investigate the short-run relationship between the five markets, the VECM is used to conduct 

a Granger Non-causality test and the results are presented in table 8.    
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Table 8: Granger Non-causality test  

Null-hypothesis  Brazil Russia India China South Africa Tot. Causes 

Brazil Does not granger cause - 0.4634 0.0428** 0.6418 0.663 1 

Russia Does not granger cause 0.1995 - 0.1267 0.5331 0.6149 0 

India Does not granger cause 0.0478** 0.4212 - 0.6532 0.0465** 2 

China Does not granger cause 0.0062* 0.0489** 0.0436** - 0.1346 3 

South Africa Does not granger cause 0.1015 0.8607 0.0327** 0.6187 - 1 

Notes: The asterisk shows the significance level of 1%*, 5%** and 10%***. 

 

In accordance with Engel & Granger (1987) the causality analysis revealed casual linkages between 

the variables in at least one direction as it is presented in table 8. Several causal relationships 

between the BRICS nations are discovered, with China as the main driving force. The Chinese 

market Granger causes Brazil, Russia and India with 1%, 5% and 5% significance respectively. 

India Granger causes Brazil and South Africa with 5% significance while both Brazil and South 

Africa Granger causes the Indian market at 5% significance. The Russian market does not Granger 

cause any other market while only being dependent on the Chinese market in the short run. The 

Chinese market has significant causal relationships with the majority of the BRICS markets, 

however it is unaffected by any other countries and can thus be regarded as being weakly 

exogenous. One plausible reason for this could be that the Chinese market is affected by markets 

outside of the BRICS co-operation since it is one of the world’s largest financial markets. China 

then transfers it to the rest of the BRICS nations through Brazil, Russia and India. India then 

transfers it to South Africa effectively affecting all the nations in the co-operation.    
 

6.4 Portfolio optimization   

Based on the modern portfolio theory and the mean-variance optimization, a risk-averse portfolio 

is constructed to minimize the risk while maximizing the potential returns for all five BRICS 

countries. It is done to give investors an approximation of how a portfolio that consists of these 

five markets looks like when the goal is to minimize the risk of this specific portfolio.    

Table 9: β-parameters against the S&P 500  

   Brazil Russia India China South Africa 

Expected return per year  7.29% 8.18% 6.35% 5.08% 5.90% 

β  1.050211 1.098915 0.75158 0.524909 0.675868 

       
Market Risk premium 5.4%          

Market Risk-free rate 2.25%      

Notes: The β was calculated with the S&P 500 as a bench-mark index. The risk premium comes from Fernandez, 

Pershin and Acin (2018) who conducted a study on the market risk premium and the risk-free rate from 59 

countries. The risk premium comes from the average rate in the U.S since the S&P 500 is used as the bench mark. 

The risk-free rate is based on the yield of a 10-year treasury bond in the U.S.   
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Based on the results from the CAPM the optimal weights for the risk-averse portfolio is 

constructed to achieve the optimal point on the efficient frontier that minimizes the risk. The 

optimal weights are presented in table 10.  

 

Table 10: Portfolio A - Optimal weights all five BRICS markets  

 

Brazil Russia India China South Africa 

3.91% 9.94% 17.67% 9.72% 58.76% 

Notes: Own calculations performed in Microsoft Excel. Visual representation is available in Appendix N.   

 

If an investor insists on allocating funds between all five markets, the optimal risk-averse portfolio 

without any constraints would generate an expected return of 6.2% annually with a standard 

deviation of 18%. This generates a portfolio Sharpe-ratio of 0.21805862. To achieve this the 

investor need to allocate 58.76%, 17.67%, 9.94%, 3.91% and 9.92% of the funds into South Africa, 

India, Russia, Brazil and China respectively. The South African market is the only market that is 

not directly Granger caused by the dominant Chinese market (table 8) and it subsequently has the 

lowest stock-return correlation with the Chinese market as well (Appendix M). All of this indicates 

that the South African market maintains a higher degree of independence towards China, while at 

the same providing the best protection for the risk-averse investor who is looking to minimize risk 

due to its low and stable volatility over time (figure 2). The earlier  cointegration results however 

implies that the long-term diversification is lost in this portfolio and a buy-and-hold strategy is 

therefore not to be recommended. Instead, an investor who chooses this portfolio should aim to 

take advantage of the short-term deviations and opportunities that presents itself. From an 

economic perspective the cointegration implies that the macroeconomic shocks will have a lesser 

effect on the five markets in the long-run since they converge over time, while the longer trends 

will have a longer lasting impact since the markets are cointegrated. This portfolio is therefore 

better for an investor who is looking to be active and utilize a short-term strategy as opposed to a 

long-term buy-and-hold strategy.  

Subsequent, an optimal portfolio is constructed consisting only of Brazil, India, China and South 

Africa since Russia displayed a significant cointegrating relationship with the global market. The 

same data is used as in the previous optimization and once again it is a risk-averse portfolio that is 

constructed.  

Table 11: Portfolio B - Optimal weights BRICS markets - Russia excluded  

Brazil India China South Africa 

8.23% 19.44% 10.40% 61.93% 

Notes: Own calculations performed in Microsoft Excel. Visual representation is available in Appendix O.   

 

For a global investor to achieve long-term diversification when investing among the BRICS 

markets, a portfolio consisting solely of Brazil, India, China and South Africa is the better option 

based on the empirical results. This portfolio has the advantage of long-run diversification while 

only giving up a small portion of the expected return. The new portfolio requires the investor to 

reallocate the funds that was previously invested in the Russian market between the remaining four 
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markets. This portfolio is still minimizing the risk of the portfolio while maximizing the expected 

return, and the new optimal portfolio requires the investor to put 61.93 %, 19.44, 8.23% and 10.40 

% of the funds into South Africa, India, Brazil and China respectively. This new portfolio is 

generating an expected return of 6% with a standard deviation of 17.5%. The Sharpe-ratio of this 

portfolio is 0.21575140, which is almost identical to that of the first portfolio. This means that both 

portfolio A and B have the same relative return to the overall portfolio risk. The main reason for 

this is that both portfolios have the majority of the funds allocated in the South African market. 

The second portfolio therefore generates the same expected return when adjusted for the risk, 

while also providing the investor with long-term diversification. This portfolio is therefore more 

suitable for the risk-averse investor who is looking to implement a buy-and-hold strategy. This 

strategy reduces the transactions costs that is associated with a more active strategy that is bound 

to be higher in portfolio A where all five countries are included. However, allocating approximately 

60% of a portfolio in one market can be seen as a risk itself. This paper aims to take the perspective 

of a risk-averse investor and because of that, a third portfolio is optimized without South Africa to 

see how the funds would be re-allocated between Brazil, Russia, India and China if an investor 

deems the South African market a poor investment.   

 

Table 12: Portfolio C - Optimal weights BRICS markets - South Africa excluded  

 

Brazil Russia India China 

28.84% 18.05% 38.70% 14.41% 
Notes: Own calculations performed in Microsoft Excel. Visual representation is available in Appendix P.    

 

 

The results above show that without South Africa the weights are more evenly distributed with 

20.84% allocated in Brazil, 18.05% in Russia, 38.70% in India and 14.41% in China. Based on the 

restriction on the cointegration vector (table 5) this portfolio is still retaining the benefits of long-

run diversification. However, the expected return is only slighter higher than the previous 

portfolios with 6.8%. The standard deviation of this portfolio is also higher than the previous ones 

with its 22.8%. This generates a portfolio with a Sharpe-ratio of 0.19789560, indicating that this 

portfolio has a lower expected return relative to its risk. This was to be expected since Russia have 

a history of higher volatility than South Africa. This portfolio is however preferred if investors find 

the risk associated with South Africa to high and do not want to be exposed to the degree that 

portfolio B is suggesting. A suitable investment strategy is once again a long-term buy-and-hold 

strategy since cointegration is not present in this portfolio. However, all portfolios will have to be 

reallocated over time since returns are not constant over time.   
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7. Discussions, limitations and future research 

In the multivariate cointegration analysis including all five BRICS markets during the period 1999-

2019, a long-run relationship is identified with 5% significance. It should be noted that even though 

the model does not suffer from autocorrelation, its residuals are not normally distributed and they 

suffer from heteroscedasticity (Appendix E & F). Juselius (2006) argues that the cointegration test 

is highly sensitive to autocorrelation and non-normally distributed residuals, since this can lead to 

an over-rejection of the null-hypothesis. This problem seems to be pointing towards a potential 

flaw in the methodology since it seems that non-normality and heteroscedasticity is present in the 

majority of the studies utilizing a cointegration approach, but are simply being overlooked. The 

results must therefore be treated with great care and not be taken at face value.   

With that being said, the initial result from the model that contains all of the markets in the BRICS 

co-operation indicates strong evidence for financial market integration. It is hard to draw 

conclusions about whether or not the cointegration relationship that is found between the BRICS 

markets are in any way due to the official co-operation between them or not. It is however highly 

likely that the co-operation would have a positive impact on the financial integration between the 

markets, since they actively are striving towards economic and financial stability between the 

nations.  

A concrete example of this is the foundation of the New Development Bank in 2014. In the bank’s 

official strategy document for the period 2017-2021, economic solidity, stability, co-operation and 

integration are among the key elements that they are pursuing (New Development Bank 2017). 

They have in addition to this acknowledged that the regional and global integration seems to be 

inevitable and they are therefore actively preparing and embracing it. The result of financial 

integration therefore appears to follow the official outlined strategy between the five nations as 

well as make economic and real-world sense.  

The causal relationships that are identified between the countries seem to mostly make sense from 

a real-world and macroeconomic perspective as well. China is the largest and most dominant 

economy among the BRICS countries, so that it is found to be the main driving force among the 

markets makes sense. However, China is weakly exogenous in the model, this was not expected 

since China at this stage in their economic development is highly dependent on natural resources. 

Since both Brazil and Russia foremost are economies that rely heavily on the exportation of natural 

resources, it was surprising that none of them seems to act as a driving force for the Chinese 

market. There could be several explanations for this but one reason might be that the Chinese 

market has become highly diversified domestically and therefore is not as exposed as initially 

thought. This could implicate that the Chinese market is driven by markets outside of the BRICS 

co-operation that is not revealed in this study. Candidates for this could possibility be the U.S 

market or any of the European markets.  

In addition, the causality analysis reveals that the Russian market does not seem to be a driving 

force for any of the other BRICS markets, while simultaneously displaying a significant long-run 

relationship with the S&P 500. In accordance with Engel & Granger (1987) the significant 

cointegration between the markets implies that causality exists in at least one direction. This is of 

great importance for policy makers depending on the direction of this causal relationship. If the 



   
 

 23 

Russian market is a driving force for the S&P 500, the result of this study implies that financial and 

economic sanctions against China is transmitted to the Russian market and then back to the U.S 

market.  

Finally, there exists bidirectional causality between the Indian market with both the Brazilian and 

the South African market. It is also driven by China which indicates that India to a higher degree 

is dependent on the other countries in the co-operation than any other. As opposed to China, India 

might not have the same domestic diversification and therefore is still highly exposed to other 

markets and remains highly dependent on them.  

All of these causal relationships that are identified and the questions that arises with them could be 

subject for further studies in the future to complement and extend the results of this paper.  

When it comes to the portfolio optimization it reveals that most of the funds are allocated in the 

South African market. This is in line with the data since South Africa has the lowest volatility of 

the indices in terms of the stock market returns, the lowest correlation with big markets, as well as  

geographically isolation from the rest. It is however important to note that the portfolio 

optimization never should be taken at face value.  

The notion of cointegration further implies that it is the long-term economic and financial growth 

that is of interest in this paper. Future studies that would complement this one could therefore 

dwell deeper into the risks that are not investigated here, such as currency and political risk that is 

associated with each country. The Purchasing Power Parity (PPP) between the BRICS nations can 

for example be of great interest in the future, since it implies that the long-term currency risk can 

be diversified away in the long-run if it holds. Investors therefore would not have to put much 

emphasis on this aspect of the portfolio and could focus on other uncertainties relate to markets.  

The political risk and uncertainty associated with South Africa could also be object for further 

research in the future since an optimal portfolio allocates such a large portion of the funds in this 

market. This allocation is based purely on historical data and is not enough to justify such a large 

exposure in on market. Furthermore, the cointegration relationship between the five markets 

suggests that investors potentially could utilize the short-term deviations from the steady-state 

equilibrium to their advantage, and could be an additional subject of interest in the future. 

Papers in the future could also replicate this study to test the robustness of its results. A way to do 

this would be to divide the sample into two sub-samples, one spanning from 1999-2009 and 

another from 2009-2019. The results from the total sample could then be compared to the two 

sub-samples in order to investigate if the cointegration relationship has changed over time or if the 

results are confirming the findings from the total sample period. A pairwise cointegration analysis 

of the BRICS markets would be another way of approaching the problem. The causal relationships 

found in such a study could then be used to compare the results in this paper to test the robustness 

of the short-term relationships. Another way of expanding the premise would be to include other 

markets in the analysis as well, such as the bond market and/or the money market.  

Future studies will have the opportunity to investigate how the relationship between the nations 

have changed over the years and how they compare to each other utilizing different methods, data 

and variables. 
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8. Conclusions and policy implications  

The financial integration between both the BRIC and BRICS stock markets have been a topic that 

jointly with the overall literature on financial integration in general has been inconclusive. The result 

of cointegration in this study is however supported by a large portion of the literature since the 

evidence suggests that international equity market integration has progressed as time passes 

(Kearney & Lucey 2004). This together with the high stock price correlation (Appendix L), the real 

world economic and financial collaboration, as well as the fact that the co-operation has been 

present now for ten years, makes the notion of a cointegration relationship exceedingly realistic 

between the BRICS markets.    

The empirical results of cointegration therefore supports the suggestion that the BRICS markets 

do have a stable risk-premium between each other and that they all share similar systematic risk 

factors. The steady state relationship between the nations does not hold if any of the markets are 

excluded from the model, indicating that the cointegration relationship is fragile but may slowly be 

developing as time passes. This could further indicate that individually the markets are not driven 

by the global market, but together they may capture it due to the high geographical and economic 

diversification that exists between the countries. Even if they do not, there is a strong argument to 

be made that the BRICS markets represents the global market to a more accurate degree in 

economic terms than the S&P 500, primarily due to the previously mentioned diverse nature of the 

countries. In terms of market capitalization however they do not, since they only represent 

approximately 16 percent of the global market capitalization today, versus the 46 percent that the 

U.S market currently holds (World Bank group 2019). The notion that the BRICS countries are 

still in the growth spurt of their development indicates that this could change in the future and is 

therefore subject of great interest for both investors and policy makers.          

The results further support the construction of a portfolio solely compromising of stocks from 

four out of the five BRICS markets since they do not share any long-run co-movements with each 

other. Moreover, the markets of Brazil, India, China and South Africa are strong candidates for 

reducing portfolio risk without sacrificing the adjusted portfolio return. Since such a large portion 

of the funds are allocated in the South African market both in portfolio A and B, investors however 

have to decide whether or not this is a risk they are willing to take. Alternatively the investor can 

chose to exclude South Africa from the portfolio. This generates a more evenly distribution of the 

funds between the markets geographically, while simultaneously retaining the long-run 

diversification benefits. Ultimately investors have to make a decision based on their individual 

preferences and level of risk averseness whether or not to take this risk.  

The short-run causal relationships indicate that China is not being influenced by any of the other 

BRICS markets, and the possibility that the Chinese market is affected by an external market is 

therefore highly plausible. If the Chinese market is affected by countries outside the co-operation, 

it is of great importance for global policy makers since the results of this study indicates that the 

actions taken against China will have an effect on the rest of the BRICS nations. Policy makers 

need to understand the relationship that exists between the markets in order to implement better 

polices. Since Brazil, Russia, India, China and South Africa accounts for about 25% of the global 

GDP, they must act with great care before implementing policies against China since it can have a 

wider effect than they anticipate.  
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Appendix 

A - Descriptive Statistics logarithmic closing prices 1999-2019   

 Brazil Russia India China South Africa S&P 500 

 Mean 10.49627 6.770421 8.182552 7.702889 10.03346 7.748168 

 Median 10.80457 7.235914 8.465437 7.69889 10.21927 7.622434 

 Maximum 11.48942 7.823338 9.366656 8.628668 11.02835 8.659286 

 Minimum 8.947286 3.787819 6.791221 6.958397 8.582844 7.058793 

 Std. Dev. 0.664955 0.909742 0.781516 0.372216 0.719214 0.406752 

 Skewness -0.694587 -1.049421 -0.354757 0.048015 -0.344262 0.648541 

 Kurtosis 2.064305 2.995527 1.739026 2.375708 1.716121 2.356820 

       

 Jarque-Bera 28.17019 44.23513 21.02188 4.006249 21.31252 21.04834 

 Probability 0.000001 0 0.000027 0.134913 0.000024 0.000027 

       

Observation 241 241 241 241 241 241 

Source: Own calculations performed in Eviews 10    

 

B - Descriptive statistics of logarithmic stock returns 1999-2019  

  Brazil Russia India China South Africa S&P 500 

 Mean 0.010592 0.016815 0.010029 0.003414 0.009645 0.004707 

 Median 0.012263 0.017148 0.015566 0.004485 0.016044 0.010198 

 Maximum 0.207206 0.391488 0.208875 0.216942 0.148379 0.103722 

 Minimum -0.545358 -0.742343 -0.456676 -0.28593 -0.288295 -0.183863 

 Std. Dev. 0.084014 0.102665 0.070161 0.077009 0.052255 0.042380 

 Skewness -1.261833 -1.256965 -1.29563 -0.38624 -0.999277 -0.738809 

 Kurtosis 10.11798 15.40233 10.30557 4.810569 6.938614 4.447668 

      
 

 Jarque-Bera 570.346 1601.375 600.8593 38.74882 195.0689 42.79096 

 Probability 0 0 0 0 0 0 

      
 

 Observations 240 240 240 240 240 240 

Source: Own calculations performed in Eviews 10    

 

 

 

 

 

 

 



   
 

 32 

C - Lag-length criteria BRICS multivariate analysis 1999-2019 

Lag LogL LR FPE AIC SC HQ 

0 -85.14736 NA  1.50E-06 0.780497 0.855008 0.81055 

1 1651.329 3382.745   5.51e-13*  -14.03748*  -13.59041*  -13.85716* 

2 1667.66 31.1068 5.94E-13 -13.9624 -13.1428 -13.63184 

3 1688.541 38.87017 6.16E-13 -13.9268 -12.73458 -13.44591 

4 1710.713 40.31349 6.32E-13 -13.9023 -12.33755 -13.27117 

5 1739.707 51.46038 6.12E-13 -13.9369 -11.99957 -13.15548 

6 1755.186 26.80301 6.67E-13 -13.8544 -11.54457 -12.92278 

7 1768.105 21.81153 7.44E-13 -13.7498 -11.06742 -12.66792 

8 1804.391   59.69150* 6.79E-13 -13.8475 -10.79258 -12.61537 

Note: The asterisk under AIC represents the lag length that is optimal for the model. The lag length in bold text is the 

lag-length chosen.  

Source:  Own calculations performed in Eviews 10 

 

D - Lagrange-Multiplier test: VAR-models BRICS multivariate analysis  

 VAR(5)  VAR(1)  
Lags LM-Stat Prob. LM-Stat Prob. 

1 32.45919 0.1452 37.79421 0.0484 

2 31.04559 0.1875 36.91332 0.0588 

3 33.7867 0.1125 36.54913 0.0637 

4 27.40457 0.3360 49.59741 0.0024 

5 34.67473 0.0943 27.43425 0.3345 

Notes:. H0: No autocorrelation 

Source:  Own calculations performed in Eviews 10 

 

E - Jarque-Bera test: BRICS multivariate analysis VAR(5)-model  

Component Jarque-Bera df Prob. 

1 258.6594 2 0 

2 17.57708 2 0.0002 

3 3.346481 2 0.1876 

4 9.940147 2 0.0069 

5 7.795141 2 0.0203 

Joint 297.3182 10 0 

Notes: H0: Variable is normally distributed 

Source: Own calculations performed in Eviews 10  
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F - White Heteroskedasticity Test (no cross terms): BRICS multivariate analysis VAR(5)-

model  

Joint test:   

Chi-sq df Prob. 

   
1085.572 750 0.0000 

Notes: H0: Homoscedasticity in the model 

Source:  Own calculations performed in Eviews 10 

 

G - Lag-length criteria BRICS pairwise analysis with S&P 500  

  
Akaike Information Criteria   

Lag Brazil-S&P 500 China-S&P500 India-S&P500 

Russia-S&P 

500 South-Africa - S&P 500 

0 2.378380 1.492118 2.147239 2.897603 1.971040 

1 -5.928847* -5.855724 -6.224069* -5.581586* -6.880281 

2 -5.927441 -5.858760 -6.220431 -5.563303 -6.894746* 

3 -5.899441 -5.852256 -6.197575 -5.547765 -6.863599 

4 -5.886840 -5.829463 -6.179148 -5.521894 -6.842089 

5 -5.876870 -5.863436* -6.181600 -5.567109 -6.817247 

6 -5.857530 -5.849027 -6.179097 -5.536790 -6.802913 

7 -5.834766 -5.826416 -6.153224 -5.515706 -6.780095 

8 -5.803974 -5.814483 -6.127462 -5.483495 -6.774843 

Note: The asterisk represents the lag length that is optimal for the model. The lag length in bold text is the lag-length 

chosen.  

Source:  Own calculations performed in Eviews 10 

 

H - Lag-length criteria BRICS multivariate analysis 1999-2019 – Russia excluded from 

VAR 

Lag LogL LR FPE AIC SC HQ 

0 -100.8569 NA   2.89e-05  0.900059  0.959304  0.923949 

1  1362.625  2864.153   1.16e-10*  -11.52468*  -11.22845*  -11.40522* 

2  1371.630  17.31400  1.23e-10 -11.46463 -10.93142 -11.24962 

3  1380.322  16.41422  1.31e-10 -11.40190 -10.63171 -11.09133 

4  1393.521  24.47236  1.35e-10 -11.37786 -10.37069 -10.97173 

5  1414.637  38.42586  1.29e-10 -11.42178 -10.17763 -10.92008 

6  1427.949  23.76734  1.32e-10 -11.39870 -9.917571 -10.80144 

7  1432.826  8.540375  1.46e-10 -11.30323 -9.585115 -10.61041 

8  1453.410   35.33771*  1.40e-10 -11.34258 -9.387484 -10.55420 

Note: The asterisk represents the lag length that is optimal for the model. The lag length in bold text is the lag-length 

chosen.  

Source:  Own calculations performed in Eviews 10 
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I - Lagrange-Multiplier test: VAR(1)-model BRICS – Russia excluded from VAR 

 VAR(1)  
Lags LM-Stat Prob 

   
1  19.59538  0.2390 

2  18.45509  0.2979 

3  19.67807  0.2351 

Notes: H0: No autocorrelation 

Source:  Own calculations performed in Eviews 10    

 

J - Jargque-Bera test: VAR(1)-model BRICS – Russia excluded from VAR  

Component Jarque-Bera df Prob. 

1 592.8123 2 0.0000 

2 2.808161 2 0.2456 

3 9.511297 2 0.0086 

4 9.968623 2 0.0068 

Joint 615.1003 8 0.0000 

Notes: H0: Variable is normally distributed  

Source:  Own calculations performed in Eviews 10 

 

K -White Heteroskedasticity test (no cross terms): BRICS model multivariate analysis – 

Russia excluded from VAR 

Joint test: df Prob. 

   

Chi-sq   

   
172.8179 80 0.0000 

Notes: H0: Homoscedasticity in the model   

Source: Own calculations performed in Eviews 10.  

 

L - Correlation logarithmic stock prices 1999-2019  

  Brazil Russia India China South Africa 

Brazil 100% 94% 95% 71% 92% 

Russia 94% 100% 91% 66% 92% 

India 95% 91% 100% 73% 98% 

China 71% 66% 73% 100% 71% 

South Africa 92% 92% 98% 71% 100% 

Source: Own calculations performed in Eviews 10.  
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M - Correlation logarithmic stock returns 1999-2019  

  Brazil Russia India China South Africa 

Brazil 100% 64% 62% 37% 70% 

Russia 64% 100% 53% 32% 59% 

India 62% 53% 100% 35% 60% 

China 37% 32% 35% 100% 28% 

South Africa 70% 59% 60% 28% 100% 

Source: Own calculations performed in Eviews 10.  

 

 

N - Portfolio A: The optimal combination of the BRICS markets (tangent portfolio).  
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O - Portfolio B: The optimal combination of the BRICS markets Russia excluded (tangent 

portfolio). 
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 P - Portfolio C: The optimal combination of the BRICS markets South Africa excluded 

(tangent portfolio).  

 
 

Q – Future forecast of the world ranking of the biggest economies in the year 2050   

 

Source: Global Sherpa 2019 
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