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ABSTRACT: 

 

The last decade currency carry trade has gained a lot of popularity because of their 

apparent profitability. It is a strategy that has been developed to exploit violations of the 

Uncovered Interest Rate Parity. In particular, an investor must take a short position in a 

low-yielding currency to fund a long position in a high-yielding currency. In this 

research, we tried to contribute in the previous literature for the currency carry trade and 

its characteristics by using a different approach. Most of the researches that have been 

conducted in this area concern the risk agents associated with this strategy. However, in 

our research we investigated the relationship between currency carry trade and two 

equity indexes, one from the European market (DAX) and one from the American 

(DJIA). In order to do that, we estimated the returns of the DAX and the Dow Jones 

Industrial Average (DJIA) as well as the returns of a carry trade index created by the 

Deutsche Bank, the Deutsche Bank’s G10 Currency Future Harvest index. The returns 

were estimated for a time period of twenty years (1995-2014). More specific, we 

examined whether there is granger causality between the returns of carry trade and of 

DAX/DJIA, whether there is leverage effect on the returns of the same index and finally 

whether changes in the returns of one of those indexes can affect the subsequent 

volatility of the other two. For being able to do this examination, we used two different 

statistical models, the Vector Autoregression (VAR) and the EGARCH [1, 1] model.        

The first empirical finding suggests that there is granger causal effect from the two 

equity markets to carry trade, however the carry trade granger cause only to DJIA index. 

The second finding indicates that there no leverage effect form the past returns to the 

future volatility for all the three indexes. Finally, the last finding suggests that the 

volatility process on the returns of one index cannot be determined by changes in the 

returns of the other two indexes. 
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1 INTRODUCTION 

 

1.1 Problem Background 

 

Currency carry trades have gained a lot of popularity the last ten years because of their 

apparent profitability as an investment strategy in the asset management industry 

(Clarida et al, 2009, p.1376). Indicatively, from 1990 to 2012 the returns of currency 

carry trade portfolios had matching or superior Sharpe ratios (between 0.4 – 0.55) 

compared to those of equity investments (Jurek, 2014, p. 325). Currency carry trades are 

just strategies developed to exploit violations of the Uncovered Interest rate Parity 

(UIP) theory by selling low interest rate currencies (the “funding currencies”) and then 

by investing the proceeds in high interest rate currencies (the “investment currencies”) 

(Jurek, 2014, p. 325). To gain profits from this strategy, investors should take a short 

position in the low yield currency and a long one in the high yield (Clarida et al, 2009, 

p.1376). To be more understandable, we will give a simple example with the Japanese 

yen currency, which will be used as the carry trade currency. Yen is often used as the 

funding currency because of its low interest rate. Consider that a trader borrows 2000 

Japanese yen and sells them to buy U.S. dollars. The interest rate of the Japanese yen is 

0%. Then he uses the proceeds from selling (so, he uses the U.S. dollars) to buy a bond 

which has an interest rate of 5%. What the trader aims to do is to gain profits from the 

interest rate’s difference i.e. 5% - 0% = 5%. If the exchange rate 0% between the two 

countries won’t change then indeed the trader will gain a profit of 5%.     

 

One of the most discussed and puzzling issues in the word of finance is the failure of the 

Uncovered Interest rate Parity (UIP) theory. This theory suggests that in a risk-free 

world, the “forward exchange rate should be an unbiased predictor of the future spot 

exchange rate” (Clarida et al, 2009, p.1375). The meaning of this suggestion is that 

investors have no arbitrage opportunity when investing in the exchange market, since an 

expected depreciation of the high yield currency should precisely offset the interest rate 

differential of the two currencies (Laborda et al., 2014, p. 52). However, many 

researches have continually rejected this suggestion. Perhaps, the most famous of them 

is Fama’s (1984, p. 336-337), in which he concluded that high yield currencies have the 

tendency to appreciate on average against low yield currencies instead of depreciating, 

as the UIP theory suggest. Acoording to Clarida et al (2009, p. 1375), some other 

important researches contributed to this rejection are those of Hansen and Hodrick 

(1980), Cumby and Obstfeld (1981) and Meese and Rogoff (1983). 

 

Many researchers believe that the rejection of the Uncovered Interest Rate Parity could 

be due to a risk premium that aims to compensate for the economic risks associated with 

different countries (Clarida et al, 2009, p.1375). Most of the researches conducted for 

the currency carry trade strategy focus on the investigation of the risk factors connected 

with this strategy and in particular the majority of them try to explain the excess return 

as a compensation for the crash risk. Perhaps, the most common example here is the 

study of Brunnermeier at al. (2008, p.313), which examines the relationship between the 

carry trade returns and the crash risk. According to Doskov & Swinkels (2015, p. 371-

372) other similar studies exploring how the carry returns relate to currency 

convertibility risk and to rare disaster risk are those of Doukas & Zhang (2013) and 

Farhi & Garbaix (2014) respectively. Although a lot of efforts have been made to assess 

these risks and to end up with firm conclusions about the above relationships, 
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researchers have failed to develop an asset pricing model that is able to explain these 

results and rationalize the risk premium movements (Burnside et al, 2011, p. 854). 

 

Most of the previous researches centered on the exploration of the currency carry trades 

as an individual asset class and on the identification of the risk drivers related to them. 

Nevertheless, Das et al. (2013, p. 256) in his investigation about whether a carry trade 

could be a viable alternative asset class, suggest that it would be more useful to 

investigate the currency carry trades in relation to other asset types, especially when 

investors are interested in including them in a portfolio.  

 

A typical investor usually creates a portfolio which includes many financial products 

instead of investing in only one. The reason is that portfolios with a large number of 

products are able to reduce the total risk due to diversification. Diversification is a 

strategy designed to reduce the risk by spreading the portfolio across many investments 

(Brealey et al, 2014, p. 172-173). When an investor has a portfolio or wants to create 

one, he/she cares about two things, the portfolio’s return and risk. The return is just a 

weighted average of the individual returns of each investment and the risk of the 

portfolio can be measured by the volatility of the returns (Brealey et al, 2014, p. 167-

168-169). The diversification of a portfolio depends mainly to the correlation between 

the two investment products. If their correlation is negative, then the investors can 

achieve a good degree of diversification. In contrast when it is positive and very close to 

1, a combination of them in the same portfolio maybe is not worth it (Brealey et al, 

2014, p. 177-178).  

 

Adjusting the above information to our case, we can say that the results of this research 

will indicate whether currency carry trade and the two equity indexes can affect one 

another and in which way they can do that. If they are unrelated a potential portfolio 

with them will be well-diversified. In contrast if they have high positive connection to 

one another, investors will not have the opportunity to exploit the advantages created by 

diversification and so they can look for other better combinations. Das et al. (2013, p. 

256) concluded that carry trades are modestly correlated to ordinary equity-based assets 

and that they exhibit mainly low volatility, two attractive characteristics that could 

improve a portfolio’s performance. 

 

Tse and Zhao (2012, p.255-256) conducted a research, which examines the relationship 

between the carry trade returns of an index created by Bloomberg and the returns of the 

futures contract on the S&P 500 index. Using two models, they investigated the 

causality in the returns of these two indexes as well as their volatility spillover effects. 

In this case, the stock returns are not considered as risk factors (exogenous variables), 

but both carry returns and stock returns are endogenous variables inside a dynamic 

system (Tse & Zhao, 2012, p. 255). Our study is based on this research and it intends to 

provide more evidence for the assessment of the relationship between carry trades and 

other asset classes. 

 

To the best of our knowledge, no previous studies have explicitly investigated the 

relationship between the returns of a currency carry trade index created by Deutsche 

Bank and the returns of the DAX as well as the Dow Jones Industrial Average (DJIA) 

index in a time series model, thus we decided to proceed on this analysis. Beyond this 

gap in knowledge, another reason was contributed for making this choice. 
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The majority of investors are familiar with the stock market and the possibility to have 

stocks in their portfolios is quite high. However, there are many other financial products 

that can be proved not only quite profitable but also quite safe. The problem is that these 

products are usually more complicated and perhaps demand some expert knowledge and 

skills. A typical behavior of a common investor is that when he/she cannot easily 

understand a product, he/she believes that this product is associated with high risk. One 

of these “obscure” products is the currency carry trade which has been proved quite 

lucrative and safe the last years (Clarida et al, 2009, p.1376).Thus, we decided to 

conduct a research including currency carry trade and stock products. In other words, 

we decided to examine the relationship between one “obscure” but promising financial 

product and a very common one that is often preferred by investors. 

 

The reasons that we decided to choose DAX and DJIA are described in the next two 

paragraphs. Most of the researchers usually investigate the relationship between 

currency carry trade and equity indexes that represent the market. For instance, the three 

U.S. indexes, Wilshire 5000 Total Market Index (TMWX), Nasdaq Composite Index 

(listed over 3000 companies) and Standard &Poor’s 500 (S&P 500). Many investors 

prefer to invest in market indexes because such indexes have usually good prospects to 

offer a well-diversified portfolio if they are combined with some other specific financial 

products (Brealey et al, 2014, p.199). According to Deutsche Borse Group (2015) and to 

S&P Dow Jones indices (2015), DAX and DJIA are commonly considered as a 

benchmark of the German and the U.S. market, but they have a major disadvantage: 

they are composed of only thirty companies each. This number is too small, especially 

for the U.S. market, and so cast doubts to the above belief. 

However, we thought that it could be interested to examine the relationship of them 

with the currency carry trade because they have three attractive characteristics. Firstly, 

they are two of the “most-watched” indexes globally and so we believe that investors 

prefer regularly to include them in their portfolios. Secondly, they are considered as 

“blue-chip” indices. Although the term “blue-chip” has no legal status, it is generally 

acceptable from the economic world. It refers to high quality and usually high-priced 

stocks, because of the company’s large size and healthy operation for many years. 

Although it’s not always the case, most of the “blue-chip stocks” are associated with 

stable or increasing dividends’ payments for many years (Economy Watch, 2010). 

According to Economy Watch (2010) all these characteristics result in considering this 

kind of stocks as low risk investments and usually including them in portfolios for 

hedging purposes. Thirdly, these two indexes include stocks of companies that are 

involved largely in exporting activities. Generally, exports are intrinsically linked to the 

exchange rates, since the depreciation or appreciation of one currency over another can 

affect the exporting ability of the two countries (Auboin & Ruta, 2011, p.1). Similarly, 

the currency carry trade strategy depends also on the exchange rates and can be affected 

by them (Das et al, 2013, p. 248). Therefore, the prices of DAX, DJIA and currency 

carry trade are contingent on at least one same factor, the exchange rates. This fact 

increases the positive connection between the currency carry trade and the two indexes 

and so it can affect the degree of a portfolio’s diversification that an investor could 

achieve (Brealey et al, 2014, p. 177-178 ) (Note : According to Brealey et al (2014, p. 

177-178), the diversification of a portfolio depends mainly on the correlation between 

the included financial products. The more the positive correlation is, the least the degree 

of diversification that could be achieved or reverse, the more the negative correlation is, 

the more the degree of diversification that could be achieved).         
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Another important issue that should be mentioned here concerns the foregoing findings 

about the exchange rate volatility. According to Liu et al. (2012, p. 49), currency carry 

trades are strongly linked to the use of high leverage, which is responsible for the 

creation of volatility in the currency market. Christie (1982, p. 428) explain that the 

leverage effect exists when the volatility of a stock changes because of changes in its 

financial leverage. A negative realized return will cause the decline of the stock’s value, 

increasing the risk and its volatility. 

 

The research’s results of Clarida et al. (2009, p. 1380) suggest that the carry trade 

returns strongly rely on the exchange rate volatility and that they exhibit different 

behavior depending on this volatility’s stages. More specific, in high volatility regimes, 

the returns are negative in contrast to the positive returns in low volatility regimes. 

These findings are firmly related to the conclusions of Brunnermeier et al. (2008, p. 

341-342), which state that in periods of turmoil the carry trades face large unwinding. In 

other words, when investors experience a liquidity shortage and thus their funding 

ability is constrained, they usually panic unwinding their carry trade positions. This 

results in the inflation of the low-yielding funding currencies and in the depreciation of 

the high-yielding. We believe that the regime-dependent behavior of the carry trades 

creates difficulties in their investigation, especially in periods where the exchange rate 

market exhibits high volatility, since the results of previous researches are not clearly 

stated leaving space for further examination. 

 

Therefore, in our analysis, we also aim to investigate whether the volatility of the 

returns of one index has any impact on the returns of the other two indices. In each case, 

the latter two indices will be used as exogenous variables in the system (risk factors). 

As far as we know, there is no previous comprehensible and clear evidence concerning 

these two indexes compared to the carry trades and so it is appropriate for further 

exploration. 

 

Summing up all the above information, we believe that this study could be proved very 

useful to a large number of investors and especially to those who focus on the exchange 

market. The traditional trading in the foreign market has to do with buying, selling and 

exchanging foreign currencies. However, curency carry trade is an alternative strategy 

which can result in lower volatility and so lower risk than investing in a currency 

adopting the traditional strategy. In addition, it could offer better diversification in a 

portfolio. This is happening because it is a relative new asset class and so there is not 

yet significant correlation between the currency carry trade and other more common 

investment products such as equity indexes. The rule says that the more you invest in a 

combination of products, the more you increase the correlation between them and so 

you reduce the divesification advantages that you can get from such portfolios (Das et 

al, 2013, p. 247-248). This research could be also proved useful to the banks and to 

other financial institutions which offer a range of services such as portfolios’ 

management or creation of accounts for trading foreign currencies etc. Finally, , 

investors might feel more familiar with the currency carry trade, since they will read 

more about this strategy and some of its characteristics.  
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1.2 Research Question 

 

Based on the problem background and reviewing the previous researches about the 

currency carry trades, we found that most of them focus on the risk drivers associated 

with this strategy. In contrast, a field for deeper investigation concerns the relationship 

between the currency carry trades and other asset types such as equity indices, since 

there is little evidence around this topic. Considering also that the equity indexes are 

financial products, which are usually included to an investor’s portfolio, we believe that 

it will be quite interesting to investigate these indexes in relation to a relative new 

strategy but with quite attractive characteristics (such as low volatility). Taking all the 

above into consideration, we decided to assess whether the returns of a carry trade index 

created by Deutsche Bank and named as Deutsche Bank G10 Currency Future Harvest 

Index are related to the returns of two representative “blue-chip stocks” indexes, the 

DAX and the Dow Jones Industrial Average (DJIA). These are two of the most famous 

equity market indexes and probably two of the most common investments included to a 

portfolio, especially for hedging reasons. For convenience when we refer to the 

Deutsche Bank G10 Currency Future Harvest Index, we will use the term “currency 

carry trade index”, “carry trade index” or just “carry trade”. For the previous 

assessment, we developed the below research question that will be used as a guideline 

through the whole thesis:  

 

 Is there any causal relationship between two different investment 

strategies, the currency carry trade and the equity indices DAX and 

DJIA ? 

 

 

1.3 Purpose 

 

In this thesis, we aim to investigate whether there is causality in returns between the 

carry trade index and the two “blue-chip” indices, DAX and Dow Jones Industrial 

Average from the 1st of January 1995 through the 31st of December 2014. In order to do 

that, we must examine three points. Fistly, we should investigate whether the past 

returns of currency carry trade can predict the future returns of the other two equity 

indexes and vice versa. In this way, we will be able to see how changes in the prices of 

one index can affect the expected prices of the other two indices. Secondly, we must 

examine whether there is leverage effect between the past returns and the future 

volatility on them for each of the three indices individually over the same time period. 

Investigating that, we will see whether bad news in the financial market create more 

intense fluctuations in the expected returns of an index compared to the fluctuations 

created by the announcement of good news. Thirdly, we should investigate whether the 

past returns of one index have any serious effect on the expected volatility on the 

returns of the other two indices. Thus, we will be able to explore whether and how 

changes in the returns of one index can affect the volatility process of the returns of the 

other two indices. The first sub-purpose is associated with how the returns of one index 

affect the returns of another, while the second and the third sub-purpose has to do with 

how the returns of one index affect the expected volatility of the same index and the 

expected volatility of the other two indices respectively.  

 

To accomplish all the three sub-purposes, we will use time series models. Therefore for 

the first sub-purpose of our study, we will resort to the granger causality test, which will 
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indicate whether one time series has the ability to forecast the future values of another 

time series. For the second and the third sub-purpose we will use the same model. The 

only difference is that we will create different systems and thus different equations, 

depending on the variable that we want to test each time.  

 

 

1.4 Key Definitions 

 

In this part, we explained briefly some key notions for the better understanding of the 

text. 

 

Arbitrage Opportunity: is the opportunity to make profit by exploiting differences in 

the assets’ prices. That is buying an asset at lower prices and selling that asset at higher 

prices. For example, consider that an investor buys a stock at $5 and then the price 

increased to $7. So, there is an arbitrage opportunity for the investor to sell the stock at 

$7 and to make profit from this prices difference (Ross et al. 2005, p.904).   

 

Asset classes: are groups of financial instruments with same attributes and same 

behavior in the market. For example, they can be bonds that are considered as fixed-

income instruments or stocks (equity instruments) (Dionne et al., 2013, p.300). 

 

Currency Carry Trade: is a strategy where an investor sells a currency which has a 

low interest rate and uses the proceeds to purchase a different currency which has a 

higher interest rate. The investor aims to make profit by the difference between the 

interest rates of the two countries (Jurek, 2014, p. 325). 

 

DAX: DAX has been calculating by Deutsche Börse since 1988, which associates with 

30 largest German companies listed in the Frankfurt Stock Exchange. DAX index 

provide easy, transparent and fast access of investors via index derivatives, which is 

clearly defined and performed on the rule based criteria such as market capitalization 

and exchange turnover (Deutsche Börse AG, 2009, p.3&). 

 

DJIA: Dow Jones Industrial Average introduced (DJIA) by Charles Dow, which is a 

price-weighted average of 30 significant stocks. That is the shorter term and longer term 

earnings forecasting made for the DJIA by combining projections for each of the thirty 

stocks in the average. The 30 stocks of DJIA also well represented in S&P 500 index 

(Milne, 1966, P.83). 

 

Hedging: is a strategy for treating risks associated with investments. In particular, 

hedging aims to decrease the risk that can be created by unfavorable changes in an 

asset’s price. Investors usually do that by also investing in a relative asset that can offset 

the risk created by the first asset(Ross et al. 2005, p.697). 

 

Leverage: Firms usually use both equity and debt to finance their operations. Leverage 

is the debt-to-equity ratio (debt/equity) and evaluates the ability of the firm to meet its 

financial obligations. We say that a firm is highly leveraged when the amount of debt is 

substantially higher than the amount of equity. A trend in stock market is that the 

volatility on stock’s returns is affected more from negative shocks than from positive 

shocks (also called innovations), so volatility is usually higher when the prices fall 
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rather than when the prices increase. This asymmetric impact on the volatility from the 

shocks is called leverage effect (Zivot, 2008, p. 16). 

 

Negative and positive shocks in the market: are bad and good news respectively that 

can influence the financial market. For instance, bad news can be unemployment, 

economic crisis, wars, decline of prices etc. On the other hand, good news can be 

merges and expansions, increase of prices, increase of dividends etc. (Zivot, 2008, p. 

16).  

 

Risk Premium (also called excess return): is the difference between the expected 

return on an investment and the risk-free return. The risk premium is actually the 

compensation for the extra risk associated with an investment compared to a risk-free 

investment (Ross et al. 2005, p.904). 

 

Uncovered Interest Rate Parity (UIP): states that the interest rate of one country (r1) 

minus the interest rate of another country (r2) equals to the expected change in their 

exchange rates Ε (R). The formula that can describe this relationship is: r1 – r2 = Ε (R). 

If this equation does not hold, there is arbitrage opportunity (McCallum, 1994, p. 108). 

 

Unwind a position: if a broker makes a correction of an error. For example if a broker 

makes a mistake and instead of buying a stock, he/she sells it. To correct the mistake i.e. 

to unwind the position, he/she must buy the proper stock by selling the erroneously 

purchased stock (Mitchell et al., 2002, p.71).  

 

Volatility in stocks/equity index: is a measure in statistics that estimates the dispersion 

of stock or index’s returns for a given financial instrument or a market index. It points 

out how much and how quickly the value of returns changes. Volatility is usually used 

as an indicator of the risk associated with a stock or index. The higher the volatility is, 

the higher the stock’s or index’s risk is (Berk & DeMarzo, 2014, p,753). 
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2 SCIENTIFIC METHODOLOGY 

 

2.1 Choice of subject 

 

We are two students studying Finance at Umea School of Business and Economics.  In 

our effort to select a topic of our degree project and having made a small research about 

the exchange market, we finally decided to focus on a specific trading strategy in the 

currency market, the Currency Carry Trade. To the best of our knowledge, this strategy 

has started to become popular among the individual investors and traders only the last 

decade, so we believe that it is an interesting sector for deeper investigation. In addition, 

it is a completely new environment for us compared to the traditional strategies in the 

financial market; therefore we believe that it would broaden our knowledge and trigger 

our interest to products and trading strategies that we are not very familiar with.  

An important step before continuing the research is to establish and explain our 

ontological and epistemological considerations, since we will based on them to 

determine the appropriate method that we will use for the conduct of our research.  

 

   

2.2 Ontology 

 

The main speculation of social ontology concerns the nature of social entities. Ontology 

has two main positions, objectivism and constructionism (Bryman & Bell, 2011, p. 20). 

For the conduct of this research we believe that objectivism is the proper ontological 

position that should be adopted. Our main concern is to examine a social phenomenon 

that we cannot influence in any way. More specific, we aim to investigate whether there 

is any causal effect from past indexes’ returns to current returns and whether there is 

any impact from past returns on the expected volatilities on returns. These returns have 

been calculated by gathering indexes’ daily prices from 1995 to 2014. This indicates 

that the data are historical prices, which remain unchanged through time and so we can 

consider them as objective entities, since there is no way to influence them. This is a 

key objectivism’s precondition which ensures that this standpoint is appropriate in our 

thesis.  

 

Moreover, our choice is confirmed by other two important elements of this approach. 

Firstly, there is previous literature in which we will be based on to answer our research 

questions and secondly in order to test our variables, we will apply numerical and 

statistical models. Since we want to examine effects from one variable to another by 

using indexes’ prices, the most valid way is to use statistical models that will give us 

specific results. The application of statistical models demands the compliance with 

specific procedures, rules and restrictions in order to take reliable results. We have to 

adjust to the special requirements of each model. If we don’t follow specific procedures 

before and during the application of the models, as constructionism suggests, the results 

will be severely affected and will lead to unreliable conclusions. 

 

A last point of objectivism’s position concerns the ability to generalize the research’s 

conclusions from one equity to another. Although there are some limitations and 

specific characteristics in our case, we could say that the relationship between the carry 

trade returns and the DAX’s / DJIA’s returns is a structure that could exist in other 
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similar cases, for example, when we compare carry trades to other equity indexes. 

Therefore, we will be able to generalize the results to a certain extent. 

 

 

2.3 Epistemology 

 

Epistemology refers to the nature of knowledge and how the researcher perceives this 

knowledge. Similarly to ontology, it has also two different positions, positivism and 

interpretivism (Bryman & Bell, 2011, p.16). In this thesis we adopted the positivism’s 

position, since we believe that this standpoint fits better with our research. 

 

In this study we will use returns of indexes to examine whether there is causal effect 

between them, whether there is leverage effect and whether they can affect the volatility 

process. To do so, we will use scientific methods and procedures, such as statistical 

models. After taking the final results, we will try to interpret and connect them with 

investors’ behaviors. Therefore we will try to conduct a social scientific research by 

using natural sciences methods and techniques. This is the basic idea of the positivism.     

 

Another thing that supports our choice is that we follow three of the positivism’s 

principals. We know from the research of Tse & Zhao (2012, p. 268) that there is a 

correlation in returns between a carry trade index and an equity index, the S&P 

500.Thus, there is already some acceptable knowledge and so we can proceed with our 

research. This principal is referred to phenomenalism. The second principal is referred 

to deductivism. Some theories have developed concerning the carry trade strategy and 

concerning its relationship with equity markets. Indicatively we mention the researches 

of of Doskov & Swinkels, 2014, Das et al., 2012, Laborda et al., 2014, Jurek, 2014, 

Clarida et al., 2009. Since, there is pre-existing knowledge; we decided to investigate a 

specific case by creating and testing hypotheses. After taking the empirical findings, we 

will be able to reject or accept the hypotheses and so contribute to the previous theory. 

Finally, the third principal refers to conduct an objective (or value free) research. The 

data that we will use are historical prices of the indices and so numbers. Therefore the 

nature of them doesn’t allow us to be subjective and to express our personal beliefs. The 

results would be very specific, and hence there is no space for different interpretations. 

The subjective approach is supported by the interpretivism and as we explained, it 

doesn’t fit with our research. 

  

Similarly to objectivism, positivism can also develop models that can be generalized. 

As already mentioned in the ontology part, the structure that indicates the relationship 

between the returns of indices can be used from other studies, taking always into 

consideration the certain limitations associated with this structure. 

 

 

2.4 Research Approach 

 

According to Bryman & Bell (2011, p.11) there are two main research approaches, 

deduction and induction. Taking into consideration our epistemological and ontological 

views as well as the purpose of our research, we chose to use a deductive approach. This 

approach will formulate the nature of the relationship between research and theory 

(Bryman & Bell, 2011, p. 11). 
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In the previous part explaining our epistemological considerations, we have already 

mentioned that there are already acceptable theories in respect to the carry trade 

strategies and there is also the research of Tze & Zhao (2012), which provides evidence 

for the existence of correlation between the returns of a carry trade and an equity index. 

Based on that previous literature, we will examine three certain hypotheses concerning 

the causality on returns, the leverage effect and the expected volatility on returns. In this 

way, we will be able to answer our research questions by applying quantitative data 

collection methods, since our data are index’s prices. For the specific study the 

theoretical background is very important, since the existing theory works as guideline 

for determining what data should be collected, how to analyze and interpret them and 

how to relate the results and conclusions to the existing theory (Patel & Davidson, 2011, 

p. 23). After the implementation of the quantitative method, we will either reject or 

accept the hypotheses. In case that there is new knowledge, the existing theory is 

revised and adjusted according to the new findings.       

 

In contrast to deduction, the inductive approach is more suitable for researchers that 

don’t have anchored their investigations in an existing theory and they focus on building 

new theories based on the data (Saunders et al., 2009, p. 126). One more point here that 

must be mentioned is that the nature of this approach is firmly linked with limitations 

concerning the generalization and replication of the research. It is used mostly from 

qualitative studies and since it is based mainly on observations there is always the 

element of subjectivity (many researchers will interpret the findings in a different way) 

(Morgan & Smircich, 1980, p. 497).All the above characteristics indicate that this 

approach isn’t suitable for our thesis. We don’t aim to create new theory, our data 

sample is comprised only from numbers so there is not space for subjectivity, we will 

perform a quantitative method for the conduct of the analysis and finally our research 

could be generalized and replicated to some extent.  

 

 

2.5 Research Design 

 

According to Bryman & Bell (2011, p. 40), there are five different research designs: 

experimental design, cross-sectional design, longitudinal design, case study design and 

comparative design (Bryman & Bell, 2011, p. 45).For this research we argue that the 

most appropriate research design is the comparative. This design is the framework 

which will determine how data will be analyzed and collected (Bryman & Bell, 2011, p. 

40).  

Our main objective is to identify whether there is any relationship between two different 

investment strategies, the carry trades and the “blue-chip” stocks. Therefore, we think 

that it will be proved very useful to choose a design that will enable us to make 

comparisons of the results by using the same quantitative methods. The concept of the 

comparative design is depicted in the Table 1 below. The case 1 is the currency carry 

trade strategy, while the case2 is the equity market strategy. The Obs represents the data, 

which are the historical daily indexes’ prices from which we will calculate the returns 

on the indexes. Finally, T1 represents the time moment that we collect the data.  
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Cases T1 

CASE1 

Obs1 

Obs2 

… 

Obsn 

  

CASEn 

Obs1 

Obs2 

… 

Obsn 
 Table 1 Concept of comparative design  

 Source: Bryman & Bell (2011, p. 64)      

 

 
2.6 Research Strategy 

 

According to Bryman & Bell (2011, p. 26-27), what determines the choice of the 

research method is the nature of data and the process that will be followed for the 

analysis. The two most commonly used methods in business research are quantitative 

and qualitative. In our study, we believe that the most suitable method is quantitative. 

Our ontological and epistemological considerations are objectivism and positivism 

respectively. Both positions are usually adopted by the quantitative strategy, since it 

uses natural scientific models to explain social phenomena (Bryman & Bell, 2011, p. 

27). In our case, the natural scientific models that will be used are two statistical models 

appropriate for estimating causal and leverage effects as well as impacts on returns’ 

volatility. In addition the collected data i.e. the past prices of indexes have already been 

quantified, since they are numbers and for the analysis of them we will use 

measurement. Both are basic procedures followed by a quantitative method. On the 

contrary, a qualitative method follows the ideas of interpretivism and constructionism 

and also focuses on words, when it comes to collect and to analyze the data. So, it is 

obvious that this method doesn’t fit with our process.   

 

Concerning our research approach, we follow the deductive method as we used pre-

existing theory to test specific cases. This approach is also supported by a quantitative 

method. In particular, we relied on existing theory such as the uncovered and covered 

interest rate parity theory, the carry trade strategy, the portfolio management theory etc. 

to derive our research questions presented in the first chapter. The specific cases that we 

tested are a carry trade index and two equity indexes. In turn, we constructed specific 

hypotheses for our variables, which was either current returns of the indexes or the 

volatility on them and through a statistical analysis we rejected or accepted these 

hypotheses. Finally, we tested whether our empirical findings can contribute to the pre-

existing theory. On the other hand, qualitative method is based on induction as it aims to 

develop new theory from observation. In our case, we use indexes’ prices as data and 

not observations and we don’t intend to develop new theory from specific cases. 

Instead, we aim to test the foregoing cases and to see whether can contribute to the pre-

existing knowledge.  
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3  THEORETICAL FRAMEWORK 

 

3.1 Uncovered Interest Parity (UIP) and the Forward Premium Puzzle 

 

Before describing the UIP, we will give some useful information about the exchange 

rates for the better understanding of this theory. A spot exchange rate (st) is the price 

that an investor will pay to buy a foreign currency that will be delivered immediately. 

Instead a forward exchange rate is an interest rate that will be used to deliver a currency 

in the future. For example, in time t an investor makes an agreement with a bank to 

exchange one currency for another at a specific future day (t+1) and at a specific 

exchange rate (this agreement is a future contract). This specific exchange rate which is 

determined at time t for an exchange that will occur at time t+1 is the forward exchange 

rate (Agmon & Amihud, 1981, p.425). The most common hypothesis is that “the 

forward exchange rate is an unbiased predictor of the future spot exchange rate” 

(Hansen & Hodrick, 1980, p.829 - 830). The formula that depicts this hypothesis is 

illustrated below: 

 

                                                  Ft, 1 = E (st+1)                                                       (1) 

 

where Ft,1 is the one-period forward exchange rate which is determined at time t, st is the 

spot exchange rate and E (St+1) is the expected future spot exchange rate at time t+1 

(Hansen & Hodrick, 1980, p.830 – 831). If we subtract the spot exchange rate (st) from 

the both parts of the equation (1), we will take the following formula: 

 

                                                     Ft, 1 – st = E (st+1) - st                                                             (2) 

  

However, Fama (1984, p. 320) suggested that the forward exchange rate at time t (Ft,1) 

for an exchange that will occur at time t+1 can be determined by the expected future 

spot exchange rate at time t+1 [E (st+1)] and a risk premium (Pt) as indicated in the 

equation below: 

 

                                                   Ft, 1 = E (st+1) + Pt                                               (3) 

 

If we subtract the spot exchange rate (st) from both parts of the equation (3), then the 

difference between the forward exchange rate and the current spot exchange rate will be 

(Fama, 1984, p. 320): 

 

                                                  Ft, 1 - st = E (st+1) + Pt - st = E (st+1) - st + Pt                (4) 

 

Concerning now the Uncovered Interest Parity, it is considered as one of the most 

researched topics in international economics, because its failure creates arbitrage 

opportunities and space for gaining high profits. Under the condition that investors are 

risk-neutral and act rational, the Uncovered Interest Parity suggests that the difference 

in the interest rates between two countries should be exactly counterbalanced by the 

difference between the spot and the expected future exchange rate of their currencies [E 

(st+1)- st]. This condition is described by the following equation: 

                                                  

                                                 rt - rt* = E (st+1) - st                                                (5) 

 



13 
 

Where rt is the domestic interest rate and rt* is the foreign interest rate, st  denotes the 

spot exchange rate on period t, St+1 is referred to the future spot exchange rate (after one 

year) and E (st+1) represents the expected value of the future spot exchange rate (st+1) 

(McCallum, 1994, p. 108). This equation implies that investors haven’t the opportunity 

to exploit the difference in interest rates (rt - rt*) and hence to gain profits, since this 

difference will be counterbalanced by the expected depreciation of the high-yield 

currency (McCallum, 1994, p. 109). For instance, if the domestic currency is 6% and 

the foreign is 4%, the domestic currency (high-yield currency) is expected to depreciate 

against the foreign by 2%. 

 

Combining the equation (2) and (5), we will get the formula below: 

 

                                                   rt - rt* = Ft,1 - st                                                                      (6) 

 

which shows that the difference in interest rates between two countries (rt - rt*) is equal 

to the difference between their forward and their spot exchange rates (Note: this is what 

also the Covered Interest Rate Parity suggest) (McCallum, 1994, p. 109). 

 

However Fama (1984, p. 320) rejects the hypothesis that “the forward exchange rate 

should be an unbiased predictor of the future spot exchange rate” and so casts doubts to 

the UIP condition. This can be seen in the formula below, where we have combined the 

equation (4) and (5). He supported that in practice the reverse holds. 

 

                                                       rt - rt* = Ft, 1 - st + Pt                                                      (7) 

 

He also noted that the currencies with high interest rates has the tendency to appreciate 

(instead of depreciate) against those with low interest rates, indicating that the forward 

premium, which is the difference between the forward and the spot currency price, 

“tends to be inversely related to future exchange rate changes”. This situation is named 

as Forward Premium puzzle or Uncovered Interest Rate Parity puzzle and not only 

rejects the efficiency of the foreign exchange market but also creates gainful strategies 

such as the currency carry trades by taking advantage of the relationship between the 

nominal interest rates and the currency yields. (Laborda et al, 2014, p.52). 

 

The theory of the Uncovered Interest Rate Parity and the studies that dispute the 

accuracy of this theory are discussed here just to show why the currency carry trades 

have gain a lot of popularity the last decade and why they are consider as a lucrative 

strategy. Since it seems as an attractive strategy probably many investors will be 

interested in including carry trades in their portfolios or at least in gaining more 

information for this strategy. In our thesis, we will investigate a specific case, which is 

how two equity indexes, DAX and DJIA are related to the carry trade index created by 

Deutsche Bank. So, such an examination will be useful for investors who are thinking to 

include these financial products in their portfolios.   

 

 

3.2 Currency Carry Trade 

 

The currency carry trade strategy is when a trader borrows money in a low interest rate 

currency, in turn sells this money to buy funds of another currency, which has a higher 

interest rate and then uses these funds to do investments, in other words he lends the 
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funds that he bought in a higher interest rate (Das et al, 2013, p. 248). In this procedure, 

there are three key rates. The first one is the interest rate in which the trader borrows the 

money, for instance 0%. This means that the trader has to pay back a loan with 0% 

interest rate. The second one concerns the two currencies’ exchange rate, under which 

the trader will sell the borrowed money to buy funds of the other currency with the 

higher interest rate. Finally, the third one is this higher interest rate currency that the 

trader will exploit by lending the funds that he bought. For instance, if the higher 

interest rate of the second currency is 5%, then the trader will lend the fund in an 

interest rate of 5%.   

 

To give the formula of the carry trade strategy’s payoff, we will use an example. We 

consider that the domestic currency is Euro and the Euro risk-free rate is represented as 

it in time t. The Euro risk-free interest rate of a foreign financial instrument is denoted as 

it*. The payoff if we take a long position on the foreign currency is: 

 

                                      𝑍𝑡+1
𝐿 = (1 + 𝑖𝑡

∗)
𝑆𝑡+1

𝑆𝑡
− (1 + 𝑖𝑡)                                                (8) 

(Burnside et al, 2011, p.3) 

 

where 𝑆𝑡 “denotes the spot exchange rate expressed as Euro per foreign currency unit”. 

(Note that in this payoff, transaction costs have been removed).  

 

In contnue, the payoff from the carry trade strategy will be: 

 

                                     𝑍𝑡+1
𝐶 = 𝑠𝑖𝑔𝑛(𝑖𝑡

∗ − 𝑖𝑡)𝑍𝑡+1
𝐿                                                          (9) 

 

(Burnside et al, 2011, p.3) 

 

According to Bhansali (2007, p.72) an investor must hold the position in a carry trade 

for a while if he wants to make profit from this strategy. This is happening because the 

return in carry trade is proportional to the holding period. For instance, if r is the 

domestic interest rate, r* is the foreign interest rate and T is the holding period, the 

return to the carry trade will be: (r – r*) * T. 

 

 

3.3 Foreign Exchange (FX) Market, Currency Carry Trades and Volatility 

 

Exchange rate is the price of a country’s currency in terms of another country’s 

currency. For example, approximately 0.89 EUR is required to purchase 1.00 USD and 

reversely approximately 1.12 USD is required to obtain 1.00 EUR (Pilbeam, 1998, p.4). 

Of course, the exchange rates change every day, so the above prices will not remain 

stable. 

 

Volatility is firmly related to the notion of risk and thus is usually higher in turmoil 

periods and lower in growth periods. The economic crisis of 2007 is maybe the most 

recent event that severely affected the volatility in the foreign exchange market. 

According to Melvin & Taylor (2009, p. 1318) the crisis in the foreign exchange market 

started on August 16, 2007, when many investors experienced huge losses by a large 

unwinding of the carry trade. To understand the magnitude of the loss, Melvin & Taylor 

(2009, p. 1318) gave an example of the exchange rate of the Australian Dollar (AUD) 
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and the Japanese Yen (JPY). Prior to August 15, 2007 the average daily price change in 

their exchange rate was 0.7% and on August 16, 2007 this rate increased to 7.7%. In 

general, Melvin and Taylor (2009, p. 1318) argue that in turmoil periods the traders tend 

to unwind their positions creating intense fluctuations in the market volatility.    

 

Bhansali (2007, p. 74, 79) examined the relationship between the returns of carry trade 

and the volatility levels by collected data of major developed market currencies. The 

results indicate that carry trade returns and the volatility levels are positively correlated 

to each other. An extension of the Bhansali’s research is the study of Clarida et al 

(2009, p. 1387). This study investigates the factors that can influence the returns of the 

carry trade strategies. Clarida et al found that there is a strong connection between the 

exchange rate volatility and the carry trade excess returns. In particular, in low volatility 

regimes the carry trade excess returns are positive and in high volatility regimes the 

returns are negative (Clarida et al., 2009, p. 1387-1388).The only exception in this 

connection is the Japanese Yen; a result that is also reaffirmed in the Bhansali’s 

research (2007, p.74) 

 

The next year, Brunnermeier et al. (2008, p. 313) investigated the relationship between 

currency carry trade and crash risk. Crash risk occurs when the value of the market 

suddenly declines to an extreme degree and within only few days. To measure the 

currency crash risk, Brunnermeier et al used two financial instruments, VIX and TED. 

VIX represents the implied volatility of the stock market and TED spread is often used 

as an estimator of the funding illiquidity. TED spread is the “difference between the 

London Interbank Offered Rate (LIBOR) interbank market interest rate and the free risk 

Treasury Bill rate” (Note: the implied volatility of the stock market is the estimated 

volatility of the stocks included to the S&P 500 index, which represents the equity 

market)  

 

The first finding of Brunnermeier at al (2008, p. 342) suggests that there is positive 

connection between currencies crashes and increases in the price of VIX and TED 

spread. The researchers explained this finding arguing that higher volatility decreases 

the available speculator capital and so the liquidity also declines. The restricted capital 

and the reduced liquidity compel the investors to limit their activities on carry trade (in 

other words to unwind their position in carry trade). Therefore, currency crashes are 

strongly connected to the abrupt unwinding of carry trades. To put that differently, as 

the stock market volatility increases (increases in VIX’s and TED spread’s prices), the 

investors tend to unwind their positions in carry trades. The second finding indicates 

that higher values of VIX forecasts higher future returns in the investment currencies 

and lower future returns in the funding currencies. Finally, the third finding indicates 

that currencies with similar interest rates tend to co-move and thus this suggests that 

carry trades can influence the movements of the exchange rates (Brunnermeier et al, 

2008, p. 342). 

 

Another interesting research in this area was conducted by Christiansen et al (2011, p. 

1108), where they examined the time varying systematic risk (also called as market risk 

or market’s volatility) of a carry trade strategy. The findings indicate that the risk 

exposure of a typical carry trade strategy depend strongly on the stock market. In 

particular, Christiansen at al (2011, p. 1108) suggested that in a volatile market, the time 

varying systematic risk increases and this gives more information and explains better 

the performance of a carry trade strategy. This result means that in turmoil periods, the 
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future returns of carry trade are more predictable, as also suggested by Cenedese et al 

(2014, p. 313) (see below). Indicatively, Christiansen et al (2011, p. 1124) gave an 

example to justify this strong connection between the high market volatility and the 

performance of a carry trade strategy. During times of extreme volatility from 1998 to 

2008, the performance of carry trade strategy was affected by 1/3 from exposure to 

traditional risk agents, such as stock’s and bond’s returns and by 2/3 from exposure to 

the volatility agent itself. Beyond of the above result, Christiansen et al (2011, p. 1124)  

also found that the foreign exchange market volatility and the TED spread (the funding 

liquidity) are the more relevant measures to explain the dependency of the carry trade 

strategy on the market risk.  

 

Hutchison & Sushko (2013, p. 1133) explored whether macroeconomic news (or 

macroeconomic shocks) can affect the carry trade activity and they found that indeed 

this is the case. In particular, macroeconomic shocks (positive or negative shocks) are 

responsible for more than one third of the total adjustments in the carry trade activity. 

Such a magnitude of adjustments has a great impact on the volatility’s fluctuations. For 

instance, the economic crisis of 2007 was accompanied by a huge amount of 

macroeconomic news (mostly negative) and this caused a large unwinding in the carry 

trade positions (Hutchison & Sushko, 2013, p. 1143). 

 

After one year, Cenedese et al (2014, p. 302, 303) examined the forecasting ability of 

the foreign exchange (FX) risk on the currency carry trade return. They investigated 

whether the current volatility of the market can forecast the future return of carry trade. 

They also linked changes in the foreign exchange risk to future gains or losses of the 

carry trade. To measure the FX risk, they used the market variance, which is defined as 

“the variance of the returns to an equally weighted portfolio of currencies”. This 

portfolio is named as FX market portfolio (Cenedese et al, 2014, p. 303).Concerning the 

findings; the first one is that there is negative forecasting connection between the carry 

trade return and the FX risk. This finding means that higher market variance leads to 

substantial future carry trade losses. In periods of high market variance prevails an 

atmosphere of uncertainty and fear. This negative atmosphere adversely affects the 

exchange rates and thus the investors tend to unwind their position in carry trades 

(Cenedese et al, 2014, p. 302), as also suggested by Brunnermeier et al, (2008). The 

second finding indicates that when the carry trade demonstrates large losses then the 

market variance give useful information about whether future losses will occur. This 

outcome is entailed that exchange rates have a predictive ability to some extent and 

especially when the carry trade displays large losses (Cenedese et al, 2014, p. 313). 

 

Summarizing the above findings, we can end up in the following observations. Firstly, 

in turmoil periods, such as the recent financial crisis 2007, the uncertainty, the fear and 

in general the negative shocks cause higher volatility in the stock market decreasing the 

speculator capital and the liquidity in the market. So, investors tend to unwind largerly 

their positions in carry trades and this usually results in severe losses (Melvin & Taylor 

(2009, p. 1318)), Brnnermeier et al (2008, p. 342), Cenedese et al (2004, p. 302), 

Hutchison & Sushko (2013, p. 1143)). Secondly, in turmoil periods, the future carry 

trade returns are more predictable. When the volatility in the market is high then it gives 

useful information about the future performance of carry trade (Christiansen et al (2011, 

p. 1108), Cenedese et al (2014, p. 313), Brunnermeier et al (2008, p.342)). Thirdly, 

there is strong connection between the foreign exchange market volatility and the carry 

trade excess returns. In particular, in low volatility regimes the excess carry trade 
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returns are positive, whilst in high volatility regimes the returns are negative (Bhansali 

(2007, p. 74.79), Clarida et al (2009, p. 1387-1388), Cenedese et al (2014, p. 303)). 

Fourthly, there is co-movement of currencies with similar interest rates and thus carry 

trade can influence the movements of the exchanges rates (Brunnermeier et al (2008, 

p.342)) and finally, the most relevant measures to explain the dependency of carry trade 

on the market risk is the foreign exchange (FX) market volatility and the TED spread. 

Based on these findings, we will be able to discuss and to compare our results 

concerning the returns and the volatility of carry trade, DAX and DJIA index.         

 

 

The following figure-1 illustrates the major currency exchange rates: 

 

 
 
Figure-1: Major currency exchange rates (NYSEARCA) 

Source: The authors 

 

Das et al (2013, p. 247) argued that the carry trade can be a new alternative asset class 

and it can be used in a portfolio. They investigated a variety of conventional and 

alternative assets over a twenty-two year time period and they found that carry trades 

exhibit two attractive characteristics, low volatility and modest correlation with equity 

assets. This founding suggests that including a carry trade in a portfolio enhances the 

portfolio’s performance (Das et al, 2013, p. 256). They also found that risk of a 

portfolio is reduced when some other alternative assets types, such as real estate, 

commodities, emerging market stocks, are replaced by the carry trade. Based on the 

above findings, investors could pay more attention of incorporating a carry trade in their 

portfolios instead of only using it for investing as an individual asset (Das et al, 2013, p. 

256-257). 

 

3.4 Currency Carry Trades and Equity Markets 

In 2011, Katechos (p. 550) investigated the relationship between exchange rates and 

global stock markets. His results showed that there is strong connection between them. 

In particular, he found that the kind of the relationship is determined by the yields of the 
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currencies. Currencies with high yields have a positive correlation with equity returns 

whilst currencies with low yields are negatively related to stock returns. Furthermore, 

he found that when the difference between the interest rates of carry trade and stocks is 

large, then there is a strong connection between them. On the contrary, when this 

difference is small, then the strength of the relationship is not so intense (Katechos, 

2011, p. 558).     

 

Tse & Zhao (2012, p. 252) examined the relationship between the currency carry trades 

and the U.S. stocks, which were represented by the future contracts of the S&P 500 

index. They gathered daily returns of the indexes from 1995 until 2010. From this study, 

Tse & Zhao (2012, p. 268) found that changes in the carry trades returns have no 

significant effect on the future stock returns and similarly stock returns cannot influence 

the future returns of carry trades. Nevertheless, they found that changes in the stock 

returns have a strong impact on the expected volatility on carry trades’ returns but the 

opposite relationship doesn’t hold. The authors gave a possible interpretation of this 

result saying that the carry trades and the stocks are exposed to the same risk factors, 

but probably these factors are more closely related to the stock innovations. They also 

suggested that stock market might be more sensitive to market liquidity and might have 

more funding restrictions compared to the market of currency carry trade. Finally, a 

third explanation could be that the new information is spread initially to the stock 

market and then to the carry trade market. However, this doesn’t necessarily entail that 

carry trade market has inefficient information (Tse & Zhao, 2012, p. 265). Expect from 

the previous results, they also found that the volatility is asymmetric in both markets 

(i.e. leverage effect). This finding implies that bad news in both markets cause higher 

volatility than the volatility caused from good news. 

 

After Tse & Zhao (2012), Lee & Chang (2013, p. 197) examined the relationship 

between the currency carry trade and the returns of the U.S. market by making the 

assumption that the carry trade is positively related to the U.S. market risk and so can 

affect the subsequent returns. They gathered data for almost eighteen years, from 1994 

to 2012 and the U.S. market was also represented by the S&P 500 index. The findings 

are similar to the findings of Tse & Zhao (2012). More specific they ended up in two 

conclusions. Firstly, they found that there is granger-causality from the currency carry 

trades returns to the future market returns but not vice versa. Secondly, they found that 

carry trade has a great impact on the subsequent stock returns and this impact is higher 

in bear markets. This means that when the stock prices are falling and the general 

negative attitude in the market deteriorates the situation and the price’s decline, the 

positive correlation between the carry trade and the stock returns in increased and thus 

carry trade affects more the stock market (Lee & Chang, 2013, p. 215). 

 

Another research investigating the link between the carry trade and the Korean, Indian, 

Australian and Japanese stock markets was conducted by the Fung et al (2013, p. 200) 

for the time period 1995-2011.Their empirical findings suggest that there is 

bidirectional relationship between the carry trade and these four stock markets 

concerning the volatility process and this relationship is more intense during and after 

the economic crisis of 2007. Specifically, the stock returns affect more strongly the 

carry trade during the economic crisis but the relationship is inversed after the crisis 

where the carry trade takes a leading role over the stocks. Finally, the last finding 

indicates that there is causality in returns only after the economic crisis suggesting that 

the UIP doesn’t systematically holds (Fung et al, 2013, p. 215). 
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In 2012, Cheung, et al. (p. 181) investigated whether carry trade affect the stock market 

in five target currency countries (Canada, Britain, Australia, Mexico and New Zealand). 

The findings support that indeed carry trade has an effect on stock activities and more 

precisely, carry trade tends to move stock prices when investors unwind or build up 

their positions in carry trade. This result amplifies the concern of the disruptive effects 

of the carry trade strategy in the global financial system. 

 

From the previous studies, it seems that there is relationship between the currency carry 

trade and the equity markets in both terms of causality and volatility process. Based on 

these results, we will assess and compare our findings. 

 

 

3.5 G-10 Currencies 

 

The G-10 currencies are the only currencies that are used by the currency carry trade 

indexes and so they are mainly involved in currency carry trade strategy. This is 

happening because the G-10 currencies exhibit two important attributes that make them 

the most overused in financial transactions (Merk et al, 2012). Firstly, they are 

considered as the most liquid in the market and hence they have lower liquidity risk 

than other currencies and secondly they are considered as the most heavily traded. There 

is ambiguity for their origin, but the most common view is that they derive from the 

Group of 10 (G-10). This group is constituted of countries that are members of the 

International Monetary Fund (IMF), and they participate in the General Arrangements 

to Borrow (GAB). This arrangement enables the IMF to borrow determined amounts of 

currencies from the central banks of these countries under certain circumstances. The 

GAB established in 1962 from eight IMF country-members (Canada, United Kingdom, 

Italy, Japan, Netherlands, France, United States and Belgium) and the Germany’s and 

Sweden’s central bank and in 1964 Switzerland, a nonmember of the IMF, was included 

in the arrangement, although the name (G-10) didn’t change (IMF, 2015). 

 

 The table 2 below illustrates the G-10 currencies and their denotations.  

 

Countries Currencies Denotations 

Canada Canadian Dollar, CAD C$ 

Australia Australian Dollar, AUD A$ 

United Kingdom 

CHF United Kingdom 

Pound Sterling, GBP  £ 

United States United States Dollar, USD $ 

New Zealand New Zealand Dollar, NZD NZ$ 

Sweden Swedish Krona, SEK  SEK 

Japan Japanese Yen, JPY ¥ 

European Union Euro, EUR € 

Switzerland Swiss Franc, CHF CHF 

Norway Norwegian Krone, NOK NOK 
Table 2: G-10 Currencies 

Source: Merk Investments LLC, 2012 
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According to Gyntelberg & Remolona (2007, cited in Christiansen et al, 2011, p.1112 ), 

the carry trade portfolio can include a long position in the three currencies with the 

highest interest rates and a short position in the three currencies with the lowest interest 

rates. The selection of those currencies is done among the G-10 currencies. For 

example, usually the GBP, NZD, and a third varying currency are used for the long 

position while JPY and CHF, and a third varying currency are used for the short 

position. 

 

 

3.6 General form of hypotheses 

 

For being able to answer the research question, we should make some hypotheses, 

which will be tested later in the thesis. A more general construction of these hypotheses 

is presented below. In the next part describing the practical methodology, we will 

specify them more clearly after the presentation of the models. For each sub-purpose, 

we have developed a corresponding hypothesis. Although the null hypotheses are tested 

by the models, here we have constructed the alternative hypotheses, in other words the 

active. These hypotheses assume connection among the variables, in contrast to the null, 

which suppose no effect among the variables. 

 

 

Hypothesis of causality between the carry trade’s returns and DAX’s/DJIA’s 

returns (Sub-purpose 1) 

 

In this case, we want to investigate whether there is causality between the current carry 

trade returns and the past values of the other two indexes and vice versa. The general 

form of this assumption is: 

 

H1: The carry trade’s returns can granger-cause the DAX/DJIA returns and vice versa.  

 

Hypothesis of  leverage effect (Sub-purpose 2) 

 

In this case we aim to detect whether there is leverage effect between the past returns of 

one index and the expected volatility on the returns of the same index. Alternatively, we 

want to know whether negative shocks in the market create more intense volatility than 

positive shocks.  

 

H2: There is leverage effect between the past returns of an index and the future volatility 

on the same index’s returns. 

 

Hypothesis of volatility’s effect of  one index’s returns to another (Sub-purpose 3) 

 

Finally, our goal in this case is to find out whether the past returns of one index can 

affect the volatility on returns of the other two indices. This can be developed in the 

following general hypothesis: 

 

H3: The past returns of one index have an impact on the future volatility on the returns 

of the other two indexes. 
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4 PRACTICAL METHODOLOGY 

 

4.1 Data Sample and Time Horizon 

 

This chapter presents the data sample, the time horizon and the analysis methods 

employed in this study. Since our aim is to investigate the causality between the returns 

of currency carry trades and the returns of DAX and DJIA index, the selected data are 

the prices of these three indexes over a time period of twenty years. The price series of 

DAX and DJIA were gathered using Thomson Reuters Datastream which is accessible 

from the Umeå University. According to the Stanford Graduate School of Business 

(2015), Thomson Reuters Datastream is a company that provides “current and historical 

time series data on stocks, stock indices, bonds, futures, options, interest rates, 

commodities, derivatives, currencies, and economic data”. The price series of carry 

trade was gathered by an index created by Deutsche Bank, the Deutsche Bank G10 

Currency Future Harvest (DBCFH). According to Deutsche Bank (2015), this index 

“reflects the return from investing long in currency futures for currencies with relatively 

high yielding interest rates and short in currency futures for currencies with relatively 

low yielding interest rates”. After the gathering of the data, we transformed the prices to 

returns, since we want to research causality in returns and not price development. This 

transformation is presented to the next section. 

We have gathered the daily prices for twenty years, from 1995 to 2014. If we assume 

that the working days per year are 251, then we should have gathered 5020 prices in 

total for each index and in turn this results in 5019 returns. However, we finally used 

4933 returns, because we did some adjustments to have consistent and comparable data. 

According to Greener (2008, p. 36), it is very important to choose an appropriate time 

horizon neither too short nor too long. A long time horizon will absorb a lot of time and 

effort and this could work in expense of the other parts of the study (for example the 

analysis part). In addition, it could be hard to detect and explain short-time patterns, 

something that definitely could affect our research. We aim to consider whether past 

returns of an index can influence current returns of the same index or whether they have 

any impact on the current returns of the other two indexes. Therefore, a long time period 

difficult could show such effects. For example the return on an index almost fifty years 

ago isn’t a good estimator for explaining the current return. On the other hand a too 

short time horizon (for instance five years) could generate a small data sample. This 

poses the questioning whether the data are enough to produce concrete conclusions and 

whether these conclusions can be generalized. Tse & Zhao (2012, p. 253) in their 

research where they examine the relation between the U.S. stocks and the carry trades 

gathered prices for sixteen years from 1995 to 2010. However, we believe that twenty 

years are also a medium-size time horizon, which can avoid the foregoing 

shortcomings.   

 

  

4.2 Return’s Calculation  

 

After gathering the prices of the three “blue-chips” indexes and the Deutsche Bank G10 

Currency Future Harvest index, we must calculate their logarithmic returns (also called 

log returns or continuously compound log returns). The notion of a continuously 

compound return expresses the cumulative impact of a series of losses and profits on the 

initial investment’s price (Brealey et al, 2014, p. 19). In our case we have daily 
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consecutive prices of indexes, so the series of losses and profits are actually a series of 

appreciations and depreciations in the initial price. 

The main reason that we decided to use them instead of using simple returns is because 

logarithmic returns have a specific property. Ruppert in his textbook Statistics and 

Finance (2004, p. 77) explains that log returns are useful when investigating time series, 

because they exhibit the advantage of “simplicity of multiperiod returns”; in other 

words they exhibit the property of time additivity (Ruppert, 2004, p. 77), (Brooks, 2008, 

p.8). The log return in a x period [rt(x)] is “simply the sum of the single period log 

returns” (rt + rt-1…etc), as illustrated in the equation (11) (Ruppert, 2004, p. 77). 

 

                                  rt(x) = log[1+ Rt(x)] = log[(1+Rt)...(1+Rt-x+1)] 

                                          = log(1+Rt) +...+ log(1+Rt-x+1) = rt + rt-1+ ...+rt-x+1                    (10) 

 

where the log symbolizes the logarithm and the Rt represents the simple return. 

For the computation of the log returns, it is used the natural logarithm of the price in 

time t (Pt ) divided by the price in the previous time t-1 (Pt-1), as depicted in the formula 

(11) below. The Pt could represent either the prices of the “blue-chip” indexes or the 

prices of the index from the Deutsche Bank about the carry trading currencies (Ruppert, 

2004, p. 76).  

                                  

                                   rt = log(1 + Rt) = log(Pt ) – log (Pt-1) = log(Pt/Pt-1)                     (11) 

 

For understanding the above property we will give an example, but first we must 

display the formula of calculating the simple return of an investment. This is presented 

in equation (12) (Brooks, 2008, p. 7). 

 

                                                     Rt = (Pt – Pt-1)/ Pt-1 = (Pt/Pt-1) - 1                              (12) 

 

Where Rt represents the simple return on an investment, Pt the price of the investment in 

time t and Pt-1 the price of the investment in time t-1. If we rearrange this equation and 

solve for the Pt, we get the below form (Brooks, 2008, p. 7):  

 

                                                                 Pt = Pt+1 * (1+Rt)                                            (13) 

 

For simplicity we will use an example with very few and simple numbers and we have 

to mention that these numbers doesn’t reflect the reality. Consider now that the price of 

an index the first day is 100. The second day the price appreciates by 12% (R1) and the 

third day depreciates by 12% (R2). So we can create two time periods. The first one is 

from day 1 to day 2 and the second one is from day 2 to day 3. Plugging in all these 

values to equation (13) we take the final price after the appreciation and the 

depreciation, which is P3 = P1 * [(1+ R1) * (1+R2)] = 100 * [(1+0.12) * (1-0.12)] = 100 * 

1.12 * 0.88 = 98.56 where P1 is the initial price of the index, R1 is the return of the first 

period (appreciation) and R2 is the return of the second (depreciation).  

 

In this point, we have to clarify that the appreciation and the depreciation of the index 

price is actually a simple return between the prices of two consecutive days and can be 

calculated using the equation (12). We can think them as gains or losses respectively. 

From the first day to the second, the index price is increased from 100 to 112, in other 

words is raised by [(112-100)/100] * 100 = 12% (Return1>0). From the second day to 

the third, the index price is decreased from 112 to 98.56, and so is reduced by [(98.56-
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112)/112] * 100 = -12% (Return2<0). In the equation (11) concerning the log returns the 

symbol Rt represents these two changes +12% and -12%. 

 

In continue, we can calculate the total change by using the equation (12): (98.56 – 

100)/100 =         -0.0144. Multiplying this outcome by 100 to convert it into a 

percentage, we get -1.44%. This specific series including a 12% appreciation and then a 

12% depreciation in the index price results in an actual total change of -1.44%. Looking 

back to the calculation of the final price P3, we will see that we have multiplied the 

initial price P1 with the product of the appreciation’s and the depreciation’s amount i.e. 

(1+0.12) (1-0.12). 

 

If we apply the formula (11) for the calculation of the log returns, the results will be: r1 

= log (112/100) = 0.113329 or 11.3329% and r2 = log (98.56/112) = -0.12783 or -

12.783%, where r1 is the log return of the first period and the r2 is the log return of the 

second period. The total change in the price is the addition of r1 and r2 as is indicated in 

equation (10) and it is r1+r2 = 0.113329+ (-0.12783) = -0.0145 or -1.45%. So, in case of 

the simple returns, the total change is estimated by multiplying numbers. On the other 

hand in the case of log returns the addition is used. Multiplication is always a much 

more complex procedure compared to addition especially when we have large amount 

of data. In the previous example we had to multiply only two amounts of appreciation 

and depreciation but in our thesis we had to do that for 4933 amounts. It is obvious then 

that the addition of the single period log returns is by far more convenient and also 

helps for avoiding mistakes.  

 

Moreover, an also very important reason that justify why we chose to use log returns is 

their selection by some relevant research studies. Fama (1969, cited in Dissanaike & 

Fur, 2003, p. 1166) firstly applied the log returns supporting that “the Logarithmic form 

of the model appears to be well specified from a statistical point of view and has a 

natural economic interpretation”. In continue, Brunnermeier et al (2008, p.324) in their 

investigation about the currency carry trades and the currency crashes used as well 

logarithmic returns of the U.S. stock market index. Tse & Zhao (2012, p. 257) also used 

them trying to examine the connection between the carry trade strategy and the U.S. 

stocks. Ames et al (2014, p. 4)in their study with title “ Reinvestigating the Uncovered 

Interest Rate Parity Puzzle via Analysis of Multivariate Tail Dependence in Currency 

Carry Trades”  preferred to use exchange rate log returns to develop parametric models 

and to make comparisons. Finally, Zivot (2008, p. 2) investigating practical issues in the 

analysis of univariate GARCH models computed log returns and used them in the 

models. It seems that many researchers in this field chose to apply them and so we 

conclude that they are appropriate for ensuring the validity of our results. 

 

     

4.3 Granger Causality in Returns and Volatility of returns  

 

After calculating the returns, we will perform two statistical models in order to 

accomplish first sub-purpose. The first model is called Vector Autoregressive (VAR) 

and the second is called EGARCH [1, 1], both provided by the software Eviews7. But 

before starting to describe them, we have to mention some important practical issues for 

the implementation of these models. 
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Initially, an appropriate lag length should be applied. A lag length deals with the 

number of past variables that determines and explains the current result (Liew, 2004, p. 

1). If the determined lag length is too small (selecting a lower order lag length than the 

true length), then the remaining serial correlation in the errors will affect the test by 

creating bias. On the other hand, if the lag length is too large (choosing a higher order 

lag length than the true length), the reliability and the power of the test will be reduced 

(Harvey, 1981, cited in Li & Giles, 2015, p. 8). According to Liew (2004, p.1) there 

have been developed a lot of criteria for the selection of the correct lag length, but one 

of the most famous is the Aikaike’s information criterion (AIC). According to this, the 

lag length with the lowest score is the one which minimizes the information loss 

(Karolyi, 1995, p. 15). We will use this to specify the appropriate lag length, as also 

Karolyi (1995, p. 15) suggested in his study where he investigated “the short-run 

dynamics of returns and volatility for stocks traded on the New York and Toronto stock 

exchanges” (Karolyi, 1995, p.11). 

 

Another important issue for the determination of the statistical tests that will be used in 

the research concerns the conduct of a unit root test. It is important to assess the 

stationarity of the times series variables i.e. to test whether the mean or the variance of 

the time series change when shifted in time. To accomplish that, we used an augmented 

version of the Dickey – Fuller test, the Augmented Dickey – Fuller test (ADF), as also 

Katechos (2011, p. 553) recommended in his study where he examined the relationship 

between exchange rates and equity returns. This test assumes the existence of a unit root 

and uses it as the null hypothesis. To put that differently, it makes the assumption that 

the data are not stationary and so the null hypothesis must be rejected to be able to 

continue with the application of the next models (Elliott et al, 1996, p.813).  

 

 

4.3.1 Granger Causality in Returns 

 

The Granger Causality method was firstly introduced by Granger (196, p.424), who 

investigated whether there is a causal effect between the variables of two time series. 

The term “causal effect” implies forecasting ability. Specifically, Granger supported 

that if the past values of a time series X can predict the future values of a time series Y, 

then there is granger causality between them (Triacca, 2001, p.137). According to Luo 

et al (2011, p. 1422), granger causality method is appropriate to detect causal influences 

and connections from temporal data. 

 

The causality in returns between the “blue-chips” indexes and the currency carry trade 

index can be tested by the VAR model. This model firstly proposed by Christopher 

Sims (1980) as a new macroeconometric framework and it provides a credible approach 

for describing data and making forecasts and structural conclusions (Stock & Watson, 

2001, p.101). VAR model is the extension of the univariate autoregressive model. In 

general, an autoregressive model (AR) represents a type of a random process which is 

used for forecasting a variety of natural phenomena. It is a linear method developed to 

predict an output based on its past values (Tatinati et al, 2013, p. 4979). A univariate 

AR model is appropriate when the researcher has variables of only one time series (for 

example the returns of only one index). In our case, we have variables of two time series 

(the carry trade’s returns and the returns of one of the two “blue-chip” indexes each 

time), so we need a multivariate model to analyze the data. According to Stock 

&Watson (2001, p.110), the VAR model is commonly used when researchers aim to 
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analyze multivariate time series and it is a useful tool to detect co-movements that can’t 

easily be tracked in univariate models. This statement is also amplified by Zivot (2006), 

who argued that VAR model results in superior predictions than those of univariate AR 

model and in addition it deals with theory derived from simultaneous equations models. 

Since we have variables from two time series, a bivariate model should be applied and 

its formula is shown below (15). (Note: For convenience, we present here the basic 

formula with two lags. However using the Aikaike’s information criterion, we ended up 

that the appropriate lag length in our case is five).  

 

 

        y1t            c1          π
1
11   π

1
12       y1t-1       π

2
11   π

2
12       y1t-2        ε1t 

                 =           +                               +                               +                                    (14) 

        y2t                  c2         π
1
21    π

1
22     y2t-1       π

2
21    π

2
22     y2t-2        ε2t 

 

(Bozoklu & Yilauci, 2013, p. 878-879) 

 

Alternatively, the above equation can be written individually for the variables of two 

time series as it is shown in equations (15) and (16).   

  

y1t   = c1 + (π1
11 ) × (y1t-1) + (π1

12) × ( y2t-1) + (π2
11)  × (y1t-2)  + (π2

12 ) × (y2t-2) + ε1t      (15) 

         

y2t    =   c2 + (π1
21) × (y1t-1) + (π1

22) × (y2t-1) + (π2
21) × (y1t-2) + (π2

22) × (y2t-2) + ε2t             (16) 

 

(Bozoklu & Yilauci, 2013, p. 878-879) 

 

y1t and y2t represent the dependent variables under investigation and in our case they are 

the current returns of carry trade and the current returns of DAX or DJIA. y1t-1, y2t-1, 

y1t-2, y2t-2 represent the independent variables, which are the lag periods of the 

dependent variable (i.e. past values of the dependent variable which works here as 

independent) and the past values of the second time series variable (Bozoklu & Yilauci, 

2013, p. 878-879). To be more understandable, we will give an example using only the 

returns of carry trade and DAX and assuming that the appropriate lag structure is two 

lags (i.e. two past values). If the dependent variable is the current carry trade return, 

then the independent variables will be the last two returns of carry trade and the last two 

returns of DAX. In total, we have four independent variables. In our case what we are 

interested to know is whether the lag returns of DAX and DJIA can predict the current 

carry trade return (dependent variable) and vice versa. We will check that by looking at 

the coefficients’ values, which are denoted by π in the above equations. c1 and c2 are 

two constants and ε1t and ε2t represent the residuals (white noise) satisfying the 

following two assumptions. Firstly, their mean is equal to zero and secondly, the 

covariance of the error terms is equal to σ12 (standard deviation), where σ12 is symmetric 

and positive definite (Bozoklu & Yilauci, 2013, p. 878-879). In this point, we should 

stress that the above formula is applied for stationary time series variables, so we need 

to test that before proceeding to our calculations (Rupper, 2011, p. 484). As we 

mentioned above, we carried out this assessment by performing an Augmented Dickey 

– Fuller test, which showed that indeed the variables are stationary. 

 

A very important observation here is that in a bivariate model with a lag length of p 

values, the variable y2t will fail to granger cause the y1t when all of the coefficients on 

lagged values of y2t (independent variable) equals zero in the equation for y1t (dependent 
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variable). The same statement is applied when we want to investigate the inverse 

relationship, which is whether y1t can predict y2t (Zivot, 2006). This observation is our 

guideline for testing whether there is granger causality between the variables. 

 

Looking back to the formula of VAR model (14), we saw that there are two variables ε1t 

and ε2t, which denote the residuals. These variables are used from the second chosen 

statistical model (EGARCH) to estimate the volatility of the dependent variable. Thus, 

before proceeding to its description, we present here some information of what is a 

residual and what is a standardized residual. These two notions will be also proved 

useful latter, when we describe the diagnostic test. 

 

According to Brooks (2008, p. 33,198) and to Ruppert (2011, p. 484) the ordinary 

residuals are the difference between the observed value and the predicted value of the 

dependent variable. If we denote the residual as ε, the observed value as y and the 

predicted value as y', the equation that describes their relationship is: 

                                                                

                                                          ε =  y – y'                                                      (17) 

 

A standardized residual is “an ordinary residual divided by its conditional standard 

deviation. If we denote the standardized residual as ε' and its conditional standard 

deviation as σ', their relationship can be seen in the formula (Ruppert, 2011, p. 484) 

(18). 

                                          

                                                        ε' = ε / σ' = (y – y') / σ'                                     (18) 

 

 

4.3.2  Volatility of returns – EGARCH [1, 1] Model 

 

The causality relationship in the volatility between the “blue-chips” indexes’ returns and 

the currency carry trade index’s returns is tested by a GARCH, General Autoregressive 

Conditional Heteroscedasticity model. Proposed by Bollerslev in 1986, this model is an 

extended version of the ARCH model, which was introduced by Engle in 1982. 

GARCH models were created to test and to describe the variance of a time series in the 

framework of finance and econometric problems. Workhorse for their creation was 

generally the increases or decreases of the investments’ amounts during specific time 

periods. These fluctuations create uncertainty to investors and so experts try to model 

them, measure them and to detect patterns and trends. One of the most common trends 

in the financial market is the volatility clustering (Engle, 2001, p. 158). This means that 

periods with high volatility will be followed by periods with high volatility and periods 

with low volatility will be followed by periods with low volatility (Zivot, 2008, p. 7). 

According to Cont (2005, p.1) “large changes in prices tend to cluster together”. The 

GARCH family models have been developed for investigating and facing this kind of 

trends (Zivot, 2008, p. 7).   

 

Since these models are econometric, we will try to explain briefly why they have been 

created using statistical terms. The main assumption behind the ARCH and GARCH 

model is that the least squares theory supposes that the “expected value of all residuals, 

when squared, is the same at any given point”. This is called homoscedasticity. Data 

that have uneven variances of the residuals (such as our data) are said to suffer from 

heteroskedasticity. In the presence of heteroskedasticity, although the regression 



27 
 

coefficients for an ordinary least squares regression remain unbiased, the confidence 

intervals and the standard errors will be inappropriate, if the conventional methods will 

be used. ARCH and GARCH models assume heteroskedasticity as a variance that can 

be modeled and so can solve this problem. In addition, these models permit to predict 

the variance of each residual (Engle, 2001, p.157). 

 

We will give a simple example for the better understanding of how these models work.  

Consider now that we want to estimate the variance of an index’s tomorrow’s return 

using its returns of the previous thirty days. The usual convenient method will just 

calculate the equally weighted average of the square residuals from the last thirty days. 

But here, there is a problem that makes our results inaccurate. Commonly, the most 

recent returns (for example the return of the previous day) can influence more the next 

day’s return compared to the oldest (for instance the return thirty days ago). Therefore, 

the most recent returns should have higher weights. ARCH model can fix this problem, 

because it treats weights as parameters to be estimated. So actually, the data determines 

the appropriate weights for predicting the variance (Engle, 2001, p. 159). The next 

version is the GARCH model, which has been updated to reduce the weights that never 

go completely to zero. It is also famous for successful forecasting the conditional 

variance, since it uses “a weighted average of the long-run average variance (mean), the 

variance predicted for this period, and the new information in this period that is 

captured by the most recent squared residual” (Engle, 2001, p. 159-160). 

 

However, a trend in finance is that the volatility is affected more from bad news 

(negative shocks) than from good news (positive shocks or innovations), so volatility is 

usually higher when the prices fall rather than when the prices increase. This 

asymmetric impact on the volatility from the shocks is called leverage effect.  As we 

mentioned earlier the GARCH model uses only the squared residuals for the calculation 

of the conditional variance and thus the signs (+/-) of the residuals (or shocks) do not 

influence the outcome (Zivot, 2008, p. 16). Therefore the GARCH model cannot 

estimate the leverage effects, but the EGARCH model can. The latter was proposed by 

Nelson (1991, p.347) and it is the extended version of the GARCH. According to Tudor 

& Tudor (2014, p. 1133) the conditional variance (ht) is an exponential function of the 

weighted shocks and of lagged conditional variance (ht). EGARCH model “can be 

expressed by a discrete-time stochastic process (yt) t ∈ Ζ (integers)” which has the 

following form (Tudor & Tudor, 2014, p. 1133-1134): (Note: the parenthesis [1, 1] 

refers to the number of ARCH and GARCH terms that they are in the model. Our model 

has 1 ARCH and 1 GARCH term).  

                                                              

                yt = c + εt                                                                                        (19) 

   

where      zt = εt * √ht  or εt = zt / √ht                                                                      (20) 

 

with        log (ht) = α0 + α1 * g(zt-1) + β1 * log (ht-1)                                         (21) 

             

where      g * (z t-i) = γ * z t-i + ω * (|z t-i| - Ε|zt-i|)                                              (22) 

 

where      E| zt-i | = √(2/π)*[Γ(ν-1)/2]*Γ(ν/2)                                                  (23) 

 

The equation (23) used by Tse & Zhao (2012, p. 260).                                                                             
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zt, t ∈ Z denotes variables, which usually called innovations or random shocks. The 

variance of zi is positive (σ2 > 0) for every i ∈ z. εt represents the residuals, ht denotes the 

conditional variance of yt and √ht is its standard deviation. The equation (21) calculates 

the logarithm of the conditional variance (log (ht)). The parameters α0, α1, β1, γ, ω in 

equations (21) and (22) are real numbers and can be either positive or negative. This 

makes the EGARCH model much more flexible compared to the GARCH (Tudor & 

Tudor, 2014, p.1134). Moreover, the γ parameter indicates the asymmetry or the 

leverage effect, whilst the ω represents the magnitude effect or the symmetric effect of 

the model, in other words the “GARCH” effect. The parameter α0 is a constant and the 

parameter β estimates the persistence in conditional variance regardless of what happens 

in the market. In equation (22), the |zt-i| denotes the absolute value of the variable zt 

exactly the previous time period and the Ε|zt-i| denotes the mean of these absolute 

values. Also, the conditional variance of yt satisfies the equations the below equations: 

                   c = E (yt) (mean)    (24)                 and             Var (yt/y0,…..,yt-1) = ht     (25) 

 

According to Ahmed & Suliman (2011, p.119), a more flexible formula is depicted to 

the equation (26). It will facilitate the representation of the empirical findings in the 

next chapter.  

 

          log (ht) =  α0 + β* log (ht-1) + γ* (zt / √ ht-1) + ω*[ (| εt-1|/√ ht-1) - √(2/π) ]    (26) 

 

An important issue in this point concerns the residuals’ distribution. We have chosen 

the Student-t rather the normal, which is more typical to previous versions of this 

model. According to the Zivot (2008, p. 7), “the distribution of many high frequency 

financial time series usually has fatter tails than a normal distribution. That is, extreme 

values occur more often than implied by a normal distribution”. Therefore, it could be 

lead to more effective estimations if a distribution with fatter tails were used instead of 

the normal. Examples of such a distribution are the double exponential distribution, the 

Student’s t distribution and the generalized error distribution (Zivot, 2008, p.20). 

Bollerslev (1987, cited in Tse & Zhao, 2011, p. 261) argued that the residuals should 

follow the conditional Student-t distribution with v degrees of freedom to count for the 

excess kurtosis. 

 

According to Zivot (2008, p. 18), the EGARCH model has two advantages compared to 

the basic GARCH. Firstly, it has stationary covariance, something that we checked with 

the Augmented Dickey – Fuller test (ADF), as it is described in the unit root test. 

Secondly, with the use of the EGARCH, the logarithm of conditional variance is 

modeled and not the conditional variance itself (see formula (21)). Thus, the conditional 

variance will be for sure positive, regardless of the coefficients’ value.      

 

After running the EGARCH [1, 1] model, we should perform a diagnostic test to check 

whether there is serial correlation in the residuals (or observed errors). In his study 

concerning the use of ARCH/GARCH Models in Applied Econometrics, Engle (2001, 

p. 161-162) mentioned that they have been developed several diagnostic tests but he 

didn’t specify some of them. In addition, Tse & Zhao (2012, p. 265) in their research 

about the relationship between the U.S. stocks and the carry trades performed a test to 

investigate whether the residuals after the application of the EGARCH model were 

auto-correlated, but they didn’t also mention which one was used. In general, most of 

the researchers omitted to state which tests were implemented. Since we don’t have 

enough information for the best test, we decided to use the one that is provided by the 
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program Eviews7. This program not only is commonly used for the computation of 

econometrical models, such as the GARCH family models but also is commonly 

proposed by some authors. For instance, Brooks (2008), in his textbook “Introductory 

Econometrics for Finance”, has proposals and indications of how to use the Eviews7 in 

almost all the chapters. Another example is the textbook of Vogelvang (2005) with the 

title “Econometrics: Theory and Applications with Eviews”. 

 

In our case, what we are interested to know here is whether two adjacent standardized 

residuals are correlated to one another (autocorrelation) after the application of the 

EGARCH model. According to Ruppert (2011, p.484), the standardized residuals 

should be used for indicating the selection of the appropriate models. If the model is 

suitable then neither the standardized residuals nor the square of them must have serial 

correlation. We will investigate that by performing the Correlogram Squared Residual 

test. Although we said before that there isn’t a lot information for its selection, Ramzan 

et al (2012, p. 21) used it in their effort to model and forecast exchange rate dynamics in 

Pakistan using the GARCH family models. In this test the null hypothesis states that 

there is no serial correlation in the standardized residuals and so should be accepted. 

The outcome of the test is presented in the appendix (1). As it can be seen from the 

results, there is no serial correlation for most of the standardized residuals, but there are 

some exceptions. This means that the EGARCH [1, 1] can give us information for the 

leverage effect between the variables but it could be improved to be more accurate.  

 

We have reached to that conclusion, because we know the existence of another model 

from the same family, the BEKK GARCH. This model is the improved version of the 

diagonal VECH GARCH, which was developed by the Bollerslev, Engle and 

Wooldridge (1988) in an effort of smoothing the problems that have been created from 

the extension of the univariate GARCH to multivariate (Altay-Salih et al., 2003, p. 

486). The VECH model supposes constant covariance in contrast to previous models, 

which faced difficulties to calculate covariances because the variables’ relationships 

were nonlinear and non-convex (Altay-Salih et al, 2003, p. 486). However, the 

EGARCH model also assumes that as we mentioned earlier. The BEKK GARCH model 

was initially introduced by Engle & Kroner in 1995 (Kroner & Ng, 1998, p. 817). The 

advantage of this model is that reduces substantially the number of the parameters and 

so it is more effective compared to the previous versions (Li & Giles, 2015, p. 13). The 

BEKK model is indirectly provided by Eviews7 i.e. the user should know how to create 

a specific code in the software to develop this model. Unfortunately, that was beyond 

our knowledge and thus we decided to use the next option which was the EGARCH [1, 

1] model. 

 

We did so by checking each individual model provided directly by the Eviews7 from 

the GARCH family and we ended up that EGARCH was the most suitable. More 

specific the models that we checked were: ARCH, GARCH, TARCH and PARCH. The 

last three are also able to model leverage effects (Zivot, 2008, p. 18). However by 

estimating the Aikaike’s information criterion (AIC) for each of these models, we 

concluded that the EGARCH was the most appropriate in our case. Concerning the AIC 

procedure, the same steps and philosophy were followed as we have already mentioned 

in the part describing the choice of the suitable lag structure. The lowest score of the 

AIC indicates the model that fits better. In other words, this score indicates the model 

with which, we will have the lowest information loss (Karolyi, 1995, p. 15). 
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Generally, we have used the P-value approach (probability value) to assess the null 

hypotheses in a confidence level of 95%, except from the EGARCH [1, 1] model in 

which we used a 99% confidence interval. We used these intevals because Tse& Zhao 

(2012, p. 262,264). The guideline is that if P-value is lower than 5% (< 0.05), then the 

null hypothesis (H0) can be rejected in favor of the alternative (H1). In contrast, higher 

than 5% (>0.05) P-values suggest the acceptance of the null hypothesis (Brooks, 2008, 

p. 52-53, 56-57). When it comes to assess coefficients, we used again the same 

approach. The evaluation of a coefficient indicates whether it is statistically significant 

or not. Coefficients are parameters multiplied by an independent variable that usually 

serves as predictor or estimator of the dependent. The null hypothesis in this case is that 

the coefficient is equal to zero and so its corresponding independent value has no effect 

on the dependent variable. If the P-value of the coefficient is lower than 5%, then the 

null hypothesis is rejected and the coefficient is consider as significant. In other words, 

changes in the value of the independent variable which is multiplied by this coefficient 

can influence the dependent variable. On the other hand, if the P-value is higher than 

5%, then the coefficient is insignificant (Brooks, 2008, p.56, 63, 66). Of course, in the 

case that we have used the 99% confidence level, the P-value must be lower than 1% for 

the rejection of the null hypothesis or respectively higher than 1% for its acceptance.    

  

   

 

4.4 Hypotheses 

 

After the description of the selected statistical models, we present a more specific 

formulation of the hypotheses that will be tested in this thesis. Although each model 

tests the null hypothesis we display here the active hypotheses, which assume 

connection among the variables. 

 

4.4.1  Hypothesis of VAR model 

 

H1 a: The carry trade’s returns can granger-cause the DAX’s returns. 

 

H1 b: The DAX’s returns can granger-cause the carry trade’s returns. 

 

H1 c: The carry trade’s returns can granger-cause the DJIA’s returns. 

 

H1 d: The DJIA’s returns can granger-cause the carry trade’s returns. 

 

H1 e: The carry trade’s returns can granger-cause their own returns. 

 

 

4.4.2 Hypothesis of EGARCH model 

 

Using this model we will try to detect whether there is leverage effect between the past 

returns and the future volatility of these returns for each individual index. Moreover, the 

results of this model will point out whether past returns of one index can affect the 

future volatility on returns of the other two indices. To test these cases, we have 

developed the following hypotheses:   
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Leverage effect (second sub-purpose) 

 

H2 a: There is leverage effect between the carry trade’s past returns and their future 

volatility. 

 

H2 b: There is leverage effect between the past DAX’s returns and their future volatility. 

 

H2 c: There is leverage effect between the past DJIA’s returns and their future volatility. 

 

Past returns and future volatility (third sub-purpose)  

 

H3 a: The past returns of carry trade have an impact on the future volatility on returns of 

DAX. 

 

H3 b: The past returns of carry trade have an impact on the future volatility on returns of 

DJIA. 

 

H3 c: The past returns of DAX have an impact on the future volatility on returns of carry 

trade. 

 

H3 d: The past returns of DAX have an impact on the future volatility on returns of 

DJIA. 

 

H3 e: The past returns of DJIA have an impact on the future volatility on returns of carry 

trade. 

 

H3 f: The past returns of DJIA have an impact on the future volatility on returns of DAX. 
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5 EMPIRICAL FINDINGS 

 

In this chapter, the empirical findings from the analysis are presented and explained. In 

particular, graphs and tables depict the outcome of VAR and EGARCH [1, 1] tests as 

well as some descriptive statistics. Based on the findings, we will be able to proceed to 

the discussion on results in the next chapter, making conclusions and answering our 

research question.   

 

 

5.1 Descriptive Statistics 
 

5.1.1 Returns’ Distribution 

 

Number of observations: 4933 for each index 

  Mean Median Max Min 
St. 

Dev. Skewness Kurtosis 
Jarque-

Beta 
P-

value 

Carry 
trade 0.000306 0.00067 0.0607 -0.0801 0.0066 -1.0166 17.5944 44629.22 0% 

DAX 0.000313 0.00086 0.1206 -0.1262 0.0164 -0.1945 7.5944 4369.735 0% 

DJIA 0.000313 0.00056 0.1033 -0.0820 0.0116 -0.2219 10.5626 11795.96 0% 
Table 3 : Returns’ Distribution 

Source: Authors 

 

The table (3) contains information about the returns’ distribution of the three indexes. 

As it is shown in the table, the mean of each return is almost the same (around 0.00031). 

The standard deviations of carry trade’s, DAX’s and DJIA’s returns are 0.0066, 0.0164 

and 0.0116 respectively. The differences among the values are not significant especially 

between DAX and DJIA. However DAX has the highest value and Carry Trade has the 

lowest. This indicates that investing in DAX index is the most risky decision in 

comparison with investing in the other two indexes, while investing in the carry trade 

index is the safest decision. The last four columns in the table point out whether the 

distribution could be consider normal or not. The Jarque-Bera test controls for normality 

by testing the null hypothesis which states that the returns are normally distributed. The 

P-values of this test are lower than 5% and thus we can reject the null hypothesis in 

favor of the alternative which states that the results are not normally distributed. This 

can be seen from the values of the skewness and the kurtosis. According to the 

Engineering Statistics Handbook (2013), the normal distribution has a zero skewness 

coefficient and a zero excess kurtosis (that is a kurtosis coefficient of three).The 

skewness of the three indexes is negative (-1.0166, -0.1945, -0.2219) indicating that the 

data are skewed left and so the left tail is longer than the right. The kurtosis of the three 

indexes is positive (17.5944, 7.5944, and 10.5626) pointing out a “peaked” distribution 

rather than a flat one. The higher the value of the kurtosis, the more “peaked” a 

distribution is (Engineering Statistics Handbook, 2013). 
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The three figures below (2), (3),(4) illustrate the volatility of returns over the time 

period of 1995 to 2014. 
 

 

 
                 12/2012      12/2010    12/2008     12/2006       12/2004      11/2002     11/2000    11/1998     10/1996 

 

Figure 2: Currency Carry Trade Returns’ Volatility 

Source: Authors 
 

 

 

 

 
                 12/2012      12/2010    12/2008     12/2006       12/2004      11/2002     11/2000    11/1998     10/1996 

 

Figure 3: Dax Returns’ Volatility 

Source: Authors 
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               12/2012      12/2010    12/2008     12/2006       12/2004      11/2002     11/2000    11/1998     10/1996 

 

 

 

Figure 4: DJIA Returns’ Volatility 

Source: Authors 

 

 

The volatility of the carry trade’s returns is quite lower compared to the volatility of 

DAX’s and DJIA’s returns. More specific, the former in its most part fluctuates between 

0.01 and -0.01 with highest price nearly 0.06 and lowest around -0.08. DAX’s volatility 

for most of its part fluctuates between 0.04 and -0.04, but it appears with stronger 

fluctuations. The highest price is about 0.13 and the lowest is roughly -0.13. Similarly 

to DAX’s returns, DJIA’s returns has also more intense fluctuations with a cumulative 

point of nearly 0.11 and a lowest of about -0.08. For most of its part, DJIA’s returns 

fluctuate around 0.03 and -0.03. These results are confirmed by the sixth column of 

table (3), which shows the standard deviation of the returns. Carry trades’ returns have 

the lowest standard deviation (0.0066), while DAX’s (0.0164) and DJIA’s (0.0116) 

have higher with small difference between them. Another important observation from 

the above figures is that the volatility of the three indexes had its highest and lowest 

values the same time period, a little bit before 2008 and a little bit after 2008 (almost 

one year). We believe that this happened because of the economic crisis. This crisis 

probably started earlier, but at that specific period the rumors about it started to spread 

creating fear and uncertainty in the financial market. This negative attitude possible led 

to these extreme fluctuations of the returns.   
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5.2 Unit Root Test 

 

As mentioned in chapter 4, a test for the presence of a unit root problem must be 

conducted to assess the stationarity of the data sample. Using the Augmented Dickey – 

Fuller, we test the null hypothesis, which says that there is a unit root among the data. 

To put that differently, it says that the sample data isn’t stationary. To be able to 

continue our analysis the null hypothesis must be rejected. The output of the 

Augmented Dickey – Fuller test is presented in the table (4). 
                                  t-statistic     1% crit. Value     5% crit. Value     10% crit. Value      P-value 

Carry Trade         -72.169                -3.431                  -2.870                      -2.567               0.0001 

Dax                      -70.841                -3.431                  -2.862                      -2.567               0.0001 

DJIA                    -75.414                -3.431                  -2.862                      -2.567               0.0001 

 

Table 4: Augmented Dickey – Fuller test 

Source: Authors 

 

It can be seen from the table that the probability the null hypothesis to be true is 0.01%, 

same for all indexes. This number is far below from 5%, so the null hypothesis can be 

rejected for all the variables. The t-statistics values are greater than the critical values in 

1%, 5% and 10% levels, so we can end up to the conclusion that the data distribution is 

stationary. Under this condition, we can continue and employ the models described in 

chapter 4. 

 

 

5.3 VAR model  

 

5.3.1 Lag structure  

 

The next step includes identifying the appropriate lag structure for the variables by 

using the Akaike Information Criterion. The lowest AIC score will determine the 

optimal structure, which will secure the lowest information loss. In the appendix 2, the 

scores of the carry trade returns and the other two indexes’ returns are illustrated in two 

tables. The VAR model was investigated for up to fifteen lags in total and the number of 

lags that produced the lowest AIC score was finally implemented in the test. These 

values are denoted with a * in the tables in appendix 2. In our both cases, the best order 

is 5 lags, so we used this amount for the conduct of VAR test. 

 

 

5.3.2 VAR test in Returns 

 

After the identification and implementation of the appropriate lag structure, we applied 

the Vector Autoregressive model (VAR). In this model, we investigated separately all 

the independent variables by assessing the significance of their corresponding 

coefficients. 

 

The VAR system is comprised by four linear equations, which are depicted in appendix 

3. The first four display the form of these equations before plugging in the results that 

we got when we performed the VAR model and the rest four show these equations after 

replacing these results. In general, the left part of the equation shows the dependent 

variable, whilst the right part shows the independent variables with their corresponding 
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coefficient. (Note: the denotation CARRY2 refers to the carry trade variable). 

Specifically, in the first equation the dependent variable is the current return of carry 

trade while the independent variables are the past returns of carry trade and DAX for a 

lag structure of five values. The second equation depicts the reverse relationship. The 

dependent variable is the current DAX’s return whilst the independent variables are the 

five lag returns of DAX and carry trade. In the third equation the dependent variable is 

again the current carry trade return but now the independent variables are the five lag 

returns of DJIA and carry trade. Similarly to the second equation, the forth illustrates 

the inverse relationship where the dependent variable is the current return of DJIA and 

the independent variables are the five past returns of carry trade and DJIA.    

 

The results after running the VAR model are depicted in the Tables (5), (6), (7) and (8). 

The first two tables [(5) and (6)] illustrate the results from the returns of carry trade and 

DAX while the other two [(7) and (8)] illustrate the results of carry trade and DJIA. 

Each table refers to one of the four equations with corresponding series. The first 

column shows the lag structure, the second depicts the denotation of the coefficients 

which has adopted, the third and the forth present the value of the coefficients and the t-

statistics respectively and finally the fifth displays the P-value, which will indicate the 

significant coefficients and those of less importance. To show which coefficients have 

significant value at a 95% confidence level, the symbol * was used. 

 

 

Dependent Variable: Carry Trade returns:   

   

Independent Variables:   Carry Trade returns                                       DAX returns 

Lags Den. 

of 

Coef 

Coef. t-stat P-

value 

Den. 

Of 

Coef 

Coef. T-stat P-

value 

-1 C1 -0.056066* -3.672774 0.0002 C6 0.032323* 5.292501 0.0000 

-2 C2       -0.008526 -0.557334 0.5773 C7   -0.000964 -0.157273 0.8750 

-3 C3       -0.027640 -1.807655 0.0707 C8    0.011781 1.921134 0.0547 

-4 C4        0.010285 0.672205   0.5015 C9   -0.007509 -1.224841 0.2207 

-5 C5 -0.044772* -2.938608   0.0033 C10 -0.013292* -2.170813 0.0300 

Const.     C11 0.000336* 3.574820 0.0004 

 

Table 5: VAR test for the Carry Trade Returns 

Source: Authors 

 

The coefficients that describe the causality from DAX’s returns to carry trade’s current 

return are C6, C7, C8, C9 and C10.In this table the significant coefficients in a 95% 

confidence level are C1, C5, C6, C10 and C11, since their corresponding P-value is below 

5%. Looking to the first equation in appendix 3, we can see that these coefficients 

associated with the first (C1) and fifth (C5) lag return of carry trade, with also the first 

(C6) and fifth (C10) lag return of DAX and finally the constant term (C11).  
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Dependent Variable: DAX returns: 

 

Independent Variables:  Carry Trade returns                                       DAX returns 

Lags Den. 

of 

Coef 

Coef. t-stat P-

value 

Den. 

of 

Coef 

Coef. T-stat P-

value 

-1 C12 0.051549 1.350039 0.1770 C17 -0.016954 -1.109820 0.2671 

-2 C13 0.061156 1.598308 0.1100 C18 -0.039780* -2.594318  0.0095 

-3 C14 0.039144 1.023466 0.3061 C19 -0.009793 -0.638423 0.5232 

-4 C15 0.028025 0.732273 0.4640 C20 0.001537 0.100257 0.9201 

-5 C16 0.004679 0.122766 0.9023 C21 -0.055095* -3.597244  0.0003 

Const.     C22 0.000297 1.265139 0.2059 

 

Table 6: VAR test for the DAX Returns 

Source: Authors 

 

 

The coefficients that describe the causality from carry trade’s returns to DAX’s current 

return are C12, C13, C14, C15, and C16. However, in the above table only two coefficients 

are presented as significant in the 95% confidence interval, C18 and C21. The second 

equation in appendix 3 shows that those two coefficients are connected with the second 

(C18) and fifth (C21) lag return of DAX. This indicates that none lag return of carry trade 

has any impact on the current return of DAX.  
 

 

 

Dependent Variable: Carry Trade returns 
                                           
 Independent Variables:  Carry Trade returns                                      DJIA returns 

Lags Den. Coef. t-stat P-

value 

Den. Coef. T-stat P-

value 

-1 C23 -0.010359 -0.675388 0.4994 C28 -0.025168* -2.858859 0.0043 

-2 C24 -0.015850 -1.021308 0.3071 C29 0.023564* 2.658965 0.0079 

-3 C25 -0.021351 -1.376701 0.1686 C30    -0.000803 -0.090577 0.9278 

-4 C26 0.012632 0.814084 0.4156 C31    -0.013577 -1.532782 0.1254 

-5 C27 -0.025940 -1.675233 0.0939 C32 -0.044457* -5.087449 0.0000 

Const.     C33 0.000342* 3.637573 0.0003 

 

Table 7: VAR test for the Carry Trade Returns 

Source: Authors 
 
 

In this case, the coefficients that describe the causality from DJIA’s returns to carry 

trade’s current return are C28, C29, C30, C31, and C32. The significant coefficients in this 

table are C28, C29, C32 and C33. As it is depicted in the third equation of the appendix 3, 

they are related to the first (C28), second (C29) and fifth (C32) lag return of DJIA and the 

last one (C33) is associated with the constant term.  
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Dependent Variable: DJIA returns:   
 

Independent Variables:   Carry Trade returns                                    DJIA returns 

Lags Den. Coef. t-stat P-

value 

Den. Coef. T-stat P-

value 

-1 C34 0.262311* 9.793609 0.0000 C39 -0.125639* -8.172372 0.0000 

-2 C35         -0.028945 -1.068047 0.2855 C40   -0.019143 -1.236969 0.2161 

-3 C36 0.062759* 2.317340 0.0205 C41   -0.001745 -0.112742 0.9102 

-4 C37         0.024014 0.886260 0.3755 C42   -0.005563 -0.359624 0.7191 

-5 C38         -0.037978 -1.404496 0.1602 C43 -0.050643* -3.318658  0.0009 

Const.     C44    0.000288 1.757077 0.0789 

 

Table 8: VAR test for the DJIA Returns 

Source: Authors 

 

 

Finally, the coefficients that describe the causality from carry trade’s return to DJIA’s 

current return are C34, C35, C36, C37, and C38. The last table illustrates that C34, C36, C39 

and C43 are the significant coefficients. From the fourth equation of appendix 3, we can 

see that these coefficients are connected with the first (C34) and third (C36) log return of 

carry trade and the first (C39) and fifth (C43) log return of DJIA. 

 

Evaluating the coefficients in significant and insignificant, we can see the individual 

impact of the independent variables on the dependent. However to be able to investigate 

for causal effects for the first sub-purpose, we must set all the coefficients of the 

independent variables that we want to estimate equal to zero and then we will test it as a 

new null hypothesis. In the practical methodology part we mentioned that if the 

coefficients of the independent variable equals zero in the dependent variable’s 

equation, then this independent variable fails to granger cause the dependent (Zivot, 

2006).Therefore our goal is to test whether all together the lags returns of DAX or DJIA 

index can predict the current return of carry trade index and vice versa. For example, if 

we want to test whether all the five lag returns of DAX can influence the current return 

of the carry trade, we must set the coefficients that indicate the causality effect from the 

DAX’s returns to carry trade’s equal to zero. [C6 = C7 = C8 = C9 = C10 = 0] (see table 

(5)).  

 

The results of the granger causality test are illustrated at the tables (9), (10), (11) and 

(12).The first column shows the independent variable, the second presents the chi-

square value, the third one refers to the length of the lag structure and the fourth 

displays the P-value, which will indicate whether the null hypothesis will be acceptable 

or not. In the appendix 4 is given the general null hypotheses as they have been 

constructed at the end of the practical methodology section and their corresponding P-

values.   
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Dependent Variable: Carry Trade/ Independent variable: DAX 

Excluded                             Chi-sq (x2)                                       df                         P-value 

 DAX                                  37.63519                                          5                            0.0000 
 

Table 9: Granger Causality Test between Carry Trade and DAX returns 

Source: Authors 

 

Dependent Variable: DAX/ Independent variable: Carry Trade 

Excluded                             Chi-sq (x2)                                       df                         P-value 

Carry Trade                          5.309594                                          5                          0.3793 
 

Table 10: Granger Causality Test between Dax and Carry Trade returns 

Source: Authors 

 

Dependent Variable: Carry Trade/ Independent variable: DJIA 

Excluded                             Chi-sq (x2)                                       df                         P-value 

DJIA                                     44.23251                                         5                           0.0000 
 

Table 11: Granger Causality Test between Carry Trade and DJIA returns 

Source: Authors 

 

Dependent Variable: DJIA/ Independent variable: Carry Trade 

Excluded                             Chi-sq (x2)                                       df                         P-value 

Carry Trade                          106.2165                                         5                           0.0000 
 

Table 12: Granger Causality Test between DJIA and Carry Trade returns 

Source: Authors 

 

The results from the tables above indicate that there is granger causality from DAX’s 

and DJIA’S returns to current carry trade return. However, carry trade’s returns granger-

cause only DJIA’s current return and not the current return of DJIA index. 

In this thesis we aim to investigate for the existence of granger causality between the 

returns of carry trade and the returns of DAX and DJIA. But the results of the VAR 

model also include information about whether the lag returns of an index can predict its 

own current return. Such information doesn’t directly answer our research question. But 

since we got these results, we have presented them in the appendix 5. All the three P-

values are approximately 0% and so we can conclude that each index’s past returns are 

able to granger-cause their own current return for a lag structure of five values. 

 

 

5.3.3 Hypothesis testing for VAR model 

 

H1a: The carry trade’s returns can granger-cause the DAX’s returns. 

 

H1b: The DAX’s returns can granger-cause the carry trade’s returns. 

 

H1c: The carry trade’s returns can granger-cause the DJIA’s returns. 

 

H1d: The DJIA’s returns can granger-cause the carry trade’s returns. 

 

H1e: The carry trade’s returns can granger-cause their own returns. 
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Only the first hypothesis is rejected in favor of the null hypothesis which states that the 

returns of carry trade cannot granger-cause the current return of DAX. This means that 

the carry trade’s returns cannot be used for forecasting current DAX’s return. In contrast 

to the first hypothesis, all the rest are accepted.  

 

 

5.4 EGARCH [1, 1] Model 

 

To be able to attain the second and the third sub-purpose, we performed the EGARCH 

[1, 1]. With the use of this model, we will be able to detect whether there is leverage 

effect between the past returns and the future volatility of these returns for each of the 

three indexes separately. In addition, we will assess whether the past returns of one 

index can affect the future volatility on the returns of the other two indexes. 

 

As we have mentioned in the chapter of practical methodology, the EGARCH model 

estimates the parameters in the equation (25) (see chapter 4). This equation calculates 

the logarithm of the conditional variance (also called volatility). The parameters to be 

estimated are denoted with the Greek letters, α0, ω, γ, β, χ, y and ψ. The appendix (6) 

depicts the form of the equations before plugging in the results that we got when we 

applied the EGARCH model and the form of these equations after replacing the results. 

The initial form is illustrated by the first three equations in the appendix and the 

numerical form is presented by the last three. In general, the left part of the equation 

shows the logarithm of the dependent variable’s conditional variance (ht). In the right 

part of the equation each coefficient (C1, C2, C3….C18) represents a parameter. 

Therefore, the assessment of a coefficient as statistically significant or insignificant in 

fact will demonstrate which parameters are significant and which they are not. 

 

Before presenting the results, we will briefly mention again what represents every 

parameter. α0 is a constant, ω represents the GARCH effect, that is the symmetric effect 

of the model, γ is the most important parameter here and it will help us to answer the 

second sub-purpose. If γ is negative, then there is leverage effect. In other words, bad 

news (or negative shocks) creates more intense volatility than good news (or positive 

shocks). Finally β estimates the persistence in volatility regardless of what happens in 

the market.  

 

The parameters χ, y and ψ denote the coefficients of DAX’s, DJIA’s and carry trade’s 

returns respectively. Evaluating these parameters in statistical significant or 

insignificant, we will be able to gather useful information for answering the third sub-

purpose. A key point that should be mentioned here is that the returns of the three 

indexes have been used as exogenous variables (also called variance regressors or risk 

factors) in the equation of the dependent variable’s volatility. For example, in the first 

equation (see appendix 6), the dependent variable is the volatility of carry trade’s 

returns. This is the endogenous variable. In other words, this equation will estimate how 

the past returns of the carry trade will affect their future volatility. The returns of DAX 

and DJIA have been added in the equation as exogenous variables in order to investigate 

whether these returns have any effect on the volatility of the endogenous variable i.e the 

carry trade’s returns. The same philosophy has been followed for the other two 

equations. Such an estimation with exogenous variables has been used by Christiansen 

et al. (2011), who examined whether current and lagged returns of stocks and bonds has 

any influence to future volatility on carry trades’ returns.  
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The tables (13), (14), (15) show the results after the application of the model. To 

indicate the significant parameters at a 99% confidence interval two * was used. In the 

tables, the first column includes the parameters to be estimated, the second shows the 

coefficients denotation that has been adopted, the third indicates the z-statistic value and 

finally the forth column shows the P-values, which will determine which coefficients 

are statistically significant. 

 

 

Dependent Variable: Carry trade returns 

 

Included Observations: 4933 

Par. 

Den. of 

Coef. Coef. z-stat. Prob. 

αο C1 -0.266268** -7.40956 0.0000 

ω C2 0.184319** 12.07988 0.0000 

γ C3 0.06994** 6.32177 0.0000 

β C4 0.987574** 336.7307 0.0000 

χ C5 -1.086217 -1.244785 0.2132 

y C6 1.846126 1.394025 0.1633 
Table 13: EGARCH model for carry trade returns /DAX, DJIA were used as exogenous variables 

Source: Authors 
 

The first table illustrates the results that will enable the detection of leverage effect 

between the past values of carry trade’s returns and their future volatility. In this case, 

the DAX’s and DJIA’s returns are used as variance regressors. The significant 

coefficients in a confidence level of 99% are C1, C2, C3 and C4. Thus, the significant 

parameters are αο, ω, γ and β. Only the parameters χ and y are not significant and so we 

can argue that the past returns of DAX and DJIA cannot influence the future volatility 

of carry trade’s returns. The parameter γ here is positive.    

                                                                                       

Dependent Variable: DAX returns 

 

Included Observations: 4933 

Par. 

Den. 

of 

Coef. Coef. z-stat. Prob. 

αο C7 -0.112771** -6.093303 0.0000 

ω C8 0.128791** 10.48229 0.0000 

γ C9 0.052292** 5.275333 0.0000 

β C10 0.998556** 603.4789 0.0000 

ψ C11  0.971451 0.793482 0.4275 

y C12 3.161817** 3.351169 0.0008 
Table 14: EGARCH model for DAX returns/ Carry trade, DJIA were used as exogenous variables 

Source: Authors 
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In this case the endogenous variable is the past returns of DAX, while the returns of 

DJIA and carry trade have been used as exogenous variables. All the parameters here 

are statistically significant except for ψ which is referred to the carry trade’s returns. 

This output implies that carry trade’s returns have no effect on the future volatility of 

DAX’s returns. Again the γ is positive.  

 

Dependent Variable: DJIA returns 

Included Observations: 4933 

Par. 

Den. of 

Coef. Coef. z-stat. Prob. 

αο C13 -0.14658** -6.303656 0.0000 

ω C14 0.148934** 11.37142 0.0000 

γ C15 0.113525** 11.03213 0.0000 

β C16 0.996282** 473.5235 0.0000 

ψ C17 0.324707 0.24602 0.8057 

χ C18 0.847463 1.331271 0.1831 
Table 15: EGARCH model for DJIA returns/ Carry trade, DAX were used as exogenous variables 

Source: Authors 

 

In the last case, DJIA’s returns were used as endogenous variable whilst DAX’s and 

carry trade’s returns were used as variance regressors. Similarly to the first case, the 

exogenous variables have insignificant parameters (ψ and χ) indicating that the past 

returns of DAX and carry trade index cannot affect the future volatility of DJIA’ 

returns. The rest parameters are significant in a 99% confidence interval with a positive 

value of γ.  

 

 

5.4.1 Hypothesis Testing for EGARCH model 

 

Leverage effect 

 

H2a: There is leverage effect between the past carry trade returns and the future volatility 

of them. 

 

H2b: There is leverage effect between the past DAX returns and the future volatility of 

them. 

 

H2c: There is leverage effect between the past DJIA returns and the future volatility of 

them. 

 

The above hypotheses are refer to the second sub-purpose. In the model, the parameter 

(γ), which indicates the leverage effect, is positive and statistically significant for all the 

three equations of volatilities. The positive value of γ points out that there is no leverage 

effect between the past returns of each index and their future volatility. Therefore, the 

first three hypotheses are rejected in favor of the null hypotheses, which imply no effect 

between the variables. 
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Past returns and future volatility   

 

H3a: The past returns of carry trade have an impact on the future volatility on returns of 

DAX. 

 

H3b: The past returns of carry trade have an impact on the future volatility on returns of 

DJIA. 

 

H3c: The past returns of DAX have an impact on the future volatility on returns of carry 

trade. 

 

H3d: The past returns of DAX have an impact on the future volatility on returns of DJIA. 

 

H3e: The past returns of DJIA have an impact on the future volatility on returns of carry 

trade. 

 

H3f: The past returns of DJIA have an impact on the future volatility on returns of DAX 

 

These six hypotheses are referred to the third sub-purpose. In this case, we can accept 

only the fourth hypothesis, since the results showed that the past returns of DAX can 

affect the future volatility on DJIA’s returns. The rest hypotheses are rejected in favor 

of the null.   
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6 DISCUSSION 

 

6.1 Discussion of Granger Causality in returns 

 

What found from the previous chapter is summarized here to give a more complete 

picture and it is further discussed. For being able to attain the first sub-purpose, we used 

the VAR model for five lag periods, since this length minimizes the information loss 

(Karolyi, 1995, p. 15). The results of this model gave us information for each individual 

coefficient associated with an independent variable. 

The current carry trade return seems that can be affected by the 1st and the 5th lag value 

of DAX return. However, there is no inverse relationship, since the five lag returns of 

the carry trade index appear to have no effect on the current DAX return. Concerning 

the returns of carry trade and DJIA, it seems that there is bidirectional relationship 

between them. More specific, the current carry trade return can be influenced by the 1st, 

the 2nd and the 5th lag return of DJIA and the current DJIA return can be affected by the 

1st and the 3rd lag return of carry trade. 

Based on the above observations, we examined whether there is granger causality 

between the returns of carry trade and DAX/DJIA. The results showed that there is 

granger causal effect from DAX to carry trade returns, although we cannot say the same 

for the inverse relationship. In contrast, there is granger causality between the returns of 

carry trade and DJIA in both directions. Based on these results, we can argue that the 

past returns of DAX and DJIA index can predict the current carry trade return. 

However, the past returns of carry trade can be used for forecasting only DJIA current 

return, since it seems that they have no causal effect to DAX returns. 

 

Concerning whether these returns can forecast their own subsequent values, it seems 

that indeed the past returns of all the three indexes can predict their own future values. 

In particular, the 1st and the 5th lag return of carry trade and of DJIA have impact on 

their current value, while the current return of DAX can be influenced by its 2nd and 5th 

lag return.    

 

Although the results from the VAR model can, we must be very cautious when it comes 

to interpretations. An important point that we should take into consideration is the signs 

of the significant coefficients. In the first case where the causality of DAX returns to 

carry trade returns was examined the values of the two significant coefficients are 

+0.0323 and -0.0133. This indicates that it is difficult to clearly distinguish the nature of 

their relationship (whether it is positive or negative). In the second case where the 

causal effect from DJIA returns to carry trade returns was tested, the values of the 

significant coefficients are -0.0252, +0.02356 and -0.0445. Again the nature of their 

connection is not unambiguous. We could assume that the relationship will be probably 

negative but we can’t strongly support it. In the inverse case where the causality from 

carry trade to DJIA returns was investigated the values of the significant coefficients are 

both positive, +0.262 and +0.063. These values point out that the relationship between 

the past returns of carry trade and the current return of DJIA is positive. However, we 

cannot be sure if the final price of the current DJIA return will be also positive, since 

there are two more independent variables with significant coefficients which can affect 

the value of the current return (see table (8) in empirical findings). These two 

independent variables are the 1st and the 5th lag return of the DJIA and their significant 
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coefficients have negative values (-0.126 and -0.051). Generally, except from the 

relationship between past returns of carry trade and current DJIA return, we don’t have 

enough information to understand clearly whether the rest relationships are negative or 

positive. 

 

Beyond the above observation one more thing that should keep in mind is that almost all 

of the significant coefficients have small values indicating that the relationship between 

the indexes’ returns is relative low. 

 

Summarizing the above results, we can argue that there is bilateral relationship between 

the carry trade and the Down Jones Industrial Average index. More specific, changes in 

the returns of carry trade can affect the expected returns of DJIA. Since the nature of 

their relationship is positive, we can support that increases in the returns of carry trade 

will have a positive effect on the future DJIA returns, whilst decreases will negatively 

affect the subsequent DJIA returns. Similarly, changes in the DJIA past returns are able 

to influence the expected returns of carry trade, however, we can’t determine the nature 

of their relationship with these information and thus we don’t know how the changes in 

DJIA returns will “move” the subsequent returns of carry trade. In contrast, when it 

comes to DAX index and to carry trade the relationship is one-way. Only changes in 

DAX returns have effect on future carry trade returns. Again here, we are not able to 

determine whether their relationship is positive or negative, so we cannot know how 

these changes will affect the subsequent carry trade returns. 

 

As it is presented in the theoretical background, the two studies that examined the 

relationship between carry trade and the U.S. market were conducted by Tse & Zhao 

(2012, p. 252) and by Lee & Chang (2013, p.197). In both cases, the U.S. market is 

represented by the S&P 500 index. The former researchers found that changes in carry 

trade returns have no effect on stock returns and vice versa. On the other hand, the latter 

researchers found that carry trade returns can forecast future stock returns, however the 

inverse relationship doesn’t hold. Our findings concerning the DJIA, which is also an 

American index based on U.S. stocks, suggest that there is causality between carry trade 

and DJIA in both directions, although the magnitude of their connection is relative low. 

Nevertheless, we cannot support that the DJIA index is representative of the U.S. 

market, since it is consisted of only 30 stocks from large companies included in the 

industrial sector, while the S&P 500 index is comprised of 500 stocks of large 

companies from different sectors. One possible explanation of our finding about the 

relationship of carry trade and DJIA is that the industrial companies included in DJIA 

are usually involved in many export activities, where the exchange rates play an 

important role. Such a fact could be responsible to explain the predictive ability of carry 

trade to DJIA and vice versa. Of course, we must stress that this is just our assumption 

and it is not based on previous findings. 

 

Similarly to the above case, we can explain the finding suggesting that changes in DAX 

returns can affect the future returns of carry trade. The DAX index is comprised of 30 

stocks belonging to the largest German companies. In addition, the German economy is 

considered as the larger national economy in Europe and it based strongly on exporting 

activities. Probably, the export activities of this market can influence the exchange rates 

and in this way to give some evidence for justifying the DAX’s forecasting ability to 

future carry trade returns. 
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6.2 Discussion of leverage effect  

 

The results from the application of the EGARCH [1, 1] model gave us information for 

investigating whether can be detected leverage effect between the past returns of an 

index and their future volatility. In the model, the important parameter which will 

indicate the leverage effects is γ. According to Sahalia et al (2013, p.1-2), the leverage 

effect indicates that an asset’s volatility has negative correlation with its returns. So the 

parameter γ will show whether the past returns of an index are negatively correlated to 

their future volatility. The leverage effect can be explained by an economic 

phenomenon, which was firstly introduced by Black (1976). In particular, Black 

supported that a decrease in an asset’s price will increase its debt/equity ratio and so the 

asset will become more risky. Consequently, the asset’s prices will become more 

volatile.       

 

The tables (13), (14) and (15) show that the value of γ is positive for all the three 

indexes’ returns. More specific the value of γ is +0.06994, +0.052292 and +0.113525 

for the carry trade, DAX and DJIA returns respectively. These results nominate that 

there is no leverage effect between the past returns and their future volatility for none of 

the three indexes. According to Nelson (1991) and Engle & Ng (1993), the volatility is 

affected more from negative shocks (bad news) than from positive shocks (good news), 

so volatility is usually higher when the prices fall rather than when the prices increase. 

This observation in fact indicates the asymmetry response of volatility to positive and 

negative shocks. Negative shocks refer to bad news in the market, such as a fall in 

prices, unemployment, political instability, economic crisis, bankruptcy of a firm etc. 

On the contrary, positive shocks refer to good news, such as increases in prices, 

increases in dividends, mergers etc. Based on the findings of Nelson (1991) and Engle 

& Ng (1993), we can argue that in our case the decreases in the indexes returns are not 

accompanied by a larger increase in their volatility than the decrease in their volatility 

that accompanies increasing indexes returns. In contrast to our findings, the study of Tse 

& Zhao (2012, p. 269) investigated for leverage effects in the carry trade and U.S. stock 

market and the results showed that indeed bad news in both markets cause higher 

volatility than the volatility caused from good news. 

 

Our opinion for the interpretation of our finding is the following. DAX and DJIA are 

two equity indexes which are usually considered as safe investments. According to Way 

(2015), these market indexes are very reputable because they are consisted of stocks of 

large financially sound companies (the so-called “blue-chip” companies), which are 

often “leaders” in the sector where operate. Thus, the return of these indexes commonly 

reflects low risk appetites and is relative stable. Tse & Zhao (2012, p. 257), 

Brunnermeier et al (2008, p. 342), Cenedese et al (2004, p. 302), Hutchison & Sushko 

(2013, p. 1133) supported that bad news in the market (for example the economic crisis 

of 2007) cause fear and panic to the investors and in general create an atmosphere of 

turmoil and uncertainty. Thus, the investors tend to unwind their investment positions 

and especially the more risky. Therefore, we believe that investors are more patient 

when they have invest in “blue-chip” stocks or in general low-risk financial products, 

since they know that it is quite difficult to lose their money or to suffer from important 

losses. This behavior could give an explanation of the results that we found. Since, 

investors estimate that bad news might have no significant effect on their investment, 

they will be more skeptical for unwinding their position. In this point, we should clarify 

that when we say that “bad news might have no significant effect on their investments”, 
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we don’t mean that the bad news will not decline the stock prices or the performance of 

the carry trade strategy (Hutchison & Sushko, 2013, p. 1133). Most likely, negative 

shocks will negatively influence the returns. However, the investors know that there is 

little chance to experience severe losses if they keep their money to such investments. If 

the majority of the investors indeed don’t unwind their position, the stock prices will not 

substantially decrease. Thus, the volatility will be increased due to the decline of the 

prices but not as much as it was expected. This observation actually indicates that there 

is relative symmetric volatility response to positive and negative shocks. This is can be 

seen from the values of the parameter γ for the three indexes. When γ equals zero, then 

the volatility response to positive and negative shocks is symmetric. In our case, the 

three values of γ are positive, but still low and close to zero.  

 

In the part of empirical results, the figures (2), (3), and (4) indicate the volatility of the 

tree indexes and the table (3) gives information about their returns’ distribution. As we 

can see from the table and the figures, the currency carry trade returns have the lowest 

standard deviation (0.0066) compared to those of DAX and DJIA returns (0.0164 and 

0.0116 correspondingly) and the most few fluctuations in the volatility on returns. The 

standard deviation and the rate of fluctuations reflect the risk of an investment. The 

lower a standard deviation is the lower the risk of the corresponding investment is. 

Thus, we can argue that the currency carry trade seems here the safest investment. 

Based on the previous explanation, we can support that the same logic can explain the 

detection of no leverage effect between the past returns of carry trade and their future 

volatility. 

 

6.3 Discussion of return’s volatility   

During the application of the EGARCH model, we used three parameters χ, y and ψ to 

estimate whether the past returns of one index has any impact on the expected volatility 

on returns of the other two indexes. Our findings showed that only DAX past returns 

can affect the future volatility on DJIA returns. However, the opposite case is not the 

same implying that DJIA returns has no effect on the volatility process of DAX returns. 

As for the carry trade returns, they seem that cannot affect the volatility on returns of 

the other two equity market indexes neither the past returns of the latter have any impact 

on the volatility of carry trade returns. 

 

As we mentioned in the part of empirical findings, we used parameters χ, y and ψ as 

exogenous variables and not as endogenous. In other words, we tested whether each 

index can pose significant risk to the other two. If indeed that was the case, then the 

returns of the former index could influence the future volatility process of the other two 

indexes. Our findings indicates that the carry trade isn’t risk determinant for the 

expected volatility of DAX and DJIA neither the two equity index are for the expected 

volatility of carry trade. However, DAX’s appreciations or depreciations can affect the 

volatility process of DJIA, although the opposite relation doesn’t hold. Such 

information is useful when an investor considers combining different asset classes to a 

portfolio and tries to reduce the portfolios’ risk. 

 

Our findings are in contrast to the findings of Christiansen et al (2011, p. 1108), who 

suggest that the risk exposure of a typical carry trade strategy has strong dependency on 

the stock market. Moreover, our findings are partly in contrast to Tse & Zhao’s findings 

(2012, p. 265), who argued that changes in the stock returns can substantially affect the 



48 
 

future volatility on carry trade returns but changes in carry trade prices hasn’t any effect 

on the U.S. stock market (S&P 500 index).  
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7 CONCLUSIONS AND FURTHER RESEARCH 

 

The increasing use of currency carry trade strategy has created the need for 

investigating relationships between currency carry trade and other types of assets. 

Although several researches has focused on examining the risk factors associated with 

this strategy, little research has been conducted for considering the relationship between 

carry trades and equity indexes. The majority of the investors usually create portfolios 

instead of investing in only one financial product, because they want to exploit the 

benefits from diversification. Diversification is a strategy which spreads the portfolio 

across many investment products and so reduces the total risk (Brealey et al, 2014, p. 

172-173). The connection between two investments is the main factor that will indicate 

how much the portfolio could be diversified and thus whether it is worthwhile to 

proceed on this combination of investment products. Negative connection indicates high 

degree of diversification, whilst positive connection indicates low degree (Brealey et al, 

2014, p. 177-178).  

 

In this study, we examined the relationship between a carry trade index created by 

Deutsche Bank and two equity indexes for the time period 1995 – 2014. The carry trade 

index is called Deutsche Bank G10 Currency Future Harvest (DBCFH), while the 

equity indexes are DAX and DJIA, one from the European market and one from the 

American. By conducting this research, we intended to examine whether the past returns 

of carry trade index can predict the current return of DAX/DJIA and vice versa. 

Furthermore, we wanted to investigate for leverage effect between the returns and the 

expected volatility on returns of the same index as well as we wanted to consider 

whether the returns of one index have any effect on the volatility process of another 

index. For the accomplishment of the first purpose we used a multivariate 

autoregressive model (VAR), whilst for the achievement of the second and the third, we 

used an extension of an autoregressive conditional heteroskedasticity model 

(EGARCH). 

 

The first empirical finding of this study provides evidence for whether carry trade has a 

predictive ability to DAX/DJIA and vice versa. What we found is that both two equity 

indexes can granger-cause the carry trade, but the carry trade can granger-cause only 

DJIA. Therefore, we can argue that changes in the returns of DAX and DJIA can 

forecast the subsequent returns of carry trade; however the nature of their relationship is 

unclear. Thus, investors will know that changes in the DAX’s and DJIA’s prices will 

affect the carry trade’s future prices but they don’t know in which direction. For 

instance, they are not able to know how an increase in the DAX’s or DJIA’s prices will 

also increase or decrease the current return of carry trade. On the other hand, changes in 

carry trade returns can predict only DJIA expected returns in a positive way. Increases 

in the returns of carry trade will positively affect the subsequent DJIA return (i.e. will 

also increase it), whilst decreases will have an adverse impact on it. Finally, past values 

of carry trade don’t have any influence in the current and future values of DAX, 

meaning that increases or decreases in the carry trade index can not give any 

information to investors for the direction of the future DAX’s prices. In addition, the 

forecasting ability of these indexes seems to be relative low, meaning that changes in 

the prices of an index cannot predict significant changes in the prices of the other 

indices. The past returns of all the three indexes also can predict their own expected 

values.  
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One possible explanation for the connection between the carry trade and DJIA (which 

tilts to be positive) is that the later index is comprised of stocks belonging to large 

industrial companies that have frequent export activities. Since export activities are 

strongly related to exchange rates, we can argue that this relationship might be 

responsible for the causal effect between the two indexes. The same logic can be 

followed in the case of DAX, since this index reflects the Germany market, which also 

demonstrates very intense export activities.  

The second empirical finding of this study concerns the leverage effect. The 

corresponding parameter γ of the model was positive for all the three indexes and so 

changes in the returns of one index has no significant leverage effect on its future 

volatility. This means that negative shocks in the market don’t  cause higher volatility 

than the volatility caused from positive shocks (Nelson, 1991 and Engle & Ng, 1993). 

Our interpretation of this finding suggests that investors tend to avoid unwinding their 

positions in low-risk investments immediately, especially when they have already taken 

some high-risk positions. They usually prefer to unwind firstly the high-risk and then to 

continue the unwinding to safer. According to Economy Way (2015), DAX and DJIA 

are two equity indexes which are often considered as safe investments, since they are 

comprised of stocks of large financially sound companies (the so-called “blue-chip” 

companies). Therefore, we believe that in turmoil periods investors will be more patient 

before unwinding their investments in such “blue-chip” indexes. If the majority of 

investors follow the same though and don’t unwind quickly their positions in those 

indexes, then the prices of the indices probably will decline but not as much as it was 

expected. This observation could explain the close-to-zero values of γ parameter 

implying that the volatility response to bad and good news is relatively symmetric.  

The information which an investor can derive from these results is that all the three 

indexes (DAX, DJIA and carry trade) are quite safe investments, since their returns are 

not fluctuate so intense as it usually happens in turmoil periods. Probably, the investors 

consider these indices as low-risk investments and they don't overreact  in the 

announcement of bad news in the financial market. 

Finally, the last finding concerns the relationship between the past values of one index 

and the subsequent volatility of the other indexes. Our results suggest that although 

changes in DAX returns can affect the future volatility of DJIA, there is no opposite 

connection. Carry trade has no effect in the expected volatility of the DAX and DJIA, 

neither the opposite. Thus, we can support that there is no information flow from carry 

trade to the two equity markets and vice versa. 

The above information can be useful to a great number of investors and mostly to those 

who are thinking to focus on the exchange market beyond the traditional investment 

strategies. The results from our research indicate that investing in DAX, DJIA or 

currency carry trade is quite safe, since there is no leverage effect in the returns of each 

of the three indices. Moreover, the absence of information flow and the relatively low 

predictive ability between the carry trade and the two equity indices indicate that there 

is no significant connection between them and so a possible combination of them (i.e. 

carry trade with one of the two equity indices) in a portfolio could be a good idea, since 

it could create benefits from diversification.  

We believe that we used the correct models to extract the relative information for the 

fulfillment of the three sub-purposes of our research and we believe that our results 

could be a good start for the investors who are interested  to combine these investment 
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products in a portfolio. However, we must mention some weaknesses of our research. 

The first one is associated with the fact that we cannot determine the kind of 

relationship between the past returns of DAX / DJIA and the current return of carry 

trade. Although we know that there is a connection, we don’t know in which direction. 

For example, we are not able to know if an increase in the past returns of DAX or DJIA 

will increase or decrease the current return of carry trade. Hence, we cannot know how 

the combination of them in a portfolio will affect the diversification and to which 

extent. The second weakness has to do with the EGARCH model. We constructed it by 

using the past returns of the two indices as exogenous variables in the system where the 

dependent variable was the current volatility of the third index. Perhaps, the 

construction of this model by using the past returns as endogenous variables in the 

system, it could be more accurate. The third weakness is related to the fact that we 

chose a specific time-horizon of twenty years, but we didn’t focus on particular sub-

periods. For instance, inside this time horizon there is the period of the economic crisis 

of 2007. It could be quite interesting to see how this time period influenced the indices.     

Based on the above shortcomings, we suggest possible areas for further research. 

Firstly, we believe that an interesting area could be a simulation of a portfolio, which 

includes carry trades and the indices DAX and DJIA either separately or together. In 

this way, we will get more specific information for their behaviour inside a portfolio 

and for the diversification benefits. Moreover, another possible further research could 

relate the investigation of the relationship between currency carry trade and different 

asset classes or the simulation of a portfolio which includes carry trade and different 

asset classes or both. A third suggestion is the conduct of the same or slightly different 

research from ours using the past returns of the two indices as endogenous variables in 

the EGARCH model and not as exogenous. In this way, the researcher will be able to 

compare the differences in the results and to see which construction of the EGARCH 

model leads to more accurate results. A fourth recommendation is the examination of 

small sub-periods which exhibit specific characteristics. In particular, the sub-periods 

could be divided in three categories; before, during and after the financial crisis of 2007. 

Finally, a further exploration of the risk agents associated with currency carry trade 

could be shed more light in the behavior of this strategy in regard to other financial 

products. 
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Appendix 

Appendix 1 – Correlogram Square Residual (Q test) 
 

Dependent Variable:Carry Trade’s Returns                                                
   
Included observations: 4933     

       
       Autocorrelation Partial Correlation  AC   PAC  Q-Stat  Prob 
       
               |      |         |      | 1 0.020 0.020 1.9269 0.165 

        |      |         |      | 2 0.002 0.001 1.9438 0.378 

        |      |         |      | 3 0.006 0.006 2.1356 0.545 

        |      |         |      | 4 0.045 0.045 12.137 0.016 

        |      |         |      | 5 0.017 0.015 13.544 0.019 

        |      |         |      | 6 0.014 0.014 14.582 0.024 

        |      |         |      | 7 -0.018 -0.019 16.239 0.023 

        |      |         |      | 8 -0.007 -0.008 16.469 0.036 

        |      |         |      | 9 -0.004 -0.005 16.552 0.056 

        |      |         |      | 10 0.007 0.006 16.787 0.079 

        |      |         |      | 11 0.010 0.011 17.276 0.100 

        |      |         |      | 12 0.010 0.011 17.788 0.122 

        |      |         |      | 13 0.020 0.021 19.729 0.102 

        |      |         |      | 14 0.026 0.025 23.192 0.057 

        |      |         |      | 15 0.017 0.014 24.594 0.056 

        |      |         |      | 16 0.002 -0.001 24.610 0.077 

        |      |         |      | 17 0.005 0.002 24.736 0.101 

        |      |         |      | 18 -0.006 -0.010 24.936 0.127 

        |      |         |      | 19 -0.019 -0.021 26.773 0.110 

        |      |         |      | 20 -0.008 -0.008 27.129 0.132 

        |      |         |      | 21 -0.009 -0.008 27.535 0.154 

        |      |         |      | 22 0.025 0.028 30.696 0.102 

        |      |         |      | 23 0.015 0.017 31.859 0.103 

        |      |         |      | 24 0.008 0.009 32.211 0.122 

        |      |         |      | 25 -0.023 -0.024 34.891 0.090 

        |      |         |      | 26 -0.009 -0.013 35.305 0.105 

        |      |         |      | 27 -0.019 -0.024 37.178 0.092 

        |      |         |      | 28 0.002 -0.002 37.190 0.115 

        |      |         |      | 29 -0.024 -0.022 40.006 0.084 

        |      |         |      | 30 -0.028 -0.024 43.848 0.049 

        |      |         |      | 31 0.022 0.027 46.168 0.039 

        |      |         |      | 32 -0.017 -0.015 47.528 0.038 

        |      |         |      | 33 -0.001 0.004 47.530 0.049 

        |      |         |      | 34 0.008 0.010 47.874 0.058 

        |      |         |      | 35 -0.008 -0.010 48.183 0.068 

        |      |         |      | 36 0.004 0.004 48.283 0.083 
       
       

 

Dependent Variable: DAX’s Returns 
 

Included observations: 4933     
       
       Autocorrelation Partial Correlation  AC   PAC  Q-Stat  Prob 
       
               |      |         |      | 1 -0.029 -0.029 4.1923 0.041 

        |      |         |      | 2 -0.003 -0.004 4.2385 0.120 

        |      |         |      | 3 0.018 0.018 5.8122 0.121 



2 
 

        |      |         |      | 4 -0.010 -0.009 6.2782 0.179 

        |      |         |      | 5 0.003 0.003 6.3312 0.275 

        |      |         |      | 6 0.011 0.011 6.9064 0.330 

        |      |         |      | 7 -0.003 -0.002 6.9609 0.433 

        |      |         |      | 8 0.029 0.029 11.120 0.195 

        |      |         |      | 9 0.003 0.004 11.154 0.265 

        |      |         |      | 10 0.030 0.031 15.563 0.113 

        |      |         |      | 11 0.015 0.015 16.637 0.119 

        |      |         |      | 12 -0.013 -0.012 17.511 0.131 

        |      |         |      | 13 -0.012 -0.014 18.193 0.150 

        |      |         |      | 14 -0.002 -0.004 18.220 0.197 

        |      |         |      | 15 0.023 0.023 20.795 0.144 

        |      |         |      | 16 0.009 0.009 21.164 0.172 

        |      |         |      | 17 -0.014 -0.014 22.099 0.181 

        |      |         |      | 18 0.008 0.005 22.414 0.214 

        |      |         |      | 19 -0.013 -0.013 23.203 0.229 

        |      |         |      | 20 0.022 0.022 25.591 0.180 

        |      |         |      | 21 -0.015 -0.015 26.639 0.183 

        |      |         |      | 22 0.024 0.024 29.382 0.134 

        |      |         |      | 23 0.002 0.003 29.409 0.167 

        |      |         |      | 24 -0.029 -0.028 33.550 0.093 

        |      |         |      | 25 0.010 0.006 34.025 0.107 

        |      |         |      | 26 0.014 0.013 35.054 0.110 

        |      |         |      | 27 -0.009 -0.005 35.458 0.128 

        |      |         |      | 28 0.011 0.009 36.018 0.142 

        |      |         |      | 29 -0.004 -0.002 36.086 0.171 

        |      |         |      | 30 -0.012 -0.014 36.784 0.184 

        |      |         |      | 31 0.011 0.008 37.342 0.201 

        |      |         |      | 32 0.004 0.006 37.426 0.234 

        |      |         |      | 33 0.007 0.007 37.687 0.263 

        |      |         |      | 34 -0.007 -0.006 37.965 0.293 

        |      |         |      | 35 0.024 0.025 40.860 0.229 

        |      |         |      | 36 -0.019 -0.020 42.658 0.207 
       
       

 

 Dependent Variable: DJIA’s Returns  
 

Included observations: 4933     
       
       Autocorrelation Partial Correlation  AC   PAC  Q-Stat  Prob 
       
               |      |         |      | 1 -0.034 -0.034 5.5883 0.018 

        |      |         |      | 2 -0.014 -0.015 6.5781 0.037 

        |      |         |      | 3 -0.014 -0.015 7.5450 0.056 

        |      |         |      | 4 0.010 0.009 8.0789 0.089 

        |      |         |      | 5 0.034 0.035 13.863 0.017 

        |      |         |      | 6 0.005 0.008 13.997 0.030 

        |      |         |      | 7 0.009 0.010 14.357 0.045 

        |      |         |      | 8 0.009 0.011 14.772 0.064 

        |      |         |      | 9 0.009 0.009 15.165 0.087 

        |      |         |      | 10 0.013 0.012 15.946 0.101 

        |      |         |      | 11 0.013 0.014 16.775 0.115 

        |      |         |      | 12 -0.004 -0.003 16.856 0.155 

        |      |         |      | 13 -0.008 -0.008 17.136 0.193 

        |      |         |      | 14 0.032 0.030 22.051 0.078 

        |      |         |      | 15 -0.025 -0.025 25.108 0.049 

        |      |         |      | 16 -0.000 -0.002 25.108 0.068 

        |      |         |      | 17 -0.023 -0.023 27.672 0.049 

        |      |         |      | 18 -0.003 -0.006 27.723 0.066 

        |      |         |      | 19 0.018 0.015 29.259 0.062 

        |      |         |      | 20 0.006 0.008 29.464 0.079 

        |      |         |      | 21 -0.016 -0.015 30.746 0.078 



3 
 

        |      |         |      | 22 0.013 0.015 31.645 0.084 

        |      |         |      | 23 0.004 0.005 31.711 0.106 

        |      |         |      | 24 -0.024 -0.024 34.513 0.076 

        |      |         |      | 25 -0.001 -0.003 34.523 0.097 

        |      |         |      | 26 0.019 0.020 36.282 0.087 

        |      |         |      | 27 -0.021 -0.021 38.423 0.071 

        |      |         |      | 28 -0.004 -0.006 38.508 0.089 

        |      |         |      | 29 -0.006 -0.004 38.677 0.108 

        |      |         |      | 30 -0.008 -0.010 38.963 0.127 

        |      |         |      | 31 -0.000 -0.000 38.963 0.154 

        |      |         |      | 32 -0.033 -0.032 44.304 0.073 

        |      |         |      | 33 0.026 0.023 47.657 0.047 

        |      |         |      | 34 -0.025 -0.024 50.812 0.032 

        |      |         |      | 35 0.022 0.024 53.261 0.025 

        |      |         |      | 36 -0.001 0.000 53.269 0.032 
       

 

 

Appendix 2 – Lag Structure test (AIC) 

 

Carry Trade and DAX Returns 
Endogenous variables: CARRY2 DAX 

Exogenous variables: C 

Sample: 1 4933 

Included Observations: 4918 
 

 Lag LogL LR FPE AIC SC HQ 
       
       0  31292.23 NA   1.02e-08 -12.72478 -12.72213 -12.72385 

1  31313.57  42.66094  1.01e-08 -12.73183  -12.72390*  -12.72905* 

2  31317.28  7.417553  1.01e-08 -12.73171 -12.71849 -12.72708 

3  31321.89  9.198723  1.01e-08 -12.73196 -12.71345 -12.72547 

4  31323.01  2.230715  1.01e-08 -12.73079 -12.70699 -12.72244 

5  31337.96  29.85218   1.01e-08*  -12.73524* -12.70616 -12.72504 

6  31341.46  6.972375  1.01e-08 -12.73504 -12.70067 -12.72298 

7  31342.82  2.705214  1.01e-08 -12.73396 -12.69431 -12.72005 

8  31345.88  6.102051  1.01e-08 -12.73358 -12.68864 -12.71782 

9  31348.17  4.560512  1.01e-08 -12.73289 -12.68266 -12.71527 

10  31348.77  1.192013  1.01e-08 -12.73150 -12.67599 -12.71203 

11  31351.88  6.207368  1.01e-08 -12.73114 -12.67034 -12.70982 

12  31356.56  9.300984  1.01e-08 -12.73142 -12.66533 -12.70824 

13  31356.97  0.818747  1.02e-08 -12.72996 -12.65858 -12.70492 

14  31358.15  2.340143  1.02e-08 -12.72881 -12.65215 -12.70192 

15  31364.20   12.03301*  1.02e-08 -12.72965 -12.64769 -12.70090 
       
       

 

 * indicates lag order selected by the criterion 
 
 
 * indicates lag order selected by the criteri 
on 

 
 

      
       
 * indicates lag order selected by the criterion    

 

Carry Trade and DJIA Returns 
Endogenous variables: CARRY2 DJIA 

Exogenous variables: C 

Sample: 1 4933 

Included Observations: 4918 

 

 
 
 
 
 
 
 
 
 
 
 

      
        Lag LogL LR FPE AIC SC HQ 
       
       0  33024.22 NA   5.04e-09 -13.42913 -13.42648 -13.42820 
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1  33098.78  149.0345  4.90e-09 -13.45782  -13.44989* -13.45504 

2  33105.55  13.51887  4.90e-09 -13.45895 -13.44573 -13.45431 

3  33112.12  13.11744  4.89e-09 -13.45999 -13.44149 -13.45350 

4  33113.69  3.128572  4.90e-09 -13.45900 -13.43521 -13.45066 

5  33136.52  45.55808   4.86e-09*  -13.46666* -13.43758  -13.45646* 

6  33138.51  3.985090  4.86e-09 -13.46585 -13.43148 -13.45379 

7  33141.50  5.954588  4.87e-09 -13.46543 -13.42578 -13.45152 

8  33145.57  8.116402  4.86e-09 -13.46546 -13.42052 -13.44970 

9  33145.93  0.712836  4.87e-09 -13.46398 -13.41375 -13.44636 

10  33156.01  20.07677  4.86e-09 -13.46645 -13.41094 -13.44698 

11  33157.90  3.754927  4.86e-09 -13.46559 -13.40479 -13.44427 

12  33161.11  6.395527  4.87e-09 -13.46528 -13.39918 -13.44209 

13  33162.90  3.561335  4.87e-09 -13.46438 -13.39300 -13.43934 

14  33167.93   9.995393*  4.87e-09 -13.46479 -13.38813 -13.43790 

15  33172.38  8.844542  4.87e-09 -13.46498 -13.38303 -13.43623 
       
       

 * indicates lag order selected by the criterion    
 

Appendix 3 – VAR Equations 

 

Equations before plugging in the results 

 

Dependent Variable:  Current Carry Trade Return 

Independent Variables: Past values of Carry Trade returns and DAX returns for a lag 

length of 5. 

 

CARRY2 = C(1)*CARRY2(-1) + C(2)*CARRY2(-2) + C(3)*CARRY2(-3) + 

C(4)*CARRY2(-4) + C(5)*CARRY2(-5) + C(6)*DAX(-1) + C(7)*DAX(-2) + 

C(8)*DAX(-3) + C(9)*DAX(-4) + C(10)*DAX(-5) + C(11)                                                                                                 

 

Dependent Variable:  Current DAX return 

Independent Variables: Past values of DAX returns and Carry Trade returns for a lag 

length of 5. 

 

DAX = C(12)*CARRY2(-1) + C(13)*CARRY2(-2) + C(14)*CARRY2(-3) + 

C(15)*CARRY2(-4) + C(16)*CARRY2(-5) + C(17)*DAX(-1) + C(18)*DAX(-2) + 

C(19)*DAX(-3) + C(20)*DAX(-4) + C(21)*DAX(-5) + C(22)                                                                                                             

 

Dependent Variable:  Current Carry Trade Return 

Independent Variables: Past values of Carry Trade returns and DJIA returns for a lag 

length of 5. 

 

CARRY2 = C(23)*CARRY2(-1) + C(24)*CARRY2(-2) + C(25)*CARRY2(-3) + 

C(26)*CARRY2(-4) + C(27)*CARRY2(-5) + C(28)*DJIA(-1) + C(29)*DJIA(-2) + 

C(30)*DJIA(-3) + C(31)*DJIA(-4) + C(32)*DJIA(-5) + C(33)                                                                   

 

Dependent Variable:  Current DJIA return 

Independent Variables: Past values of DJIA returns and Carry Trade returns for a lag 

length of 5. 

 

DJIA = C(34)*CARRY2(-1) + C(35)*CARRY2(-2) + C(36)*CARRY2(-3) + 

C(37)*CARRY2(-4) + C(38)*CARRY2(-5) + C(39)*DJIA(-1) + C(40)*DJIA(-2) + 

C(41)*DJIA(-3) + C(42)*DJIA(-4) + C(43)*DJIA(-5) + C(44)                                                                                                          
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Equations after plugging in the results 

 

Note: the values with blue color denote the significant coefficients: 

 

CARRY2 = (-0.056066)*CARRY2(-1) + (-0.008526)*CARRY2(-2) + (-

0.027640)*CARRY2(-3) + 0.010285*CARRY2(-4) + (-0.044772)*CARRY2(-5) + 

0.032323*DAX(-1) + (-0.000964) *DAX(-2) + 0.011781*DAX(-3) + (-

0.007509)*DAX(-4) +( -0.013292)*DAX(-5) + 0.000336                     

 

DAX = 0.051549*CARRY2(-1) + 0.061156*CARRY2(-2) + 0.039144*CARRY2(-3) + 

0.028025*CARRY2(-4) + 0.004679*CARRY2(-5) + (-0.016954)*DAX(-1) + (-

0.039780)*DAX(-2) + (-0.009793)*DAX(-3) + 0.001537*DAX(-4) + (-

0.055095)*DAX(-5) + 0.000297                                                                                                                          

 

CARRY2 = (-0.010359)*CARRY2(-1) +(-0.015850)*CARRY2(-2) + (-

0.021351)*CARRY2(-3) + 0.012632*CARRY2(-4) + (-0.025940)*CARRY2(-5) + (-

0.025168)*DJIA(-1) + 0.023564*DJIA(-2) +     ( -0.000803)*DJIA(-3) + (-

0.013577)*DJIA(-4) + (-0.044457)*DJIA(-5) + 0.000342                                                                                                                                    

 

DJIA =0.262311*CARRY2(-1) + (-0.028945)*CARRY2(-2) + 0.062759*CARRY2(-3) + 

0.024014*CARRY2(-4) + (-0.037978)*CARRY2(-5) + (-0.125639)*DJIA(-1) + ( -

0.019143)*DJIA(-2) +   (-0.001745)*DJIA(-3) +   (-0.005563)*DJIA(-4) + (-

0.050643)*DJIA(-5) + 0.000288                                                                                                                                                                            

 

Appendix 4 – Granger Causality Test 

 

Carry Trade and DAX Returns 

Sample: 1 4933 

 
Lags: 5   

    
     Null Hypothesis: Obs F-Statistic Prob.  
    
     DAX does not Granger Cause CARRY2  4928  7.52704 5.E-07 

 CARRY2 does not Granger Cause DAX  1.06192 0.3794 
    

 

Carry Trade and DJIA Returns 

Sample: 1 4933 

 
Lags: 5   

    
     Null Hypothesis: Obs F-Statistic Prob.  
    
     DJIA does not Granger Cause CARRY2  4928  8.84650 2.E-08 

 CARRY2 does not Granger Cause DJIA  21.2433 4.E-21 
    
    

 

                                                                                          

Appendix 5 – Granger Causality Test for the returns of each individual index  
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Dependent Variable: Current Carry Trade Return/ Independent variable: Past 

Returns of Carry Trade 

Excluded                             Chi-sq (x2)                                       df                                  P-

value 

 Carry Trade                        26.38578                                          5                                    

0.0001 

Table: Granger Causality Test between current Carry Trade return and is past values 

Source: Authors 

 

Dependent Variable: Current DAX/ Independent variable: Past Returns of DAX 

Excluded                             Chi-sq (x2)                                       df                                  P-

value 

DAX                                   20.69175                                          5                                    

0.0009 

Table: Granger Causality Test between current Dax return and its past values 

Source: Authors 

 

Dependent Variable: Current DJIA/ Independent variable: Past Returns of DJIA 

Excluded                             Chi-sq (x2)                                       df                                  P-

value 

DJIA                                     78.19677                                         5                                   

0.0000 

Table: Granger Causality Test between current DJIA return and its past values 

Source: Authors 

 

Appendix 6 – EGARCH model 

 

Equations before plugging in the results 

 

Dependent Variable: Carry trade’s returns 

log(ht) = C1 + C4* log (ht-1) + C3* (εt / √ ht-1) + C2*[ (| εt-1|/√ ht-1) - √(2/π) ] + C5*DAX + 

C6*DJIA           

 

Dependent Variable: DAX’S returns 

log(ht) = C7 + C10* log (ht-1) + C9* (εt / √ ht-1) + C8*[ (| εt-1|/√ ht-1) - √(2/π) ] + 

C11*CARRY2 + C12*DJIA      

 

Dependent Variable: DJIA’s returns 

log(ht) = C13 + C16* log (ht-1) + C15* (εt / √ ht-1) + C14*[ (| εt-1|/√ ht-1) - √(2/π) ] + 

C18*DAX + C17*CARRY2      
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Equations after plugging in the results 

 

Note: the values with blue color denote the significant coefficients: 

 

Dependent Variable: Carry trade’s returns 

log(ht) = -0.266268+ 0.987574* log (ht-1) + 0.06994* (εt / √ ht-1) + 0.184319*[ (| εt-1|/√ 

ht-1) - √(2/π) ] + (-1.086217)*DAX + 1.846126*DJIA                                                                                                                                                                               

 

Dependent Variable: DAX’S returns 

log(ht) =  (-0.112771)+ 0.998556* log (ht-1) + 0.052292* (εt / √ ht-1) +0.128791 *[ (| εt-

1|/√ ht-1) - √(2/π) ] + 0.971451*CARRY2 + 3.161817 *DJIA  

 

Dependent Variable: DJIA’s returns 

log(ht) = (-0.14658)+ 0.996282* log (ht-1) + 0.113525* (εt / √ ht-1) + 0.148934 *[ (| εt-1|/√ 

ht-1) - √(2/π) ] + 0.847463  *DAX + 0.324707*CARRY2                                                                                                                           
 

 

 

 

 


