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Sammanfattning 
Valuta carry-handeln (carry trade) – vari en investerare lånar i en valuta med låga räntor 
och investerar i en valuta med höga räntor – beräknas omfatta åtminstone två biljoner 
USD enbart i tillväxtmarknader. Karakteriserat av vissa som att ”plocka upp kronor 
framför en ångvält” [författarnas översättning], är carry-handeln utsatt för tydliga 
perioder av ogynnsamma valutadeprecieringar. Trots carry-handelns historiska 
lönsamhet, dämpar, om inte helt raderar, dessa nedgångar avkastningen. Sökandet 
efter avkastning har fått investerare att alltmer vända sig till tillväxtmarknader, där 
volatiliteten är högre och därmed risken samt den förväntade avkastningen. Syftet med 
denna uppsats är att utforska hur kvantitativa riskindikatorer kan konstrueras för att 
förekomma marknadsvändningar, dämpa effekten av valutadeprecieringar, och slutligen 
stärka carry-handels lönsamheten i tillväxtmarknader. I detta syfte har risk 
kategoriserats i två tudelade riskklasser, global och idiosynkratisk; den förra hänsyftar 
systematisk, icke-landspecifik risk; den senare osystematisk, landspecifik risk. Vardera 
risken har modellerats separat. Genom att optimera carry-handelns avkastning villkorat 
under ett antal distinkta riskmått hänförbara till respektive risk, drogs slutsatsen att en 
bred, viktad, global riskindikator gav carry-handeln i tillväxtmarknader väsentligt 
förbättrad riskjusterad avkastning, medan idiosynkratiska riskindikatorer kräver speciellt 
anpassat tillvägagångssätt för vardera valutan. 
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Abstract 
The currency carry trade – whereby one simultaneously borrows in a currency with low 
interest rate and invests in a currency with high interest rate – is estimated to be at least 
USD 2.0 trillion in emerging markets alone.  By some characterised as “picking up 
nickels in front of a steam roller”, the carry trade is subject to pronounced periods of 
disadvantageous currency depreciations. Although the carry trade has been profitable 
historically, these sudden depreciations at least attenuate, if not completely eradicate 
returns. The search for yield has led contemporary investors to emerging markets 
where the volatility is higher, thereby increasing risk and prospective return. The 
purpose of this thesis is to investigate how quantitative risk indicators can be 
constructed in order to detect market-reversals, mitigate currency depreciations, and 
ultimately improve the profitability of the emerging market currency carry trade. For this 
purpose risk has been categorised into two dichotomous risk classes, global and 
idiosyncratic; the former referring to systematic, non-country specific risk; the latter to 
residual, country specific risk. Each risk has been modelled separately. By optimising 
carry trade return conditioned on a number of distinctive risk measures, attributable to 
the respective risks, it was concluded that a broad weighted global risk indicator provide 
substantially augmented risk-adjusted return in an emerging market carry trade, while 
idiosyncratic indicators might require a bespoke framework for each currency at hand.   
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Abbreviations & Expressions 
 
Currencies 
AUD – Australian dollar 
BRL – Brazilian real 
EUR – European euro 
GBP – British pound or Pound sterling 
JPY – Japanese yen 
PLN – Polish zloty 
RUB – Russian ruble 
TRY – Turkish lira (previously New Turkish lira) 
USD – American dollar or United States dollar 
ZAR – South African rand 
 
Other expressions 
G10 – G10 refers to the 10 most heavily traded currencies in the world. Ordered by 
trading volume the currencies are; (1) US dollar, (2) European euro, (3) Japanese 
yen, (4) British pound, (5) Swiss franc, (6) Australian dollar, (7) New Zealand dollar, 
(8) Canadian dollar, (9) Swedish krona and (10) Norwegian krone 
GFC – Global Financial Crisis 
Global risk – refers to systematic risk, not attributable to a specific country 
Idiosyncratic risk – refers to residual risk attributable to a specific country 
Risk indicator – quantitative investment rule that govern whether an investment 
takes places or not, dependent on a risk measures value at that time point 
Risk measure – data, often in forms of financial time-series, that can be used for 
predictive purposes 
SEB – Skandinaviska Enskilda Banken, a major Nordic Banking and Financial 
Services Company 
UIP – Uncovered interest rate parity or uncovered interest parity, is a parity 
condition stating that the expected change in spot exchange rates between two 
countries for a certain period δ, is equal to the interest rate differential of the 
countries, with interest rates of the maturity δ (Juselius,1995) 
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1   Introduction 
  
1.1 Background 
 
The currency carry trade is a popular foreign exchange trading strategy that utilises 
infringements of the uncovered interest rate parity (UIP)1. The strategy is devised 
such that the investor simultaneously borrows in a currency with low interest rate 
and invests in a currency with high interest rate, thereby profiting from the interest 
rate differential and on a potential currency appreciation. The UIP states that if 
investors are risk neutral and have rational expectations the interest rate differential 
in a carry trade position should be offset by exchange rate depreciations (Hansen and 
Hodrick, 1980 and 1983; Fama, 1984; Engel, 1996; Lustig and Verdelhan, 2007; 
Clarida et al., 2009; Ang and Chen, 2010; Burnside et al., 2011a, b; Menkhoff et al., 
2012a). There is however, extensive empirical evidence rejecting the UIP, and in 
practice high interest rate currencies tend to appreciate rather than depreciate 
relative to low interest rate currencies (Bilson, 1981; Fama, 1984). Consequently, the 
carry trade strategy has proved highly profitable during the past decades. According 
to Jurek (2014) currency carry trade portfolios in G102 currencies have delivered 
Sharpe ratios exceeding common equity factors during the period 1990 to 2012. 
Further, Burnside et al. (2011) conclude that the carry trade strategy has delivered 
sharpe ratios twice that of the US stock market over the past 35 years. The interest 
rate differential combined with a favourable probability of currency appreciation has 
led to the currency carry trade attracting considerable attention among both 
academics and practitioners (Cenedese et al., 2014). This thesis aims to further 
illuminate the currency carry trade performance empirically. 
 
The emerging markets provide a particularly interesting case study from a carry 
trade perspective. While major currencies in the developed markets tend to debase 
due to extensive monetary policy, emerging markets benefit from a wealth of positive 
factors, such as structural trends, faster growth, favourable demographics and 
relatively healthy balance sheets. Hence, the emerging markets carry trade has 
!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!
1 UIP, Uncovered interest rate parity – or uncovered interest parity, is a parity condition stating that the expected 
change in spot exchange rates between two countries for a certain period δ, is equal to the interest rate differential of 
the countries, with interest rates of the maturity δ (Juselius,1995) 
 
2 G10 refers to the 10 most heavily traded currencies in the world. Ordered by trading volume the currencies are; (1) 
US dollar, (2) euro, (3) Japanese yen, (4) British pound, (5) Swiss franc, (6) Australian dollar, (7) New Zealand 
dollar, (8) Canadian dollar, (9) Swedish krona and (10) Norwegian krone!
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increased substantially and is now estimated to be at least USD 2.0 trillion in size 
(Forbes, 2014). Emerging market economies and carry trade practitioners alike have 
benefited from this practice. When funds are borrowed in currencies of lower interest 
rate countries and invested in the higher-yielding bonds of emerging markets the 
result are falling inflation rates and capital outflows, further appreciating the 
currency. Consequently, the emerging markets carry trade strategy has been more 
profitable than the developed economy counterpart. Burnside et al. (2007) compare a 
portfolio consisting solely of carry trade positions in developed economies against the 
same portfolio with emerging markets positions added, and find that the latter 
outperforms substantially. The emerging market currencies in the carry trade are a 
focal perspective in this thesis. 
 
An emerging field of research argue that the high average returns of the carry trade 
still conform to the no-free-lunch condition on financial markets. Burnside (2012) 
argues that traditional risk factors used to price stock returns fail to explain the 
returns on foreign exchange markets. Menkhoff et al. (2012a) find that the excess 
returns of the carry trade is compensation for exposure to foreign exchange volatility 
risk. Burnside et al. (2010) argue that the excess return of the carry trade reflect a 
peso problem similar to writing out-of-the-money put options, in which there is a low 
probability of large negative returns. In line with this reasoning, Brunnermeier et al. 
(2009) suggest that carry trades are subject to crash risk that is exacerbated by the 
immediate unwinding of carry trade positions when investors face funding 
constraints. The latter two arguments are important for carry trade investors as the 
consequence is that when one country faces economic problems, immense unwinding 
of trading positions can create sharp exchange rate depreciations that trigger margin 
calls in the borrowing currency, further escalating the depreciation.  
 
Currency corrections and how they attenuate carry trade profitability has attracted 
academics and practitioners alike. The Economist (2007) characterises the carry trade 
as “picking up nickels in front of a steam roller”, and Breedon (2001) highlighted 
that traders view the carry trade as “going up the stairs and coming down the 
elevator”. These characterisations suggest substantial negative skewness in carry 
trade returns due to unexpected sharp drops. Yet, Daniel et al. (2014) argue for 
observable trends by examining currency drawdowns, defined to be persistent 
decreases in an asset price over consecutive days, and find that carry trade 
drawdowns are large and occur over substantial time intervals.  
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Whether currency corrections occur seemingly unexpected, or have more profound 
trending-dynamics, one can increase carry trade profitability substantially by 
mitigating them. Conditioning when to turn on and off the carry trade on a set of 
quantitative rules would therefore be of utmost importance for a broad spectrum of 
investors, ranging from yield-seeking endowment funds to sophisticated algorithm 
hedge funds. Consequently, the problem addressed in this thesis is how carry trade 
returns can be improved by implementing these quantitative rules. 
 
 

1.2  Problematisation and contribution  
 
Currency movements are determined by push and pull factors. If supply and demand 
for a certain currency is determined by global factors and overall risk sentiment the 
exchange rate is said to be driven by push factors. Howbeit, if movements are subject 
to the recipient countries’ economic fundamentals the exchange rate is said to be 
driven by pull factors. Förster et al. (2014) study the capital inflows, and in effect 
currency movements, in a sample of 47 economies. Grouping countries by regions 
they find that capital flows in emerging economies are subject to pull factors as well 
as push factors, while developed countries flows are significantly explained by global 
factors. Kaminsky (2003) classifies 96 currency crises during 1970 to 2002 and find 
that crises in emerging markets tend to be of a different variety than that of 
developed countries. Figure 1.1 illustrates currency movements relating to push- and 
pull factors for two emerging markets currencies relative to the US dollar.

Figure 1.1: Depreciation periods for the South African rand and Brazilian real relative to the US dollar. 
Correlation increases during periods characterised by global risk aversion. Source: Macrobond App. 
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Evidently there are periods when currencies are impacted by global risk aversion 
(push), such as the Global Financial Crisis (GFC) and the European Sovereign Debt 
Crisis, and periods where corrections are uncorrelated (pull), namely idiosyncratic 
crises. 
 
Hence, in order to accurately model market-reversals in an emerging market context 
we utilise two separate sets of indicators, relating to push- and pull factors 
separately. Firstly, similar to previous research (Caglayan and Pintér, 2012; inter 
alia) we condition the emerging market carry trade on global risk factors (push) 
intended to capture investor risk appetite. Throughout this thesis we refer to this as 
a global risk indicator, indicating whether to be in or out the market. Secondly, 
inspired by research on Early Warning Systems (Kaminsky et al., 1998; inter alia), 
we introduce an idiosyncratic indicator that measure country specific fundamentals 
(pull) in order to be able to condition the carry trade on weakening economic 
outlook. In addition to the aforementioned idiosyncratic indicator, an indicator 
incorporating domestic equity indices for the respective countries will also be 
evaluated.  Finally, we aim to combine the three into a generic framework, applicable 
across currencies, aimed to capture all relevant factors relating to emerging market 
currencies. 
 
In this thesis we develop and test different risk indicators, pertaining to both global- 
and idiosyncratic (country specific) risk, in order to improve the emerging market 
currency carry trade. We contribute to the existing research by combining different 
perspectives into the carry trade, namely: 
 

• Emerging markets perspective 
• Combining several global risk indicators 
• Introducing idiosyncratic risk indicators 

 
From an academic perspective this thesis extends research into previously unexplored 
fields, providing empirical results on carry trade dynamics on emerging market 
currencies. Specifically, we provide empirical suggestions on which measures of risk 
that successfully can predict depreciations in the emerging market currency carry 
trade. As the carry trade is one among the most frequent currency strategies, results 
are highly relevant for practitioners (e.g. investment banks, pension funds, hedge 
funds) and academia alike.  
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1.3  Purpose and research questions 
 
Regardless of theoretical underpinning, the currency carry trade’s historical 
profitability is undisputable. However, as the strategy is subject to sudden sharp 
exchange rate depreciations one could increase the returns substantially if one could 
design a predictive model with the ability to correctly interpret market-reversal 
signals. This effect is further alleviated in an emerging market context, as these 
currencies tend to have higher volatility and more frequent rapid depreciations. 
 
Conditioning carry trade on/off signals on quantitative indicators have been explored 
in academic research. Common risk indicators that can assist in currency trade on/off 
signalling is the VIX-index, the TED-spread, currency specific volatility indices such 
as the JP Morgan Global FX volatility index or the yield curve slope (Bhansali, 2012; 
De Bock et al., 2013). As most risk-indicators have been tested predominately on 
G10-economies, we contribute to existing research by evaluating their performance on 
emerging market currencies. Further, by distinguishing and modelling global risk and 
idiosyncratic indicators separately we investigate a previously unexplored field of 
currency carry trade modelling.  
 
In this thesis we solicit and align current research on currency market-reversal 
indicators, evaluate them in an emerging market context, and ultimately provide 
suggestions on which indicators that have superior predictive power. The purpose is 
to investigate and provide suggestions on how quantitative risk indicators can be 
constructed, in order to detect market-reversals, mitigate currency depreciations, and 
ultimately improve the profitability of a generic emerging market currency carry 
trade.  
 
This has led to the following main research question: 
 

Main-RQ: How can quantitative risk indicators in a generic 
framework improve the emerging market carry trade return by 
mitigating depreciations? 

 
With the following sub-questions: 
 

Sub-question 1: How can quantitative risk indicators improve the 
emerging market carry trade return by mitigating depreciations due to 
variations in global risk appetite? 
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Sub-question 2: How can quantitative risk indicators improve the 
emerging market carry trade return by mitigating depreciations due to 
country specific risk?  

 
 
1.4  Delimitation 
 
The thesis will focus solely on emerging market currencies relative to developed 
market currencies. Specifically, the Brazilian real (BRL), Polish zloty (PLN), Russian 
ruble (RUB), South African rand (ZAR) and the Turkish lira (TRY) are the 
emerging market currencies of choice and the developed market currencies are the 
American and Australian dollar (USD and AUD, respectively), British pound (GBP), 
European euro (EUR), and finally Japanese yen (JPY). Further, as the thesis will 
focus on exchange rate dynamics on emerging markets, only economies with floating 
exchange rates will be considered. If a currency were pegged to the euro for example, 
it would be of more relevance to perform the analysis on the USD/EUR exchange 
directly instead. When modelling exchange rate movements several authors argue for 
utilising momentum based time-series models (e.g. moving averages), but these will 
not be considered in this thesis. Partly because time-series models have limited 
economic explanatory power but also as the performance of these models has proven 
unsatisfactory when applied on recent out-of-sample periods (see for instance Neely et 
al., 2009). Finally, as the purpose is to construct a generic framework for improving 
the emerging market currency carry trade, only results with largely consistent 
applicability across currencies are deemed significant. That is, if a certain risk 
indicator has significant results on a currency, but not on others, it will be excluded 
from the generic framework.  
 
 

1.5  Disposition 
 
The remainder of the thesis is structured as follows: in section 2, a review of previous 
research on measures of risk, and their application in exchange rate settings are 
provided. First, measures related to global risk aversion are discussed. Subsequently, 
measures and methods relating to country specific idiosyncratic risk are presented. In 
section 3 the theoretical framework regarding the currency carry trade, our model for 
capturing global risk, and finally the model for the idiosyncratic risk factor is 
presented. The data utilised in the empirical study is outlined in section 4, while 
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section 5 explicitly presents the methods and evaluation procedure. Section 6 details 
results and analysis from the empirical study. In section 7, results are discussed and 
analysed more thoroughly against the background of the research questions. Finally, 
conclusions from the study and suggestions for further research are presented in 
section 8.  
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2   Literature review 
 
In accordance with industrialised currencies, long-term dynamics of emerging market 
currencies are governed by the markets’ perception of underlying economic 
fundamentals. Still, to a large extent and particularly during short-term financial 
turmoil, emerging market currencies are influenced by non-country specific global risk 
factors. In this section we discuss how overall risk sentiment influence foreign 
exchange markets and thereafter what generic country specific economic factors 
explain emerging market currencies. More importantly, we provide a framework from 
recent literature detailing how these two distinct risk classes can be utilised for 
predictive purposes.  
 
 

2.1  Global measures of risk 
 
As has been specified in recent literature, overall investor risk sentiment is an 
important factor explaining currency market behaviour, particularly during sharp 
currency corrections. Almost unequivocally, academics conclude that during periods 
characterised by high risk aversion investor funds flow from developing economies to 
recurrent low interest rate economies, thereby strengthening the latter. Timing these 
shifts in fund flows is crucial in currency markets and is often referred to as timing 
the change from the normal search for yield-regime to the risk aversion regime flight 
to quality (Caglayan and Pintér, 2012). Moreover, the intensity of flight to quality-
regimes increases significantly during periods of financial turmoil. Consequently, 
performance of the currency carry trade with a long position in an emerging markets 
currency has strong negative correlation with increasing levels of investor risk 
aversion. Ranaldo and Söderlind (2010) study industrialised economies and find that 
low interest currencies such as the Japanese yen and the Swiss franc exhibit safe 
haven characteristics, appreciating when global equity prices fall and foreign 
exchange volatility increases. De Bock and Filho (2013) investigates risk-off episodes, 
referring to periods in which risky positions across all asset classes are reduced, and 
finds that currency markets exhibit recurrent patterns; high interest rate currencies 
tend to depreciate relative to low interest rate currencies, and emerging market 
currencies in particular exhibit strong cross-sectional negative correlation with 
decreasing risk appetite. Further, they argue that these depreciations can be linked to 
both idiosyncratic factors such as information relating to policy interest rates, and 
risk sentiment factors such as increased foreign exchange volatility. As this 
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information is available prior to the risk-off episodes a final conclusion is that 
exchange rate prediction is possible.   
 
As overall risk sentiment is a significant determinant in foreign exchange markets, 
several scholars and practitioners have focused on quantifying this risk and develop 
an investment framework in which investor risk appetite is utilised. However, results 
from this research vary significantly. Illnig and Aaron (2005) for example, evaluate a 
set of risk appetite indices published by major financial institutions (e.g. JPMorgan 
Liquidity Credit and Volatility Index, UBS FX Risk Index, Bank of America’s Risk 
Appetite Monitor) and find that neither of these indices captures risk sentiment 
accurately. Reinforcing their argument, Coudert and Gex (2007) evaluate the 
predictive power of these indices and find that they perform unsatisfactory on 
currency markets. Caglayan and Pintér (2012) however, summarise six unique risk 
measures and evaluate their predictive performance with satisfying results; all six 
generate carry returns significantly in excess of a long-only portfolio. The risk factors 
considered are: (1) the VIX as a measure of overall equity market risk; (2) high-yield 
spreads as a measure of credit quality and credit risk; (3) gold-to-copper ratio 
intended to capture commodity risk; (4) JP Morgan’s Emerging Market Bond Index 
(EMBI+) measuring emerging market risk; (5) Trade-weighted CHF index as a 
measure of currency risk; (6) and finally 10-year Swap rates intended to measure 
liquidity risk. Most significant results are achieved from credit risk, emerging market 
risk, equity market risk and liquidity risk, all generating portfolios with information 
ratios twice that of a passive long-only strategy. This is plausible, as the rationale for 
conditioning the carry trade on these risk factors has been studied extensively. 
Ranaldo et al. (2013) evaluate the liquidity-factors influence on exchange rates and 
find that high interest rate currencies exhibit correlation with overall foreign 
exchange liquidity. Both Hsu (2013) and De Bock (2013) evaluate currency market 
predictions conditioned on the VIX-index and find satisfactory results. Menkhoff et 
al. (2012a) argues that there is academic foundation behind building a predictive 
model that captures emerging market risk, and thereafter create a volatility proxy 
index that generate satisfactory predictive signals. Finally, Caglayan and Pintér 
(2012) argue for creating an aggregate risk measure by combining risk factors, and 
find that a weighted-sum considerably improve the accurateness of the exchange rate 
predictions. The risk measures and their applications are summarised in Table 2.1. 
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Author Risk measure Key idea/results 

Illing et al. 
(2005) 

Aggregate risk indexes 
capturing several market 
risks  

Evaluates effectiveness of risk indices intended to 
capture investor risk aversion published by major 
financial institutions. Conclude that risk measurement 
and risk levels are highly contingent on methods and 
underlying theory utilised when designing the index. 
Indicates limited benefit to condition the carry trade 
on aggregate risk indices 

Melvin et al. 
(2009) 

Financial markets 
(Develops an index 
capturing shifts in asset 
prices, liquidity, VIX and 
banking system health) 

Compares a passive G10 carry trade with a G10 carry 
trade conditioned on the proprietary index. Significant 
performance improvement; with information ratio of  
-0.03 and 0.69 for the unconditioned and conditioned 
respectively 

Ranaldo et al. 
(2010) 

Equity market (S&P 
returns), Credit markets 
(US Treasury bond 
increases), currency 
market (currency 
volatility) 

Compares industrialised currency movements during 
different market risks. Finds that some currencies 
(Swiss franc, Japanese yen and the pound) tend to 
appreciate relative to the US dollar during crisis 
periods. Concluding some currencies exhibit safe haven 
characteristics 

Menkhoff et al. 
(2012a) 

FX-volatility (develops an 
index) 

Investigates how FX-volatility and carry trade returns 
are related. Concludes that higher interest rate 
currencies deliver low returns in times characterised by 
high (unexpected) FX-volatility 

Caglayan and 
Pintér (2012) 

Equity market, Credit 
markets, Commodity 
market, FX market, 
Liquidity market, 
Emerging markets 

Evaluates different portfolios generated from 
optimising volatility-adjusted carry trades conditioned 
on six different risk measures. Compared to passive 
investment all measures generate improved results 
(varying from 35% for FX-risk to 136% for EM-risk) 

De Bock et al. 
(2013) 

Equity market 
(VIX) 

Discusses risk-off episodes, referred to as periods when 
risky positions are cut across all asset classes. Argues 
safe haven currencies appreciate considerably during 
risk-off episodes (high levels of the VIX-index) 

Hsu (2013) Equity market 
(VIX) 

Evaluate different G9 carry trade baskets conditioned 
on the VIX. Long if VIX < 90th percentile trailing 
twelve-months, else short. Results improved > 70% 
against passive 

Ranaldo et al.  
(2013) 

FX-liquidity risk (develops 
an index) 

Investigates how liquidity risks affect exchange rate 
movements and specifically carry trade returns. 
Concludes FX-liquidity is decently correlated with 
carry trade returns, indicating higher interest rate 
currencies exhibit correlation with increasing foreign 
exchange liquidity 

Table 2.1: Overview of previous research within the field of global risk measures, and their influence on 
currencies 
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2.2  Idiosyncratic measures of risk 
 
There is an abundance of literature trying to establish leading indicators for currency 
crises. Two methods have been widely used in empirical studies of so called Early 
Warning Systems (EWS). In the first method, often referred to as the KLR method 
(after Kaminsky, Lizondo and Reinhart, 1998), every indicator receives an optimal 
threshold value, estimated to the value minimising the noise-to-signal ratio, i.e. the 
number of correct signals versus missed signals. Given each indicator’s threshold 
value a combination of these create a weighted index; where a low noise-to-signal 
ratio translates into a high weight. The index reflects the probability of a 
forthcoming crisis. Following are a number of studies in which the KLR method is 
applied. 
 
Kaminsky et al. (1998) find that equity prices, exports, deviations of the real 
exchange rate from trend, output and the ratio of broad money to gross international 
reserves, have best predictive power of currency crises. They derive this from a set of 
20 countries (of which five are industrial countries and the rest emerging economies) 
during the period 1970-1995, including a total of 76 currency crises. Brüggeman and 
Linne (2002) focus on currencies in Europe (including Turkey and Russia), and find 
that currency reserves, exports and real exchange rate are the best indicators of 
currency crises in a period from 1993 to 2001. Moreover, in a similar set as Kaminsky 
et al. (1998), i.e. 20 developed and emerging markets currencies, Edison (2003) 
studies crises finding that equity prices, foreign exchange reserves, ratio of M2 (a 
definition of broad money) to reserves, ratio of short-term debt to reserves, and real 
exchange rate are best at indicators of currency crashes. 
 
Another method diligently used in the EWS literature is logit or probit regression 
models. The models utilise a binary endogenous variable indicating crisis dependent 
of a set of economic variables. The first to employ this method was Frankel and Rose 
(1996), with a large set of currencies spanning 105 emerging economies with time 
series from 1971 to 1992. The set of independent variables showing significance 
explaining crises are domestic credit growth, foreign interest rates, and ratio of 
foreign direct investment to debt. This method is further developed in a seminal 
paper on EWSs by Berg and Pattillo (1999) examining the same crises as Kaminsky 
et al. (1998). Moreover, they argue that it is not possible to draw conclusions in the 
signalling framework and use an alternative approach instead, a static panel probit 
EWS. Evaluating KLR and their probit framework under criteria such as the log and 
quadratic probability score (LPS and QPS, respectively) they find that their method 
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exhibits stronger predictive power than KLR proposed by Kaminsky et al. (1998). 
Also, they point to the fact that this framework enables testing the significance of 
leading indicators formally. Berg and Pattillo (1999) find that deviations of real 
exchange rate from trend, export growth, growth of the ratio of M2 to reserves, and 
reserve growth have predictive power in the KLR and probit framework. In addition, 
current account deficit and the ratio of M2 to reserves show significance under the 
probit model. 
 
Following Frankel and Rose (1996), and, Berg and Pattillo (1999), there are a 
number of subsequent studies utilising the logit or probit model in an EWS signalling 
framework. Kamin and Babson (1999) study crises in six Latin American countries 
during 1981-1998 in a probit model. Their findings suggest that the crises can be 
attributed to domestic variables (real GDP growth and ratio of M2 to reserves); 
external-balance positions (real exchange rate and the ratio of current account to 
GDP); and an exogenous “external shock” variable (change in terms of trade). 
Kruger et al. (2000) find that the only variable showing significance in indicating 
currency crashes is the current account deficit, when applying the probit model on a 
set of 19 emerging countries during the time frame of 1977 to 1997. Similarly, 
Komulainen and Lukkarila (2003) employ a probit model when studying 31 
developing countries in the time period 1980-2001. The variables they find having 
significance in indicating crisis is foreign debt of banks and private sector debt, 
inflation and unemployment. Utilising a logit model on currencies from 32 countries 
between 1985 and 1999, Kumar et al. (2003) report that exports, real activity and 
reserves have significant explanatory power of crises. Applying factor analysis in a 
logit model on six Asian countries during the period 1970-2001, Jacobs et al. (2007), 
find that import growth, money growth (M1 and M2), and national savings correlate 
with currency crises. 
 
Lastly, Zhao et al. (2014) argues that different indicators are relevant under different 
exchange rate regimes. In floating exchange rate regimes, characteristic of the 
currencies considered in this thesis, they find that indicators with significance when 
employing a probit model are (1) deviations of real exchange rate from trend; (2) 
interest rate differential; (3) inflation; (4) M2 growth; (5) domestic credit growth; 
and (6) government budget deficit. Under the KLR method they suggest that the 
most important indicators are (1) domestic credit growth; (2) foreign reserves 
growth; (3) inflation; (4) lending to deposit rate; and (5) the US interest rate. 
Indicators with predictive power of currency crises are summarised in Table 2.2 
below. 
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KLR model 
Kaminsky et al. (1998) Deviations of the real exchange rate from trend 

Exports 
Ratio of broad money to gross international reserves 
Output 
Equity prices 

Berg and Pattillo 
(1999) 

Deviations of the real exchange rate from trend 
Exports, growth 
Ratio of M2 to reserves, growth 
Reserves, growth 

Brüggemann and Linne 
(2002) 

Real exchange rate 
Exports 
Currency reserves 

Edison (2003) Real exchange rate 
Ratio of short-term debt to reserves 
Ratio of M2 to reserves 
Currency reserves 
Equity prices 

Zhao et al. (2014) Domestic credit, growth 
Foreign reserves, growth 
Inflation 
Lending to deposit rate 
US interest rate 

 
Probit or logit model 

Frankel and Rose 
(1996) 

Output, growth 
Domestic credit, growth 
Foreign interest rates 
Ratio of foreign direct investment to debt 

Berg and Pattillo 
(1999) 

Current account 
Deviations of the real exchange rate from trend 
Exports, growth 
Ratio of M2 to reserves, growth and level 
Reserves, growth 

Kamin and Babson 
(1999) 

Change in terms of trade 
Ratio of current account to GDP 
Ratio of M2 to reserves 
Real exchange rates  
Real GDP, growth 

Kumar et al. (2003) Reserves 
Exports 
Real activity 

Komulainen and 
Lukkarila (2003) 

Unemployment 
Inflation 
Private sector debt 
Foreign liabilities of banks 

Jacobs et al. (2008) Money (M1 and M2), growth 
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National savings 
Imports, growth 

Zhao et al. (2014) Deviations of real exchange rate from trend 
Domestic credit, growth 
Government budget 
Inflation 
Interest rate differential 
M2, growth 

Table 2.2: Measures showing significance in predicting currency crises according to previous research 

 
Most studies of EWSs derive the leading indicators on a specific subset of currencies 
which are pooled together. This implies assumptions of homogeneity of crises in 
different currencies. Van den Berg et al. (2008) argue instead that crises in different 
currencies are heterogeneously caused by varying factors, of which they find evidence 
in a set of 13 countries from Asia and South America applying different logit models. 
Moreover, Edison (2003) supports this with findings implying differences across 
regions. 
 
 

2.3  Literature review inferences  
 
Previous empirical research on global risk measures in a carry trade setting has 
evaluated a relatively similar set of market risks. Specifically these refer to equity 
market risk, credit market risk, foreign exchange market risk, commodity market risk 
and liquidity market risk. Evidently, these capture a broad spectrum of risks. For all 
that, the research has exclusively been focused on developed market currencies. This 
thesis utilises the same broad set of risks, with an addition of an emerging market 
factor, in line with the extensive research of Caglayan and Pintér (2012). Conversely 
to previous research however, this thesis focuses exclusively on emerging markets.   
 
In addition to global risk measures this thesis aims to further the research field by 
evaluating idiosyncratic risk factors in a carry trade setting. Anyhow, previous 
research within this area has focused on explaining currency crises in a EWS 
framework. There is an abundance of economic variables used in previous research, as 
illustrated in Table 2.2. This thesis focuses on the ones Zhao et al. (2014) found 
having significance under a floating exchange rate regime (as the currencies 
considered). Complementing the factors above, we also evaluates an additional 
idiosyncratic risk factor utilising domestic equity prices, which has not yet been 
studied.  
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In summary this thesis extends the carry trade research field by:  
• Examining global risk measures in an emerging market context 
• Evaluating previously unexplored idiosyncratic risk measures, as those used in 

EWS framework 
• Adding an idiosyncratic risk factor (domestic equity prices) 
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3   Theoretical framework 
 
This section outlines the main theoretical components on which this thesis is based 
upon. First, the mathematics of the standard carry trade is described. Secondly, we 
extend the carry trade by introducing a risk indicator upon which the carry trade can 
be conditioned. Thereafter, the specifics of the risk indicators are presented regarding 
two methods for calculating each indicator. Finally, the optimisation problem utilised 
to answer the research questions is formulated.  
 
 

3.1  The mathematics of the carry trade 
 
3.1.1 The conventional carry trade  
In the conventional currency carry trade, the investor borrows in a low-interest rate 
currency and invests in a high-interest rate currency. The mathematical definition of 
the carry trade is presented in several carry trade articles. The definitions given in 
this section is based on Melvin et al. (2009). Let the exchange rate of the borrowing 
currency per unit of foreign currency be Xt. Further, let iB and iEM denote the one-
period interest rate for the borrowing currency and the foreign currency respectively. 
The currency carry trade goes long one unit of borrowing currency in each currency 
for which the interest rate is higher than the borrowing country’s interest rate. By 
borrowing Zt and invest in the foreign money market the one-period return in the 
borrowing currency, Zt+1, ignoring transaction costs will be:  
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Note that all variables except the future exchange rate Xt+1 are deterministic and 
hence known at time t. By rolling equation (1) forward during the whole investment 
period [0,T], we get the return from the long-only strategy:  
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3.1.2 The conditioned carry trade 
With risk indicators, equation (1) can be conditioned such that one stay out of the 
carry trade at certain time periods (dependent upon for instance certain levels of a 
specific risk measure, RM).  
 
To introduce these indicators, let RIt be the indicator function taking the value zero 
if some predetermined rule is satisfied, and one otherwise at the time point t. Now, 
the one-period carry trade return in borrowing currency will be: 
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Where,  
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That is, in each period the indicator function, RIt, determines whether the trade is 
executed or not. Analogously to the long-only strategy, equation (3) under the 
conditioned carry trade is:  
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When modelling equity investment strategies, transaction costs are an important 
factor. Foreign exchange markets however, does not have the same cost structure. As 
currency trading does not take place on standardised markets no commission fee 
exists. Instead, the implied cost of trading currencies is the buy/sell spread, which for 
most currencies is rather small (typically a few basis points). Hence, for modelling 
purposes the transaction cost could be ignored.  
 
 

3.2 The risk indicator functions 
 
Here the details for converting risk measures into risk indicators are outlined. Risk 
measures refer to some data that can be used for predictive purposes, for instance the 
VIX-index or some economic data. Risk indicators refer to the quantitative 

(3) 

(4) 
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investment rule that govern whether an investment is taking place or not, for 
instance VIX-index exceeding a certain threshold. The risk measures are discussed 
thoroughly in section 4. The conversion is done with two different frameworks, one is 
the Z-score approach and the second is the logit regression approach.  
 
3.2.1 Z-score approach 
The Z-score approach stems from the law of large numbers and is based on risk 
measure values exceeding the mean. To specify the Z-score model mathematically 
first denote new information from risk measure i, RMi. Further, let µi and σi denote 
the 6-month historical daily mean and standard deviation. Then according the law of 
large numbers the Z-score defined as 
 

 
Z − score

t
=

RM
t
i − µ

t
i( )

σ
t
i

 

 
should be normally distributed with mean zero and standard deviation equal to one. 
By performing the calculation in equation (5) on a large sample a probability 
distribution can be approximated. Further, certain quantiles of this distribution 
represents different levels of risk on which the carry trade can be conditioned. That 
is, if the Z-score on a particular day exceeds a certain threshold α (equivalent to a 
quantile) the indicator function will be zero; indicating high risk and no investment. 
Hence, the formal definition of the risk indicator in this case is:  
 

  
RI

t
α( ) = I Z − score

t−1
> α( )  

 
where I, denotes the indicator function, taking the value zero if rule satisfied and one 
otherwise. Note the time lag, where the previous days data is used to decide 
investment in the current day. 
 
3.2.2 Logit regression approach 
In previous literature the idiosyncratic factors are optimised for an Early Warning 
System in two main ways, the KLR method and logit or probit models. As argued for 
in section 2.2, the logit or probit model has exhibit better signalling results than the 
KLR method. In practice the differences are insignificant between the probit and 
logit model, and therefore the logit model is utilised in this thesis, as it is easier to 
compute and interpret.  
 

(5) 

(6) 
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The full derivation of the logit model is beyond the scope of this thesis, but here we 
provide an outline. The logit model uses the fact that the response variable is binary 
(in our specific case it refers to whether a currency crises has occurred or not), and 
the objective is to find a probability distribution that optimally fits this binary data. 
As a fitted standard linear regression would yield negative probabilities on binary 
data, the logit regression is adjusted such that all fitted values will be in the 
probability space [0,1].  
 
Specifically, this means that instead of using the probability for currency crisis p as 
response variable, the regression is performed with the logit as response variable.3 
More formally, the regression has the form: 
 

  
Logit p( ) = ln p

1 − p
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⎜
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where p is the probability for currency crisis, X is the matrix of risk measures (in this 
case economic data), and β is the parameters for each economic data-series. The 
specification of the logit model is, Pr(Y=1) is the probability given a crisis: 
 

  

Pr Y = 1( ) = F X'β( ) = exp X 'β( )
1 + exp X 'β( )

Pr Y = 0( ) = 1 − F X'β( ) = 1
1 + exp X 'β( )

 

Where, 

  
Y = 1if crisis

0otherwise

⎧
⎨
⎪
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This approach requires that Y is set in such a way that it is one during crises. 
Moreover it requires the definition of a crisis, which is described further under 
Section 5.  This approach yields a probability for currency crisis at each time point. 

!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!
3 Note that when performing a linear regression the independent variables can take the values [-∞,+∞]. However, as 
the response variable, the probability, is bound between zero and one, the transformation according to equation (7) 
has to be done. The ratio p/(1-p), which refers to the odds ratio, is equivalent to a probability, except for the value 
range [0,+∞] for the odds ratio. Finally, the logarithm extends the range to negative infinity, thereby linking the 
probability to the independent variables and their coefficients. Hence, there is a one-to-one connection between the 
logit and the probability p!

(7) 

 (8) 

(9) 
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Similarly to the Z-score approach, the probabilities are combined with a threshold to 
create a risk indicator. In this case it will be:  
 

  
RI

t
= I p

t−1
> α( )  

 
where, pt refers to the probability for crisis at each time point (given by logit 
regression on economic data) and I denotes the indicator function, taking the value 
zero if rule satisfied and one otherwise.  
 
 

3.3  Carry trade optimisation 
 
Having outlined the risk indicators we are now in a position to formulate the 
fundamental optimisation problem used in order to answer the research question. 
That is, how quantitative indicators can be constructed to significantly improve 
currency carry trade returns. The optimisation problem is: 
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Hence, the objective is to maximise the returns from the conditioned carry trade by 
finding the optimal threshold α. 
  

 (10) 

 (11) 
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4   Data 

 
This section outline the data used in the thesis. The whole dataset is secondary, and 
consists of several time-series collected from Bloomberg and the Macrobond 
Application. The datasets that will be described in the remainder of this section are 
split into three sections. First we describe the data needed as input parameters to 
perform the standard carry trade. Secondly, we describe the risk data utilised as filter 
for the global risk indicator. Finally, we discuss the data utilised when modelling the 
idiosyncratic risk indicators. 
 
 

4.1  Carry trade data 
 
4.1.1 Exchange rates 
When entering a carry trade, the return is a function of two variables; the exchange 
rate between two currencies and their corresponding interest rate differential. The 
exchange rates were collected from the Macrobond Application and consisted of the 
following five emerging market currencies: Brazilian real, Polish zloty, Russian ruble, 
South African rand and the Turkish lira all relative to the US dollar. These specific 
currencies were chosen as they are among the most liquid floating emerging market 
currencies and were specified by the thesis principal SEB. When referring to 
exchange rates, the following abbreviations will be used throughout the thesis: 
 

Currency relative to the US dollar Abbreviation 

Brazilian real BRL/USD 
Polish zloty PLN/USD 
Russian ruble RUB/USD 
South African rand ZAR/USD 
Turkish lira TRY/USD 

Table 4.1: The emerging market currencies analysed  
 
Note that all exchange rates are quoted such that an increase in the value 
corresponds to an appreciation of the emerging markets leg. If the BRL/USD 
exchange rate increases for instance, the conclusion is that one has to pay less for one 
US dollar, thereby strengthening the Brazilian real.   
 
Further, as this thesis investigates how to predict currency movements in emerging 
markets, we need to downplay the effects of movements due to factors stemming 
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from the US alone. Also, in practice it is usual to diversify the portfolio and source 
the funding from several currencies.  Therefore, in order to mitigate US-driven 
movements, we also collected exchange rates from the following four developed 
market currencies relative to the US dollar: Australian dollar (AUD/USD), British 
pound (GBP/EUR), European euro (EUR/USD) and the Japanese yen (YEN/USD).4 
Thereafter, we calculated each emerging market currency relative each and every 
developed economy and took the average.  
 
An example should illuminate this procedure. With the aim to end up with the 
Brazilian real relative to an equally weighted basket of developed market currencies 
we start by dividing the BRL/USD rate with the YEN/USD to end-up with the 
BRL/YEN rate. We proceed analogously with the EUR/USD, the GBP/EUR and 
the AUD/USD and end up with: BRL/USD, BRL/YEN, BRL/EUR, BRL/GBP and 
BRL/AUD. Finally, we take the average of all exchange rate returns and end up with 
BRL/AVG, where AVG denotes the average. All five emerging market currencies 
relative to the equal weighted developed market basket are illustrated in Figure 4.1.  
 

 
Figure 4.1: Evolution of the exchange rates: BRL/AVG, TRY/AVG, RUB/AVG, ZAR/AVG and 
PLN/AVG (2001-04-03 – 2015-04-01) 
Source: Macrobond Applications 
 
We first note that all emerging market currencies have depreciated, although to 
varying degree. 100 units invested in the Turkish lira have decreased to 41, whereas 
100 units invested in the Polish zloty would have decreased to 79. Further it is 
evident that all currencies have a rather high correlation (see Table 4.2), this is 
especially true during the Global Financial Crisis of 2007-2008 (GFC) where all 
currencies (with some lag although) depreciated. High correlation across all currencies 

!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!
4 These specific developed market currencies were specified by the principal (SEB) 
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is important, as it implies global risk indicators, deciding whether the investment is 
executed or not, might be used on a cross-section of emerging market currencies.  
 

 BRL TRY RUB ZAR PLN 

BRL 1     
TRY 0.87 1    
RUB 0.82 0.84 1   
ZAR 0.77 0.83 0.80 1  
PLN 0.83 0.87 0.90 0.87 1 

Table 4.2: Correlation matrix of all EM-currencies relative to the 
developed market average 

 
4.1.2 Interest rates 
Analogously to the adjustments for foreign exchange rates, the interest rate 
differential needs to be adjusted such that the differential is the individual interest 
rate for each emerging market country over an equal weighted basket of developed 
market interest rates. With the interest rates, this is a straightforward procedure 
however.  
 
As the carry trade is designed such that we borrow in developed markets and invest 
in emerging markets, we collect short-term lending rates for the five developed 
market economies and short-term deposit rates for the five emerging economies. All 
interest rates were collected from the economic database Macrobond Application, 
which compiles information from several databases including IMF, the World Bank, 
individual central banks etc. Figure 4.2 and Figure 4.3 depicts interest rates for the 
emerging markets deposit rates and the developed markets lending rates respectively. 
As expected, the emerging market economies have a considerably higher interest rate. 
Furthermore, we note that ex post GFC loose monetary policy in developed 
economies has put interest rates in a steady decline across all economies, emerging- 
and developed markets alike. This is expected and stems from several factors; one 
plausible explanation is that unprecedented low developed market interest rates has 
forced yield-seeking investors to search for other investments, where emerging 
markets provide an attractive alternative, thereby pushing down their interest rates.   
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Figure 4.2: Evolution of short-term deposit rates in the emerging economies  
Source: Macrobond Application 
 

 

 
Figure 4.3: Evolution of short-term lending rates in the developed economies  
Source: Macrobond Application 
 
 

4.2  Global risk indicator 
 
Risk measures are introduced in order to capture shifts in overall investor risk 
appetite, by introducing a global risk indicator (more thoroughly discussed in 
methods). In this thesis we utilise six common risk measures to construct indicators, 
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designed to capture sentiment shifts across various markets. The main idea behind 
using risk measures is to condition the carry trade on overall risk sentiment, such 
that a certain value governs whether we execute the trade or not.  
 
In this section each risk measure is described more thoroughly, the data that is used 
as proxy to capture each risk and the historical evolution of each measure. All data 
related to this section has been compiled from Bloomberg. 
 
4.2.1 Credit market risk: High yield bond spreads over US Treasuries  
In order to reflect increasing risk aversion on credit markets we use Moody’s 
Corporate Bond Index, which track bond yields on BAA-rated corporations, and 
subtract the yield on 30 years US Treasury bonds. The rationale is that during 
periods characterised by high risk aversion in credit markets, investors sell riskier 
bonds in favour of safer bonds, thereby increasing the yield spread between risky and 
safe bonds. This phenomenon is apparent in historical data, where spreads have 
increased considerably during crises periods. For instance, in Figure 4.4, note how the 
spreads widened during the GFC and the preceding European credit crisis.   
  

 
Figure 4.4: Historical evolution of Moody’s Corporate Bond Index over 30 years US Treasury Bonds. 
The spread is divided by the Corporate Bond spread in order to normalise results 
Source: Bloomberg 
 
4.2.2 Emerging market risk: Emerging market bond index 
Investor risk aversion isolated to emerging markets are captured through JPMorgan 
Emerging Market Bond Index Plus, an index that track total return for traded US 
dollar denominated debt instruments in emerging markets. The index is easily 
interpreted; increasing values indicate positive economic fundamentals in aggregate 
emerging markets. As we want increasing risk measure values to correspond to 
increasing risk, this index is inverted in the implementation. From Figure 4.5 we note 
that the index has had a remarkable growth during the sample period, but with some 
sharp declines (e.g. during the GFC). 
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Figure 4.5: Historical evolution of JPMorgan Emerging Market Bond Index Plus. As increasing values 
correspond to decreasing risk this index is inverted in the implementation 
Source: Bloomberg 
 
4.2.3 Equity market risk: Volatility index (VIX) 
To capture investor sentiment shifts across equity markets we use the CBOE SPX 
Volatility Index, or simply the VIX-index. The VIX-index is a measure of implied 
volatility on S&P500 index options, and as such reflects overall risk aversion in 
equity markets. With implied volatility as underlying variable, the VIX-index is a 
sensitive and forward-looking measure. In Figure 4.6, we note steep appreciations 
during the dotcom bubble burst, the GFC and the European Credit Crisis.  
 

 
Figure 4.6: Historical evolution of CBOE SPX Volatility Index (VIX) 
Source: Bloomberg 
 
4.2.4 Commodity market risk: Gold-to-copper ratio 
When aggregate risk aversion increases investor funds tend to flow into gold. 
Moreover, as copper is a commodity with high industrial relevance declining future 
economic outlook tend to depreciate the copper. In summary, the gold-to-copper ratio 
is a common commodity risk measure. Figure 4.7 depicts the evolution of this ratio, 
and it is evident that the ratio increases during periods characterised by high risk 
aversion. 
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Figure 4.7: Historical evolution of the gold-to-copper ratio 
Source: Bloomberg 
 
4.2.5 Foreign exchange market risk: CHF Trade Weighted Index 
To capture foreign exchange risk we utilise MorganStanley’s CHF Trade Weighted 
Index, which is an index reflecting how the Swiss franc has moved against a basket of 
currencies weighted according to their trading share in the Swiss franc. As the Swiss 
franc has traditionally been a safe haven currency, the rationale for introducing this 
index is that during periods of high risk aversion investor funds tend to flow into safe 
haven economies, thereby strengthening the currency. We note from Figure 4.8, that 
this appreciating tendency has not been that distinctive during the GFC. During the 
European credit crisis however, we note a rather pronounced spike.  
 

 
Figure 4.8: Historical evolution of MorganStanley’s CHF Trade Weighted Index 
Source: Bloomberg 
 
4.2.6 Liquidity market risk: 10 year US swap spreads 
The US 10 year interest rate swap spread, Figure 4.9, is used to gauge liquidity risk. 
As discussed above, when overall risk aversion surge, investors tend to flock to what 
they consider safe assets, such as the US Treasury note. The US 10 year interest rate 
swap is equivalent of going long a 10 year treasury note and short a treasury bill (3-
12 month rate). Therefore, the swap spread decreases significantly during crises. The 
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liquidity risk is captured as decreasing spreads indicate a preference towards long 
maturity securities. Thereby, decreasing short-term supply (i.e. liquidity).!!
 

 
Figure 4.9: Historical evolution of the USD 10 year interest rate swap. As increasing values correspond 
to decreasing risk this is inverted in the implementation 
Source: Bloomberg 
 
 

4.3  Idiosyncratic risk indicator: Economic data 
 
In the first idiosyncratic indicator, a logit regression with economic data is aimed to 
capture probability for crises. Monthly time-series of the period 2002-05-01 to 2015-
01-01 (157 data points), on six economic statistics is collected for each emerging 
market country. With these we aim to test how specific economic fundamentals can 
be exploited for predictions in the carry trade. The data is from the International 
Monetary Fund’s database IFS (International Financial Statistics), but is extracted 
from the Macrobond Application. The statistics, and their corresponding IFS lines, 
are depicted in Table 4.3. The economic time-series are those Zhao et al. (2014) 
report having significance under the floating exchange rate regime with modifications. 
Namely, foreign reserves, US interest rate and deviation of real exchange rate from 
trend are not included. Foreign reserves is excluded due to data restrictions, the US 
interest rate is not idiosyncratic to each country, but rather a global factor, and 
deviation of real exchange rate from trend is a momentum indicator, that to a large 
extent is captured by inflation.  
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As economic data is proprietary to each individual countries central bank and or 
other statistical reporting units, there are limitations to what extent they are publicly 
available. For this reason, some countries do not include all six time-series at the 
specified time period. Specifically, Poland only includes inflation and money growth, 
and Turkey excludes current account and lending over discount rate. These are 
limitations further discussed in section 8. The dataset is extensive; therefore we refer 
to the IFS database for descriptive statistics (easily accessible from the IMF 
website).5 
 
 

4.4  Idiosyncratic risk indicator: Domestic equity indices 
 
To complement the preceding evaluation, an interesting risk measure in the context 
of idiosyncratic risk is domestic equity prices (Kaminsky et al., 1998; Edison, 2003). 
Domestic equity prices (for which broad indices of stocks on the predominant 
domestic stock exchange serve as proxy, see Table 4.4) can serve as a gauge of the 
relative economic strength of a country and thus be of use when predicting currency 
movements (Kaminsky et al., 1998; inter alia). 
 

Country Stock Exchange Proxy (denomination) 

Brazil São Paulo Stock Exchange IBOVESPA Index (BRL) 
Poland Warsaw Stock Exchange WIG 20 Index (PLN) 
Russia Moscow Exchange RTS Index (USD) 
South Africa Johannesburg Stock Exchange 

Limited 
FTSE/JSE All Share Index (ZAR) 

Turkey Borsa Istanbul BIST 30 Index (TRY) 

Table 4.4: Stock indices for the predominant domestic stock exchanges used as proxies for the 
emerging markets equity prices!
Source: Macrobond Application 

!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!
5 http://elibrary-data.imf.org/finddatareports.aspx?d=33061&e=169393!

Economic data IMF source 

Inflation IFS line 64 
Money growth (M2) IFS line 34 plus 35 
Current account IFS line 70 less 71 
Domestic credit IFS line 52 
Lending over discount rate IFS line 60 
Government budget deficit IFS line 80 

Table 4.3: Economic data for the idiosyncratic indicator, monthly data, with corresponding 
IFS lines  
Source: Macrobond Application  
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In contrast to the other idiosyncratic indicator, based on economic data, equity prices 
are available daily as opposed to monthly. This present an opportunity to construct 
an idiosyncratic filter for the carry trade that is more dynamic. Furthermore, as 
equity prices to a large extent are driven by expectations this risk measure might 
prove more responsive, than the economic data.  
 
Table 4.4 depicts the specific domestic indices utilised in the ensuing analysis, and 
Figure 4.10 illustrate the historical evolution of each index. The data is extracted 
using the Macrobond Application. First, one can see large correlated depreciations 
during global crisis (for instance the GFC). Secondly, idiosyncratic risk is evident as 
depreciations across countries occur seemingly unrelated to each other. This is in line 
with earlier argumentation regarding currencies; depreciations are due to global and 
idiosyncratic factors which is likewise true for domestic equity indices. 
 

!
Figure 4.10: Historical evolution of the respective domestic equity indices in Table 4.4. As increasing 
values correspond to decreasing risk these indices is inverted in the implementation 
Source: Macrobond Application 
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5   Methods 
  
In this section, the methods used to answer the three research questions are 
presented. In order to facilitate a general understanding, we first provide an overview 
of the full procedure. Subsequently, we provide separate sections fully depicting each 
approach: one section detailing the global risk indicator; and two detailing the two 
idiosyncratic indicators, based on the economic- and equity indices data respectively. 
 
 

5.1  Overview  
 
In order to avoid statistical over-fitting (i.e. generate results driven by randomness) 
we divide the evaluation timeframe into two separate periods; the in-sample and the 
out-of-sample period. In the former all parameters are estimated and in the latter 
they are validated. Figure 5.1, provides an overview of the research process. As we 
model the global risk indicator and the two idiosyncratic indicators separately, three 
different approaches are utilised. Where (A) explains the procedure for the global risk 
indicator, (B) the idiosyncratic indicator with economic fundamentals and logit 
regression, and (C) the idiosyncratic indicator using domestic equity prices. Figure 
5.2 presents the evaluation framework for each of the indicators in (A), (B) and (C). 
Finally, in (D) we present a generic framework building on the results from above. 
 
(A) Global risk indicator 
To calibrate and evaluate the global risk indicators properly we utilise daily returns 
from an aggregate equally weighted index consisting of five emerging market 
currencies relative to five developed market currencies. The purpose of using baskets 
of currencies on both the emerging market, and the developed market leg is to reduce 
exchange rate variations due to idiosyncratic factors. Further, the interest rate 
differential is approximated by average interest rates for the emerging market and 
developed market economies respectively. First, we calculate Z-scores on the six risk 
measures according to equation (5), and implement them in the conditioned carry 
trade model (equation (4)). Thereafter, we use global optimisation to find the 
threshold that maximises the carry trade return in-sample, and three performance-
weighted indicators are added. Based optimisation robustness and the in-sample 
performance, significant risk indicators are validated out-of-sample and compared to 
a long-only portfolio. This evaluation procedure is depicted in Figure 5.2 and allows 
us to address the first sub-question.  
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Figure 5.1: Overview of research-plan  
 

 
Figure 5.2: Evaluation framework 
 
(B) Idiosyncratic risk indicator: Economic data 
The first idiosyncratic risk indicator evaluation is based on economic data. Using 
individual emerging market exchange rates relative to a basket of developed market 
currencies we start by setting a binary, dichotomous variable according to equation 
(9), denoting whether a crisis has occurred or not. The vector Y contains ones where 
a crisis has occurred, and zeroes otherwise. Using this vector as response variable we 
now employ logit regression with six economic variables as explanatory variables and 
determine regression coefficients such that a probability for crisis parameter can be 
computed, as described in equation (7) and (8). Next, we use the probability for crisis 
as indicator in the carry trade, such that if the probability is above a certain 
threshold value we are out of the market and vice versa. Analogously to (A), the 
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optimal threshold value is found using global optimisation in-sample, and 
optimisation robustness is tested. Finally, we evaluate the idiosyncratic indicator out-
of-sample against a passive long-only strategy according to risk-adjusted returns. 
This evaluation procedure, Figure 5.2, is the same as for (A). 
 
(C) Idiosyncratic risk indicator: Domestic equity indices 
The second idiosyncratic risk indicator is based on domestic equity indices. The 
purpose of using domestic equity indices is to incorporate forward-looking data as a 
complement to fundamental economic data, as in (B). The approach is similar to (A). 
We first invert the indices such that depreciations correspond to a rise in risk. We 
proceed by calculating Z-scores, and implement in the conditioned carry trade. We 
evaluate the indicator according to Figure 5.2.  
 
Finally, with results from (B) and (C) – evaluated in- and out-of-sample – the second 
sub-question can be addressed.  
 
(D) Generic framework 
Finally, we combine results from (A), (B) and (C) into a generic framework aimed to 
capture both global- and idiosyncratic risks. The uniform framework is evaluated on 
individual exchange rates (in- and out-of-sample) and the main research question can 
be addressed.  
 
 

5.2  Global risk indicator (A) 
 
5.2.1 The EM/DM-index  
As we are interested to model exchange rate movements driven by overall investor 
risk aversion we must first make sure that the exchange rate data primarily include 
variations due to shifts in overall risk appetite. We do this by creating an equal 
weighted Emerging market/Developed-market index (EM/DM-index) consisting of 
the five emerging market currencies, Brazilian real, Polish zloty, Russian ruble, South 
African rand, and Turkish lira relative to the following five developed market 
currencies: Australian dollar, British pound, euro, Japanese yen, and US dollar. 
Utilising this EM/DM-index we aim to minimise exchange rate movements driven by 
idiosyncratic factors, as movements in one single currency pair will be dampened 
whereas correlated movements across currency pairs will remain.  
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As discussed earlier we split the data into two periods: (1) the in-sample period 
where all parameters are calibrated during 2001-09-25 to 2012-02-29, consisting of 
2,722 daily returns; and (2), the out-of-sample period where results are validated 
during 2012-03-01 to 2015-04-14, consisting of 814 daily returns. Figure 5.3 illustrates 
the evolution of 100 units invested during the whole sample. As seen, the long-only 
return is negative and 51 of the initial investment will be left on the final day 
(ignoring positive interest rate differential from the carry trade). In addition to this, 
the cut-off-point between the in-sample period and the out-of-sample period is 
highlighted.  
 

 
Figure 5.3: Evolution of the EM/DM-index, during the period 2001-04-03 to 2015-04-14 
 
5.2.2 Risk measures and global risk indicators 
The global risk indicators are introduced in order to capture shifts in overall investor 
risk appetite. In line with Caglayan and Pintér (2012) we utilise six risk measures 
designed to capture sentiment shifts across various markets (the specifics of the 
measures are discussed thoroughly in section 4.2).  The main idea behind using risk 
measures is to condition the carry trade on overall risk sentiment. That is, to find a 
certain threshold value for each risk measure that govern whether we enter into the 
trade or not.  
 
As the trading days and therefore the values of each market risk proxy do not always 
correspond to the currencies – typically currencies are traded more frequently than 
other exchange traded securities – the proxies have to be adjusted accordingly. This 
has been done using the bootstrapping technique, where the missing values are 
calculated as the mean of the immediate preceding and following value. All risk 
measures are designed such that increasing levels indicate increasing risk aversion. As 
discussed earlier, funds tend to flow from emerging market economies into safer, 
developed economies during periods characterised by high risk aversion. Hence, at 
least in theory all six indicators should be negatively correlated with emerging 
market currencies relative to developed currencies during these periods. Furthermore, 
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in lieu of using absolute values of the risk measures we use daily percentage 
increases/decreases in order to facilitate comparability across measures, and more 
importantly to capture relative shifts in investor sentiment.  
 
After having calculated daily percentages we derive Z-scores according to equation 
(5); by subtracting 6-month mean from each daily return, and divide with the 6-
month standard deviation. Figure A.1 in Appendix A illustrates histogram for the six 
risk measures adjusted to Z-scores. All six indicators have mean approximately zero, 
and all except commodity markets have standard deviation approximately one. There 
are some differences in higher moments than what would be expected from a 
standard normal distribution. Be that as it may, as we are primarily interested in the 
first and second moment, we can conclude that the Z-score approximation seems to 
be working as intended. Finally, the global risk indicator for each risk measure is 
designed such that the indicator achieves value zero if the Z-score exceeds a certain 
threshold (corresponding to no investment) and value one otherwise (corresponding 
to an investment). In order to find this threshold we use global optimisation over the 
in-sample period, according to equation (11).  
 
When performing the optimisation we must also account for interest rates, see section 
4.1.2. For calibration purposes we use an average of emerging markets deposit rates 
over developed market lending rates (as we borrow in developed markets and invest 
in emerging markets). Hence, we add to the long position a daily return of the 
average deposit rate of the emerging market economies over the average lending rate 
of the developed markets.  
 
Days EM/DM-index VIX %VIX Z-score On/off-

signal 
In the 
market 

Return 

1 100.00 16.96 - - - - - 
… … … … … … … … 
126 94.22 17.23 1.6% 0.25 0 No 1 
127 93.12 18.55 7.7% 1.11 0 No 1 
128 94.46 17.29 -6.8% -0.81 1 No 1 
129 94.74 16.85 -2.5% -0.34 1 Yes 1.003 
130 94.89 16.72 -0.7% -0.12 1 Yes 1.005 
131 96.02 17.04 1.9% 0.52 0 Yes 1.017 

Table 5.1: Illustration on VIX-filtering, with Z=0 as investment filter. The on/off-signal column 
indicates if the carry trade is executed (if 1) or not (if 0). The Z-score is calculated on a 6-month 
basis, which corresponds to 125 days assuming 250 trading days per year. The last column generates 
the return for the strategy, calculated as the one day return of the EM/DM-index plus the daily 
return from the carry (approximately 0.04%) given that we are in the market  
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Table 5.1 illustrates the full procedure with the VIX-index as risk measure. For 
illustration purposes we here set the threshold value for Z equal to zero. This means 
that a Z-score below zero will generate an investment, and a Z-score above will not. 
It is important to note that the indicator lags one day, such that a reversal-signal on 
day t, generates action on day t+1.  
 
To summarise the discussion we utilise the following variables for calibration 
purposes during the in-sample period: 

• The EM/DM-index representing daily returns for an average of emerging 
market currencies relative to a basket of developed market currencies 

• Deposit rates and lending rates for emerging market- and developed market 
countries respectively 

• Six daily risk measures used as filters deciding whether an investment is 
executed or not based on Z-scores 

 
5.2.3 Evaluating the indicators 
With the EM/DM-index optimal returns are calculated with the six global risk 
indicators as on/off-filter over the in-sample period. In addition to calculating 
optimal returns, the robustness of the results is important. In this case robustness 
means that small variations in threshold do not significantly alter the results. 
Specifically, this means that one by inspection should be able to identify a “hot spot” 
around the optimal threshold (i.e. on a graph of the carry trade return as a function 
of the Z-score threshold a global maximum should be observable). The implication is 
that the results are not driven by randomness, but rather there are a group or a 
couple of Z-score values that would improve the results compared to the long-only 
position. Finally, each indicator is evaluated by comparing risk-adjusted performance 
against a long-only portfolio. For each global risk indicator we define risk-adjusted 
return as the information ratio; calculated by dividing the annualised returns with 
the annualised volatility. As the purpose is to avoid large drawbacks of the EM-
currencies it is imperative to avoid periods characterised by high volatility. This 
evaluation procedure is the one described in Figure 5.2, for the in-sample period (and 
is subsequently applied on all risk indicators). 
 
Finally, in order to assess combinations of global risk indicators, three weighted 
indices are calculated, which are evaluated on the same basis in-sample as the 
individual risk indicators: 

• Weighted average (all): where all six indicators are incorporated in a 
weighted average in which the best performing indicator has a weight six 
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times the worst; corresponding to the weights 6, 5 and so forth down to 1, 
divided by a total of 21 

• Weighted average (indicators showing a global maximum): where 
indicators with significant optimisation results are included. Here, a 
significant result means an improvement from long-only strategy and that the 
results are not driven by randomness (i.e. a global optimum exists)  

• Equal weighted: where all global risk indicators are included with equal 
weights 

 
5.2.4 Out-of-sample evaluation 
After each indicator has been evaluated according to the information ratio in-sample 
and on this basis been incorporated in the three weighted indices, results are 
validated out-of-sample (with thresholds determined in-sample). If significant results 
are found both in- and out-of-sample the first sub-question can be answered. This is 
the out-of-sample evaluation depicted in Figure 5.2. 
 
 

5.3  Idiosyncratic risk indicator (B): Economic data 
 
5.3.1 Data modification  
Similarly to the global risk indicators we aim to mitigate factors that would 
potentially distort our result trying to capture specific risk. For idiosyncratic risk, 
such factors might include global risk aversion, which is exactly what we capture 
with our global risk indicators. To diminish these factors when calibrating the 
idiosyncratic risk indicator, periods characterised by heightened global risk aversion 
will be excluded from the dataset. These periods will be formalised as periods when 
our finalised global risk indicator exceeds the 75th percentile. Moreover, idiosyncratic 
risk that is attributable to the DM-countries and not the EM-countries can possibly 
hamper the results. Idiosyncratic risk attributable to DM-countries will therefore be 
mitigated by calibrating the indicator on specific EM-countries against an equally 
weighted basket of the five DM-currencies. 
 
5.3.2 Defining crises 
In order to utilise the logit model, periods of crises – or months of crises adjusted 
accordingly to fit the monthly data of indicators – have to be defined. Frankel and 
Rose’s (1996) frequently used method of defining crises as currency depreciation in 
excess of 25 per cent annually (with an increase in depreciation rate of at least ten 
percentage points) is not readily applicable when monthly data is employed. Instead 
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a definition of crises used by Kumar et al. (2003) is more suitable, with a monthly 
depreciation of five to fifteen per cent referring to a state of crises. However, using 
the lowest threshold, five per cent, there are not a sufficient number of crises. 
Therefore, we will use a slightly lower threshold of three per cent. This is then used 
for setting the binomial dependent variable Y in the logit regression model, to one if 
crisis and zero otherwise (definition (9)).  
 
5.3.3 Logit regression and idiosyncratic risk indicator 
The economic idiosyncratic indicator aims to capture increasing risk due to weakened 
economic fundamentals. This indicator is developed using three to six economic risk 
measures for each emerging market country (the specific of each measure is discussed 
in section 4.3).  
 
After crises have been defined, the multivariate logit regression is performed with Y 
as the response variable and the economic risk measures as independent variables, 
according to equation (7) and (8). This generates a monthly probability score for a 
crisis in each month. That is, with monthly readings of the economic risk measures, 
the logit regression provides coefficients such that one can estimate the probability 
for a crisis each month. Subsequently, in accordance with the global risk indicator, 
the probability for crisis parameter, p, is used deciding whether an investment is 
taking place or not (analogously to Table 5.1, illustrated with Z-score instead of p in 
this case).  During the in-sample period p is calibrated such that carry trade return is 
maximised according to equation (11).  Similarly to (A) the evaluation framework in 
Figure 5.2 is utilised, where we validate optimisation robustness and compare risk-
adjusted returns to a long-only strategy. Finally, the thresholds are applied out-of-
sample to determine whether economic data can be utilised for significant, robust and 
superior market-reversal predictions in the carry trade. 
 
 

5.4  Idiosyncratic risk indicator (C): Domestic equity 
indices 
 
With domestic equity indices the intention is to capture idiosyncratic risk, as with 
economic data in the logit regression. However, as equity prices are forward-looking 
and available daily this presents the opportunity to create a more responsive 
indicator as argued for in section 4.4. The sample periods, specific calibration and 
evaluation process is in essence the same as for the global risk indicator, described in 
section 5.2, with one exception. As with the economic data in (B) the analysis is 
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performed on individual EM-currencies against a basket of DM-currencies, to be able 
to capture idiosyncratic risk attributable to EM-countries, and mitigate idiosyncratic 
risk attributable to DM-countries.  
 
The equity indices are already adjusted for non-traded days in the Macrobond 
Application. In contrast to the manual bootstrapping performed for the global risk 
indicators, the missing values are simply the immediate preceding value. Similarly to 
the global risk indicators, daily percentage increases/decreases are used when 
calculating Z-scores. Nevertheless, equity prices should be positively correlated with 
emerging market currencies relative to developed, so in order for decreasing equity 
indices to reflect higher idiosyncratic risk the percentage returns are inverted. The Z-
scores are calculated according to equation (5), by subtracting the 6-month mean and 
dividing with the 6-month standard deviation.  
 
Figure A.2 in Appendix A illustrates histograms for the Z-scores for each individual 
equity index. As with the global indicator we note that all equity indices provide Z-
values with average close to zero, and standard deviation close to one, which is 
intended. Further we note that all equity indices generate Z-scores with right-
skewness, which is expected as equity indices on average generate more positive 
returns than negative ones. However, the fourth moment, the kurtosis, shows no 
particular tendency throughout the five indices. Once again, the primary focus is on 
the first two moments, which are as expected from a standard normal distribution.  
 
Finally, Z-scores are utilised in the maximisation problem described in equation (11), 
such that an optimal threshold is found. Yet again, as in (A) and (B), we validate 
optimisation robustness and compare risk-adjusted returns to a long-only strategy. 
Finally, the thresholds are applied out-of-sample to determine whether domestic 
equity indices can be utilised for significant, robust and superior market-reversal 
predictions in the carry trade. 
 
 

5.5  Generic framework (D) 
 
Finally, when both global and idiosyncratic risk indicators have been evaluated 
(methods (A), (B) and (C)), the ones that have proved to be significant, according to 
our in- and out-of-sample evaluation framework in Figure 5.2, are chosen for the 
generic framework.  
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As the purpose of this thesis is to provide suggestions on how quantitative indicators 
can improve returns, it is not of prime concern how to optimally combine the 
different risks into the generic framework, a simplistic approach is employed. As has 
been argued for previously, different risk episodes are captured by different risk 
indicators (i.e. global risk indicator capturing global risk, and idiosyncratic risk 
indicator capturing idiosyncratic risk). Hence, in the generic framework it suffices 
that one of them indicates surging risk for the trade to be out of the market.  
 
Hence, equation (4) is adjusted such that the risk indicator, RIt, has the following 
definition: 
 

!ARIt = RIt
A( ) ×RIt

B( ) ×RIt
C( ) !

So that,  

  
ARI

t
=

0if one or more RI
t
= 0

1otherwise

⎧
⎨
⎪

⎩⎪
 

 
Here the three RIs refer to the different risk indicators; determined in (A), (B) and 
(C). Note that either one of these indicators could be excluded in the generic 
framework because of insignificant results in the evaluation framework described 
above.  
 
  
  
 
 
 
 
 
  

(12) 
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6   Results & Analysis 
 
Our findings are presented such that the global risk indicators are evaluated and a 
best approach is concluded going forward, in section 6.1. Subsequently, the two 
idiosyncratic indicators are evaluated – separately for economic data and domestic 
equity indices (section 6.2 and 6.3, respectively) – and concluded for the generic 
framework. The evaluation is performed in a similar manner for all three methods 
(for the global risk indicators, and the two idiosyncratic risk indicators) according to 
Figure 5.2; the optimal threshold is found and evaluated in-sample in terms of 
optimisation robustness and risk-adjusted return relative to the long-only strategy. 
The thresholds are then validated, that is whether returns are significant out-of-
sample as well. Lastly, in section 6.4, indicators, which have performed in- and out-
of-sample, are evaluated on each of the emerging markets currencies and fused into a 
single framework, and the results of this model are discussed on an emerging market 
currency carry trade. 
 
 

6.1  Global risk indicator 
 
In the following section all values refer to annualised values over the time period 
2001-09-25 to 2015-04-14, which refers to whole sample period; 2001-09-25 to 2012-02-
29, the in-sample period; and 2012-03-01 to 2015-04-14, the out-of-sample period. As 
discussed in section 5.2, the six global risk indicators optimal thresholds are 
calibrated using the EM/DM-index. Further, in order to combine different risk 
indicators three weighted indices (detailed in section 5.2.3) are calculated based on 
the results, and the same calibration is performed with these. In the following 
discussion these indices are called: 

• Weighted average (all): including all six indicators weighted according to 
performance 

• Weighted average (top 5): including only top five global risk indicators as 
motivated by the results in 6.1.1 (with weights 5/15, 4/15 and down to 1/15) 

• Equal weighted: including all six indicators equally weighted 
 
6.1.1 Optimisation robustness 
Before elaborating on the carry trade return characteristics, we investigate the 
robustness of each optimisation. Figure 6.1 illustrates the return as a function of Z-
score (threshold) for all global risk indicators in-sample. Note that for each scatter 
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plot in Figure 6.1, when the threshold approaches -∞ (the leftmost data point) the 
strategy no investment at all. Whereas the rightmost data point (threshold 
approaching +∞) is equivalent to the long-only portfolio.  
 
We first note that the equity-, emerging market-, liquidity-, commodity- and credit 
indicators exhibit a global optimum. As the values located around the optimal 
threshold (of Z-scores) have similar size, it is reasonable to believe that the optimal 
value is not a result of randomness, as a slightly altered Z-score does not influence 
the return with any great significance. However, the foreign exchange indicator does 
not seem to generate any optimum at all (a large Z-score, corresponding to 
approximately long-only, appear to be best).  
 
As a result of this analysis, we will also include a weighted average index based on a 
posteriori knowledge, consisting of the five indicators with global optimum, as a 
complement to the weighted average and equally weighted indices, with all individual 
indicators. The three weighted indices are presented in last two rows of Table 6.1 and 
it is evident all have global optimum around Z=0.  
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Figure 6.1: Optimisation robustness. In-sample carry trade returns (y-axis) on the EM/DM-index 
against investment threshold (Z-score; x-axis) on nine global risk indicators  

 
6.1.2 Performance of global risk indicators 
Table 6.1 and Figure 6.2 illustrate results from the optimisation procedure in-sample, 
with Table 6.1 elaborating the results out-of-sample and on the whole sample (using 
the same Z-score thresholds). First note that all indicators perform better than a 
long-only strategy, where the carry trade is held during the entirety of the sample 
period, implying all indicators have at least some degree of predictive power. The 
results – presented in terms of annual return, standard deviation, information ratio, 
and lastly per cent of the period for which we are in the carry trade – differ 
significantly, however.  
 
In-sample, the foreign exchange indicator has return characteristics almost equal to 
the long-only strategy, whereas the equity market indicator generates an information 
ratio of 1.94, several times higher than long-only while also being in the carry trade 
roughly two-thirds of the time. Further, the EM/DM-index appears to be sensitive to 
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the emerging markets indicator, with the second lowest standard deviation of all 
individual risk-indicators (6.51%). With annual returns of 8.79% this yields an 
information ratio of 1.35. The liquidity indicator has the second best annual return, 
11.31% compared to 13.03% for the equity market and 4.74% for long-only. The 
standard deviation is roughly in line with all other global indicators, except foreign 
exchange, leaving this risk indicator with the second best information ratio of 1.71. 
Results from the commodity indicator are similar to the emerging market indicator; 
slightly lower annual return at slightly lower standard deviation yields an 
information ratio of 1.32. Except for the foreign exchange index this indicator also 
leaves us the most time in the carry trade (73.2% of the time). Last of the global 
indicators, the credit indicator has the third best annual return, and the third best 
information ratio of 1.38. We conclude that all global indicators apart from foreign 
exchange enhance risk-adjusted returns substantially (2.4 up to 3.5 times the 
information ratio of the long-only strategy).   
 
 

Risk measure 
 

Optimal 
threshold 

Annual 
return  

Standard 
deviation 

Information 
ratio 

% in the 
market 

      
In-sample      
Foreign exchange market 4.4 4.84% 8.71% 0.56 99.9 
Equity market (VIX-index) 0.2 13.03% 6.73% 1.94 63.9 
Emerging markets market 0.2 8.79% 6.51% 1.35 63.1 
Liquidity market 0.3 11.31% 6.60% 1.71 61.7 
Commodity market  0.8 8.42% 6.39% 1.32 73.2 
Credit market 0.4 9.45% 6.87% 1.38 68.0 
Weighted average (all) -0.1 14.22% 5.29% 2.69 46.5 
Weighted average (top 5) 0.0 14.63% 5.95% 2.46 54.3 
Equal weighted (all) 0.1 13.28% 6.19% 2.14 63.7 
Long-only - 4.74% 8.71% 0.54 100.0 
      
Out-of-sample      
Foreign exchange market  -2.79% 8.05% -* 99.6 
Equity market (VIX-index)  3.28% 6.29% 0.52 64.7 
Emerging markets market  2.28% 5.67% 0.40 59.2 
Liquidity market  -5.50% 5.91% - 60.9 
Commodity market   -4.76% 6.51% - 77.1 
Credit market  -2.80% 6.21% - 67.0 
Weighted average (all)  5.26% 5.19% 1.01 46.4 
Weighted average (top 5)  3.58% 5.57% 0.64 54.2 
Equal weighted (all)  1.07% 5.76% 0.19 63.4 
Long-only  -3.21% 8.06% - 100.0 
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For the three weighted global risk indices, it is apparent that they perform largely 
better than individual global indicators. The equally weighted index performs worst 
of the three with an information ratio of 2.14 compared to 2.69 and 2.49 for the two 
other (weighted average all and top five, respectively), showing the importance of 
some risk measures relative to others. Finally, we can conclude that all individual 
risk indicators are relevant as the weighted average (all) index has most favourable 
performance, with the best information ratio. This is interesting as it suggests a 
combination of indicators captures shifts in investor risk aversion better than any 
single one. One could probably expect that the weighted average (all) index would 
have the lowest standard deviation as several indicators are aggregated, leading to 
more reversal-signals and consequently more periods out of the market. Interestingly 
however, the index also had the second highest annualised return. Hence, this implies 
that the index gave more market-reversal signals and at the same time more correct 
ones.  
 
The in-sample return characteristics are largely comparable to the whole sample 
period, howbeit with lower annual returns occurring across the indicators. This is 
evidently caused by the out-of-sample period, where the returns are significantly 
lower than during the whole period. Specifically, four individual indicators (namely, 
the foreign exchange-, liquidity-, commodity- and credit indicator) produce returns in 
line with or lower than long-only (with returns of -3.21% annually out-of-sample), 
suggesting these indicators do not produce higher returns consistently. Conversely, 

Whole-sample      
Foreign exchange market  3.02% 8.56% 0.35 99.8 
Equity market (VIX-index)  10.70% 6.64% 1.61 64.1 
Emerging markets market  7.24% 6.33% 1.14 62.2 
Liquidity market  7.18% 6.47% 1.11 61.5 
Commodity market   5.22% 6.42% 0.81 74.1 
Credit market  6.49% 6.73% 0.96 67.8 
Weighted average (all)  12.08% 5.27% 2.29 46.5 
Weighted average (top 5)  11.97% 5.87% 2.04 54.3 
Equal weighted (all)  10.33% 6.10% 1.69 63.6 
Long-only  2.84% 8.57% 0.33 100.0 

Table 6.1: Return characteristics for the six global risk indicators, the weighted average with all and 
top five indicators, equally weighted with all indicators, and the passive long-only strategy as a 
benchmark on three sample periods. Note that all indicators perform better than the passive 
strategy  
* Negative information ratios have limited explanatory power and are therefore not specified in the 
results 
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both the equity- and emerging markets indicators have favourable returns out-of-
sample, implying a certain degree of predictive power.  
 
The weighted indices have superior performance throughout the sample periods, 
except for the equally weighted index falling short of the equity- and emerging 
markets indicator out-of-sample. Our indicator of choice, the weighted average of all 
risk indicators,6 is further confirmed with the best performance in terms of annual 
return (only marginally lower return than weighted average top five in-sample), 
standard deviations and consequently information ratio across all sample periods. 
 
Finally, it is interesting to investigate how accurately the weighted average (all) 
captures depreciations and appreciations respectively. Table 6.2 depicts the 
percentage of correct signals given certain daily returns. Anyhow, it is evident the 
indicator captured 48.25% of the daily depreciations in excess of one per cent. 
Besides, the indicator managed to be in the market at approximately two thirds of 
the time when the returns were positive with at least one per cent. In conjunction 
with the fact that the returns are approximately standard normal, the indicator 
convincingly mitigates depreciations, with minor hampering of appreciations. This 
provides further confirmation of the predictive power of the weighted risk indicator. 
 

Daily return % Correct  

< -1.00% 48.25% 
< -0.75% 52.49% 
< -0.50% 55.63% 
< -0.25% 54.32% 
> 0.25% 57.16% 
> 0.50% 58.44% 
> 0.75% 65.09% 
> 1.00%  64.77% 

Table 6.2: The correctness of signals using the weighted average (all) index. With negative returns, 
the percentage shows signal correctness leaving us out of the trade, and opposite for positive 
returns 

!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!
6 In the subsequent analysis, the weighted average (all) is denoted as the weighted average indicator!
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Figure 6.2: Returns of the carry trade on an EM
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6.2  Idiosyncratic risk indicator: Economic data 
 
With the economic idiosyncratic risk indicator, constructed using a logit regression 
model on country specific economic fundamental data, we aim to capture movements 
related to a specific country (as elaborated in section 3.2.1). To do so we calibrate 
the indicators on each emerging market country against an equally weighted basket 
of developed currencies.  
 
For the logit regression monthly currency data is used over the whole sample period 
2002-05-01 to 2015-01-01; of which 2002-05-01 to 2012-02-01 is the in-sample period; 
and 2012-03-01 to 2015-01-01 is the out-of-sample period. Statistics from the logit 
regression is described and discussed in Appendix B. Although no consistency is 
evident across currencies, we note that inflation and money growth appear to have 
the highest explanatory power. Country specific economic data is used for the logit 
regression to receive a probability for crisis, a probability over which optimisation is 
performed to find an optimal threshold which maximise the return on the in-sample 
period.  
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Figure 6.3: Optimisation robustness. Carry trade returns (y-axis) over the in-sample period on specific 
emerging market currencies against a DM-basket, as a function of investment threshold (probability 
score; x-axis) on the respective country’s logit regression. Note the scaling difference on the y-axis 
 
The logit regression yields a probability of crisis for which an investment in the carry 
trade the subsequent month can be based upon. Figure 6.3 illustrates the returns for 
each EM-country carry trade as a function of the probability threshold. For Brazil, 
Poland and South Africa there exists an optimum that generates returns in excess of 
the long-only strategy (rightmost point in each graph). Contrary to the optimisation 
robustness for the global risk indicator however, we do not observe any global 
optimum; if the investment threshold is only marginally altered, the excess return is 
eliminated. Consequently, one cannot confidently conclude that the optimal threshold 
is not merely generated by randomness; i.e. if the same procedure was repeated on a 
different sample the optimal threshold might be different. With regards to Russia and 
Turkey we do not observe any optimum at all. In the Russian carry trade the 
optimal strategy appears to be staying out of the market, whereas in the Turkish it 
appears to be staying in the market for the duration of the period.  
 
Table 6.3 illustrates return characteristics for the optimal threshold for each 
currency. In-sample the returns for Brazil, Poland, South Africa and Turkey are 
increased somewhat compared to the long-only. Regarding Brazil, the improvement 
out-of-sample is only marginal (from -6.18% annual return when long-only to -
5.42%), such that the indicator cannot be considered significant. For Poland, 
remaining out-of the trade about 90 per cent of the time, the strategy generates a 
small positive return with an information ratio of 0.23. These results, however, are 
not reproduced out-of-sample, where the risk-filter performs substantially worse than 
long-only (negative returns compared to annual returns of above 5%). South Africa 
with an in-sample information ratio 0.21 compared to 0.00 for the long-only, do also 
generate improvements out-of-sample (annualised return of -0.73% compared to -
3.65% for long-only). Regarding Turkey, the in-sample performance is equivalent to 
the long-only. The returns are improved out-of-sample, however since these results do 
not hold in-sample we cannot consider them anything but random.  

0.00 

1.00 

2.00 

3.00 

4.00 

0.00 0.10 0.20 0.30 0.40 0.50 0.60 0.70 

TRY/AVG 



    

50 

 

 
Even though improvements are evident in one of the EM-countries considered (South 
Africa) the optimisation did not produce any robust results. Therefore, the logit 
regression is not significant enough to be regarded in the further analysis.  
 

Country Optimal 
threshold 

Annual 
return  

Standard 
deviation 

Information 
ratio 

% in the 
market 

      
In-sample      
Brazil 0.09 12.70% 12.96% 0.98 76.3 
Brazil, long-only - 9.90% 16.66% 0.59 100.0 
Poland 0.09 0.70% 3.04% 0.23 11.0 
Poland, long-only - -4.34% 10.32% - 100.0 
Russia  0.0 0.00% 0.00% - 0.0 
Russia, long-only - -1.50% 7.77% - 100.0 
South Africa 0.21 2.55% 11.99% 0.21 55.1 
South Africa, long-only - 0.06% 16.11% 0.00 100.0 
Turkey 0.42 12.85% 13.90% 0.92 99.2 
Turkey, long-only - 12.63% 13.93% 0.91 100.0 
      
Out-of-sample      
Brazil  -5.42% 9.06% - 94.1 
Brazil, long-only  -6.18% 9.29% - 100.0 
Poland  -0.67% 1.44% - 11.8 
Poland, long-only  5.51% 6.53% 0.84 100.0 
Russia   0.00% 0.00% - 0.0 
Russia, long-only  -13.76% 13.26% - 100.0 
South Africa  -0.73% 6.91% - 58.8 
South Africa, long-only  -3.65% 9.45% - 100.0 
Turkey  8.37% 6.35% 1.32 97.1 
Turkey, long-only  6.98% 6.80% 1.03 100.0 
      
Whole-sample      
Brazil  8.38% 12.35% 0.68 80.3 
Brazil, long-only  6.10% 15.42% 0.40 100.0 
Poland  0.40% 2.76% 0.14 11.2 
Poland, long-only  -2.24% 9.64% - 100.0 
Russia   0.00% 0.00% - 0.0 
Russia, long-only  -4.31% 9.36% - 100.0 
South Africa  1.81% 11.04% 0.16 55.9 
South Africa, long-only  -0.76% 14.85% - 100.0 
Turkey  11.76% 12.60% 0.93 98.7 
Turkey, long-only  11.29% 12.68% 0.89 100.0 

Table 6.3: Return characteristics for the idiosyncratic indicator with economic data on their 
respective currencies against a DM-basket with the passive long-only strategy as a benchmark  
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6.3  Idiosyncratic risk indicator: Domestic equity indices 
 
When evaluating domestic equity prices as an idiosyncratic risk indicator, the same 
methods and sample periods are used as in section 6.1 for the global risk indicator, 
except for calibration on each EM-currency against a DM-basket and using a single 
risk measure, namely the respective domestic equity prices. 
 
 

  

  

 

 

Figure 6.4: Optimisation robustness. Carry trade returns (y-axis) over the in-sample period on specific 
emerging market currencies against a DM-basket, as a function of investment threshold (Z-score; x-axis) 
on the respective domestic equity indices. Note the scaling difference on the y-axis 
 
Figure 6.4 illustrates the carry trade returns of the EM-currencies against the DM-
basket, as a function of Z-score (threshold) for the respective domestic equity prices, 
on the in-sample period. The results for the optimal threshold, in- and out-of-sample 
as well as for the whole period are presented in Table 6.4. As can be seen global 
optimum only appears in two out of three cases, for Brazil and Russia, where 
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thresholds around zero produce significantly better returns than a long-only passive 
strategy (to the right in each figure). For the Polish zloty, a currency that for the 
chosen period show negative returns under a long-only strategy, the equity indicator 
produce a local optimum, which fail to produce returns above zero. Hence, the 
optimal threshold is very low (-3.8) at which we never enter the trade. The South 
African rand, similarly a currency with returns below zero with a passive carry trade, 
produce a local optimum at the low threshold of -1.8, for which we are in the market 
merely 3.2 per cent of the whole time period. However, the returns in-sample, with an 
information ratio of 0.51, are largely consistent throughout the period (the 
information ratio out-of-sample is 0.69), showing that the domestic equity prices have 
some predictive power. This is most evident regarding Brazil, where the equity 
indicator substantially augments the returns in-sample and on the whole sample as 
compared to the passive Brazilian carry trade. Out-of-sample, however, the returns 
are negative with the indicator and without, where the equity risk filter reduces the 
downside somewhat. Overall, the standard deviation is barely lower, as the strategy 
leaves us in the market around 70 per cent of the time.  
 
Likewise, the ruble carry trade is largely improved by the equity indicator, at a 
threshold level around -0.3, for which we are out of the trade around 65 per cent of 
the period. The indicator produces positive returns throughout, with information 
ratios of 0.71 for the in-sample period up to, strikingly, 2.00 out-of-sample, when the 
long-only strategy has negative returns. Lastly, the same conclusion cannot be drawn 
when studying the Turkish lira. As the passive carry trade itself has proved to be a 
profitable investment, which the equity indicator has not been able to strengthen, the 
optimal threshold is at the highest threshold, thus leaving the position equal to that 
of a long-only strategy.  
 

Country Optimal 
threshold 

Annual 
return  

Standard 
deviation 

Information 
ratio 

% in the 
market 

      
In-sample      
Brazil 0.4 29.41% 13.51% 2.18 73.1 
Brazil, long-only - 11.96% 16.91% 0.71 100.0 
Poland -3.8 0.00% 0.00% - 0.0 
Poland, long-only - -3.40% 11.08% - 100.0 
Russia  -0.3 3.13% 4.38% 0.71 36.1 
Russia, long-only - -1.68% 7.63% - 100.0 
South Africa -1.8 2.32% 4.51% 0.51 3.3 
South Africa, long-only - -1.38% 16.76% - 100.0 
Turkey - 17.22% 13.59% 1.27 100.0 
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The inconsistencies across the different currencies on the carry trade utilising 
domestic equity prices makes it hard to draw conclusion on how to optimally 
construct an idiosyncratic risk indicator. The result suggest that even though the 
equity indicator can prove to be a highly profitable trading strategy in a carry trade 
perspective – see the returns for Brazil and Russia – it would have to be constructed 
ad hoc to each currency, as an uniform approach such as ours have not performed 
well on all of the chosen currencies. Evidence of this is that when inverting back the 
equity prices returns, such that a rise in the index value is represented by a positive 
return, and calculating the Z-score on these, the returns are not as expected. This is 
clearly illustrated in Figure 6.5, where the PLN, ZAR, and to some degree, the TRY, 
suddenly performs better. This insinuate that in some currencies, sharp declines in 
equity prices might not be an indicator of declines in the currency, but, rather 
counterintuitive, that sharp inclines in the equity prices might be indicative of 
declines in the currency. This confirms that a uniform framework for detecting 
idiosyncratic risk is hard to achieve as the idiosyncratic risk is just that, 

Turkey, long-only - 17.22% 13.59% 1.27 100.0 
      
Out-of-sample      
Brazil  -5.96% 9.48% - 69.5 
Brazil, long-only  -7.83% 11.90% - 100.0 
Poland  0.00% 0.00% - 0.0 
Poland, long-only  6.84% 7.43% 0.92 100.0 
Russia   19.06% 9.52% 2.00 32.8 
Russia, long-only  -9.23% 20.47% - 100.0 
South Africa  1.13% 1.64% 0.69 3.1 
South Africa, long-only  0.24% 11.14% 0.02 100.0 
Turkey  4.56% 8.26% 0.55 100.0 
Turkey, long-only  4.56% 8.26% 0.55 100.0 
      
Whole-sample      
Brazil  20.27% 12.72% 1.59 72.3 
Brazil, long-only  7.08% 15.91% 0.45 100.0 
Poland  0.00% 0.00% - 0.0 
Poland, long-only  -1.10% 10.35% - 100.0 
Russia   6.53% 5.98% 1.09 35.3 
Russia, long-only  -3.53% 11.88% - 100.0 
South Africa  2.04% 4.03% 0.51 3.2 
South Africa, long-only  -0.99% 15.64% - 100.0 
Turkey  14.14% 12.57% 1.12 100.0 
Turkey, long-only  14.14% 12.57% 1.12 100.0 

Table 6.4: Return characteristics for the idiosyncratic indicator with domestic equity indices on 
their respective currencies against a DM-basket with the passive long-only strategy as a benchmark 
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idiosyncratic. Building on these results, we will not include the domestic equity prices 
in the generic framework and as such will not be included in the generic framework. 
 
 

  

  

 

 

Figure 6.5: Optimisation robustness. Carry trade returns (y-axis) over the in-sample period on specific 
emerging market currencies against a DM-basket, as a function of investment threshold (Z-score; x-axis) 
on the respective domestic equity indices (inverted back so that a rise in the index is represented in a rise 
in Z-score). Note the scaling difference on the y-axis 
 
 

6.4  Generic framework 
 
As argued for previously, only the weighted average indicator with all individual 
global risk indicators will be utilised in the concluding analysis, as it was the best 
performing of all the global risk indicators, and no idiosyncratic indicator with 
significance could be found. This index generated superior and robust returns during 

0.00 

1.00 

2.00 

3.00 

4.00 

-6.00 -4.00 -2.00 0.00 2.00 4.00 6.00 

BRL/AVG 

0.00 

0.50 

1.00 

1.50 

-6.00 -4.00 -2.00 0.00 2.00 4.00 6.00 

PLN/AVG 

0.00 

0.20 

0.40 

0.60 

0.80 

1.00 

1.20 

-6.00 -4.00 -2.00 0.00 2.00 4.00 6.00 

RUB/AVG 

0.00 

0.50 

1.00 

1.50 

2.00 

-6.00 -4.00 -2.00 0.00 2.00 4.00 6.00 

ZAR/AVG 

0.00 

1.00 

2.00 

3.00 

4.00 

5.00 

6.00 

-6.00 -4.00 -2.00 0.00 2.00 4.00 6.00 

TRY/AVG 



    

55 

 

all considered sample periods (in-sample, out-of-sample and during the whole 
sample).  
 
The global risk indicator provides a filter for when to be in or out of the carry trade 
on account of global risk aversion. We have argued that such times are characterised 
by depreciations in emerging market currencies, as investors tend to sell these in 
preference for developed market currencies, i.e. flight to quality. Therefore, when 
applied on seperate emerging market currencies (BRL, PLN, RUB, ZAR and TRY) 
against an equally weighted, developed market currencies basket – consisting of 
AUD, EUR, GBP, JPY and USD – the expected outcome are magnified returns as 
compared to a long-only carry trade strategy. In this section these results are 
evaluated and analysed against the backdrop of this for each EM-currency. The 
performance on each currency is a good indicator on whether the strategy can be 
expanded to cover more emerging market currencies, especially as the calibration is 
done on an index of emerging market currencies. As such the calibration captures 
global market depreciations, which should coincide for a cross-section of emerging 
market currencies. Also, this entails that as each currency has had limited influence 
in setting the threshold value for the risk indicator, both in-sample and out-of-sample 
results are highly relevant. For illustrative purposes, a simple currency investment is 
added, showing the development of the exchange rate. 
 
6.4.1 Brazilian real 
 

 
Figure 6.6: Carry trade returns of the Brazilian real against a DM-basket, conditioned on a weighted 
average of all individual risk measures, and a long-only, unconditioned carry strategy. The simple 
exchange rate trade is added for illustrative purposes 
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!
Risk indicator Optimal 

threshold 
Annual 
return  

Standard 
deviation 

Information 
ratio 

% in the 
market 

      

In-sample      
Weighted average (all) -0.1 23.38% 10.31% 2.27 46.5 
Long-only - 11.96% 16.91% 0.71 100.0 
      

Out-of-sample      
Weighted average (all)  1.04% 8.35% 0.12 46.4 
Long-only  -7.83% 11.90% -0.66 100.0 
      

Whole sample      
Weighted average (all)  17.85% 9.90% 1.80 46.5 
Long-only  7.08% 15.91% 0.45 100.0 

Table 6.5: Carry trade return characteristics of the Brazilian real against a DM-basket, 
conditioned on a weighted average of all individual risk measures, and a long-only, unconditioned 
carry strategy, on the three sample periods 

 
As Figure 6.6 clearly demonstrates the Brazilian real has been a favourable currency 
for the carry trade in the last few years, with the exception of the out-of-sample 
period. With the currency barely depreciating in the long term, the interest spread 
have allowed for strong returns (as the difference between the exchange rate and 
long-only strategy illustrate). We find that the weighted average indicator has 
performed exceptionally well augmenting the carry trade returns multiple times 
relative to the long-only strategy, during all periods (Table 6.5). Especially 
interesting are the results out-of-sample, where large negative returns for the long-
only strategy are turned into small but positive returns. Even though the simple 
long-only carry trade has strong annualised returns in itself for the whole sample, the 
risk-filtering enhance these more than two-fold while also decreasing the standard 
deviation decidedly. The outcome is an information ratio of 1.80 compared to 0.45 for 
the long-only carry trade. All in all, the risk-filtering has momentous advantages on a 
Brazilian real carry trade. 
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6.4.2 Polish zloty 
 

 
Figure 6.7: Carry trade returns of the Polish zloty against a DM-basket, conditioned on a weighted 
average of all individual risk measures, and a long-only, unconditioned carry strategy. The simple 
exchange rate trade is added for illustrative purposes 

Risk indicator Optimal 
threshold 

Annual 
return  

Standard 
deviation 

Information 
ratio 

% in the 
market 

      

In-sample      
Weighted average (all) -0.1 -1.77% 7.16% - 46.5 
Long-only - -3.40% 11.08% - 100.0 
      

Out-of-sample      
Weighted average (all)  2.79% 4.84% 0.58 46.4 
Long-only  6.84% 7.43% 0.92 100.0 
      

Whole sample      
Weighted average (all)  -0.70% 6.70% - 46.5 
Long-only  -1.10% 10.35% - 100.0 

Table 6.6: Carry trade return characteristics of the Polish zloty against a DM-basket, conditioned 
on a weighted average of all individual risk measures, and a long-only, unconditioned carry 
strategy, on the three sample periods 

 
We do not find the same to be true for the Polish zloty (Figure 6.7 and Table 6.6). 
For one, the zloty has not been a favourable carry trade currency, with or without 
risk-filtering. In particular, we find that periods of global risk aversion are 
characterised by depreciations in emerging markets currencies, while quite the 
opposite is true for the zloty, implying that the PLN could rather be seen to behave 
as a developed market safe haven currency. Moreover, the interest rate spread is 
barely positive (even negative spreads can be seen leading up to and during the 
GFC) shown by the small deviation between the long-only strategy and simple 
exchange rate trade. When applying the risk-filter, the returns are alleviated in-
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sample, but dampened out-of-sample. Studying Figure 6.7, one can see that the risk-
indicator worked well up until about May 2007 (around the start of the GFC, 
depending on definition), whereas after it has generated a large number of false 
signals. Notably, out-of-sample, the risk-filtering has performed poorly, periodically 
leaving us out of the market when the PLN has experienced favourable bullish trends 
relating to the carry trade (specifically, see the successive rise in returns of the long-
only strategy with the risk-filtering strategy lagging behind). As previously discussed 
this could be due to the fact that in some respects the PLN behaved more similar to 
a developed market currency. 
 
6.4.3 Russian ruble 
 

 
Figure 6.8: Carry trade returns of the Russian ruble against a DM-basket, conditioned on a weighted 
average of all individual risk measures, and a long-only, unconditioned carry strategy. The simple 
exchange rate trade is added for illustrative purposes 

Risk indicator Optimal 
threshold 

Annual 
return  

Standard 
deviation 

Information 
ratio 

% in the 
market 

      

In-sample      
Weighted average (all) -0.1 2.07% 4.90% 0.42 46.5 
Long-only - -1.68% 7.63% -0.22 100.0 
      

Out-of-sample      
Weighted average (all)  18.17% 10.11% 1.80 46.4 
Long-only  -9.23% 20.47% -0.45 100.0 
      

Whole sample      
Weighted average (all) -0.1 5.51% 6.49% 0.85 46.5 
Long-only - -3.53% 11.88% - 100.0 

Table 6.7: Carry trade return characteristics of the Russian ruble against a DM-basket, 
conditioned on a weighted average of all individual risk measures, and a long-only, unconditioned 
carry strategy, on the three sample periods 
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The Russian ruble is an interesting currency to observe in a carry trade perspective 
(Figure 6.5). Note that ex ante the GFC in 2008, the risk-filtering has performed 
more or less in line with the long-only strategy.  However, at the time of the GFC 
the risk-filtering has somewhat mitigated the resulting sharp depreciations, and 
subsequently out-performed the long-only strategy substantially and consequently 
widened the gap. Following the invasion of Crimea in 2014, the ruble experienced a 
considerable devaluation, which the risk-filter was able to lessen the effect of 
considerably. Remarkably, during the autumn of 2014, when the ruble depreciated 
sharply, the risk-filter performed exceptionally well capturing the significant 
downturns. Furthermore, as the RUB eventually recuperated in January 2015, the 
risk-filter once again performed well alleviating the returns. The information ratio is 
significantly improved in all sample periods, as can be seen in Table 6.7. Considering 
that a long-only strategy in the RUB has not been profitable (-9.23% out-of-sample), 
due to a downwards trending currency with little or no interest differential, an 
annual return of 18.17% for the weighted average indicator, points to the favour of 
the risk-filter in the Russian carry trade. 
 
6.4.4 South African rand 
 

 
Figure 6.9: Carry trade returns of the South African rand against a DM-basket, conditioned on a 
weighted average of all individual risk measures, and a long-only, unconditioned carry strategy. The 
simple exchange rate trade is added for illustrative purposes 
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Risk indicator Optimal 

threshold 
Annual 
return  

Standard 
deviation 

Information 
ratio 

% in the 
market 

      

In-sample      
Weighted average (all) -0.1 4.89% 10.74% 0.46 46.5 
Long-only - -1.38% 16.76% -0.08 100.0 
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Out-of-sample      
Weighted average (all)  -2.27% 7.91% -0.29 46.4 
Long-only  0.24% 11.14% 0.02 100.0 
      

Whole sample      
Weighted average (all)  3.21% 10.16% 0.32 46.5 
Long-only  -0.99% 15.64% - 100.0 

Table 6.8: Carry trade return characteristics of the South African rand against a DM-basket, 
conditioned on a weighted average of all individual risk measures, and a long-only, unconditioned 
carry strategy, on the three sample periods 

 
As Figure 6.9 and Table 6.8 indicate, the South African rand has not been a 
favourable carry trade currency. A long-only strategy has generated an annualised 
return of -1.38% with a standard deviation of 16.76% in-sample, even though there 
has been a small but consistent positive interest rate differential. Applying the risk-
filter on the same period both the return and standard deviation are improved 
significantly. As can be seen from Figure 6.9 the risk-filter performed exceptionally 
well up until around 2007. However, afterwards the has not been able to improve the 
returns significantly compared to long-only, with horizontal trading with a couple 
large peaks and troughs. This is evident as out-of-sample, were the risk-filter has 
proved disadvantageous, with negative return compared to long-only with return 
around zero. This makes it hard to draw conclusion as to the applicability of the 
weighted average indicator on the ZAR, other than that the rand has been sensitive 
to other factors than the global ones we have investigated. The whole sample period 
per contra has been significantly improved by the risk-filter. 
 
6.4.5 Turkish lira 
 

 
Figure 6.10: Carry trade returns of the Turkish lira against a DM-basket, conditioned on a weighted 
average of all individual risk measures, and a long-only, unconditioned carry strategy. The simple 
exchange rate trade is added for illustrative purposes 
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Risk indicator Optimal 
threshold 

Annual 
return  

Standard 
deviation 

Information 
ratio 

% in the 
market 

      

In-sample      
Weighted average (all) -0.1 19.06% 8.78% 2.17 46.5 
Long-only - 17.22% 13.59% 1.27 100.0 
      

Out-of-sample      
Weighted average (all)  4.03% 5.54% 0.73 46.4 
Long-only  4.56% 8.26% 0.55 100.0 
      

Whole sample      
Weighted average (all) -0.1 15.38% 8.15% 1.89 46.5 
Long-only - 14.14% 12.57% 1.12 100.0 

Table 6.9: Carry trade return characteristics of the Turkish lira against a DM-basket, conditioned 
on a weighted average of all individual risk measures, and a long-only, unconditioned carry 
strategy, on the three sample periods 

 
The Turkish lira has produced significant carry trade returns during the whole 
sample period, due to a large positive interest rate differential (see Table 6.9 and 
Figure 6.10). The long-only portfolio has generated an annual return of 14.14% with 
an information ratio of 1.12 during the whole period.  In this regard, also the 
weighted average risk indicator has provided substantial returns, largely in line with 
long-only. Specifically, up until the GFC the risk-filtered returns were equivalent to 
long-only, whereas ex post the risk-filter has inflated the carry trade returns 
somewhat as compared to the long-only strategy. The real merit of the risk-filter in 
the Turkish carry trade has been in the risk-adjusted returns, in this case illustrated 
by the information ratio. Both in- and out-of-sample these are improved 
considerably: by as much as 70% in-sample; 33% out-of-sample; and 68% during the 
whole sample period. Once again, one has had material gain in employing the 
weighted average indicator in the carry trade.  
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7   Discussion 
 
The currency carry trade provide virtuous profitability occasionally. However, as has 
been argued for, the strategy’s profitability is noticeably attenuated due to 
pronounced periods of disadvantageous currency depreciations. This is especially true 
in emerging markets, where volatility is significantly higher. We have sought to 
provide a solution on how quantitative risk indicators can be constructed in order to 
mitigate these currency depreciations, and consequently appreciate the emerging 
market carry trade profitability. For this purpose risk has been classified into two 
collectively exhaustive risk types, global risk and idiosyncratic risk. Global risk refers 
to systematic risk, not attributable to a specific country, and idiosyncratic risk refers 
to the residual risk, specific to a country. Different procedures have been evaluated in 
order to address each risk type. This has been formalised as providing answer, and 
guidelines, to the following two sub-questions:  
 

• How can quantitative risk indicators improve the emerging market carry 
trade return by mitigating depreciations due to variations in global risk 
appetite?  

• How can quantitative risk indicators improve the emerging market currency 
carry trade return by mitigating depreciations due to country specific risk?  

 
 

7.1 Global risk  
 
Global risk indicators have been used as risk filters in previous literature, but almost 
exclusively on developed economies, and results in this domain have varied. With our 
weighted average indicator containing six different gauges of financial risk evaluated 
on emerging markets, we can contribute to contemporary knowledge in the field of 
risk-filtering and carry trade dynamics.  
 
With regards to global risk, for five of the six individual indicators and for all 
weighted indicators the results were robust, as global optimums were apparent. A 
global optimum entails that slightly altered Z-score does not influence the return 
with any great significance. Hence, it is reasonable to believe that the optimal value 
is not a result of randomness. 
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We find that an indicator containing all six risk indicators weighted according to 
their relative performance provide very significant results. These results were 
achieved with a high degree of validity; not only did the weighted average indicator 
provide paramount risk-adjusted returns in-sample, but also when the carry trade 
was evaluated out-of-sample. Remarkably, out-of-sample, when the long-only strategy 
had a negative return of -3.21% on the EM/DM-index, the weighted average 
indicator had a positive return of 5.26% with standard deviation reduced by more 
than a third. Backed by these results, it is unlikely that the weighted average 
indicator’s superior performance was due to randomness. Moreover, when evaluating 
the six separate global indicators out-of-sample several performed unsatisfactorily, 
not improving relative to the long-only strategy. Despite this, the weighted average 
with all indicators had surpassing performance out-of-sample. Accordingly, a 
combination of risk indicators generates significant results even in periods when some 
individual indicators does not. Another interesting aspect of the optimal weighted 
average indicator is that it includes all six risk indicators; foreign exchange-, equity-, 
emerging-, liquidity-, commodity-, and credit market risk. As one out of the six 
indicators (foreign exchange market) did not provide any significant improvement 
over the long-only strategy, a second weighted average indicator was evaluated 
containing all indicators but the insignificant. This indicator nonetheless, proved 
inferior to the aforementioned both in- and out-of-sample. Further, the weighted 
average with all risk indicators provided, not only lower standard deviation, but also 
higher annualised return than any single indicator. Two implications can be drawn 
from this, first it appears additional indicators improve the accurateness of in-and-
out shifts. Secondly, diversifying into several indicators with less difference in weight 
between the best and the worst improve the carry trade. 
 
As argued for in 6.1.2, the weighted average indicator performed exceptionally well 
by predicting depreciations leaving us out of the trade nearly 50 per cent of the days, 
when the underlying experienced a daily decline in excess of one per cent. In itself 
this might not be remarkable, however the index managed to be in the market at 
approximately two thirds of the time when the returns were positive with at least 
one per cent. Considering this and that returns are approximately standard normal, 
there is substantial upside in employing the weighted average indicator as a risk-
filter.  
 
In conclusion, answering the first sub-question, a quantitative indicator can be 
constructed to significantly improve the emerging market carry trade return by 
weighting several market risk indicators into a single one.  This weighted risk 
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indicator mitigates depreciations due to variations in global risk appetite while at the 
same time not leaving the strategy out of the trade when appreciations occur. 
 
 

7.2 Idiosyncratic risk 
 
To address the second sub-question, we have evaluated two separate idiosyncratic 
indicators, each with different rationale. Having evaluated both, with economic data 
and domestic equity indices as a measure on idiosyncratic risk, results are 
unsatisfactory. We do find that idiosyncratic conditioning slightly improve returns 
(especially true with domestic equity indices as filter, which provide a more 
prominent improvement). However, as results are not consistent at a cross-section of 
currencies and more importantly, that the optimisation does not provide reliable 
optimums it cannot be precluded that the alleviated returns are driven by data-
fitting (i.e. randomness).  
 
The first idiosyncratic indicator, based on economic data, improves in-sample risk-
adjusted returns for all currencies (excluding the Russian ruble that does not provide 
any returns at all), and out-of-sample risk-adjusted returns for three. Hence, it can be 
argued an economic indicator should be incorporated in the final model. Comparing 
optimisation results with that of global indicators however, we see a significant 
difference, no global optimum exists. The implication is low reliability, if a reiteration 
of the procedure was undertaken on an extended dataset for instance; it is not 
improbable that the optimum would drastically change. In addition, the return 
improvements where not considered significant as they were only marginal in one 
case. In another they were considered random as the out-of-sample return 
enhancements did not hold in-sample. Several reasons economic data provides 
unreliable results are plausible. One potential explanation is that fundamental 
economics is already discounted in currencies. The inherent value of currencies, as 
any other asset class, should be determined by expectations on future economic 
outlook. Hence, in order to be able to utilise economic data for (reliable) predictive 
purposes, expectations in lieu of actual data might be a requirement. Another 
plausible explanation that the logit regression did not perform satisfactorily is 
because the economic data is often delayed (published weeks after the fact). Arguably 
most important, monthly data is hard to model in a fast-paced trading environment, 
as the information is discounted upon economic data release (probably in a matter of 
hours or days, and not months).  
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As discussed in section 2.2, the logit regression method with economic data has 
successfully been implemented in other settings (e.g. Early Warning Systems). 
Nonetheless, our analysis suggests that the method has limited application in 
emerging market carry trades. 
 
The second idiosyncratic indicators, based on domestic equity indices, improve in-
sample risk-adjusted returns for three currencies. Same currencies also exhibit 
improved out-of-sample returns, indicating a certain degree of validity. However, 
results are not particularly significant. In the first case, one is invested at merely 
three per cent of the days included in the sample (ZAR), which is far too infrequent 
to draw any conclusions. In the second case, the out-of-sample returns are admittedly 
improved, but still the return is negative, and moreover only marginally improved 
compared to the long-only portfolio (BRL). In the third case, we observe remarkably 
alleviated risk-adjusted returns in the out-of-sample period, with an information ratio 
of 2.00 compared to negative return for the long-only position (RUB). Be that as it 
may, the optimal threshold did not prove to be robust which a lack of global 
maximums demonstrates in the optimisation results. 
 
As argued, the second idiosyncratic indicator, based on domestic equity indices, 
provides varied results across currencies. Optimisation results illuminate this 
conclusion further; in two of the five currencies considered a pronounced global 
optimum is evident, and these two currencies also perform better than the long-only 
strategy both in- and out-of-sample. More interestingly however, as illustrated in 
Figure 6.5, the currencies that did not display a global maximum initially did in fact 
do so when the domestic equity index was inverted. Hence it is probable domestic 
equity indices would serve as a consistent idiosyncratic risk filter if one first, in a 
systematic way, could find a process for rationally determine when, and for which 
specific emerging market currencies, domestic indices should be inverted. Even 
though the purpose of this thesis is to find a robust framework applicable on a cross-
section of emerging market currencies, this phenomenon requires some elaboration. 
Recall that when using an inverted equity index as risk filter, decreasing equity 
valuations imply decreasing risk, and consequently an investment in the carry trade. 
This might seem counterintuitive, but some plausible explanations exist. First, the 
reason some currencies exhibit negative correlation with domestic equity indices 
could be due to structural country specific economic factors. For an economy with a 
high degree of exports for instance, it is plausible a depreciating currency generates 
surging domestic equity valuations, which gives rise to this tendency. Another 
plausible reason could be the inverted behaviour between interest rates and equity 
valuations. As an increasing interest rate differential, ceteris paribus, increase returns 
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in the carry trade, whereas equity indices tend to decline with surging interest rates. 
As a final conclusion, we find evidence domestic equity indices might serve as a filter 
improving emerging market carry trades. However, as some currencies require 
inverted indices, this gives rise to both inconsistency and uncertainty. Finding an 
optimal strategy for each individual currency is not the purpose of this thesis. 
Consequently, domestic equity applied generically has limited application in emerging 
market carry trades.  
 
Answering the second sub-question, we conclude that it is difficult to create a generic 
framework for detecting idiosyncratic risk. Having evaluated two methods with 
different rationale, our results suggest idiosyncratic risk is just that: idiosyncratic. 
Different countries to some degree are driven by distinctively different economic 
factors. For instance, anecdotal evidence suggests that the Russian ruble has been 
strongly correlated with the price of fossil fuels as it accounts for the majority of 
Russian exports. This relationship is probable to be significantly different across 
different currencies as there are other variables that have far greater influence.  This 
impedes the generalisability of idiosyncratic indicators. However, our results suggest 
that individual currencies have distinctive response to certain idiosyncratic risks. 
Consequently, a versatile approach to idiosyncratic risk factors, specifically 
constructing indicators for countries on an ad hoc basis could prove highly profitable. 
 
 

7.3 Generic framework 
 
As discussed, all sample periods are relevant when evaluating the global indicator on 
individual currencies (as it is calibrated on the EM/DM-index). In-sample the 
indicator had superior performance in all currencies (relative long-only), and in four 
out of five cases the improvement is substantial, alleviating the risk-adjusted returns 
several times. Out-of-sample the results are largely in line, only two currencies barely 
falling short of the long-only. Moreover, these cases have generally proved to be a 
weak environment for carry trades. Nevertheless, on the currencies which had 
dynamics apparent to that of an emerging market country, the results were 
significant throughout the sample periods. 
 
From the analysis of each indicator we have deducted that only the global risk 
indicator is sufficiently reliable to include in a generic framework, generalisable across 
emerging market currencies. Besides being profitably robust on the proprietary 
equally weighted EM/DM-index, the weighted average indicator had strong 
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performance on individual currencies. With these results we can answer the main 
research question: 
 

• How can quantitative risk indicators in a generic framework improve the 
emerging market carry trade return by mitigating depreciations? 

 
In conclusion, a quantitative indicator can be constructed to significantly improve the 
emerging market carry trade return. The indicator consists of six different measures 
of market risk occurring globally. The six measures quantify foreign exchange-, 
equity-, emerging-, liquidity-, commodity-, and credit market risk. By weighting these 
according to predictive performance one can improve emerging market carry trade 
returns in a generic framework, applicable across currencies, by mitigating 
depreciations. 
 
 

7.4 Sustainability 
 
Sustainability has recently become an increasingly integral concept in financial 
markets. With regards to asset management, the main concern of this thesis, 
sustainability is primarily concerned with achieving desirable returns through 
sustainable and ethical investments. Prominent examples are the ever increasing 
number of, so called, ethical funds, and the recent launch of green bonds. However, 
as currencies and interest bearing securities are the underlying assets in the 
framework developed in this thesis, sustainability may be of subordinate concern. 
Still, in our emerging market perspective one should reflect on the investment 
currencies, in term of the hosting countries view on human rights, democracy etc. In 
addition, the bought fixed income securities should be scrutinised in a similar 
manner.  
 
Moreover, the strategy is algorithmic and at least in theory requires no fiduciary 
management. In the light of the past few years’ criticism of algorithmic driven 
trading increasing volatility, it might infuse uncertainty and undermine financial 
stability. However, we argue that the sheer volume in which currencies are traded 
more or less eradicates this, and on the contrary might even improve financial 
stability by adding liquidity. 
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8   Conclusion 
 
The purpose of this thesis was to investigate, and provide suggestions, on how 
quantitative risk indicators can be constructed in order to detect market-reversals, 
mitigate currency depreciations, and ultimately improve the profitability of a generic 
emerging market currency carry trade.  
 
The concept of risk was segmented into global risk, referring to systematic non-
country specific risk, and idiosyncratic risk referring to risk attributable to specific 
countries. Consequently, each risk class was modelled separately. Through the 
implementation of an optimisation procedure similar to the one proposed by 
Caglayan and Pintér (2012) global risk was addressed. It was concluded a 
performance-weighted index including six common gauges of risk had superior 
predictive potential, thereby alleviating emerging market currency carry trade 
returns substantially. For the idiosyncratic risk class a logit regression approach was 
performed on economic data, suggested by (Zhao et al., 2014), and global 
optimisation was employed on domestic equity indices. Evaluating both approaches 
separately, it was concluded a generic framework for detecting idiosyncratic risk was 
difficult to develop, as individual currencies to a large extent are responsive to 
distinctively different factors. Therefore, indicators would have to be constructed on 
an ad hoc basis. Based on the above, the final conclusion was that a broad weighted 
global risk indicator has proved to provide substantial augmented risk-adjusted 
returns in an emerging market carry trade, while idiosyncratic indicators might 
require a bespoke framework for each currency at hand. 
  
The contribution of this thesis in relation to previous research is twofold. First, as 
filtering primarily has been done using one single risk measure in the carry trade, our 
study, using six risk gauges, provide a more holistic view. Research on combining 
several risk measures in the carry trade has had limited academic scrutiny. In the few 
cases it has been evaluated, developed market currencies (G10) have been the field of 
analysis. Thereby, our research using emerging market currencies does not only 
employ the method on a new set of data, but also on currencies with somewhat 
different fundamental drivers. Further, we contribute to contemporary carry trade 
knowledge by evaluating different idiosyncratic risk measures aimed at creating a 
generic framework that utilises both global- and idiosyncratic risk. Generic 
idiosyncratic indicators have had very limited application in carry trade academic 
research. Although our results evaluating idiosyncratic indicators are not sufficiently 
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significant to implement in a generic model, the results suggests idiosyncratic risk 
factors have predictive characteristics, and further research within this domain is 
justified.   
 
The premise of this thesis was to develop an investment framework with applicability 
across currency pairs. Therefore, indicators that proved powerful on some currencies, 
but had inconsistencies were eliminated. Consequently, the generalisability is deemed 
reasonably high. Still, as we are limited to five currencies and one proprietary 
emerging market index it is not unreasonable that results would be altered when 
applied on new currencies. As the study is of quantitative nature, reliability is not of 
prime concern. Given the same dataset, and the procedures laid out in this thesis, 
one should be able to replicate the results. With regards to validity one potential 
concern is that one currency could be argued to lack emerging market characteristics, 
namely the Polish zloty. The currencies employed was a limitation determined in 
collaboration with the thesis practical principal, yet a sophisticated investor would 
probably not utilise the Polish zloty in an emerging market carry trade setting as it 
behaves more like a developed economy currency; for instance, occasionally 
appreciating during risky periods. This fact could potentially distort results. 
Moreover, the economic data was a limitation when constructing one of the 
idiosyncratic risk indicators, possibly to the extent that it distorted the results. Thus, 
this presents an area of further research.  
 
Three areas of future research have been identified. When combining the six 
measures of risk (risk indicators) into a weighted average, a rather simplistic 
approach has been utilised; i.e. superior indicator weighted six times worst 
performing. Consequently, the first possible area is to investigate how to weight the 
six measures of risk into an optimal index. Moreover, our results suggest idiosyncratic 
measures of risk do have predictive characteristics and could be designed to 
individual countries on an ad hoc basis. This presents the second area. Finally, the 
idiosyncratic indicator based on economic data should be further evaluated on a 
larger dataset. Accordingly, further research within this field, evaluating an extensive 
set of idiosyncratic measures of risk on an extended emerging market dataset is 
justified.   
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Appendix A   Z-score histograms 

 
Frequency tables  

  

  

  
Figure A.1: Frequency tables illustrating Z-score distributions calculated according to equation (4) for 
the daily returns of the respective global risk measures 
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Frequency tables  

  

  

 

 

Figure A.2: Frequency tables illustrating Z-score distributions calculated according to equation (4) for 
the daily returns of the domestic equity indices 
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Appendix B   Logit regression results 
 

 
Table B.1 depicts results from the logit regression with two to six economic time-
series as explanatory variables. As illustrated the high standard errors generate quite 
insignificant result. However, money growth generates significant results for two 
countries, inflation and domestic credit for one each. One plausible explanation that 
the logit regression did not perform satisfactorily is because the economic data is 
often delayed (published weeks after the fact). Another is the information is 
discounted upon economic data release (probably in a matter of hours or days, not 
months). However, studying the coefficients one can conclude that inflation and 
money growth has highest explanatory power. Further, we can determine current 
account and government budget deficit has very little to none impact on the crisis 
probability. Moreover, the availability of economic statistics was restricted, a 
limitation that could possibly have distorted the results.  
 
 

Variables Brazil Poland Russia South 
Africa 

Turkey 

      
Economic data      
Intercept -40.5 (97.9) -61.9 (83.9) -107.1(85.4) -44.5 (58.7) -17.7 (39.7) 
Inflation -6.3 (95.6) 56.8 (79.5) 126.9* (86.8) 25.1 (51.9) 23.2 (34.1) 
Money growth  35.5** (19.5) 2.9 (22.7) -19.6** (10.7) 19.5 (18.3) -12.1 (17.8) 
Government 
budget deficit 

-0.1 (0.1) - 1.5** (0.9) 0.0 (0.1) -0.0 (0.1) 

Current account -0.1 (0.3) - -0.01 (0.07) 0.0 (0.0) - 
Domestic credit 2.4 (7.6) - -0.0 (4.2) -3.3 (15.4) 4.1*** (1.9) 
Lending over 
discount rate 

5.8 (10.9) - -6.6 (6.8) 1.6 (2.3) - 

      
AIC 73.6 91.4 40.7 133.4 81.3 

Table B.1: Logit regression statistics, regression analysis with binary response variable Y, indicating 
crises, and economic data as explanatory variables, ***significant at 5%, **significant at 10%, and 
*significant at 15% 


