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Introduction

The carry trade is a widely used strategy in the foreign exchange market, capitalizing on interest
rate differentials between currencies. While often profitable, it carries significant risks,
particularly during market stress when high-yield currencies can sharply devalue (Koijen et al.
2017). Emerging market currencies, though attractive for their higher yields, are highly volatile
due to factors like U.S. monetary policy, commodity prices, and geopolitical risks. In contrast,
currencies such as CHF, JPY, and USD serve as safe havens during financial uncertainty

(Menkhoff et al. 2012).

The success of carry trades depends on understanding these dynamics and implementing
effective risk management strategies (Jurek et al. 2014). Global financial volatility amplifies
these risks, with economic shocks propagating rapidly across markets (Koijen et al. 2017;
Menkhoff et al. 2012).

This thesis aims to replicate and build on the framework introduced by Koijen et al. (2018) to
analyze the risk-return profiles of selected funding and target currencies in carry trades.
Additionally, it will explore strategies to minimize drawdown risks, with a focus on optimal

hedging mechanisms, thus extending research on carry trades and risk mitigation.

2. Literature Review

2.1 Carry Trade Theory and Uncovered Interest Parity

Uncovered Interest Parity (UIP) suggests that differences in interest rates between countries
should lead to changes in exchange rates that make returns equal across currencies. However,
in practice, UIP often does not hold true. High-interest-rate currencies tend to appreciate or
remain stable instead of depreciating as UIP predicts. This allows carry trades to be profitable.
Several factors can explain why UIP fails, including crash risks, consumption growth risks,

and rare events (Burnside et al. 2011).



Carry trades take advantage of differences in interest rates between currencies (Koijen et al.
2017). Investors borrow in low-interest rate currencies and invest in high interest rate ones,
earning the difference, called the carry (Koijen et al. 2017). Carry is simple to calculate because
it is based on observable data, like spot and futures prices. This makes it a useful tool for various
asset classes, including currencies, stocks, bonds, and commaodities (Koijen et al. 2017). The
carry return thus reflects a model-free and observable metric to evaluate deviations from UIP

(Koijen et al. 2017).

While carry trades often produce steady returns, they involve substantial crash risks. In times
of market stress, carry trades can unwind quickly, causing high-interest-rate currencies to drop
in value (Brunnermeier et al. 2008). This process is commonly known as the unwinding of the
carry trade (Menkhoff et al. 2012). This explains why carry trades work well during stable

times but experience large losses during crises.

Another factor is the size of an economy. Currencies from large economies often act as safe
assets during global risks, leading to more stable returns and lower interest rates. In contrast,
currencies from smaller economies are usually more volatile and deviate more from UIP

(Hassan 2013).

Moreover, low-interest-rate currencies serve as a form of protection against declines in
domestic consumption. When domestic consumption growth slows down, these currencies tend
to perform better, providing stability to investors (Lustig et al. 2011). This behavior contributes
to deviations from the UIP as these currencies offer a hedge against economic downturns

(Lustig & Verdelhan 2007).

Rare events, such as currency crashes, also matter. Investors price in these risks, even if they
do not occur often (Burnside et al. 2011). Studies show that carry trades consistently deliver

positive returns, and UIP does not always hold true (Fama, 1984; Burnside et al. 2011).



Burnside et al. (2011) explain that peso problems play a big role in this by introducing risk
premiums. The forward premium puzzle, which shows how forward exchange rates often fail

to predict future spot rates, also creates opportunities for carry trades to profit.

Koijen et al. (2018) explore the risks of carry trades further by studying drawdowns, which
measure the decline in returns from a peak to trough within a predefined time horizon. They
find that carry trades, especially in currencies, equities, and commodities, can face huge risks

during global recessions, like the 2008—2009 financial crisis.

The study also emphasizes the value of diversification. Koijen et al. 2017 analyze carry trades
for different asset classes and find that diversified portfolios tend to perform better than single-

currency strategies, with lower volatility and higher Sharpe ratios (Koijen et al. 2017).

The failure of UIP and the factors behind it, crash risks, economic size, consumption growth
risks, and peso problems, explain why carry trades continue to generate profits. However, these
trades come with significant risks, especially during market stress. To manage these risks,

strategies like diversification and hedging are essential for maintaining stable returns over time.

2.2 Risk-Return Dynamics in Carry Trades

Carry trades offer high potential returns but come with significant risks, especially during
financial instability. One major risk is currency crashes. Brunnermeier et al. (2008) explain that
these crashes often result from shifts in market sentiment or liquidity shortages. During
financial crises, investors sell high-yielding currencies and move to safe haven currencies such
as the USD or JPY. This causes high-yield currencies to depreciate further, increasing losses

in carry trade portfolios (Brunnermeier et al. 2008).

Another significant risk is liquidity risk. Koijen et al. (2018) show that carry trades perform

poorly during financial stress. In crises like 2008, liquidity shortages made it difficult for



investors to exit trades without large losses, demonstrating how dependent carry trades are on

stable and liquid markets (Koijen et al. 2017).

In conclusion, carry trades depend on stable conditions, sufficient liquidity, and favorable
macroeconomic trends. Currency crashes, liquidity shortages, and high volatility are major
risks. At the same time, central bank policies and global economic factors shape carry trade

outcomes. To succeed, investors must understand and manage these risks effectively.

2.3 Carry Trade Risk Management and Hedging Strategies

Given the significant risks that carry trades face, particularly during periods of market turmoil,
effective risk management and hedging strategies are essential. Various approaches have been
explored to reduce losses, including momentum-based strategies, and stop-loss mechanisms.
These methods aim to protect carry trade portfolios while maintaining profitability under both

stable and volatile market conditions (Jurek et al. 2014; Menkhoff et al. 2012).

Momentum strategies in forex trading are based on the idea that winning currencies will keep
winning, and losing currencies will keep losing. Traders try to profit from this by buying
currencies with strong past performance and selling those with weak past performance
(Moskowitz et al. 2012). They do this by ranking currencies based on their returns over a set
period and creating portfolios accordingly. There are two main types of momentum: time-series
momentum, which focuses on the past performance of a single currency, and cross-sectional
momentum, which compares the performance of different currencies at the same time
(Moskowitz et al. 2012). TSMOM! evaluates each currency independently, where past winners
are bought and past losers are sold. Cross-sectional momentum ranks currencies relative to one

another, constructing portfolios based on this comparison. Both methods consistently deliver

! Time Series Momentum (TSMOM) refers to the tendency of an asset's past 12-month return to positively
predict its future return over the next 1-12 months, with partial reversals over longer horizons (Moskowitz et al.
2012).
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robust returns (Moskowitz et al. 2012). However, it appears that momentum strategies have
not yet been explicitly studied as a hedging mechanism for carry trades. Given their strong
performance (Moskowitz et al. 2012), it is intriguing to explore whether momentum strategies
could serve as an effective hedging tool for mitigating carry trade risks. This potential synergy

motivates further investigation into their application.

Stop-loss mechanisms are another vital tool for managing carry trade risks. These strategies
involve setting predefined thresholds to automatically close positions if losses exceed
acceptable levels (Daniel et al. 2014). Daniel et al. (2014) examined the effectiveness of
managing losses within carry trades. Their research showed that loss management mechanisms
could reduce the size of drawdowns by up to 50% during periods of market stress. By limiting
severe losses, these strategies improved the overall performance and stability of carry trade
portfolios without completely sacrificing potential gains. Stop-loss mechanisms have been
effectively tested within carry trade frameworks, proving their value as a practical and efficient

risk management tool.

In conclusion, momentum-based strategies, crash-neutral techniques, and stop-loss
mechanisms all offer distinct ways to mitigate the inherent risks of carry trades. Many of these
approaches, such crash-neutral hedging have already been successfully integrated into carry
trade frameworks, demonstrating their ability to reduce drawdowns and improve risk-adjusted
returns. Although momentum strategies have not yet been explicitly applied as a hedging tool
for carry trades, their proven effectiveness for currency strategies make them an intriguing area
for further exploration. Combining these approaches could provide a robust framework for
managing carry trade risks while maintaining profitability, particularly in volatile market

environments.

3. Research Methodology




3.1 Research Approach

This research adopts a quantitative approach, combining empirical analysis with elements of
theoretical modeling. The methodology builds upon existing literature, replicating foundational
frameworks such as the carry trade ranking system and extending these with innovative
hedging strategies. This approach was chosen to address a notable gap in existing studies as
while many papers focus on currency trading and hedging strategies, there has been limited

exploration of systematically hedging carry trades using these specific methods.

The study employs a regression analysis to explore the relationships between portfolio returns
and benchmark returns using the MSCI World Index, JP Morgan Emerging Markets Index, and
USDOLLAR Index as benchmarks. These benchmarks were selected to capture global equity

market dynamics, emerging market currency movements, and the influence of the US dollar.

The regression framework is guided by the following hypotheses:

1. Null Hypothesis (HO0): Portfolio returns are not significantly dependent on benchmark
returns (8 = 0 for all Betas)

2. Alternative Hypothesis: (H1): At least one benchmark significantly explains portfolio
returns (8 #+ 0 for all Betas)

The regression evaluates the significance of each benchmark in explaining carry trade returns

and the effectiveness of the hedging strategies in managing risks.

3.2. Data sources and data collection process

The methodology builds upon existing literature, replicating the carry trade ranking system by

Koijen et al. 2017, and extending it with hedging strategies.

A rank-based currency selection process categorizes currencies based on interest rate

differentials. Momentum-based hedging filters currencies with positive or negative momentum



trends, while the stop-loss strategy exits positions when cumulative losses exceed predefined

thresholds (-10% and -20%) over three months.

All analyses were conducted in Python, using custom scripts to implement ranking filters,
hedging mechanisms, and performance metrics. Daily close prices were primarily sourced from
Refinitiv Eikon (July 2013 — November 2024) and supplemented with Bloomberg data for

earlier periods (December 2000 — June 2013).

The dataset covers market events, such as political uncertainties in 2015, the COVID-19
pandemic in 2020, and interest rate hikes starting in 2021, providing a robust test for the
strategies. Analyzed currencies include the currencies presented by Koijen et al. 2017. In
particular EUR, USD, JPY, DKK, SEK, NOK, SEK, BRL, ZAR, GBP, AUD, NZD, CAD, and
CHF. SEK data was only available from June 2015, hence was implemented into the weighting

afterwards.

To address missing data points within the dataset, a forward-fill method was employed. This
technique was chosen for its ease of implementation and its ability to preserve potential trends
within the time series data. However, it's important to acknowledge that forward-filling can

introduce bias by artificially smoothing the data and potentially inflating correlations.

The carry trade strategies and associated calculations presented in this study are based on USD
as the base currency. All currency pairs and interest rate differentials have been analyzed
relative to the US Dollar. Therefore, the results explicitly reflect the perspective of a US-based

investor without any adjustments for alternative base currencies or conversions.

3.3 Portfolio Construction

3.3.1 Carry



This study builds on Koijen et al. 2018 by adopting the same approach for calculating carry
returns, portfolio rankings, and currency weightings. However, this study extends their
approach by incorporating actual swap rates for the long-short strategy. The inclusion of swap
rates ensures a more realistic assessment of currency exchange costs, which are often
overlooked in theoretical carry models. Based on this calculation, currencies were ranked, and
the top 30% with the highest potential profit were selected for the long portfolio. Conversely,
the bottom 30% were put into the short portfolio. This method, similar to Koijen et al. (2018),
aims to maximize profits from currencies with higher interest rates while minimizing risk by

betting against currencies with lower interest rates.

The total return for each currency was further decomposed into its two key components: spot
return and carry return. The spot return measures the percentage change in the exchange rate,
the carry return reflects the yield advantage derived from the interest rate differential (Koijen
et al. 2017). It highlights the impact of both changes in exchange rates and differences in
interest rates, allowing for a more detailed analysis of the strategy's success. Finally, the
portfolio was rebalanced monthly to reflect updated carry values and ensure that positions

remained aligned with the latest market conditions.

3.3.2 Momentum Hedging

Unlike Moskowitz et al. (2012) and Asness et al. (2013), who focus on capturing momentum
profits in foreign exchange markets, this thesis examines the implementation of momentum
strategies as a hedging tool within a carry trade framework. To hedge the carry trade, a cross-
sectional Momentum strategy was added as a second ranking filter. This approach enhances
portfolio robustness and reduces drawdown risks during market stress (Moskowitz et al. 2012).

Currencies with strong positive momentum are selected for long positions, while those with
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negative momentum are shorted, aligning the portfolio with market trends and mitigating

adverse movements. The momentum return is defined as:

—_1 1 2
MOMy , = Nwin YiewINTXite1 — NiosE ZjELOSE TXjt+1 (1)

This formula provides a systematic method to select currencies for long and short positions
based on their recent performance (Moskowitz et al. 2012). Momentum was analyzed over two
horizons: a 3-month horizon to capture short-term trends and a 6-month horizon to focus on
longer-term movements. By filtering currencies based on their momentum signals, the portfolio
construction process favors currencies exhibiting strong directional trends. The integration of
momentum signals into the portfolio construction process represents a departure from
traditional carry trade strategies that rely solely on interest rate differentials. This approach
aims to enhance the diversification and stability of carry trade portfolios by incorporating a

trend-following component.
3.3.3 Stop-L.oss Hedging

As an alternative to the momentum filter, this study integrates a Stop-Loss mechanism to
dynamically adjust portfolio allocations based on drawdown thresholds of -10% and -20%. The

goal is to limit sustained losses while enabling recovery in stable conditions.

Drawdowns are calculated monthly as the percentage decline from a peak to a trough in
cumulative portfolio returns (Chekhlov et al. 2005). Returns are compounded quarterly, and if
a drawdown exceeds the threshold within a quarter, portfolio weights are set to zero for the rest

of the quarter. Positions are reset at the start of the next quarter.

2 Here, rx; .4+, represents the excess return of currency i during the next period t+1. WIN is the set of
“winner* currencies (the top N based on momentum rankings), while LOSE is the set of “loser” currencies
(the bottom N based on momentum rankings). Ny,,;n and Nyosg represent the number of currencies in the
winner and loser portfolios, respectively (Moskowitz et al. 2012).
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The mechanism applies to the entire carry portfolio, not individual currency pairs, ensuring
total risk is managed effectively. Kaminski (2011) highlights the effectiveness of Stop Loss in
volatile markets, while Daniel and Moskowitz (2016) demonstrate its role in reducing tail risks
and improving risk-adjusted returns. Similarly, Daniel and Moskowitz (2016) discuss the
benefits of dynamic risk controls like Stop-Loss rules in reducing tail risks and improving risk-
adjusted returns. These studies underline the value of integrating systematic risk management

techniques to protect portfolios against unexpected market downturns.

3.5 Data Analysis

The data was analyzed using backtesting and statistical significance testing. Missing data was
filled using the forward-fill technique, and daily data was aggregated to monthly frequency to
align with the rebalancing strategy. Linear regression was used to assess the sensitivity of
portfolio returns to market factors, evaluating metrics like R?, alpha, and beta. These results
helped determine the effectiveness of the hedging strategies in mitigating risk and enhancing

performance.
4. Results

4.1 Performance of Carry Trade

Figure 1: Summary Statistics Carry Strategy

Year = Annual Mean Standard | Skewness = Kurtosis =~ Sharpe = Maximum

Return (%0) Deviation Ratio Drawdown

(%) (%) (%)
2014 0.98 0.1 1.91 1.08 -0.17 0.18 -7.94
2015 21.66 1.72 4.01 -0.44 -0.47 1.49 -22.87
2016 -19.93 -1.7 5.33 -0.12 -0.67 -1.11 -22.12
2017 -10.72 -0.9 2.79 -0.08 -0.85 -1.12 -6.82
2018 7.56 0.71 4.81 0.55 -0.89 0.51 -19.41
2019 -6.12 -0.04 4.27 -0.04 -0.44 -0.36 -10.44
2020 5.56 0.58 5.44 1.03 0.50 0.37 -17.97
2021 -0.55 0.01 2.69 0.01 -1.04 -0.02 -10.73
2022 -3.52 -0.17 5.25 0.72 -0.39 -0.02 -15.29
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2023 7.29 0.7 4,94 0.31 -1.44 0.49 -16.54

2015 achieved an annual return of 21.66% with a Sharpe ratio of 1.49. Despite a maximum
drawdown of -22.87%. The skewness (-0.44) and kurtosis (-0.47) in 2015 suggest that returns
were negatively skewed, possibly due to a few larger losses. 2014 achieved an annual return of
0.98%, a Sharpe ratio of 0.18, and a drawdown of -7.94%. Volatility was lower (1.91%), with
returns mostly clustering around the average (skewness of 1.08) and few extreme outliers

(Kurtosis of -0.17).

In contrast, 2016 had the weakest performance, with an annual return of -19.93% and a Sharpe
ratio of -1.11. Despite a maximum drawdown of -22.12%, steady losses over the year resulted
in underperformance. Similarly, 2017 recorded an annual return of -10.72%, a Sharpe ratio of
-1.12, and a maximum drawdown of -6.82%. Volatility was lower (2.79%), and skewness (-

0.08) and kurtosis (-0.85) indicated moderate asymmetry but no extreme events.

4.2 Results of Hedging Strategies

Figure 2: Cumulative Returns of different strategies

Cumulative Return
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The cumulative performance chart highlights the overall trajectory of the carry strategy. A
sharp rise in cumulative returns is visible, particularly between 2015 and 2018, and again from
2022 onwards. On the other hand, periods of stagnation or decline, such as 2016 and 2019,

suggest less favorable environments for the strategy.

Figure 3: Comparative Table

. Average Average Average Average Average Average
Strategy Return STDEV Shar.pe Excessj Skew Max.
Ratio Kurtosis Drawdown

Carry 4.22% 4.03% 0.37 -0.63 0.36 -14.92%
Momentum 3M 22.74% 2.22% 0.59 0.97 0.82 -16.01%
Momentum 6M 29.32% 2.45% 0.61 1.29 1.08 -17.89%
Stop Loss -10% 8.1% 1.66% 0.30 1.19 0.61 -2.73%
Stop Loss -20% 9.68% 3.43% 0.24 0.21 0.71 -7.37%

The Momentum 6M hedging strategy achieved the highest average return of 29.32% between
2014 and 2023, outperforming all other strategies. Notably, its highest annual return was
recorded in 2014, reaching 97.11%. In comparison, the Momentum 3M strategy delivered an
average return of 22.74%, with its highest value in 2014, where it achieved a 68.42% annual

return.

The Stop Loss -10% strategy maintained a balanced approach, achieving an average return of
8.10% while keeping the average maximum drawdown at a low -2.73%. However, its
performance was relatively flat in several years, particularly in 2017 - 2019, where returns were
close to zero. The Stop Loss -20% strategy demonstrated a slightly higher average annual return
of 9.68%, though it experienced a higher drawdown of -7.37%. Its highest annual return of

8.19% was in 2018.

3 Depicted values are averages of the annual numbers ranging from January 2014 to December 2023.
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Across the analyzed period, 2023 stands out as a year with relatively high annual returns for
all strategies, particularly for Momentum 6M. In contrast, 2016 and 2017 proved to be
challenging for the Momentum strategies, while the Stop Loss strategies maintained stable

results.

Figure 4: Comparison of Drawdowns over time

Comparison of resulting Drawdowns from different Strategies

0.0

mmm Carry Return
Momentum Hedging 3M

=== Momentum Hedging 6M

mmm Stoploss -10%

mmm Stoploss -20%

Max Drawdown
|
o
w
L
I N N R
|
I

2014 2015 2016 2017 2018 2019 2020 2021 2022 2023
Year

The analysis of maximum drawdowns across the strategies reveals significant differences in
their ability to manage downside risk over the observed period from 2014 to 2023. The Carry
strategy, which exhibited the highest drawdowns overall, reaching a maximum drawdown of -
26.05% in 2015, showed a fluctuating pattern with significant drops in 2015 and 2018.
Momentum 3M experienced its highest drawdown of -40.62% in 2014, with a generally
declining trend in the early years, followed by a period of stability. Momentum 6M, similar to
Momentum 3M, had its highest drawdown (-47.41%) in 2014 and also showed a declining
trend in the initial years. In contrast, Stop Loss -10% and Stop Loss -20% demonstrated better
downside protection, with their highest drawdowns both occurring in 2014 at -6.27%. Both

strategies maintained relatively stable performance throughout the observed period.

4.3 Linear Regression
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This analysis uses the MSCI World Index, JP Morgan Emerging Markets Index, and the
USDOLLAR Index as benchmarks to evaluate the performance of each strategy. Each
benchmark helps explain how these strategies interact with global markets, emerging markets,

and currency trends.

Figure 5: Comparative Regression

Metric Carry Mor‘r;le\;lnum Momentum 6M Stop Loss -10% Stop Loss -20%
R? 0.607 0.097 0.089 0.170 0.470
« -0.0047 0.0139 0.0173 0.0039 0.0022
0.0364 0.0609 0.0357 0.00004 -0.0113
BMSCI
-1.5118 -0.393 -0.2721 -0.4758 -1.1081
ﬁ]PEM
0.1062 0.1466 0.3340 0.0144 0.1138
ﬁUSD

The Carry strategy shows the highest explanatory power with an R2 of 0.607, indicating that
over 60% of its performance can be explained by benchmark indices. It has a weak positive
relationship with the US Dollar Index but a significant negative relationship with the JP
Morgan Emerging Markets Index. However, its alpha is not statistically significant. The
Momentum strategies display lower explanatory power (Rz ~ 0.09) but achieve statistically
significant alphas. Both strategies exhibit a negative relationship with the JP Morgan Emerging
Markets Index, suggesting they perform better during declines in emerging markets. The Stop-
Loss strategies (-10% and -20%) show moderate explanatory power, with R2 values of 0.17
and 0.47, respectively. Both strategies demonstrate a negative relationship with the JP Morgan
Emerging Markets Index, with the -10% strategy showing a stronger link. However, neither
strategy achieves statistically significant alpha, and their relationship with the US Dollar Index

remains weak.

4.4 Backtesting
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Figure 6: Cumulative Performance per strategy from 2001-2013
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The initial backtesting of the carry trade strategy was conducted using a simplified formula to
model carry values. This approach captured the interest rate differential between the base
currency and the target currency, adjusted by the swap rate. This approach served as a
pragmatic starting point to test whether a basic carry trade model could deliver meaningful
results. However, it quickly became evident that the cumulative carry returns were highly
negative, particularly during periods of significant market stress, such as the Dotcom Bubble
and the Global Financial Crisis. The cumulative return for the carry strategy resulted in almost
-140% in June 2013. Furthermore, attempts to mitigate these losses using hedging strategies
proved largely ineffective. This realization led to the decision to abandon the simplified model
in favor of a more theoretically robust approach. Specifically, the carry trade strategy was re-
implemented following the formula outlined by Koijen et al. 2018, which provides a more
accurate representation of carry values. Furthermore, the stop loss values have been resulting

in almost similar results. Therefore, it was decided to level up the thresholds to -10% and -
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20%. This updated model was directly applied to the period from 2013 to 2023 to align with
the thesis’ focus and provide a more realistic and theoretically grounded assessment of carry

trade performance.

5. Discussion

5.1 Interpretation of Results

The strategies with momentum filters faced their largest drawdowns in 2014, most probably
because forward-filling created artificial trends that distorted results. While the momentum
strategies were meant to reduce drawdowns, they initially performed worse than the carry

strategy.

The Carry strategy performed well in 2013 (Sharpe Ratio: 1.41) but suffered from high
volatility and large losses, especially in 2017. The Stop-Loss strategies (-10% and -20%)
provided good protection against losses but delivered lower returns overall, with Sharpe Ratios

peaking in 2014 (0.50 and 0.45).

Macroeconomic conditions also played a big role. Drawdowns in 2015-2016 came from
emerging market uncertainty, political instability in Brazil, and rising US interest rates. In
2020, the COVID-19 crisis caused a flight to safe-haven currencies like JPY and CHF, leading

to losses in long positions on BRL and ZAR.

In summary, the Momentum 3M strategy performed the best overall. It achieved the highest
Sharpe Ratio of 1.31 in 2014 and delivered the best balance between risk and return.
Nonetheless, the Sharpe Ratio is not capturing the drastic drawdown it experiences throughout

time.

Above mentioned linear regression indicates that the null hypothesis is rejected for the Carry

strategy and Momentum strategies, as the benchmarks significantly explain returns or
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statistically significant alphas are observed. In contrast, the null hypothesis holds for the Stop-
Loss strategies, as neither benchmarks nor alphas provide a strong explanation for their returns.
In summary, the Momentum strategies stand out for generating significant excess returns
beyond benchmark influences, confirming their strength in exploiting trends even in

challenging conditions.

5.2 Comparison with Existing Literature

The findings align with Koijen et al. (2018), who show that carry trades can produce attractive
returns but are vulnerable during economic downturns and periods of high market volatility.
It's important to acknowledge that this study differs from Koijen et al. (2018) in two key
aspects. First, while Koijen et al. (2018) examined a longer time horizon, analyzing data from
1980 to 2011, and a wider range of asset classes including equities, bonds, and commaodities,
this analysis focuses specifically on currencies and a shorter timeframe, using data from 2014
to 2023. This difference in scope and time horizon may lead to variations in the results and
should be considered when comparing the findings of the two studies. Koijen et al. 2018
identified the 2008-2009 global financial crisis as a particularly difficult period for carry trades,
which mirrors the drawdowns observed in 2015, 2016, and 2020 in this study. These periods

were marked by emerging market pressures and political instability.

This study builds on Koijen et al. 2018 by incorporating risk management techniques, such as
momentum filters and stop-loss mechanisms. Unlike Koijen et al. (2018), this study uses swap
rates during the performance evaluation period to better reflect real-world market conditions,
though they were excluded in the backtesting phase. This omission in backtesting likely

inflated reported returns compared to actual trading outcomes.

5.3 Limitations

19



One limitation of this study lies in the handling of missing data through forward-fill,
particularly for the year 2013. While Refinitiv Eikon provided data starting mid-2013 for
highly liquid currency pairs, such as EURUSD, the data availability for emerging market
currencies was significantly delayed, often beginning only at the end of 2013 or appearing
sporadically before that. For the interest rate of Sweden, data started in May 2015. Therefore,
the carry strategy only incorporated SEK in May 2015. As a result, forward-filling the data
introduced artificial trends, which led to unrealistically high cumulative returns, especially for
the two momentum filters at the start of 2014. Furthermore, since the study utilized daily data,
values for bank holidays and weekends were also imputed using forward-fill to maintain

continuity in the dataset.

The backtesting process excluded certain currencies, such as SEK, NOK, and CHF, due to
unavailable data. This limits the diversity of the portfolio and may affect the robustness of the
results. Additionally, the analysis is conducted from the perspective of a USD-based investor.
For investors from other countries, adjustments would be required to account for exchange rate

fluctuations relative to their home currency.

While swap rates were included in the performance evaluation period to reflect actual market
conditions, they were not incorporated into backtesting, which likely led to an overestimation
of returns. Swap rates are an essential component of real-world carry trades and should be
considered in future analyses. The assumption of fixed transaction costs simplifies the
calculations but does not reflect the variability of real trading fees. In practice, trading costs

depend on brokers, liquidity, and trade size.

Lastly, the strong forward-looking bias, combined with forward-fill, may have caused
overfitting to historical data. This limits the ability to replicate these results in real-world

conditions, where market dynamics are inherently unpredictable.
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The results show that benchmark indices, particularly the JP Morgan Emerging Markets Index,
play a significant role in explaining portfolio returns. While the Carry strategy demonstrates a
strong relationship with emerging market performance, momentum-based strategies show
statistically significant alphas, suggesting that benchmarks alone do not fully account for the
observed returns. These findings highlight the ability of risk management techniques to

generate excess returns beyond benchmark-driven performance.

6. Conclusion

This study evaluates a dynamic carry trade strategy in FX markets from 2013 to 2023,
incorporating momentum filters and stop-loss mechanisms to enhance performance and
manage risk. While the Carry strategy delivered strong returns, it remained vulnerable to
macroeconomic shocks, particularly during 2015, 2016, and 2020. The Momentum 6M
strategy resulted in the highest annual returns, capturing trends and reducing downside risk,
though it struggled during trend reversals. Stop-loss strategies provided effective downside
protection, with the -10% threshold balancing risk management and returns, while the -20%

option prioritized safety at a cost to performance.

The findings align with Koijen et al. (2018), confirming that carry trades generate excess
returns but are sensitive to economic downturns and global crises. Positive alpha observed for
momentum strategies challenges the UIP. Unlike prior studies, this analysis incorporates swap

rates but simplifies transaction costs (15 basis points), which may overstate returns.

Future research should integrate dynamic transaction costs, improve handling of missing data,
and expand currency coverage (e.g., SEK, NOK, CHF) to enhance portfolio diversity and result

robustness.
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1. Introduction

Investors frequently fall by behavioral bias when managing their portfolios which can
potentially lead to losses. Behavioral finance combines traditional finance, psychology, and
neuroeconomics, to analyze how individuals behave and make decisions countering cognitive
and emotional behavioral bias (CFA Institute, 2022).

This paper aims to study the characteristics of behavioral finance by constructing a behavior
factor model to explain the cross-section of average realized returns by hedging long and short
positions in the stock market, exploring the differences between the US and Europe.
Specifically, “Applying a behavioral model for the US and Europe, are the returns of the two
groups significantly different, and what are the main factors impacting this difference?”

The model used is based on the article of Daniel, Hirshleifer, and Sun (2020) that combines a
market factor with two theory-based behavior factors, PEAD, the short-term factor, exploring
investors’ conservatism in their underreaction to earnings announcements, and FIN, the long
term factor, exploring the overconfidence in issuing or repurchasing equity. This model allows
investors to gain from return predictability by exploring investors’ behavioral finance bias. The
paper will delve into the model performance during market distress events and analyze how

the investors’ biases comprised in the model behave in times of uncertainty.

Section 2 describes the article on which the model is based and the literature previously done
in the behavioral finance field. Section 3 describes the data extracted and the methodology
used. Section 4 analyses the performance analysis of the model constructed, and Section 5
presents the discussion of the results in the context of the previous research done in the field.

Section 6 and Section 7 present the limitations and the conclusion of this analysis, respectively.
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2. Literature Review

2.1. Model Description
The model adopted for the construction of the investment strategy will be based on Daniel,
Hirshleifer, and Sun’s (2020) factor model which combines a market factor with two theory-
based behavioral factors to explain the cross-section of average realized returns. The two
theory-based behavioral factors capture long- and short-horizon mispricing, respectively. In
the study, the model was solely applied in the US, precisely for NYSE, AMEX, and NASDAQ

stocks.

This model outperformed other proposed models in explaining return anomalies proposed by
Hou, Xue, and Zhang (2015), by analyzing a total of 34 anomalies. Comprising twenty-two
long-horizon anomalies, defined as anomalies that persist and earn statistically significant
positive excess returns for 1 to 3 years after portfolio construction, which were anomalies
identified in the category of long-term profitability, value, investment and financing, and
intangibles. And, twelve short-horizon anomalies, generally defined as anomalies that become
statistically insignificant after 1 year of portfolio construction, were anomalies identified in the
category of earnings momentum, return momentum, and short-term profitability (Table 1 —
Appendix). Additionally, Lu, Stambaugh, and Yuan (2017) studied these previously identified
anomalies for France, Germany, and U.K., suggesting that the anomalies are also significant in

these countries.

2.1.1. FIN Factor
The long-horizon behavioral factor, FIN factor, explores investors’ overconfidence bias. The
market is unwilling to fully comprehend the information contained in a firm’s decision to issue
or repurchase equity, resulting in return predictability (Daniel, Hirshleifer, and Subrahmanyam

1998).
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Stein (1996) defends that when the market valuation of the firm is perceived as over- or
underpriced, the optimal decision for the firm is to issue or repurchase its own stock. As such,
on average, positive abnormal returns follow repurchase activity and negative abnormal returns
follow issuance activity. Daniel, Hirshleifer, and Sun’s (2020) construction of the financing
factor FIN was based on the return spread between issuers and repurchasers. As such, the FIN
factor is a 50/50 combination of the 1-year net-share-issuance (NSI), based on Pontiff and
Woodgate (2008), and 5-year composite-share-issuance (CSl), based on Daniel and Titman
(2006), computed by going long the two value weighted low-issuance portfolios and short the
two high-issuance portfolios.

CSl is computed by the firm’s 5-year growth in market equity minus the 5-year equity return,
in logs. NSl is computed by the firm’s 1-year growth in market equity minus the 1-year equity
return, in logs, excluding cash dividends.

After CSI and NSI computations, two size groups (small “S” and big “B”) and three financial
groups (low “L”, middle “M”, or high “H”) are created to which, each stock will be assigned
and re-assigned every June. Size group is based on whether the firm’s market equity is below
or above the NYSE median size breakpoint. Financial groups are independently assessed into
three CSI groups (low, middle, or high) using 20% and 80% breakpoints for NYSE firms, and
three NSI groups (low, middle, or high). Since NSI groups represent repurchasing and issuing
firms, each June, repurchasing firms (with negative NSI) are sorted into two groups using the
NYSE median breakpoint, and issuing firms (with positive NSI) are sorted into three groups
using NYSE 30% and 70% breakpoints. Then, repurchasing firms with the most negative NSI
are placed in the low NSI group, issuing firms with the highest NSI are assigned to the high
NSI group, and the remaining firms are classified into the middle group.

Assigned three independent groups for NSI and CSI groups, the financial group is constructed

assigning a firm to a high financing group (“H”) if both NSI and CSI rankings belong to the
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high group. If both NSI and CSI rankings are in the low group, the firm is assigned to the low
financing group (“L”). The remaining firms are assigned to the middle financing group (“M”).
Combining the size group with the financing group led to the creation of six portfolios (SL,
SM, SH, BL, BM, and BH), for which we calculate the value-weighted portfolio returns of
each month, rebalancing each portfolio in June. Lastly, the monthly FIN factor return is
calculated as the average return of the low financing portfolios (SL and BL) minus the average

return of the high financing portfolios (SH and BH) (1).

FIN = (rSL-;—rBL) _ (rSH-;rBH) (1)

2.1.2. PEAD Factor - Post-earnings announcement drift
The short-horizon behavioral factor, PEAD (Post-earnings announcement drift), explores
investors’ conservatism bias by predicting abnormal returns due to investors’ underreaction to
new available public information, not adjusting immediately to earnings announcements
(Bernard and Thomas, 1990).
Firms with positive earnings surprises experience positive drift after the announcement,
conversely, firms with negative earnings surprises experience negative drift after the
announcement (Hirshleifer et al., 2004).
PEAD is based on a two-by-three sort on size and earning-announcement returns, with value-
weighted portfolios, by using earnings surprises of quarterly earnings announcements and is
implemented by going long firms with positive earnings surprises and short firms with negative
surprises.
Daniel, Hirshleifer, and Sun (2020) start to compute CAR as the 4-day cumulative abnormal
returns around each quarterly announcement earnings date. After CAR computations, firms are
assigned to two size groups (small “S” or big “B”’) and three earnings surprise groups (low “L”,

middle “M”, or high “H”). Size group is assigned based on the NYSE median size breakpoint
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in relation to firm’s market equity. Earnings surprise groups are based on CAR using 20% and
80% breakpoints for NYSE firms. Combining the size group with the earnings surprise group
led to the creation of six portfolios (SL, SM, SH, BL, BM, and BH), for which we calculate the
value-weighted portfolio returns. Lastly, the monthly PEAD factor return is calculated as the
average return of the high earnings surprise portfolios (SH and BH) minus the average return

of the low earnings surprise portfolios (SL and BL) (2)

PEAD = (rSH-IZ-rBH) _ (rSL-IZ-rBL) (2)

2.1.3. European and U.S. behavioral factors

Both US and European institutions are similar in terms of scope, goals, and doctrine (Gutiérrez
& Philippon, 2018). European markets are characterized as having a small number of securities,
with lower market capitalization and lower liquidity compared with the U.S. markets
(Shachmurove, 2002). Loughran and Ritter (1996) suggest that European market
characterization leads professionals to respond to long- rather than short-run market
fluctuations.

Comparing European firms with U.S.-based peers, European managers tend to adopt more
conservative strategies in the firm’s decision to issue or repurchase equity, even though
indications of mispricing by peer comparison were available (Graham et al. 2013). This can be
partially explained by the fact that European stock prices are less informative than those in the
U.S. (Dang et al. 2015). Other referred difference highlights the institutional infrastructure
since 44.29% of European firms are family controlled, a higher amount in relation to US firms,
and only 36.93% are widely held (Faccio and Lang, 2002), affecting firm-specific information

and stock prices (Mama, 2017).

Gutiérrez & Philippon (2018) concluded that European markets have lower concentration,

lower excess profits, and lower regulatory barriers to entry. Analysing over time, the authors
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concluded that concentration and profits have increased in the US and remained stable in
Europe. Additionally, European institutions have more political independence than US
Institutions (Gutiérrez & Philippon, 2018). Shachmurove (2002) explores the effect of
globalization, concluding that half of the shares analysed from 13 European stock markets had

foreign issuers.

3. Data & Methodology

Data was extracted from the WRDS Wharton Research Data Services platform, more precisely
from the Global Stock Returns and Characteristics (Jensen, Kelly, and Petersen, 2022) to the
interval between 01/01/2007 and 31/12/2023. Monthly stock data was extracted for the United
States and Europe.

Previous literature on stock market analysis in Europe extracted only a sample of countries
located in this region. By Bauer, Cosemans, and Schotman (2010) that follow the composition
of the MSCI Index, the European group is constituted by the stocks available on the exchanges
of Austria, Belgium, Denmark, Finland, France, Germany, Greece, Ireland, Italy, The
Netherlands, Norway, Portugal, Spain, Sweden, Switzerland, and the UK .

Daniel, Hirshleifer, and Sun (2020), implemented some filters that were also imposed in the
construction of this model, by only extracting common stock, a positive book-to-equity ratio
stocks, and excluding financial companies, precisely 45-49 Fama and French industry codes
were excluded (Fama and French, 1997). The data sample covers all the industries not
previously excluded (Table 3 - Appendix).

The methodology described above for the calculation of both factors was followed as described
by Daniel, Hirshleifer, and Sun (2020). However, some adjustments to the Global Stock
Returns and Characteristics data were made. Using the data extracted, some filters were

implemented to ensure monthly data for all the years and Standardized unexpected earnings
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(CAR) values to all stocks. Therefore, some stocks were excluded from the original file,
resulting in 3990 USA stocks and 3098 European stocks analyzed (Table 2 — Appendix).

By filtering the data, the amount of NYSE stocks resulted in 2 stocks, which could lead to
statistical inference when trying to calculate the size group. Therefore, instead of the NYSE
Median which is widely adopted in literature due to the Fama and French model, the overall
stocks of the country median were used to compute the US size median. European size group
was calculated using London Stock Exchange (LSE) median since this exchange provides a
bridge between UK and European equities, being one of the largest exchanges in terms of
number of stocks and market capitalization, having a high level of liquidity and being inserted
in a capital market-oriented economy, the UK.

Daniel, Hirshleifer, and Sun (2020) start to compute CAR as the 4-day cumulative abnormal
returns around each quarterly announcement earnings date. In this report, the variable
Standardized unexpected earnings (niq su) available in WRDS was used, which is computed
by the difference between actual earnings value minus the expected earnings value. The model
was computed having a stop loss implemented if the drawdown was more than 20%, the
position will be closed by a minimum of 3 months in order to protect investors.

4. Strategy Performance Analysis

Having computed the models, it’s essential to analyze its performance in the past to evaluate
feasibility in the future. The USA model and the European model will both be analyzed in
terms of performance analysis, with a comprehensive analysis of severe market distress
occurring in the period analyzed, Statistical Analysis, and Regression Analysis. Additionally,
the models computed will be compared with the same models if a stop loss wasn’t

implemented.

4.1. Performance Analysis and Statistical Analysis Models
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Observing the performance of the European model and the U.S. Model (Graph 1 and Graph
2), the European Model generates cumulative returns of 213x at the end of 2023. Following
the indications and constructing the model to only work when all the portfolios to hedge were
available in each specific month, it is perceivable that with the exceptions of some months, the
European model only has monthly returns starting on January 2007.

The model presents high volatility during the period observed, especially during severe market
distressed events, such as the case of the credit and financial crisis of 2009 and the COVID-19
pandemic crisis in 2020. The models had an additional implementation of a stop loss limit, the
drawdown of the period was lower than 20%, otherwise, the position in the market would be
closed for one quarter. Since the model comprises high volatility, establishing a stop loss can
benefit from the risk exposure to the portfolio.

Graph 1 - US vs Europe Normal Returns
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Graph 2 - US vs Europe Cumulative Returns

Cumulative Returns: US vs Europe Model
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Analyzing the factors comprising the model, FIN and PEAD, we can observe that in both
models, the FIN factors, 68.49%, and 276.24%, have higher volatility than the PEAD factor,
8.67% and 14.46%, in US and Europe models respectively (Table 4 — Appendix) (Table 1).
The European model presents the highest Sharpe ratio, 0.681, in comparison with the US
model, 0.077. The Sharpe ratio calculates the risk-adjusted returns of each model, for a
annualized return of 46.60%, the European model present a 68.40% volatility. The PEAD
European Factor presents a positive Sharpe ratio of 0.4362.

Table 1 — Summary Analysis by model and factors

Cumulative Mean Sharpe Maximum
Annualized Volatility Skewness Kurtosis
Return Return Ratio Drawdown
USA Model -0.1535 2.08% 26.99% 0.077 3.936 23.549 -54.00%
FIN USA - -42.24% 68.49% -0.6167 -2.1900 15.5068 -115.38%
PEAD USA - -7.49% 8.67% -0.8674 -1.0334 5.0140 -73.59%
Europe
213.20 46.60% 68.40% 0.681 6.330 45,927 -30.39%
Model
FIN
- -2.36% 276.24% -0.0085 -0.3021 41.9248 -11.20%
Europe
PEAD
- 6.31% 14.46% 0.4362 1.6254 17.1371 -26.44%
Europe
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Severe market distress events are associated with volatility increase, stock prices decrease and
high uncertainty, increasing investors risk aversion (Black,1976). In terms of a firm’s payout
policies, Bliss et al. (2015) observed that following a crisis, share repurchases and dividends
decline, since firms increase cash reserves to protect themselves from market uncertainties.
Observing the performance of the models during severe market distress events, specifically,
the Financial and Credit Crisis of 2009 and the pandemic crisis of 2020, it’s possible to better
understand the models’ characteristics. During distressed situations, the model tends to increase
its volatility, the European model had a volatility of 114.96% in 2008 and the US model had a
volatility of 36.65% in 2008 (Table 2), compared with an average volatility of 68.40% and
26.99% (Table 1), respectively, for the entire period under analysis.

Literature suggests a decrease of 30%-40% in the stock market over the period (Bartram and
Bodnar, 2009). Shefrin (2015) suggests that the previous favorable stock market years led
investors to be overconfident and less expectant of bad events. Almeida et al. (2016) refer to
the 2009 financial crisis affected share repurchases, due to a tightening of credit access and an
increase of cash reserves. The FIN Factor model is the return spread between issuers and
repurchasers, since the market was under a bubble, the market perception to optimally issue or
repurchase as suggested by Stein (1996) could be misleading.

In 2008, both models were positively affected by the crisis, obtaining annualized returns of
20.16% in the US model and 144.59% in the European model, a Sharpe ratio of 0.550 and
1.257, respectively (Table 2). During the crisis of 2009, the US model was negatively impacted,
generating negative returns of -21.75%. In 2020, the European model incurred a stop loss
during a long period of drawdown, therefore, the return was 0.00%.

In 2010 and 2021, however, both models were able to have a positive performance, resulting

in a Shape ratio of 1.436 and 1.263 for the US and 1.266 and 1.848 for Europe.
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Table 2 — Annual Statistics

Annualized 2007 2008 2009 2010 2020 2021 2022
us
-37.59% | 20.16% | -21.75% | 98.99% 2.76% 4.99% -11.31%
Model
Returns
Europe
66.57% | 144.59% | 66.57% | 24.18% 0.00% 422.53% -4.37%
Model
us
-1.946 0.550 -1.098 1.436 0.179 1.263 -0.560
Sharpe Model
Ratio Europe
2.094 1.257 2.094 1.266 0.000 1.848 -0.402
Model
us
19.32% | 36.65% | 19.81% | 68.93% 15.41% 3.95% 20.20%

Standard Model
Deviation Europe
Model

31.79% | 114.96% | 31.79% | 19.09% 0.00% 228.65% 10.87%

The 2020 pandemic crisis had a worldwide impact, the market overreacted achieving a
drawdown of 60%, and the government stimulus contributed to the market correction (Gormsen
and Koijen, 2020). Higher uncertainty led markets to be less efficient, resulting in investors

overweight recent information and underweight previous information (Vasileiou, 2021).

4.1.1. Performance Analysis Stop Loss Models
Comparing the behavioral models performance with the behavioral models with stop loss
implemented if the drawdown was more than 20%, with a closing position for a minimum of 3
months, its perceivable the higher volatility of the models without stop losses. In distressed

market events the models without stop losses performed worst (Graph 3 and Graph 4)
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Comparison of Value-Weighted Returns Over Time
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Graph 3 - US Model vs US Model with Stop Losses

Graph 4 - Europe Model vs European Model with Stop Losses

Portfolios with stop losses were able to perform with an average annualized return of 2.08%

and 46.60%, in the US and Europe, respectively. This value is lower when compared with the

annualized returns of the models without stop loss. Models without stop losses incurred in

much higher drawdowns, -114.36% and -1134.17%, to the US and Europe, respectively (Table

3). Sharpe Ratios were also better accounting for stop losses, 0.077 and 0.681, respectively,

giving preference to the models with stop losses, better balanced in terms of risk adjustment

returns.
Table 3 - Summary of Portfolio Stop Losse comparison
Annualized Return Volatility Shar_pe Skewness Kurtosis Maximum
Ratio Drawdown
US Model -49.73% 67.55% -0.736 -2.073 14.666 -114.36%
US Model
with Stop 2.08% 26.99% 0.077 3.936 23.549 -54.00%
Losses
e 3.95% 2.77% 0.014 -0.294 41.732 -1134.17%
Model
Europe
Model with 46.60% 68.40% 0.681 6.330 45.927 -30.39%
Stop Losses

4.1.2. Regression Analysis

41.2.1.

CAPM - US Model

The Capital Asset Pricing Model was computed in the time frame, accounting for 198

observations, the SPDR S&P500 ETF Trust (SPY) was used as a proxy to the market return,
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and risk-free rate was assumed to be 1.25% annualized. The regression results in an alpha of
1.64% with a market risk premium of 34.57%. The R square is 0.035%, therefore, the market
risk premium explains little of the returns of the portfolio. Alpha and beta present a p-value of
0.788 and 0.794, respectively, values much higher than the 5% standard, therefore, the model

is not statistically significant.

4.1.2.2. CAPM - European Model

The Capital Asset Pricing Model for the European model is computed using as a proxy the
MSCI Europe Index and an annualized risk-free rate of 1.25%. The regression resulted in an
alpha of -1.4% with a market risk premium of 274.4%. The R square is 6.30%, therefore, the
market risk premium explains a small amount of the returns of the portfolio. Alpha and beta
present a p-value of 0.677 and 0.001, respectively. Although beta is statistically significant, the

model can only explain 6.30% of the regression.

4.1.2.3. Regression Comparison
Daniel, Hirshleifer, and Sun’s (2020) CAPM computation between 1991 and 2014, generated
an annualized alpha of 2.48% considering the 34 anomalies identified. The model generated a
higher alpha for the short-term anomalies in comparison to the long-term anomalies. The

results obtained were statistically significant for a p-value of 1%.

5. Discussion

European markets have a lower number of securities, with lower market capitalization and
lower liquidity (Shachmurove, 2002), investors respond to long-term rather than short-term
fluctuations (Loughran and Ritter, 1996) and managers adopt more conservative strategies
(Graham et al.,, 2013), being 44.29% family-controlled businesses in 2002. These

characteristics make the European market more susceptible to conservatism bias and therefore,
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higher potential returns in the PEAD factor of the model constructed. The Europe PEAD factor
had an annualized return of 6.31% and an annualized Sharpe Ratio of 0.4362.

The model constructed outperformed other proposed models in explaining return anomalies
proposed by Hou, Xue, and Zhang (2015) (Daniel, Hirshleifer, Sun, 2020), however, analyzing
the performance of the model over time is important. The European model presents the highest
Sharpe ratio, 0.681, in comparison with the US model, 0.077.

Both behavioral models result in positive risk-adjusted returns, however, this portfolios should
also be compared with other strategies to better assess risk-adjusted returns. By implementing
stock losses mechanisms, the strategy was able to adjusted the level of risk.

There are some indications that the model can help explain the periods of severe market distress
and therefore, can improve performance when inserted into portfolios comprising other
securities. In 2008, the model was able to benefit from the market bubble, especially the FIN
Factor that analyses overconfidence bias in stock issuance and repurchases. As stated by
Shefrin (2015), the previous performance of the market led investors to be overconfident, being
in accordance with the results observed.

During the beginning of the 2009 financial crisis the US model was negatively impacted, and,
in 2020, both models performed weakly. As markets collapsed and as explained by Almeida et
al. (2016) fewer share repurchases were made in this period, leading to lower predicted returns
in the FIN Factor, which in addition to the market collapse led to incremental losses. The same
resulted in COVID-19, with more uncertainty, an increase in interest rates, and more cash

retention.

However, the following period highlights differences between the European and the US
Models. In 2009 and 2021, the European model was able to generate positive performance with
a Sharpe ratio of 1.257 and 1.848, respectively, while the US model had a negative performance

with a Sharpe ratio of -1.098 in 2010 and a 4.99% of annualized returns to a Sharpe Ratio of
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1.263, respectively. The US 2009 credit and financial crisis had a systemic impact in Europe
and this can partly explain the negative US results, although financial crisis of lower
proportions also irrupted in Europe during this period. The higher conservatism of European
investors and managers, in relation to US investors and managers, and the European market
characteristics, can help explain this results in periods of high uncertainty, by taking more time
to adjust the market prices to new information, the model returns obtained, following an initial

period of market distress events, can increase in relation to the overall period performance.

6. Limitations

Using the Global Stock Returns and Characteristics data set provided by WRDS and adding
the proper filters, only 14 stocks of the main USA exchanges (NYSE, NASDAQ, and AMEX)
were available for the analysis, which can result in multiple problems for the construction and
evaluation of the model, since the size group was defined by the median of all the USA stocks
instead of the median of the NYSE has originally done by Daniel, Hirshleifer, and Sun’s
(2020). Getting the proper dataset for the USA and applying the size group as defined by the
authors can result in different results.

The model is constituted by several stocks ranging from 1 to 44 Fama and French industry

codes, further computations to discover the impact of the industry in the model could be done.

The prices used to derive the results were converted into US dollars. However, the model did
not incorporate potential fluctuations in exchange rates or the associated costs stemming from

this limitation.

Transaction costs were not accounted for by the model. Especially when constituting a portfolio
comprising different stocks, the implied cost of transaction will be quite substantial.
Accounting the number of stocks included in the model, a real implementation of the strategy

can lead to high transaction values.
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7. Conclusion

The behavioral factor model based on Daniel, Hirshleifer and Sun (2020) was computed for
European and US stocks of the main exchanges. The model is constituted by a market factor to
two theory-based behavior factors, the FIN factor exploring the overconfidence in issuing or
repurchasing equity, and the PEAD factor exploring investors’ conservatism in their
underreaction to earnings announcements. The purpose of the model is to explain the cross-
section of average realized returns by hedging long and short positions

in the stock market. The European Model presents the highest Sharpe ratio, 0.681, in
comparison with the US model, 0.077, being the optimal model between the US and Europe
models in terms of risk-adjusted returns. By analyzing the annualized data during market
distressed events, it’s observable that in periods of irrationality, such as market bubbles, that
lead investors to incur overconfident bias both the European model and the US model can take
advantage of the market.

In periods following the crisis, the characteristics of the European market and investors are
suggested to explain the good performance of the model in contrast with the US model, since
investors and managers tend to be more conservative and respond to long-term fluctuations
rather than short-term fluctuations. These characteristics aligned with the uncertainty of market
distress events can lead to positive returns. The European model had an annualized return of

144.59% in 2008 and 422.53% in 2021.
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9. Appendix

Table 1- List of anomalies (Imported from Daniel, Hirshleifer, and Sun, 2020)

A. Short-horizon anomalies (12)

Category Symbol | List of anomalies
Earnings SUE-1 Standardized unexpected earnings (1-month holding period), Foster,
momentum Olsen, and Shevlin (1984)
SUE-6 Standardized unexpected earnings (6-month holding period), Foster,
Olsen, and Shevlin (1984)
ABR-1 Cumulative abnormal returns around earnings announcements (1-
month holding period), Chan, Jegadeesh, and Lakonishok (1996)
ABR-6 Cumulative abnormal returns around earnings announcements (6-
month holding period), Chan, Jegadeesh, and Lakonishok (1996)
RE-1 Revisions in analysts’ earnings forecasts (1-month holding period),
Chan, Jegadeesh, and Lakonishok (1996)
Return R6-6 Return momentum (6-month prior returns, 6-month holding period),
momentum Jegadeesh and Titman (1993)
R11-1 Return momentum (11-month prior returns, 1-month holding period),
Fama and French (1996)
I-MOM | Industry momentum (6-month prior returns, 6-month holding period),
Moskowitz and Grinblatt (1999)
Profitability ROEQ Quarterly ROE (1-month holding period), Haugen and Baker (1996)
ROAQ Quarterly ROA (1-month holding period), Balakrishnan, Bartov, and
Faurel (2010)
NEI Number of consecutive quarters with earnings increases (1-month
holding period), Barth, Elliott, and Finn (1999)
FP Failure probability (quarterly updated, 6-month holding period),

Campbell, Hilscher, and Szilagyi (2008)

B. Long-horizon anomalies (22)

Profitability GP/A Gross profits-to-assets ratio, Novy-Marx (2013)
CbOP Cash-based operating profitability, Ball et al. (2016)
Value B/M Book-to-market equity, Rosenberg, Reid, and Lanstein (1985)
E/P Earnings-to-price, Basu (1983)
CF/P Cash flow-to-price, Lakonishok, Shleifer, and Vishny (1994)
NPY Net payout yield, Boudoukh et al. (2007)
DUR Equity duration, Dechow, Sloan, and Soliman (2004)
Investment and AG Asset growth, Cooper, Gulen, and Schill (2008)
financing NOA Net operating assets, Hirshleifer et al. (2004)
IVA Investment-to-assets, Lyandres, Sun, and Zhang (2008)
IG Investment growth, Xing (2008)
IvG Inventory growth, Belo and Lin (2012)
IvC Inventory changes, Thomas and Zhang (2002)
OA Operating accruals, Sloan (1996) and Hribar and Collins (2002)
POA Percent operating accruals, Hafzalla, Lundholm, and Van Winkle (2011)
PTA Percent total accruals, Hafzalla, Lundholm, and Van Winkle (2011)
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NSI Net share issuance, Pontiff and Woodgate (2008)
CSl Composite share issuance, Daniel and Titman (2006)
Intangibles OC/A Organizational capital-to-assets, Eisfeldt and Papanikolaou (2013)
AD/M Advertisement expense-to-market, Chan, Lakonishok, and Sougiannis
(2001)
RD/M R&D-to-market, Chan, Lakonishok, and Sougiannis (2001)
oL Operating leverage, Novy-Marx (2011)

Table 2- Number of stocks per country

USA Europe

USA | AUT | BEL | CHE | DEU | DNK | ESP | FIN | FRA | GBR | GRC | IRL | ITA | NLD | NOR | PRT | SWE

3990 | 45 79 150 | 451 94 87 105 | 450 | 855 | 89 25 | 156 | 102 | 118 31 261

Table 3- Number of Stocks per Fama and French 49 Industry Portfolio

Classification
FF49 Europe USA
1 14 19
2 90 88
3 7 14
4 39 21
5 4 4
6 17 32
7 62 68
8 39 45
9 61 71
10 33 66
11 20 85
12 56 163
13 125 273
14 69 102
15 36 55
16 25 21
17 99 115
18 92 66
19 57 66
20 12 26
21 152 199
22 43 99
23 47 87
24 16 36
25 10 14
26 3 12
27 21 40
28 40 31
29 3 6
30 76 203
31 60 194
32 69 126
33 19 49
34 212 276
35 28 118
36 333 324
37 127 311
38 39 139
39 45 72
40 12 18
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41 118 137
42 113 199
43 108 235
44 36 85

Table 4 - Model performance (01-2007 to 12-2023) by factor composition
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Table 5 - USA by factor - Normal Returns

Portfalio, FIN Factar, and PEAD Factor Over Time

Table 6 - Europe by factors — normal returns
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Abstract

Two individual strategies were constructed. A behavioral finance model exploring the cross-
section of average realized returns in Europe that was able to outperform other models in
periods of crisis even though (maybe just put the sharpe ratio) and a currency carry strategy in

which additional filters have been implemented with the goal to improve overall performance.

The two strategies were afterwards combined with a bond portfolio to create a group portfolio,
resulting in a Sharpe ratio of 0.46. The group portfolio had a lower Sharpe ratio, suggesting

that investing in other portfolios could lead to better risk adjusted returns.
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Financial Markets, Behavioral Finance, Stocks, United States, Europe
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1. Introduction
Investors should construct diversified, and risk adjusted portfolios. In previous individual
papers, two different portfolio strategies were constructed and analyzed, a behavioral finance
model exploring the cross-section of average realized returns in Europe and a Carry Trade
using currency data.
The purpose of this paper is to combine these models with other assets available to investors,
in this case with a bond portfolio, and create a group portfolio, better adjusted in terms of risks
to returns, benefiting from diversification in terms of assets and geographic regions used.
Additionally, the created group portfolio will be compared with other known portfolios: the
60/40 portfolio and the buy-and-hold stock portfolio.
In Section 2, the individual strategies will be described and analyzed, Section 3 explores the
combined portfolio by assessing different portfolios, Section 4 compares the group portfolio
created with other portfolios. Section 5 computes the regression analysis using the CAPM
model. Section 6 and 7, presents limitations and conclusion, respectively.

2. Individual Strategies
Two models were computed and analyzed to integrate the group portfolio, a behavioral stock
model in Europe and a Carry Trade using currency data. Each portfolio will be analyzed in
terms of economic motivation, strategy and performance overview.

2.1 Behavioral Strategy
Investors frequently fall by behavioral bias when managing their portfolio, resulting in losses
for their portfolio. Accounting for behavioral bias, in this case, the overconfidence bias and the
conservatism bias, results in predictability in return.
The behavioral factor model based on Daniel, Hirshleifer, Sun (2020) was computed to the
stocks of the European main exchanges. The model is constituted by a market factor to two

theory-based behavior factors, FIN factor exploring the overconfidence in issuing or
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repurchasing equity, and PEAD factor exploring investors conservatism in their underreaction
to earnings announcements. The purpose of the model is to explain cross-section of average
realized returns by hedging long and short positions in the stock market.
The strategy had a negative cumulative value of -93.83% and a Sharpe ratio of 0.1099 during
the period observed. However, when applying the model to market distress events, the model
is able to generate a positive returns, in 2008, 2009 and 2021, the model had annualized returns
of 144.59%, 66.57% and 422.53%, and Sharpe ratio of 1.257, 2.094 and 1.848, respectively.

2.2 Currency Strategy
This study evaluates a dynamic carry trade strategy in FX markets from 2013 to 2023,
incorporating momentum filters and stop-loss mechanisms to enhance performance and
manage risk. The Momentum 6M strategy delivered the highest annual returns, effectively
capturing trends and reducing downside risk compared to the pure carry strategy. Over the
period from 2013 to 2023, it achieved an average annual return of 29.32%, outperforming the
carry strategy on an average annual return basis. However, as previously noted, this figure is
likely influenced by the forward-fill technique applied in June 2013, and should therefore be
interpreted with caution. Despite this limitation, the strategy was selected for the group analysis
due to its strong performance potential. At the same time, the Momentum 6M strategy also
experienced the highest drawdowns, with an annual average of 17.89%, reflecting its
vulnerability during trend reversals and market stress. Moreover, its average Sharpe ratio is
0.61, which is the highest value of the compared strategies.

3. Combined Strategy
The two aforementioned strategies have been combined with a bond’s portfolio to better
construct a portfolio that maximizes return while minimizing the risk of individual investors.
Bonds provide a high risk adjusted return especially in times of uncertainty as financial crisis

(Chan et al., 2011). To do so, we will summarize each asset to be used in the group portfolio,
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followed by the correlation analysis between these assets, construction the group portfolio
optimization and analyze it.

3.1 Strategies Summary
Analyzing the individual strategies, we observe that the currency model provided the best

cumulative returns, 362.3%, and the best Sharpe ratio, 1.512, under the time in analysis (Figure

1).
Figure 7: Strategies Summary
Behavioral Model Bond Model Currency Model
Expected Returns 12.32% -0.92% 15.91%
Standard Deviation 89.22% 4.55% 8.86%
Sharpe Ratio 0.1099 -0.754 1.512
Cumulative Returns -93.82% -9.66% 362.3%

The chart displays the cumulative returns of three portfolios from 2014 to mid 2023: Behavioral
Model (orange), Bond Model (green), and Currency model (blue) (Figure 2). The Currency
model strategy shows a remarkable and consistent upward performance, particularly
accelerating from 2016 onward, significantly outperforming the other two portfolios. In
contrast, the Bonds portfolio remains relatively stable with minor fluctuations and maintains
slightly negative cumulative returns. The Equity Model, starting on a downward trend early in
the observation period, is able to recover in the period after covid. Overall, the chart highlights
that the momentum-hedged carry strategy achieves significantly higher cumulative returns,

while the other two strategies underperform in comparison.
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Figure 8: Cumulative Return Performance
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3.2 Correlation matrix
Examining the correlation matrix reveals the correlation between the different assets available
in the portfolio. As observed, the behavioral model and the bond model have a negative
correlation of -0.130. Additionally, the currency model and the bond model have a negative
correlation of -0.188 (Figure 3). The correlations between the assets are weak, suggesting that
integrating the assets in the same portfolio can lead to risk and volatility reduction benefiting
from diversity.

Figure 9: Correlation Matrix

Currency Model Behavioral Model Bond Model

Currency Model 1.000 -0.025 -0.188
Behavioral Model -0.025 1.000 -0.130
Bond Model 0.188 -0.130 1.000

3.3 Portfolio Optimization
Using the strategies described above, three portfolios were computed: the minimum variance
portfolio, tangency portfolio and equal-weights portfolio. Since the behavioral model and the
currency model are complex models that already include hedging positions, short positions are
not possible and, therefore, were not allowed for the computations of any of the portfolios. The

tangency portfolio maximizes the Sharpe ratio, achieving the optimal risk adjusted returns

53



portfolio. The Sharpe ratio, calculated as the portfolio's excess return divided by its standard
deviation, measures the risk-adjusted return of an investment. Observing the optimal weights
achieved in each portfolio, the bond model is not accounted in the tangency portfolio and the

behavioral model only accounts 0.98% (Figure 4).

Figure 10:
Weights (%) Behavioral Model Bond Model Currency Model
AU Ve {EEE 0.82% 83.86% 15.32%
Portfolio
Tangency Portfolio 0.98% 0.00% 99.02%
SeEIR L 33.33% 33.33% 33.33%

Portfolio

Markowitz (1952) developed the efficient frontier, accessing the set of optimal portfolio returns
for each level of risk (Figure 5).

Figure 11: Efficient Frontier
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3.4 Optimized Portfolio Statistics
The tangency portfolio is the optimal portfolio choice, having a better risk adjusted return,
maximizing the sharpe ratio, 0.4600, resulting in an annualized return of 36.31%. The
minimum variance portfolio presents the minimum standard deviation of 4.53%, a difference

of 31.78 percentage points in comparison with the tangency portfolio (Figure 6). The minimum
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variance portfolio presents a negative Sharpe ratio, partially a result of an higher portfolio
weight allocation on the behavioral model strategy.

Figure 12: Summary Statistics

. . Equal-weights Min. Variance
Annualized Tangency Portfolio Portfolio Portfolio
Return 36.31% 8.38% 0.27%
Standard Deviation 75.12% 29.43% 4.53%
Sharpe Ratio 0.4600 0.2255 -0.3263
Sortino Ratio 6.2205 0.5108 -0.2392
Cumulative Returns 20.578 1.222 0.027

4. Performance analysis

4.1 Methodology
In order to better assess the performance of the Group Portfolio, additional portfolios as the
60/40 portfolio and a buy and hold S&P500 Index portfolio will be computed to better
determined how the portfolio is positioned in terms of Return, Standard Deviation and Sharpe
Ratio. The performance of each portfolio was evaluated from August 2013 until June 2023.
The 60/40 Portfolio was computed using a weight of 60% equities, using as proxy the SPDR
S&P500 ETF Trust (SPY) and a 40% weight bonds using as proxy the Vanguard’s Total Bond
Market ETF (BND). The SPY portfolio was created using the buy and hold strategy for the
SPDR S&P500 ETF Trust (SPY).
The risk-free rate was derived by averaging the annualized rates over the given period from
2013 to 2023. The rates were provided as annual values specific to each year, reflecting changes
in macroeconomic conditions, monetary policy, and interest rate environments. These risk-free
rates represent the theoretical return an investor can achieve with zero risk over a given year,
typically approximated by government bonds or treasury yields. In order to analyze the
sensitivity of the results to changes in the risk-free rate, a shock analysis was conducted.

Specifically, the original risk-free rates have been adjusted by adding a range of shocks. For
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each shock, the adjusted rates were recalculated, and the average risk-free rate across all years

were determined (Figure 7).

Figure 13: Sensitivity Analysis on risk free rates
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4.2 Analysis

The SPY presents the highest Sharpe ratio, 0.6525, of the three computed portfolios. The group

portfolio has the highest annualized return, 36.31%. However, it presents the highest volatility,

75.12% (Figure 8).

Figure 14: Summary Statistics

Annualized Group Portfolio 60/40 SPY
Return 36.31% 6.35% 11.12%
Standard Deviation 75.12% 9.99% 15.12%
Sharpe Ratio 0.4600 0.5098 0.6525
Cumulative Return 20.578 0.837 1.817

In Figure 9, it is perceivable to observe the volatility variations over time and how the group
portfolio was able to achieve the higher level of volatility compared to other portfolios. The

group portfolio achieved the highest cumulative return of 20.578 over the period observed

(Figure 10).
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Figure 15: Portfolio Returns over time Figure 16: Cumulative Returns over time
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5. Regression Analysis

5.1 CAPM
The CAPM was applied to evaluate the performance of the Tangency Portfolio, using the MSCI
All World Index as the market benchmark. The assumed risk-free rate for this analysis was
1.25% annually. The purpose of the analysis was to measure the Tangency Portfolio's
systematic risk and its performance above or below the market's expected return, represented
by alpha.
The Tangency Portfolio's excess returns were calculated by subtracting the risk-free rate from
the monthly portfolio returns. Similarly, the market portfolio's excess returns were derived by
adjusting the MSCI All World Index returns for the risk-free rate. A linear regression was
performed, where the Tangency Portfolio's excess returns served as the dependent variable,
and the market's excess returns acted as the independent variable. This regression allows for
the estimation of Alpha and Beta.
The regression results indicated an annualized Alpha of 0.0565 and a Beta of -0.0112. The fact
that the tangency portfolio is below the security market line shows that the Tangency Portfolio
underperformed on a risk-adjusted basis, delivering returns below the expected market return
when accounting for the risk-free rate. Additionally, the negative Beta implies that the

portfolio's returns were slightly inversely related to the market's movements, although the
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magnitude is minimal. This indicates that the Tangency Portfolio exhibits little to no systematic

risk exposure.

Figure 17: Security Market Line and Tangency Portfolio
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The results are visualized in the Security Market Line graph. The SML represents the
theoretical relationship between Beta and the expected return under the CAPM framework. The
Tangency Portfolio's expected return is plotted as a red point on the graph. The deviation below
the SML reinforces the negative Alpha, while the positioning near the vertical axis highlights
the near-zero Beta. These results collectively indicate that the Tangency Portfolio's
performance does not align with market trends and suggests a lack of exposure to systematic
risk.

In conclusion, the analysis reveals that while the Tangency Portfolio carries minimal market
risk, it fails to outperform the benchmark on a risk-adjusted basis, as reflected by its negative
Alpha.

Limitations

First, the portfolio optimization was based on historical data from August 2013 to December

2023. Using a different time span could significantly change the optimal asset allocation. For
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example, including data from before 2013, when market dynamics may have differed, could
potentially alter the weighting for the behavioral model in the tangency portfolio.
Second, the data was obtained from Refinitiv Eikon. While a reputable provider, Refinitiv
Eikon’s data may not perfectly match that of other sources like Bloomberg or Refinitiv,
potentially leading to variations in the results.
Third, the analysis did not include trading costs, which can significantly impact real-world
investment returns. This omission may overstate the actual performance of the strategies.
Fourth, a forward-fill method was used to handle missing data points. This can introduce a
look-ahead bias, potentially leading to overly optimistic performance estimates.
Fifth, the MSCI All World Index used as a benchmark has its own limitations. It tends to be
overweight in US stocks and may not fully represent the global market. Additionally, it has a
high concentration of technology stocks, a sector known for its momentum behavior, which
could influence the results.

6. Conclusion
The behavioral factor strategy and the carry trade strategy were combined with a bond portfolio
to create a group portfolio. The correlations between the strategies are weak, suggest benefits
from diversification when integrated in the same portfolio. The purpose was to create a risk
adjusted return portfolio, therefore, maximizing the Sharpe ratio, obtaining a result of 0.46,
with an annualized return of 36.31%. Comparing with the 60/40 portfolio and a stock portfolio,
the group portfolio have a lower Sharpe ratio, the best cumulative return and a high value of

volatility, suggesting that investing in other portfolios could lead to better risk adjusted returns.
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