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Abstract

This paper tests the combination of five different sub-strategies, resembling the performance
of a multi-strategy hedge fund benchmarked against the popular buy-and-hold S&P 500
investing approach. The sub-strategies are: residual momentum, value including intangibles,
value and momentum, volatility forecasting, and a long short-term memory strategy, the latter
two being machine-learning-based, and all investing in the U.S. universe. The combined
strategy’s performance is analyzed by three weighting schemes: equal-weight, momentum, and
mean-variance, resulting in a gamut of robustness and performance. The combined strategies
reap diversification benefits, thereby giving investors a superior risk-reward trade-off compared

to the buy-and-hold S&P 500 approach.
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1. Introduction

This paper tests the combination of five different sub-strategies, resembling the performance
of a multi-strategy hedge fund. The intention is to find combined strategies that offer investors
in the hedge fund superior returns consistently in all market environments. This is mainly
achieved through the combination of different economic signals, through lowering the
correlation between the sub-strategies, and thereby improving the combined strategy’s risk-
return profile. The performance of the combined strategy is evaluated with common

performance measures and benchmarked against the popular S&P 500 buy-and-hold strategy.

The five strategy legs are the following: 1) residual value momentum, 2) Long Short-term
memory network, 3) volatility forecasting, 4) value and momentum, and 5) value including
intangible assets. The investment universe focuses on the U.S. equity market, and therefore the
S&P 500 universe. Strategy 1, 2, 4, and 5 trade U.S. common equity (stocks), while strategy 3
trades assets that emulate trading strategies to take volatility positioning. The combined strategy
is benefitting from diversification benefits as all strategies use different signals, resulting in
potentially wide correlations and performances among the strategies. Strategy 2 and 3 are based
on machine learning and aim to predict future returns and volatilities, respectively, while the
remaining three use classic trading signals based on price performance and fundamentals. The
in-sample period ranges from 01.01.2002 until 31.12.2011 and out-of-sample ranges from

01.01.2012 to 31.12.2021.

The analysis plots the individual as well as the combined strategies and then sorts through
differences in performance among the sub-strategies in different market environments. There
are three sub-strategies used. The first sub-strategy combines the five individual strategies with
the highest cumulative return based on equal weighted returns. The second sub-strategy is

constructed by the individual strategies that yield the highest combined Sharpe ratio. Lastly,



Group Part 1. Introduction Nova SBE

the third strategy uses a momentum approach. For each period, the strategy/ invests in the best
performing strategy of the previous time period. They are diverse sub-strategies, each by
themselves expanding existing literature by unique adjustments and an extended time frame.
Their combination furthermore forms the basis for a promising and interesting analysis,
especially as all revolve in the same equity universe. The evaluation of the strategies and
therefore the back-test is conducted with Python with data from Yahoo, CRSP or Compustat

through API’s.

The paper is constructed as follows. To start the analysis with a brief introduction to the
economic motivation and construction behind the individual strategies’ performance is
explained. The next section describes the underlying data set and preparation of each individual
strategy. After this, we compare the performance of the individual strategies, followed by the
combined strategy under different weighting schemes. Finally, we summarize and discuss the
results and limitations for practical implementation. The group members’ student IDs are:

48296, 48297, 46267, 50915, 48992
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2. Individual Strategy Profiles

This section introduces the five strategies and the economic motivation behind each, how
they extend the existing literature, as well as a brief summary of their stand-alone performance.
The five strategy legs are: 1) residual momentum, 2) long short-term memory network, 3)
volatility forecasting, 4) value and momentum, and 5) value including intangible assets. As
mentioned in the introduction, the common denominator of the strategies is U.S. equities and
the time frame. Nonetheless, the strategies also differ in several ways apart from the trading
signal. For instance, Strategies 2 and 3 are machine learning-based strategies, while the other
strategies use classic signals based on price performance and fundamental data. Furthermore,
strategy 2 trades volatility through ETFs or derivatives, while the other strategies focus on U.S.
common equity. For a more in-depth analysis of the individual strategies, we refer to the

individual papers.
2.1 Residual Momentum

The residual momentum strategy analyzed by Blitz Huij and Martens (2011) is derived from
the conventional momentum strategy. Contrary to the latter which is based on total stock returns
they investigate a momentum strategy on the basis of residual returns. The excess returns were
estimated using the Fama and French three-factor model, reasoning that momentum has
substantial time-varying exposures to the Fama and French three-factor-model. Grundy and
Martin (2001) find evidence in their paper that the factor models can explain 95% of winner
and loser return variability. Moreover, they argue that the main cause of the momentum
phenomenon comes neither from industry nor cross-sectional differences in expected returns.
They clearly distinguish between two return components, the “stock-specific-return” and
returns related to the Fama French factors. Thus, they determine the winner and losers based

on their “stock-specific-return” and compare those against total return winners and losers
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portfolios over the period of 1926 to 1995. In conclusion, they find the stock-specific-return

strategy to be significantly more profitable than the total return strategy.

Economically there are multiple indicators for why a residual momentum strategy might be
a good predictor for future returns. Apart from being a more profitable strategy compared to a
total return momentum strategy, the residual momentum strategy appears to have further
improvements according to Blitz, Huij and Martens (2011). Not only does the residual
momentum have a higher long-run average Sharpe ratio than the conventional momentum
strategy, but it seems to not have lost its profitability since the early 2000s. The latter confirms
the findings of Grundy and Martin (2001) that the negative returns of the moment strategy are
attributed to their time-varying exposures to the Fama and French Factors. Especially in 2008
and the first quarter of 2019, the total return momentum'’s negative market beta caused large
losses, whereas residual momentum strategy was less negatively exposed (Blitz, Huij and
Martens 2011). They argue in their paper that a residual momentum strategy can deliver not
only positive returns during expansions but also in recessions as it is market neutral. Moreover,
it is not critically dependent on a structural tilt towards small caps as it is nearly neutral to the

Fama and French Size factor.

In line with Blitz, Huij and Martens (2011) argumentation evidence is found that a residual
momentum strategy is able to perform well in times of expansion as well as in recessions. The
best performing portfolio achieved cumulative returns of 1070% of the whole period of 20 years
and outperformed the S&P 500 Index . However, most of the returns are attributed to the in-
sample period and the strategy even fails to outperform the S&P 500 Index during the out-of-

sample period.
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2.2 Long Short-Term Memory

In an attempt to gain a competitive advantage in the market over their rivals, corporations
are looking to integrate large data sets in the different decision-making processes. With the
exponential increase in information needed to be curated and analyzed, it becomes vital to adopt
systems capable of managing and processing said information. With this purpose in mind,
companies are allocating large portions of their investments to the artificial intelligence field,
with a particular focus in machine learning applications. Machine learning represents a
powerful tool in the data analytics and forecasting space due to their ability of handling large
sets of data and learning information over time from said data, leading to great results for
organizations in terms of optimization and efficiency.

In the finance space, machine learning models are currently being employed in different
areas across the industry, including stock market forecasting. Nowadays, multiple hedge funds
incorporate predictive algorithms into their quantitative trading strategies, with several studies
suggesting that deep learning algorithms have a great degree of prediction power. One report
that supports the usefulness of machine learning models in terms of stock market forecasting
can be found in detailed in Altay and Satman (2005). The authors implemented an artificial
neural netowork model in order to forecast the movement of the ISE National 100 Index, an
index tracking the performance of the Turkish stock market, using daily, weekly and montlhy
data. They were able to achieve impressive results, in particular when using montlhly data,
correctly prediting 78.3% of signs of index. A portfolio constructed on the basis of the model
employed in this study would have yielded a far better performance when compared to a simple
buy-and-hold strategy. To further enhance the literature in this space and analyze the potential
of a machine learning based quantitative strategy, a Long Short-Term Memory Neural Network
(LSTM) was implemented. These networks have been regarded as one of the best models to

use for stock prediction due to their capacity of processing sequential data in addition to
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extracting and storing important information, while dropping the information that is not
relevant.

The strategy was executed on the stocks that comprise the S&P 500 Index between the years
of 2002 to 2021, with the 2002-2011 period serving as our training dataset and 2012-2021
representing our test set. Since the strategy is outlined as a classification problem, the target
variable of the model acts as the trading signal, with the dependent variable only assuming two
distinct values: 0 or 1. In order to take advantage of long and short positions, the target was first
optimized to predict securities that would outperform the benchmark, the S&P 500 index, by at
least 0.5% (the model predicted 1 if outperformance was identified, or O otherwise) and,
afterward, the target was employed to predict the stocks that would underperform the
benchmark by the same threshold utilized previously (the dependent variable output would be
1 if underperformance was predicted, or O otherwise).

With the predictions, two strategy portfolios were constructed: the Long Portfolio, which
goes long on the stocks predicted by the model to outperform the benchmark, and the Long-
Short Portfolio. The latter does also shorts the stocks predicted to underperform the S&P 500
Index, in addition of going long on the same securities of the Long Portfolio. At the end of each
period, both portfolios are rebalanced to consider the new predictions of the model. Overall,
the long portfolio generated the best performance, achieving a cumulative return during the out-

of-sample period of 229.80%.

2.3 Volatility Forecasting

Financial Markets’ consent for derivatives pricing is the Black-Scholes model. As explained
by Sinclair (2008), this model allows to account for all possible, and by their probability
weighted outcomes in price development of the underlying. The volatility that is reflected in
the price of a derivative resembles the expectation of future volatility by the market. Known as

the implied volatility, it is also called the “investor fear gauge”. Naturally, the question arises
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how good of a prediction of the future the implied volatility is. Accordingly, if there is a way
to estimate future volatility more accurately than what the markets’ expectations are, an alpha
can be generated. (Sinclair 2008)

Beside the implied volatility, there are two other pillars that research bases on to evaluate
future volatilities: Time-series volatility models and neural networks. While Engle (1982) laid
the cornerstone of time-series models with the autoregressive conditional heteroskedasticity

(ARCH) model, the first neural network approaches only recently started to gain attention.

The strategy analyzed in the course of this paper attempts to accurately forecast volatility by
making use of various time-series model, built on the foundation on the ARCH. Furthermore,
also neural network approaches are implemented that range from simple linear regression
models to recurrent neural networks. Before developing a successful trading strategy, these
models are evaluated for their performance, where ultimately the best time-series model, as
well as the best neural network are chosen to forecast volatilities. After accounting for the
volatility risk premium, said forecast is then to be compared to the expectations of the market,
the implied volatility. The volatility risk premium corresponds to a deviation from the implied
volatility to the realized volatility. For further explanations about the volatility risk premium,

please refer to the individual part.

If, on the one hand, the forecasted volatility lies above the adjusted implied volatility of the
market, a signal that indicated long volatility position is created. On the other hand, when the

forecasted volatility lies below that level, a signal to short volatility arises.

The volatility in this strategy is either traded through exchange traded funds, attempting to
emulate the VIX, or through monthly options on the S&P 500. Please refer to the group part for
an in depth description of the instruments used. While both methods, with both ways to forecast
volatilities, yield attractive returns, they are very volatile. Due to a short track record, the VIX

ETF strategy is only tested on the out-of-sample period of 2012-2022. However, in that time
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frame, the daily positions taken, result in a pleasant performance, that stands out with a large
negative Beta regarding the S&P 500. When trading the volatility through options, where an
index is used that tracks covered short straddles on the S&P 500, the performance is evidently
lower. Here, monthly rebalancing and forecasting is applied. Due to the covered nature,
however, investors are awarded with a lower volatility in performance. However, also here, low

Betas make the performance very appealing.

Interestingly, both ways to trade volatility not only achieve profitable performances, but also
demonstrate a neural network approach that is superior to the best time-series model from the

ARCH-family.

2.4 Value and Momentum

This sub-strategy is a two-leg trading strategy that allocates portions of the portfolio based
on value and momentum factors. Literature shows that both momentum and value strategies
earn consistent and significant premia and are therefore widely discussed market anomalies
(Jegadeesh and Titman 1993; Fama and French 1992). Asness (1997) finds that measures of
momentum and value are negatively correlated across stocks, yet each is positively related to
the cross-section of average stock returns. This begs the question of whether a portfolio
combining the two could achieve an even higher Sharpe ratio by reaping diversification

benefits.

The idea is that value strategies work and are strongest in low-momentum (loser) stocks and
weakest among high-momentum (winner) stocks, while momentum strategies are strongest in
these expensive (winner) stocks. Asness et al. (2013) confirm the superior performance of the
combined strategy across diverse markets and asset classes with a fixed 50/50 portfolio in a
time series up to 2011. However, with fixed weights, one captures the negative returns and large

drawdowns that the momentum strategies achieve in market crashes (Barroso and Santa-Clara
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2015), while value strategies tend to perform better in these times. Conversely, in longer-dated
market bull runs momentum tends to perform better. This paper expands the existing literature

by adjusting weights between the two based on market volatility to reflect this dynamic.

In conclusion, momentum and value continue their negative correlation in the recent past,
and as a result, a combined strategy reaps diversification benefits, allowing for a better risk-
return trade-off measured as a higher Sharpe ratio. Additionally, to the extended time frame,
allocating overweight into momentum and underweight in value when market volatility is under
a certain threshold and vice versa allows to enhance the strategies Sharpe ratio further. As
assumed, this enables to limit negative returns in market turmoil, while Kkurtosis is largely
unaffected or increases only slightly. It appears most benefits to limit kurtosis, skewness,
minimum monthly return, and maximum drawdown are already realized in the equal-weight
strategy, while the volatility-based allocation still enhances returns slightly. Testing out-of-
sample the same improvements in Sharpe are found between equal-weight and volatility-based.
However, the superior performance of the two strategy legs in the past, in general, stands out.
Momentum L/S interestingly seems to have stopped working post-2008, while cumulative

returns from the value L/S deteriorated continuously from there.

2.5 Value including intangibles

After the global financial crisis in 2007, value investing seems to have lost its edge to growth
investing, experiencing its deepest and longest lasting drawdown since 1963 (Arnott et al.
2020). Value investing is defined as a portfolio going long on the stocks with the highest book-
to-market (B/M) ratios and going short on the stocks with the lowest B/M ratios. As a result,
there is a risen debate about the continued relevance of value investing. It even led to investors
arguing that value investing is “dead”. In the recent literature, there are some counter arguments
against the “value is dead” argument. First, value stocks have tumbled in value relative to

growth stocks. Second, the traditional B/M ratio fails to capture the value of intangible assets.
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Therefore, it understates the book value of a firm. Academics found better results introducing
a new factor (iIHML) for value investing, which capitalizes intangibles into the book value (e.g.
Li 2022). However, Berkin et. al (2022) concluded that the performance efficacy of the HML
factor has decayed at a much faster rate in High Intangible Industries (High 1) compared to

Low Intangible Industries (Low I1).

This strategy tests the performance of the traditional HML factor compared to the iHML
factor. Both the HML factor and iHML factor are constructed in High Il industries and the Low
Il indsutries. By doing this, we observe that the drawdown of value stocks is only based on the
performance of the portfolio in the High Il industries for both the HML factor and the iHML
factor. The long-short strategies in the low Il industries did not experience such a drawdown
over the out-of-sample period. Furthermore, by constructing equal-weighted returns, the
performance of value stocks increases compared to the performance based on value-weighted
returns, which is commonly used in literature. Based on these findings, we propose an equal
weighted long-only strategy in value stocks. In the out-of-sample period, all portfolios in both
industries outperformed the SPX. Furthermore, the iHML factor outperformed the traditional
HML factor in both industries. Nonetheless, the relative performance is not as significant in the

in-sample period. The HML factor even slightly outperformed the iHML in high Il industries.
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3. Data descriptions

This chapter provides a brief overview of the data sourcing and the data preparation on all
the individual strategies. The time frame of all the strategies is the same in order to perform a
proper comparison. In addition, to perform the correct analysis in the combined strategy section,
the value and momentum strategy, the LSTM and the value including intangibles strategies’
monthly returns out of the individual parts have been converted into daily returns to match the
return series of the remaining two strategies, which likely caused a slight smoothening of

returns.
3.1 Residual momentum

The data for the residual momentum strategy has been retrieved from the Wharton Research
Data Services WRDS web page and data ranges from 01.01.2002 to 31.12.2021. It’s a
combination of two data samples where the first data sample consisted of a historical composite
of S&P 500 stocks with daily returns and the corresponding stock specific information such as
ticker, permno, market capitalization, number of share outstanding and trading volume. For
each individual year the actual composition of the S&P 500 was utilized and then merged to

ensure having the correct compositions.

The second data sample is generated with an analytic tool called “Beta Suite by WRDS”.
Beta suite was launched in November 2016 by the WRDS research team and is a powerful web
tool allowing individuals and researchers to compute stocks loading on various risk factors. It
is designed to be flexible is capable of handling monthly, weekly, and daily regressions.
(WRDS , 2016). Beta suite offers three regression models to calculate excess returns from
which the CAPM and the Fama-French 3-factor model is used to determine excess returns. The

estimation window applied on the regression is set to 252 days with a minimum window size

15
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of 126 days. The second dataset generated comprised of excess returns, estimated betas,

idiosyncratic and total volatility for each individual stock.

The final dataset consists of both daily estimated parameters and daily actual market data.
Datapoints were dropped that had less than 6-month of consecutive returns. This is important
to ensure an appropriate comparison of cumulative returns for each stock for the analyzed

period.

The residual momentum strategy applied in this analysis is based on previous research
performed by (Blitz, Huij and Martens 2011). To contribution from a different angle on to the
residual momentum research, not only Fama French 3-factor model excess returns are used to
construct the investment signal but also CAPM excess returns. Moreover, within the
constructed portfolios different weighting schemes are applied. The weighting schemes applied
are simple equal weights, value weights based on market capitalization and a weighting based
on the annualized return volatility of each stock. The return volatility was computed on a rolling
basis of past 6-month returns to be in line with the signal estimation window of 6-month. Blitz,
Huij and Martens (2011) in contrast computed only equal weighted portfolios to remain in line

with previous research.

The first step to implement the strategy is to construct the signal. The signal indicates
whether a certain stock will be bought or sold. In order to elaborate the signal cumulative excess
returns are calculated over a window of 6 month or 126 days, assuming a business year has 252
business days. Jegadeesh and Titman (1993) argue that the ideal window of a momentum
strategy lies within 3 to 12 months. Thus, 6-month are in line with the optimal time frame
determined by Jegadeesh and Titman (1993). In contrast, Blitz, Huij and Martens (2011) use an

estimation window of 12 month.

Based on their past 6-month cumulative excess returns, stocks are divided into decile or

tercile. This resulted in stocks having performed best over the last six month being grouped to

16
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the top decile/tercile and stocks having performed worst over the last six month being grouped
to the bottom decile/tercile. The portfolios get rebalanced daily and consequently the holding
period for the portfolios is fixed to 1 day. This differentiated the analysis performed further
from Blitz, Huij and Martens (2011)’s paper who focused part of their research on finding the
ideal holding period and therefore compared holding periods of 1-month, 3-month, 6-month

and 12-month.

3.2 Long Short-Term Memory

To make sure the model could make accurate and robust predictions, a diversified set of
features was applied to the Long Short-Term Memory network. Contrasting with other studies
in this area, financial indicators specific to each stock retrieved from their respective balance
sheets and profit and loss statements (such as but not limited to, the company profit margin,
dividend growth and return on assets) were incorporated into the model in an attempt to improve
the predictive power of the algorithm. In addition to the latter, technical indicators computed
from historical data (including the moving average convergence divergence, the relative
strength index and the stochastic oscillator) and trend indicators in order to include information
about the United States economy. The trend indictors used in the model comprise the business
confidence index, which tries to incorporate future information about the US economy since its
constructed upon surveys where firms are asked about their future expectations, the consumer
confidence index, which is also based upon surveys but measures the optimism that consumers
have about the overall state of the American economy, and the CBOE Volatility Index, which
represents the stock market’s expected volatility over the next thirty days. In addition, the
monthly returns of the Standard & Poor’s 500 Index were also fed into the model, acting as our
benchmark.

Following the data collection process, several techniques were implemented in order to

improve and refine the long short-term memory network. First, a MinMax scaler was applied

17
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to scale the dataset in the interest of retaining the original significance of the model features.
Afterwards, the recursive feature elimination method was employed used to perform feature
selection in order to guarantee the model made the predictions using the most consistent and
relevant features to the problem in question. Overall, three financial indicators and two
technical indicators were removed from the algorithm, with the final model including 16
features of the 21 that were originally tested.

On the whole, the long short-term network was much more prone in predicting securities
that would outperform the benchmark, with an average monthly forecast of 21 stocks in this
aspect. The maximum number of outperformers predicted in a single month by the model was
37 stocks, while the minimum number of outperformers forecasted was 11 stocks. In terms of
underperformers, the average monthly prediction computed by the algorithm was 9 securities,
with the maximum and minimum number of stocks predicted to underperform in a single month

being 17 and 4 respectively.

3.3 Volatility Forecasting

The volatility forecasting is conducted on the S&P 500. Accordingly daily SPX closing
prices from 2002 until 2021 are retrieved from Yahoo Finance. Furthermore, to develop the
signal, as proxy for the at-the-money SPX implied volatility, closing prices of the VIX are
retrieved. To trade the signal, closing prices of the VIXY, and the SVXY from their respective
inception date are also downloaded from Yahoo Finance. When backtesting the signal through
the use of options, a proxy index selling covered short straddles is used. This index, the CMBO,
can also be retrieved for the full sample period of 20 years directly from the Chicago Board

Exchange.

By using the historic volatilities of the S&P 500, the volatility forecasting is conducted with
16 different variations. On a 20-year time-window, using a train-test split with a shifting

window to compare the forecast with the actual datapoint, the models are evaluated. The

18
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methodologies range from simple baseline models, over time-series models and neural
networks. The underlying assumptions and model specifications can be found in the individual
part. Finally, the time-series models, as well as the neural networks, each convey a model
superior to the best primitive baseline approach. From each group, the best performing model
according to the metric of Root Mean Squared Percentage Error is chosen to develop the trading
signal. For the time-series models this is a TARCH (1,2,0), and for the neural networks a

multivariate bi-direct LSTM model with two layers.

To develop the signal, again, these two are trained from scratch, but on the time frame of the
in-sample period. While the two machine learning models have slightly different ways of
having the data fed to them, the expectation is that they yield similar results, with the LSTM
performing slightly superior. The forecasted one month realized volatility, which is the output
received from the models, is then compared with the one month implied volatility in the form
of the VIX. The implied volatility, however, contains an observable premium over the realized
volatility. This is the so-called volatility risk premium. For further explanations please refer to
the individual part. In this project, by factoring out the previous’ day volatility risk premium of
the difference between forecast and implied volatility, a unique way of dealing with this issue
is attempted. Finally, the signal to buy or sell volatility arises, when the forecast lies above or

below the adjusted implied volatility level, respectively.

This signal indicates whether on any given inspection time of observation, a long volatility
or a short volatility position should be taken. By rebalancing futures, the VIXY tries to emulate
the VIX. As explained in the individual part it is risky to short-sell this ETF. Therefore the
SVXY, a short VIX ETF is chosen to short volatility. A long volatility position would then
correspond to a position in the VIXY, whereas a short volatility position would correspond to

a position in the SVXY.

19
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Another way to trade volatility is through options. Theory shows that a straddle, where the
investor buys a call and buys a put with the same strike is the best way to take a long volatility
position with options. The CMBO is an index that tracks the performance of selling monthly
puts and calls, while covering them with long SPX and Treasury positions. In spite of the fact
that it is technically not a straddle, but a strangle with a strike gap of 2%, it is considered good
enough of a proxy for the purpose of this back-test. Here, a long volatility signal would result
in a short position in the CMBO, while a short volatility position results in a long position in

the CMBO.

3.4 Value and Momentum

This strategy’s data is based on a combination of CRSP and Compustat data sourced from
WRDS, comprising monthly returns for companies in the U.S. equities universe comprising the
CRSP stock codes 10 & 11, as it is standard in prior literature. The equities universe comprises
ordinary common shares and excludes ADRs, REITs, companies incorporated outside the U.S.,
trusts, and closed-end funds. The investable equities universe is further restricted to exclude the
lowest market capitalization decile firms, to ensure sufficient liquidity and trading volume in
the stocks and spreads, as well as comparability to prior literature. Diverging from the
remaining strategies, the in-sample period in the individual part encompasses the full 20 years
from 01.01.2002 to 31.12.2021, as out-of-sample tests are conducted in the estimation windows
of the most relevant prior literature. However, for the combined analysis, the return series is

simply split into the two separate 10-year windows.

The value strategy leg relies on the common book-to-market value indicator, with annual
data sourced from Compustat and lagged six months to ensure data availability at the time, as
commonly done. This data is then merged with the current CRSP market capitalization each
month, to arrive at the book-to-market ratio. The momentum strategy leg relies on 12-month

raw cumulative return measures based on monthly price performance. For the volatility signal,
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daily S&P 500 returns are sourced from CRSP and rolling annualized volatility is computed
based on the past 30-day returns. The volatility levels at each month's end are then merged with
the monthly returns of the remaining securities. For portfolio construction, the equities universe
will be split into deciles based on performance in terms of the value or momentum signal over
a certain formation period J (1 month on value, 6 months in momentum in the base case), and
the strategy will keep the long-short position for the holding period K (6 months for both legs
in the base case). Therefore, in any given month t, the strategies hold a series of portfolio that
are selected in the current month as well as in the previous K — 1 months, as done in the
significant momentum literature by Jegadeesh and Titman (1993). The weighting between the
two portfolios is equal-weight or fixed 70/30 weighting, depending on the volatility of the S&P

500.

3.5 Value including intangibles

The data for the strategy is retrieved from the WRDS database. The CRSP database is used
for the monthly returns of U.S.-based common equities with share codes 10 and 11. The
delisting returns (if applicable) are added to the total monthly return of the stocks. In order to
split the data sample into High Il and Low Il industry classification, the four-digit Global
Industry Classification Standard (GICS) is used. Accounting data is retrieved from the

Compustat database.

Book Equity is calculated as SEQ + TXDITCS — PSTKRV. SEQ is the stockholders’ equity,
TXDITCS is the balance sheet deferred taxes and investment credit, and PSTKRYV s the
redemption value of preferred stock. If PSTKRYV is not available or zero, the value of the
preferred stock is computed based on the total preferred stock liquidating value (PSTKL). If
PSTKL is also not available, the value of preferred stock is set to the total preferred stock

capital. (PSTK). Otherwise, the preferred stock is set to zero.
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The annual R&D expenses is measured as the data item XRD in Compustat. Missing values
of XRD are set to zero. We measure annual SG&A as XSGA — XRD — RDIP. There are some
exceptions for this computation. If XRD > XSGA and XRD < COGS, we measure SG&A as
XSGA. If XSGA is missing or zero, we also set SG&A to zero. The Compustat standardization
model includes annual R&D expenses in the XSGA data item, unless the company allocates
this cost as COGS. Therefore, XRD is subtracted from XSGA, unless we allocate R&D to

COGS.

In order to compute the BE/ME breakpoints for year t, we only use the NYSE stocks in
accordance with Fama and French (1993). The breakpoints are separately calculated for the
HML factor and the iHML factor. For the size breakpoints, data from the Kenneth French

library is utilized. The industry groups are split after the computation of the breakpoints.

we exclude firms with total assets under $5 million in order avoid illiquid, unfrequently
traded assets. Moreover, financial institutions are excluded from the sample given the deviating
nature compared of the industry compared to other industries. Firms with negative book value

are excluded from the sample as well.

3.6 Limitations

For all projects, general limitations are to be considered. First, no bid-ask spread is
considered and all strategies are done without factoring in transaction costs. In addition, all
strategies assume borrowing to be available and short-selling to be possible in case the asset
allows to do so in normal market conditions. Finally, free market access and daily rebalancing
are possible without any trading restrictions. The back-tests were done with these presumptions

put in place.

With in- and out-of-sample tests, overfitting the data should be mostly ruled out, specially

when considering the three non-machine-based-learning strategies use rather conventional
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signals, not further adopted to the time frame. A forward-looking bias should be avoided by
lagging fundamental data. However, not all strategy legs account for transaction costs and short
funding costs, which would soften returns further. Also, common issues with using day-close
prices or month-close prices occur, not being able to fill orders at that exact price and quantity
in practice. A difficulty with the combined strategy is the different rebalancing times, as the
residual value uses daily rebalancing, while the remainder uses monthly returns in the combined
part. The most critical implementation issue likely arises from the identical investment universe
the five strategies use, as different strategy parts might be long and short the same security at

the same time.

In terms of the machine learning-based strategies, some specific limitations should also be
noted. Data collection and feature selection are crucial steps when building a predictive
algorithm and an incorrect decision during this process can substantially alter the results
achieved later in the model. It is not only important to collect enough data but also to choose
the correct and relevant information to avoid typical machine learning problems such as an
overfitting or underfitting model. Another critical procedure to an accurate algorithm is
hyperparameter tuning. Unlike parameters, which are derived and learned from the dataset itself
during the training process, hyperparameter values are specified by the user before the training
stage in order to assert the values of model parameters that the algorithm ends up using. This
means that they are very susceptible to human error and can, to a large extent, also dramatically

change the final results one obtains.
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4. Combined Strategy Analysis

In the following, first the individual sub-strategies’ performance is analyzed, followed by
the combined strategy, benchmarked in three distinct weighting schemes. The in-sample period
ranges from 01.01.2002 until 31.12.2011 and out-of-sample ranges from 01.01.2012 to
31.12.2021. Out of the individual parts, the strategy portfolios with the highest cumulative
returns were chosen, as opposed to the highest Sharpe ratio. The combined strategy is expected
to reap diversification benefits from the combination of the different strategies, since their
investment is based on distinct economic signals. One important thing to note about the
combined strategy is that all sub-strategies revolve around the same equities’ universe, so

diversification benefits from the mere allocation into uncorrelated asset classes are not captured.

In the individual residual momentum strategy part, 36 different portfolios were compared
with two factor models being applied, totaling 18 portfolios for each factor model (please refer
to section Data and Methodology in the individual analysis for further elaboration). The 36
portfolios were compared based on their cumulative return, their Sharpe ratio, the significance
of alpha generated and the tracking error. Overall, the long only volatility weighed portfolio
generated the highest cumulative return in addition to the highest Sharpe ratio. The signal to

construct portfolio was generated through CAPM excess returns.

In terms of the long short-term memory network strategy, the portfolio chosen to be included
in the combined analysis ultimately relied on the long portfolio, since, out of the two portfolios
tested in the individual strategy, the long portfolio performed considerably better during the full
sample period. In addition to that, it is a more diversified portfolio in terms of the number of

securities included, due the reasons mentioned in the data description section.

As for volatility forecasting, the long only (short volatility) CMBO strategy with the signal

developed by the LSTM is used for the comparison. While the project of volatility forecasting
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technically also contains a better performing strategy when using the daily ETFs positioning on
the VIX, this is not suitable, since it is only tested on the out-of-sample period. Therefore, to
cover the whole time frame, the best performing strategy using optionality is chosen to be
compared with the other strategies. Because this strategy consists of monthly covered short-
straddle positions, the upside in any given month is limited. However, this should also result in
a relatively macro environment neutral strategy. Due to the monthly rolling of the option
position the return graphs can look very smooth relatively to the (daily) equity portfolios it is

compared to.

For the value and momentum sub-strategy, the best performing L/S variant using top and
bottom third of the US equities for both strategy legs is used, ranking securities by their
performance among these factors at the end of each month, buying the top third and selling the
bottom third. The portfolio is weighted 70/30 between them based on past 30-day annualized
S&P 500 volatility signal, which is the main performance improvement developed in the

individual part.

Regarding the value including intangibles strategy, the iHML long only strategy in the High
Il industries is used in the comparable analysis. The strategy invests each year in the top 30%
in terms of book-to-market value. The measurement of the book-to-market value in this
strategy, however, deviates from the traditional measure by adding intangibles to the book
value. The iHML long only strategy in high Il industries is the best performing strategy out of
all strategies tested and compared in the individual report, overperforming them all in terms of

cumulative returns and Sharpe ratio.

In the base scenario, the five sub-strategies are combined in an equal-weight portfolio.
Afterwards, out of the individual sections, two variants of the sub-strategies are plotted against
each other 1) the portfolio with the highest Sharpe ratio and 2) the portfolio where we use

momentum as a signal. A notable drag to the efficient combination is the frequent rebalancing
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in some of the models. All strategies are code-based and can thereby be automated in their
execution, which supports practical implementation. Since all individual strategies are
implementable, as discussed in the individual parts, also the combination of them is. With the
given weights, at any given inspection point, the portfolio of strategies would just be shifted
accordingly. However, as all individual strategies use the same universe, one sub-strategy might
be long a certain stock while at the same time another is short, posing a difficulty for practical

implementation.

The historical price performance of the combined strategy and its sub-strategies are
evaluated by their risk-reward profile expressed by the Sharpe ratio and other common
performance measures such as the alpha generated, associated tracking error and information
ratio. The analysis provides insights into the performance of the strategies and their variations
over time, highlighting some important strong points and shortcomings. Furthermore, the
strategies are also benchmarked against a buy-and-hold S&P 500 strategy in order to better
understand how they perform relative to the overall market. A 60/40 stocks/bonds portfolio is
not used in the comparison, as all strategies comprise equities and derivatives exclusively.
Additionally, the respective correlations of the five individual strategies are also discussed in

the analysis, in order to better understand how they interact and relate to each other.

4.1 Individual strategies performance review

The performance of the individual strategies is compared over the full 20-year horizon and
then split into the in-sample and out-of-sample periods (see Table 1). This is crucial to gain
insight into what strategy works best in which market environment, highlighting the potential

diversification benefits of the combined strategy.
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Table 1: Metrics of individual best strategies

2002-2021
Table 1 shows the main metrics for the performance of all strategies and respective signals for the full period of 2002-2021
with the S&P500 as benchmark.

Strategy Cumulative Annualize(_j Annualized Beta Tracking Inform_ation
Return Sharpe Ratio Alpha Error Ratio
Volatility forecasting 278.59% 1.01 1.54% 0.18 6.05% 0.26
Volatility forecasting 1S 76.06% 0.73 1.47% 0.21 6.66% 0.22
Volatility forecasting OOS 115.03% 1.39 1.70% 0.14 5.34% 0.32
Value and momentum 45.50% 0.22 0.12% -0.01 1.90% 0.06
Value and momentum 1S 42.84% 0.48 0.27% -0.01 2.29% 0.12
Value and momentum OOS 1.91% 0.03 0.01% 0.00 1.52% 0.01
LSTM Network 866.04% 0.99 1.05% 0.75 10.21% 0.11
LSTM Network IS 231.93% 1.31 1.45% 0.81 13,19% 0.10
LSTM Network OOS 229.80% 0.54 0.80% 0.70 9.37% 0.13
Value including intangibles 1151.15% 0.77 0.98% 1.10 4.68% 0.21
Value including intangibles IS 199.65% 0.62 0.92% 1.12 5..23% 0.18
\égée including intangibles 600.61% 1.20 1.04% 1.06 4.19% 0.25
Residual momentum 1073% 0.64 0.93% 1.09 11.42% 0.08
Residual momentum IS 347% 0.74 1.08% 1.20 15.47% 0.07
Residual momentum OOS 160% 0.56 0.83% 0.96 8.78% 0.10

During the full time frame, despite being only the third best strategy returns-wise during the
in-sample period, the value including intangibles strategy outperforms the other individual
strategies in the analysis with a cumulative return of 1151.15%. After picking up some heat at
the beginning of the out-of-sample period, this strategy really shines after 2020, achieving

impressive results after a considerable dip due to the coronavirus pandemic stock market crash.

At the other end of the spectrum and standing out as one of the two individual strategies to
underperform the S&P 500 Index sits the value and momentum strategy, with a cumulative

return during the 20-year period of 45.50%. Contrasting with the value including intangibles
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strategy, this strategy obtains considerably worse results during the out-of-sample period
acquiring a cumulative return of 1.91%, a major difference when compared to the 42.84%

earned in the in-sample period.

The residual momentum strategy is the best performer during the in-sample period, finishing
2011 with a cumulative return of 347%. Interestingly, this strategy sees a great boost in its
returns in two distinct moments: the first occurs during the in-sample period, after the 2008
financial crises, and the second happens after the 2020 coronavirus pandemic, suggesting that

this strategy performs particularly well during stock market recovery periods.

Like the residual momentum strategy, the Long Short-Term Network strategy also obtains
good results during the full time frame, performing similarly during the in-sample and out-of-

sample periods and achieving a cumulative return at the end of 2021 of 866.04%.

In terms of the volatility forecasting strategy, the good performance during the 2020 stock
market crash stands out, with the strategy withstanding that specific time frame without any
major dips. However, during the full sample period, the strategy achieves a cumulative return

of 278.59%, underperforming the S&P 500 Index.

Regarding the risk profile of the individual strategies, during the full sample period, the
volatility forecasting strategy performed best with a Sharpe ratio of 1.01. This is the only
strategy able to achieve a Sharpe ratio above 1 during the entire time frame, suggesting that the
other strategies, despite the impressive results obtained by some, are underlined by a great
degree of risk and volatility. Since the volatility forecasting strategy essentially collects a steady
premium by selling straddles, this makes sense. Therefore, less volatility in the performance is

to be expected.

In this aspect, the value and momentum strategy performed the worst with a Sharpe ratio of

0.22, demonstrating that the strategy doesn’t provide an adequate return rate for the risk that it
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possesses. For the other three strategies, despite obtaining good returns during the full sample
period, the Sharpe ratios also suggest that they may take on excessive risk for the performance
they end up achieving.

Figure 1: Strategies comparison

2002-2021
Figure 2 plots the performance of the best returns of all strategies from 2002 to 2021. As a benchmark the S&P 500 is plotted
as well. While some strategies seem way more volatile than others, this is mainly due to the differences in daily and monthly

returns.
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In terms of excess returns relative to the market, all five strategies produce a positive alpha
for the full sample, in-sample and out-of-sample periods, meaning that they all manage to
generate excess returns relative to the market. Once again, the volatility forecasting strategy
stands out from the rest with an annualized alpha of 1.54% for the entire time frame and, on the
opposite side, the value and momentum strategy is the worst performer when it comes to this
criterion, generating an annualized alpha of 0.12%. This can also be well observed in Figure 1
as the volatility forecasting strategy shows very low volatility throughout the whole period
while standing out with a low beta of 0.18. This, accounting for the decent return, also explains

the highest alpha.
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Regarding systematic risk, the value and momentum strategy is the only in the analysis that
generates a negative beta (-0.01 for the in-sample and full sample periods) suggesting that the
strategy has an inverse relation with the market, meaning that it tends to increase in profitability
when the overall market falls and vice versa. This may explain the overall underperformance
of this particular strategy since the market, during the full sample period, generated positive
returns for the investors. The value including intangibles and the residual momentum strategies
both generated betas above 1 during certain time frames, suggesting that they were more

volatile than the overall market in those specific periods.

In order to check if the chosen benchmark is appropriate and if the strategies are indeed
loading up on additional risk factors, the tracking error is computed. Taking into consideration
the general literature consensus, where an annualized tracking error above 6% suggests that the
benchmark is not ideal for performance analysis, it’s possible to conclude that for the long
short-term memory strategy and the residual momentum strategy the benchmark used in the
analysis may be inappropriate since both strategies generate tracking errors well above the
threshold for all periods analyzed. The other three individual strategies all produce tracking
errors below the 6% mark, apart from the volatility forecasting strategy, where a slight violation

occurs during the in-sample and full sample periods (6.66% and 6.05% respectively).

To conclude the individual strategies analysis, the information ratio (IR) is also calculated.
This metric allows us to measure the strategies’ risk-adjusted returns relative to the benchmark.
We consider once again the literature consensus on the topic, which states that annualized
information errors above 0.5 are considered adequate. In terms of this indicator, all strategies
generate subpar results in all three periods. The highest information ratio is achieved by the
volatility forecasting strategy during the out-of-sample period, with an IR 0.32, while the lowest

information is produced by the value and momentum strategy, with an IR of 0.01.
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In order to explore and understand potential diversification benefits, it’s vital to analyze the
correlation between the five individual strategies. Since all of them are built from different
underlying economic drivers, the expected and desired result is to generate low correlation
values between the strategies. When reviewing this metric for the sub-strategies over the 20-
year period, it surprisingly stands out that most strategies approximately trade like a basket,
with correlation values above the 0.9 mark. The one notable exception is the value and
momentum L/S strategy, which has mostly correlation values ranging between the 0.3 and 0.4
thresholds with the remaining strategies. As a result, the combined strategy earns the most
diversification benefits when the value and momentum L/S strategy is included, thereby
lowering volatility and overall risk. However, due to the poor performance of this individual

strategy, its inclusion will also most likely damps the returns of the combined strategy portfolio.

Figure 2: Correlation of individual best performers

2002-2021
Figure 3 shows correlation of the best return portfolios with each other, as well as with the benchmark index S&P 500. Most
strategies seem to yield a market like performance.
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To further explain and understand the above findings and in the hope of getting a better grasp
of the unexpected results obtained from the full sample period, it becomes necessary to look at

the in-sample and the out-of-sample comparison.
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Figure 3: Performance in-sample vs out-of-sample

2002-2021
Figure 4 shows in-sample and out-of-sample graphs of the performance of each strategy if 1 dollar was invested in each strategy
at the beginning of each period.
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Illustrating the in-and out-of-sample performance in Figure 3, there are notable differences
in the performance of the same strategies in the two time periods. Beginning with the in-sample
period, notably, all strategies outperformed the S&P 500 overall and especially in the great
financial crisis of 2008 (see Figure 3). Overall, the residual momentum performance stands out,
achieving the highest cumulative returns, followed by LSTM, with value catching up post the
great financial crisis. Volatility forecasting and value and momentum remain rather stable with

comparably low volatility, still outperforming the benchmark.

During the great financial crisis, in particular, the residual momentum and value strategy
experienced larger drawdowns, however, achieved higher returns prior to the crisis, thereby
remaining above the S&P’s low. The volatility forecasting strategy remained rather muted
during the crisis, while LSTM and value and momentum achieved positive returns during that

time.
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Conversely, during the out-of-sample period, the strategy comparison forms a different
picture. In total cumulative return, the S&P 500 performance is only matched by value strategy,
with LSTM matching and losing only in 2021. In contrast to the in-sample-period, residual
momentum performs about flat until the stock market crisis due to the global corona pandemic
in 2020. There, after a small dip, it rallies strongly with the overall market rebound in the S&P
500. Notably, the volatility forecasting strategy can avoid the 2020 stock market crash entirely,
achieving rather consistent returns. It can be assumed that this strategy correctly predicts
volatility in this time frame. Since this is the short volatility strategy, it apparently did not take
a position during the crash, while benefitting from the high premium in the recovery. The value
and momentum strategy flat lines in this period, while, however, being notably neutral to the
2020 crash, as the returns of value and momentum winners and losers seem to offset each other
in the period, where especially large-cap securities performed well. This structurally strong
performance might also explain the superior performance of the adjusted value strategy,

reflecting intangible assets into the book to market equity.

Comparing the two sample periods, the machine based-learning LSTM achieves sizeable,
but volatile cumulative returns, mostly independent from the market and avoiding crashes.
Residual momentum appears to perform better in sharp market rallies, while more muted in
gradual uptrends. Value including intangibles has outperformed the market in both periods,
exemplifying returns, while volatility forecasting and value and momentum L/S achieve the

least volatile but small nominal returns.

On the left graph of Figure 3, it is now also apparent that the correlation seems to be way

lower in the in-sample period, then during the out-of-sample period.
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Figure 4: Correlation in-sample vs out-of-sample

2002-2021
Figure 4 shows in-sample and out-of-sample graph. As expected, the correlation with the market and therefore with each other

is way higher in the Out-of-sample period.
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Comparing the correlations between the strategies in- and out-of-sample period in Figure 4
forms an interesting picture. Evidently during the in-sample period the strategies experience
comparably little correlation, while out-of-sample except for the value and momentum L/S the
remaining strategies trade more like a basket with correlations above 0.9 for all — as it is the
case for the full 20-years illustrated in Figure . This can be explained by noting that during the
in-sample period the models develop their signal by fitting the data by trading with the market,
while in the out-of-sample the models revert back to trading with the macroeconomic
environment. Only the value and momentum strategy stand out as there is no actual training
period for the signal, as it is simply rooted in price and fundamental data rather than model
fitting. As a result, in the out-of-sample period the combined strategy earns most diversification
benefits from the value and momentum L/S thereby lowering volatility, which, however, at the

same time likely drags returns due to its poor performance.
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In conclusion, we find different return patterns among the sub-strategies across the full 20-
years, in particular with their performance during market crashes. When trying to combine the
strategies, the goal should now be to profit from the stability of those strategies during market
shocks, while also benefitting from the high returns during bull markets. The insights gained

here inform the portfolio weighting of the combined strategy in the sub-sequent chapter.

4.2 Combined strategy performance

In the following, three variants of the combined strategy are analyzed: 1) equal weighted
returns, 2) mean-variance and 3) momentum. The in-sample period ranges from 2002 until
2012, the out-of-sample period from 2012-2021 and rebalancing happens daily. The value and
momentum individual part deviates from this, as the in-sample comprises the full 2002-2021
and the out-of-sample compares to the most relevant prior literature, however, the return series

was split here to match the group comparison.

Figure 5: Combined strategies max Sharpe Ratio vs Max Return

2002-2021
Figure 5 plots the performance of the portfolio that yields the best collective Sharpe Ratio, as well as the portfolio that has the

maximized return. Furthermore, it shows the portfolio based on the momentum strategy.
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The combined strategies are illustrated in Figure 5. The portfolio of the equal-weighted

returns is constructed at the beginning of the time frame and is not rebalanced during the period.
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The individual strategies chosen are the ones that yield the highest return comparing the
strategies within each individual paper. The combined strategy based on equal-weighted returns

invests equally distributed among all the individual investment strategies.

Contrary to the investment strategy based on equal-weighted returns, the mean-variance
portfolio does not hold an equally distributed amount of all the individual strategies. The aim
of this strategy is to maximize the Sharpe ratio, which is a measure of risk-adjusted returns. A
large Sharpe ratio means that the portfolio has a relatively high return compared to its risk
measured as volatility of the returns. The strategy is constructed based on a Monte Carlo
simulation. A Monte Carlo simulation is a model that helps to explain the impact of risk and
uncertainty in prediction and forecasting models by looping through iterations of various
scenarios underlying assuming a normal distribution. It is used to predict the probability of a

variety of outcomes if there is a presence of random variables.

The momentum strategy invests every day in one of the five portfolios meaning that the
strategy rebalances daily. The rebalancing is based on the moving average over the last three
months, where it is interesting to see the number of days per year the strategy invests in one of
the five portfolios. It is attempted to create a combined strategy that uses the individual
strengths of each strategy, as explained in the previous chapter. Ideally, this combination invests
in the more stable strategies during market crashes, while it features the strongly performing

strategies in bull markets in between.

The individual strategies are to be analyzed based on their individual performance over the
whole time frame. Furthermore, again, the in-sample, as well as the out-of-sample period is

looked at to potentially find additional learnings.
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Table 2: Metrics combined strategy

2002-2021
Table 2 shows the main metrics for the combined strategies as well as the S&P 500. For all four, the in-sample, as well as the

out-of-sample period is shown.

Portfolios Cumulative Annualized Annualized Beta Tracking Information
Return Sharpe Ratio Alpha Error Ratio
Mean-Variance 315% 1.45 0.44% 0.03 1.19% 0.37
Mean-Variance IS 78% 1.32 0.42% 0.03 1.36% 0.31
Mean-Variance OOS 133% 1.56 0.46% 0.02 1.00% 0.44
Equal weight 583% 1.09 0.49% 0.22 3.94% 0.12
Equal weight IS 155% 1.05 0.63% 0.24 5.21% 0.12
Equal weight OOS 168% 1.13 0.40% 0.19 2.49% 0.16
Momentum 762% 0.89 0.65% 0.16 13.00% 0.05
Momentum IS 569% 1.15 1.40% 0.21 17.17% 0.08
Momentum OOS 28% 0.31 0.01% 0.09 8.28% 0.01
S&P 500 393% 0.52 0.00% 1.00 0.00% n/a
S&P 500 IS 30% 0.25 0.00% 1.00 0.00% n/a
S&P 500 O0S 276% 0.31 0.00% 1.00 0.00% n/a

In the following, the individual combinations and their performance metrics shown in Table
2 are analyzed in more detail. The portfolio statistics are computed through an ex-post single
factor regression. All alphas and betas are statistically significant for all convenient significance
levels. At first glance, the differences in performance between the strategies in general, and
between their performance throughout the in- and out-of-sample period is evident. The
dissimilarities in metrics are confirmed when illustrating their performance in the following

figures.
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Figure 6: Combined strategies in-sample vs. out-of-sample

2002-2021
Figure 6 plots the in-sample, as well as the out-of-sample performance for the three combined portfolios. Furthermore, the S&P

500 is plotted to see how the benchmark performs in those two time frames.
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4.2.1 Equal weight

The equal weighted strategy generates the second-highest total return of all the portfolios,
achieving a cumulative return of 583% (see Table 2), with the performance being consistent in
both the in-sample and out-of-sample periods. The Sharpe ratio of 1.71 for the full 20-year
period is high in general, exceeding the benchmark S&P 500’s 0.52 more than three-fold,
providing investors with a superior risk-return adjusted profile. In the strategy comparison, this
Sharpe ratio is only exceeded by the Max Sharpe strategy. A simple equal-weight allocation
usually performs quite well in terms of risk-return trade-off by capturing diversification benefits
of all the strategies in all market environments, without a dynamic weighting scheme and its

underlying intuition distorting it.

What further stands out is the overall beta of 0.22, suggesting a relatively low sensitivity to
market swings and showing the diversification benefits obtained in the combined portfolios. In
addition to outperforming the S&P 500 by a wide margin, the equal-weighted portfolio also

shows a steady growth over the years, despite suffering a significant downturn during the
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financial crisis. Nonetheless, the drop was significantly lower when compared to the dip of the
S&P 500. Moreover, while the whole stock market experiences an exponential increase in its
returns after the initial Covid-19 stock market crash, the equal weight portfolio, despite

producing a low beta, also sees a large growth in its returns during this time frame.

In terms of excess returns relative to the market, the alpha generated by the equal weighted
portfolios do not seem to suggest a significant difference when compared to the other strategies,
with the values being in-line with the ones previously discussed. In the out-of-sample period,
the portfolio produces an annualized alpha of 0.40%, while the alpha generated in the in-sample

period sits at 0.63%.

As illustrated in Figure 6, there is a notable difference between the in- and out-of-sample
performance. During the in-sample period, the equal-weight allocation outperforms both the
S&P 500 Index as well as the Max Sharpe strategy, especially by achieving higher returns in
the run-up to the great financial crisis 2008 and then by limiting drawdowns therein. The return
series over time is an almost diagonal line to the up right with comparably low volatility, which
is precisely what hedge funds seek. However, in the out-of-sample the equal-weight strategy
cannot quite keep up with the steep rise of the S&P 500 until the coronavirus related market
crash in early 2020 and the subsequent sharp rally. Still, the strategy outperforms the Max

Sharpe and momentum counterparts, again with comparably low volatility returns.

4.2.2 Momentum optimization

As explained previously, the momentum strategy consists of a daily one-asset portfolio that
shifts between the portfolios based on the past 30-day performance. Out of the three potential

combinations, in absolute terms, this is the best-performing one.

As observable in Table 2, the cumulative return of 762% of the momentum strategy

outshines the other strategies. However, after looking at the in-sample and out-of-sample
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metrics, Figure 6 confirms the huge difference in the two windows. While momentum works
extremely well during the in-sample period, it completely falls off in the out-of-sample period.
Research has widely shown, that momentum as a factor in general declines strongly in
performance as an investment factor after 2008. Baltas and Koswki (2019) argue that
momentum strategies perform worse after 2008 due to increased correlation between markets
and asset classes. Given the individual strategies focus on different asset classes the increased
correlation between asset classes, this could be viable reason for the underperformance of the
momentum strategy. While the in-sample period features a decent alpha of over 1.40%, no

outperformance in the out-of-sample period against the SPX is recorded.

Obviously, certain strategies dominate the performance of the momentum strategy more
strongly than others. Not only can this information help to understand the performance of the
momentum combination, but can also show the respective strenghts of the individual strategies

in certain market conditions.

Figure 7: Yearly distribution of portfolios in Momentum Strategy

2002-2021
Figure 7 shows how many days per year each portfolio is invested in. The Y-axis is the number of days, while the X-axis

corresponds to the respective year.
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As observable in Figure 7, the Long Short-Term Memory strategy seems to have a strong

presence in most years. As the strategy is predicting stock returns, it is already expected to be
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outperforming other strategies in difficult market environments. The momentum strategy shows
that especially during the two market shocks in the 20-year time frame from 2002 to 2021, this

signal yields a strong performance.

The counterpart to this one would be the value strategy. Here, the macro environment has a
big influence on performance. Accordingly, it is observable what has already been presupposed:
During market crashes like the one 2008 or even 2020, fundamental strategies show an inferior
performance. While it does not seem like it affects 2020 as much, this is mostly due to the fact
that the crash here came in the early window of the year. The value strategy again is well

featured during the recovery, explaining its presence in that year.

As for the value and momentum strategy, the overall performance is just not strong enough
to have a heavy influence over the whole time frame. Because of the stable nature, this strategy
is clearly also featured in calm markets, or whenever other strategies seem to to have a poor

performance due to any macro economical reasons.

While it could be assumed that the volatility forecasting strategy would be heavily featured
during market downturns, this is not the case. As discussed in Chapter 3, it doesn’t perform
bad, however, the overall performance seems to not be good enough to heavily influence the
momentum strategy performance. Since the volatility strategy that is analyzed is a short-
volatility strategy that sells covered straddles, extreme returns are unlikely, which caps the
strategies’ performance potential. Accordingly, whenever the market is performing well, almost

no weight is in this signal.

Finally, a very clear pattern is observable for the residual momentum strategy. During the
recovery phase after the two major events in the 20-year time frame, this strategy is heavily
featured. This confirms the assumptions already made in previous chapters about this signal.

No other strategy seems to capture the market recovery as well.
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4.2.3 Mean-Variance optimization

Mean-Variance is often used in research papers as the standard model of portfolio
construction even though investors rarely use it (Fischer and Statman 1997). The mean-variance
optimization framework has been first introduced by Harry M. Markowitz in 1959 (Markowitz
1999). According to Markowitz (1999) an average investor primarily seeks to maximize
returns. In his framework, Markowitz implicitly intended to maximize the previously not
existing Sharpe ratio of his portfolio: The Sharpe ratio has been first implemented by Sharpe
and Lintner in 1963 and is the expected portfolio returns divided by expected portfolio
volatility. Thus, by iterating through multiple portfolio combinations a so-called efficient
frontier is generated. The efficient frontier is a continuation of the mean-variance framework
and reflects an optimal trade-off between return and volatility. Portfolios below the efficient
frontier are not mean-variance efficient. Hence, the portfolio with maximized Sharpe ratio is

located on the efficient frontier (Markowitz 1999).

As aforementioned, Fischer and Statmann (1997) state that mean-variance is rather used on
research-related topics than for investors’ decisions on portfolio construction. Fischer and
Statmann (1997) argue the reason for that being that mean-variance constraints overweight the
optimization benefits. However, for the purpose of this analysis, it can make sense to create a
mean-variance efficient portfolio. Additional learnings can be achieved by doing so, while a

potential superior weighting scheme might be discovered.

The optimized portfolio weights are obtained by running a Monte Carlo simulation and
iterating through different portfolio weightings to create 6000 different portfolios. The 6000
portfolios are visualized in Figure 7 and show the different Sharpe ratios for each portfolio, the

efficient frontier, and the optimized portfolio as a black dot with the highest Sharpe ratio.
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Figure 8: Efficient frontier replication based on Mean-Variance

2002-2021
Figure 8 plots the efficient frontier that is replicated by optimizing the Mean-Variance framework. The Monte-Carlo simulation
iterates through different portfolio weights to seek the most efficient mean-variance portfolio which will result in having the

highest Sharpe ratio. In this case the black dot reflects the portfolio with the highest Sharpe ratio.
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The mean-variance efficient portfolio has the lowest cumulative return out of all combined
strategies tested over the whole analyzed period of 20 years. The cumulative return achieved
by this portfolio for the whole time frame is 315%, roughly 70% lower than the S&P 500 Index
return. Comparing the in-sample and the out-of-sample periods, the mean-variance efficient
portfolio performs better in the second half of the time frame, generating a cumulative return
of 78% in the first 10 years and 133% in the later part of the analysis. This could be related to
the low volatility and high growth environment after the financial crisis of 2008. Looking at the
other portfolio statistics, the mean-variance portfolio provides the best results compared to the
other strategies, obtaining a tracking error of 1.5% for all analyzed time periods, suggesting
that nearly no additional risk has been taken to achieve the respective alpha, and it generates an

information ratio for the full sample period of 0.37.

The weights in the mean-variance efficient portfolio in this analysis are fairly skewed
towards strategies having higher Sharpe ratios such as volatility forecasting, value and

momentum and value. This gives further implication on why returns achieved are lower
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compared to the momentum and equal-weighted portfolio. Especially the strategies volatility
forecasting and value and momentum, which make up 80% of the portfolio have on average

lower returns compared to the residual momentum and long short-term memory strategies.

In line to Fischer and Statmann (1997)’s comments, the mean-variance efficient portfolio
performs worse against the other strategies in the long-run. As Fischer and Statmann (1997)
state the optimization problem is a big limitation of a mean-variance portfolio. The primary
goal of a mean-variance investor is to maximize the Sharpe ratio. This might limit downside
risk as during the financial crisis in 2008 or during the pandemic in 2020, but at the same time

add a low ceiling for potential returns.
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5. Results

In conclusion, all combined strategies outperform the S&P 500 in terms of Sharpe ratio and
thereby award investors with a superior risk-return profile. The superior risk-return arises
through increased diversification that consequently led to lower volatility and by limiting larger
drawdowns in market turmoil due to the diverse economic signals underlying the individual
strategies. Also, the strategies achieve overall very low betas, ranging from 0.03 to 0.20,
allowing investors to be largely market neutral and in any case capture some of the general
uptrend the market experiences over the long term. An investor wanting to invest in this multi-
strategy hedge fund can achieve its objective by applying different weighting schemes to
achieve different risk/reward levels. However, limitations for practical implementation such as
transaction costs would have to be considered. In particular, both the equal-weight and the
mean-variance combined strategies exceed the risk-return trade-offs of all the individual sub-
strategies, as expected from diversification, while only the more cyclical combined return
momentum strategy slightly undershoots some of the individual Sharps for the full 20-years.
The former two strategies achieve consistent returns with comparably low volatility, which is
precisely what hedge funds seek. The Sharpe ratio of the equal weight and the mean-variance
combination amounts to 1.09 and 1.45 respectively for full time frame, while the Sharpe of the

return momentum combination amounts to lower 0.89.

Comparing the individual strategies in- and out-of-sample, the differences in performance
between the two periods stands out especially compared to the S&P 500 benchmark. Interesting
characteristics of the sub-strategies are derived as, for example, the LSTM strategy appears
most independent of market swings, while residual momentum seems to capture the highest
returns in market rallies. Furthermore, value including intangibles outperforms the market,

experiencing similar swings, while volatility forecasting and value and momentum are the least
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volatile, avoiding larger drawdowns even in market crashes. In terms of excess returns relative
to the market, all five strategies produce a positive alpha for the full sample, in-sample and out-
of-sample periods, meaning that they all manage to generate excess returns relative to the
market. Once again, the volatility forecasting strategy stands out from the rest with an
annualized alpha of 1.54% for the entire time frame and, on the opposite side, the value and
momentum strategy is the worst performer when it comes to this criterion, generating an
annualized alpha of 0.12%. Regarding systematic risk, the value and momentum strategy is the
only one in the analysis that generates a negative beta (-0.01 for the in-sample and full sample
periods) suggesting that the strategy has an inverse relation with the market, meaning that it

tends to increase in profitability when the overall market falls and vice versa.

For the combined strategies, the equal weighted strategy generates the second-highest total
return of all the portfolios, achieving a cumulative return of 583%, with the performance being
consistent in both the in-sample and out-of-sample periods. The Sharpe ratio of 1.09 for the full
20-year period is high in general, exceeding the benchmark S&P 500°s 0.52 more than double,
providing investors with a superior risk-return adjusted profile. In the strategy comparison, this

Sharpe ratio is only exceeded by the mean-variance strategy.

The mean-variance framework is expected to return a maximized Sharpe ratio for a given
risk/return profile. As aforementioned the mean-variance portfolio generated the highest Sharpe
ratio out of all combined strategies. Opposed to all other strategies returns of the mean-variance
efficient portfolio were not affected by the financial crisis in 2008 and the pandemic in 2020.
Its resilience against market turmoil is determined by its low annualized volatility. The mean-
variance portfolio holds 67% in the volatility forecasting strategy. Since the volatility
forecasting strategy essentially collects a steady premium by selling straddles it is less
dependent on the market environment. Volatility can actually favor the strategy as it might

increase premiums and thus increase returns.
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Momentum achieves the highest cumulative return, which is however highly dependent on
the market environment, visible in the in- and out-of-sample analysis. While one key message
is the clear emergence of patterns in the respective performance of the different underlying
strategies, this is probably the hardest strategy to implement. The daily rebalancing of strategies
would be a tough ask, mainly because of the volatility forecasting strategy that takes monthly
option positions. Additionally, this way of combining the strategy seems to not be an attractive
way of combining the portfolios going forward. The disappointing 28% cumulative return in
the out-of-sample period is underperforming the benchmark, as well as all other approaches.
Even if the past does not equal the future, it would be a hard sell to apply this way of combining

the strategies going forward.

Conclusively it can be summarized that while both the mean-variance and the momentum
combination of the underlying strategies yielded attractive results and interesting learnings, the
equal weight performance seems to be the most attractive. Obviously, it has a lower Sharpe
ratio than the mean-variance, but as Fischer and Statmann (1997) already found, the constraints
in this way of combining the portfolios overweight the optimization benefits. Looking at our
results, the most consistent way of combining the strategies is the equal weighted strategy. This
strategy achieves to consistently outperform the S&P 500 over the in-sample and out-of-sample
period, while having a low Beta and a Sharpe ratio of over 1. It shows great immunity to macro-

economic conditions, and still aims to maximize returns in each period.
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6. Conclusion

Overall, the findings provide a diverse comparison of strategies within the same investment
universe and their performance in different market environments. The momentum strategy and
the equal weighted portfolio were able to outperform the S&P 500 Index in terms of overall
returns during the full sample period. Contrarily, the mean-variance efficient portfolio
performed worse compared to the S&P 500 Index. However, the portfolio appears withstand
large macroeconomic shocks such as the financial crisis in 2008 and the pandemic in 2020 and
thus proved itself to be an excellent option for more risk adverse investors. The latter shows
especially the highest risk adjusted return performance, with the mean-variance efficient

portfolio obtaining the highest Sharpe ratio out of all the combined strategies.

The comparison of the in-sample period and the out-of-sample period shows further that
none of the strategies is able to outperform the S&P 500 Index in the out-of-sample period. This
considering that both the momentum portfolio and the equal weighted portfolio beat the S&P
500 with regard to return performance. The momentum strategy not performing well after the
financial crisis in 2008 is, however, in line with previous research on momentum strategies.
One of reason for the underperformance is increased correlation across markets and asset
classes according to Baltas and Koswki (2019). Especially the latter appears to be a plausible
explanation for the underperformance in the out-of-sample period given the individual

strategies in this paper focus on different asset classes

This group analysis touched upon multiple known and well-studied portfolio frameworks.
However, each framework has their limitations which opens the door to future research projects.
In general, the individual strategies do not invest in a common asset class. Therefore, it could
be interesting to align the asset class on the individual strategies to test the performance of the

combined strategies for a common asset. At the other end of the spectrum it would also be
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interesting to test the strategies on five totally different asset classes to maximize

diversification.

Moreover, to compute the combined strategies, the individual strategy that performed the
best was chosen. However, extending the analysis by comparing only long-short strategies
could especially be interesting for the performance on the mean-variance portfolio. As no
transaction costs are assumed daily rebalancing is not a limiting factor. To improve the
robustness of the result it would nevertheless make sense to incorporate a holding period of 1

to 6-month or even incorporate a comparison of multiple holding periods.

Furthermore, the estimation window for the combined momentum strategy implemented is
fixed to 3 months as Jegadeesh and Titman (1993) argue that the ideal estimation window
should be set to 3 to 12 months. Similarly, to the holding period, this analysis could be extended

by comparing different estimation windows.

In general, this analysis provides on the one hand a brief overview of all individual
strategies and on the other a combined strategy performance analysis. The individual strategies
differ in the way they are constructed and in the way they perform. Nonetheless, the strategies
appear to be highly correlated with each other. Especially in the out-of-sample period
correlations are mostly above 0.9 and therefore in line with Baltas and Koswki (2019) statement
of asset classes being larger correlated since 2008. At the same time the high correlation
simplifies the implementation of a profitable equal weighted combined strategy without having

to sacrifice potential upside returns.

Conclusively, this project helps to concisely demonstrate the hurdles that have to be
overcome in the combination of different investment strategies. It demonstrates how hedge
funds and asset managers these days must find a balance between risk and return, as the two

worlds of modern and quantitative approaches collide with traditional, fundamental investing.
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Abstract

Predictive methods and big data analytic techniques are playing an increasingly important role
in various application fields, including stock market forecasting. This report analyzes the
performance of a quantitative investment strategy built upon a Long-Short Term Memory Neural
Network model, a machine learning algorithm capable of recognizing underlying patterns in
large sets of data, mimicking the way the human brains processes information. The trading
strategy was implemented on the stocks that comprise the S&P500 Index. On the whole, the
long portfolio of the strategy generated a good performance, achieving a cumulative return

during the out-of-sample period of 229.80%.
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1. Introduction

In the current business landscape, corporations are looking to integrate large data sets in
their different decision-making processes. With the exponential increase in information
needed to be curated and analyzed, it becomes crucial to adopt systems capable of managing
and transforming said inputs into useful insights that can help firms gain a competitive
advantage in the market over their direct competitors. With this purpose in mind, companies
are allocating large portions of their investments to the artificial intelligence field, with a
particular focus in machine learning applications. Machine learning is an increasingly
powerful tool as organizations look to further optimize and automate processes. Unlike rule-
based programming, machine learning models can learn information over time and handle
larger and more complex sets of data, leading to great results in terms of efficiency

improvement.

In the finance industry, machine learning algorithms can be used to create accurate predictive
models that reduce error and risk, while streamlining tasks such as fraud detection, credit
scoring, investment monitoring and stock market forecasting. Nowadays, multiple hedge
funds incorporate predictive algorithms into their quantitative trading strategies, with
several studies suggesting that deep learning algorithms have a great degree of prediction
power. For this purpose, and in order to better analyze the potential of a machine learning
based quantitative strategy, a Long Short-Term Memory Neural Network (LSTM) was
implemented that served as the core of the results and discoveries discussed in this work

project.

Neural networks can be defined as computational systems that simulate the human nervous
system in order to solve problems that require complex and weighted analysis, while taking

in consideration several different variables and attributes, making them excellence models to
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be used during stock trading. These algorithms are capable of learning and understanding
patterns, adapt to changes and mimic the human though process. They operate in
interconnected layers, with each layer taking a different approach, passing on to the next an
already analyzed version of the problem, which will then be examined again in another layer,

starting from the point already processed.

In terms of the investment strategy described in this work project, the predictions made by
the Long-Short Term Memory network will act as the trading signal. For academic purposes,
since this paper aims to analyze a quantitative strategy and not a certain machine learning
model, not too much emphasis was put on discussing the neural networks specific attributes.
However, the parameters used to tune the algorithm employed for the strategy can be found

in the respective appendix.

The following parts of this report are organized as follows: section 2 provides a succinct
review of the literature around machine learning techniques applied to the financial markets;
section 3 will outline the methodology used to build the strategy; section 4 will provide a
broad discussion of the strategy performance; section 5 will point out some limitations
someone may encounter while implementing a strategy of this type; and section 6 will lay

out some final considerations and provide a brief conclusion to the work project.

2. Literature review

In the recent years, several studies analyzing the usefulness of predictive models in the context
of algorithmic trading have reach surprising and interesting results. Dingli & Founier (2017),
addressed various techniques using machine learning, such as support vector machines and
logistic regressions, to forecast the stock market, highlighting the advantages and limitations of
its applications. They conducted an empirical study using long-term and short-term historical

data of companies in technological and financial sector, obtaining an impressive 81% accuracy
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score. Later the same year, they improved on their research by publishing a paper intended as
a follow up to previous one where, with the same base dataset, they explore the advantages of
deep learning! with the use of a Convolutional Neural Network. The authors attempted to
predict weekly forecasts in addition to monthly forecasts to study and capture the effect of more
short-term variations in the stock market. As expected, a better model performance was
achieved during the monthly timeframe, with a 65% accuracy score for the monthly predictions

and 60% for the weekly predictions.

Impressive results when it comes to the use of predictive models for quantitative trading
strategies are also described in Altay and Satman (2005). The authors compared the forecasting
performance of an artificial neural network (ANN) and a linear regression model using daily,
weekly and monthly data related to the ISE National 100 Index, an index tracking the
performance of the Turkish stock market. Similarly to Dingli & Founier (2017), the best
performance was achieved using monthly data, with the model correctly predicting 78.3% of
signs of the Index, a far better result compared to the 57.8% obtained for the daily data and the
67.1% attained for the weekly data. A hypothetical portfolio of 1 YTL initial value, using the
authors ANN model, would have yielded 3.35 YTL using the monthly data, a far better

performance in comparison to the linear regression model or a simple buy-and-hold strategy.

However, machine learning techniques applied to the stock market are not without their
shortcomings. In Prado (2018), the author discusses ten reasons why most machine learning
funds fail, including data processing, classification and evaluation errors. It’s argued that
financial datasets exbibit very specific properties that violate standard assumptions of machine

learning applications. Potential solutions to these obstacles are also discussed, with the author

! Deep Learning is a subset of machine learning algorithms that use multiple layers (such as neural networks) to
progressively extract higher-level information.
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proposing the Deflated Sharpe Ratio? metric to avoid back test overfitting, the use of the
combinatorial purged cross-validation to address the pitfalls of the walk-forward back testing
approach, and eliminating from the training set observations that immediately follow an

observation in the testing set to reduce and minimize the effects of data leakage.

In 2017, the Financial Stability Board (FSB) elaborated a report analyzing the potential benefits
and disadvantages that A.l. and machine learning models can have regarding financial
institutions, investors, and the overall financial market. The enhancement in efficiency caused
by the application of predictive models could lead to lower fees and borrowing costs for
consumers and investors, improve the broader access to financial services, and help institutions
in their risk management processes. However, some systematic concerns were also raised by
the FSB, which suggested that machine learning models when applied to trading strategies, due
to their opaque nature, could represent a significant regulatory risk since they may be less
auditable and predictable than others, leading to greater risk and market volatility, especially

during and macroeconomic and systemic shocks.

3. Data & Methodology

The investment universe used for the construction and implementation of the strategy comprises
the monthly statistics of the stocks present in the SP500 Index between the years of 2002 to
2021, with the 2002-2011 period serving as our training dataset and the 2012-2021 timeframe
representing our test set. A validation set was not used in order to not dilute the sizes of the
training and test sets. Since the first 10 years of the dataset had to be used to train and fine tune
the model, and due to the specific components of machine learning algorithms, the analysis

discussed in this report is heavily shifted towards the test period as this timeframe makes more

2 The Deflated Sharpe Ratio computes the probability that the true Sharpe Ratio exceeds a rejection threshold,
where that rejection threshold is adjusted to reflect the multiplicity of trials.
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sense to understand how a strategy of this nature would perform in a more realistic environment.

The target variable® of the machine learning model acts as our trading signal. Since the strategy
was outlined as a classification problem, the dependent variable can only assume two distinct
values: 0 or 1. In order to take advantage of long and short positions, the target variable was
first optimized to predict securities that would outperform the benchmark, the SP500 index, by
at least 0.5% (the model predicted 1 if outperformance was identified, or O otherwise) and,
afterwards, the target was employed to predict the stocks that would underperform the
benchmark by the same threshold utilized previously (the dependent variable output would be
1 if underperformance was predicted, or O otherwise). Subsequently, two portfolios were
constructed: the Long Portfolio, that goes long on the stocks predicted by the model to
outperform the benchmark, and the Long-Short Portfolio that, in addition of going long on the
same securities of the Long Portfolio, also shorts the stocks predicted to underperform the
SP500 Index. At the end of each period, both portfolios are rebalanced in order to consider the

new predictions of the model.

In order to forecast which stocks will overperform and underperform, a diversified set of
features is applied to the Long Short-Term Memory network. Contrasting with other studies in
this area, financial indicators specific to each stock retrieved from their respective balance
sheets and profit and loss statements are incorporated into the model in an attempt to improve
the predictive power of the algorithm. In addition to the latter, a set of technical indicators are
computed from historical data, along with trend indicators in order to comprise information
about the United States economy and the global market sentiment as a whole. The financial

indicators were retrieved from a Bloomberg Terminal, while the trend indicators were obtained

3 The target variable (dependent variable) is the feature in a machine learning model whose values are
modeled and predicted by the other features (independent variables).
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from the Federal Reserve Bank of St. Louis and the World Bank Group websites.

After the data collection process was completed, a MinMax scaler was used to scale the dataset
in order to preserve the original significance of the model features. Afterwards, the Recursive
Feature Elimination* method was implemented in order to perform feature selection, a crucial
step in any machine learning model, helping to reduce the training time, avoid the curse of

dimensionality® and minimize overfitting.

| Model Features

Return on Equity

Return on Assets*

EBITDA Margin*

Financial Indicators  |Profit Margin

Price to Earnings*

Price to Book

Dividend Growth

Moving Average*

M.A. Convergence Divergence
Chande Momentum Oscillator
Relative Strength Index

Rate of Change

Aroon Indicator*

Bollinger Band (Upper -Lower)
Average True Range
Stochastic Oscillator (Fast-Slow)
Money Flow Index

Business Confidence Index

Technical Indicators

Trend Indicators Consumer Confidence Index
CBOE Volatility Index
Benchmark SP500 Index Monthly Return

Table 1. All financial, technical and trend indicators tested as input features in the model.
*Features not included in the final model.

4. Strategy Performance Analysis

We start the analysis by evaluating the performance and the type of predictions made by the
neural network. Overall, the model was much more robust and prone to predicting securities
overperforming than underperforming. On average, the neural network forecasted 21 stocks

every month that would exceed the benchmark by 0.5%, a much bigger list of securities when

4 RFE is a feature selection method that fits a model and removes the weakest features.
> The curse of dimensionality refers to the nature of increasing data dimensions and the exponential
increase in computational efforts required for its processing.
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compared to the 9 stocks predicted to underperformed the benchmark. This may be explained
by the simple reasoning that the SP500, during the course of the test set timeframe, achieved a
cumulative return of 197.54%, with only 2 years of the 10-years period ending in the red,
meaning that the model wasn’t able to predict underperformance simply because downtrends
were not very common to begin with. This is also emphasized when evaluating how accurate
the model was, with the neural network obtaining a higher accuracy score when predicting
overperformers compared to when forecasting underperformers (64% and 56% accuracy

respectively).

OverPerformers Underperformers
Statistics
Model Model
Average number of stocks invested per period 21 9
Maximum number of stocks invested in a period 37 4
Minimum number of stocks invested in a period 11 17
Model test set accuracy 64% 56%

Table 2. Statistics of the Long Short-Term Memory network employed for the strategy.

Shifting the analysis to the performance of our strategy portfolios, and to better understand how
they perform relative to the overall market, we will use as a term of comparison some popular
investment vehicles, including the benchmark utilized, the SP500 Index, and the 60/40
portfolio, a portfolio invested 60% on equities using the VVanguard Total Stock Market Index

Fund (VTI) and 40% on bonds through the Vanguard Total Bond Market Index Fund (BND).

—— Long Portfolio

3.59 Long-Short Portfolio

—— SP500
60/40 Portfolio

3.04

2.51

2.0

154

1.01 2

2012 2013 2014 2015 2016 2017 2018 2019 2020 2021 2022

Figure 1. Cumulative returns plot for the Long Portfolio, Long-Short Portfolio, SP500 Index and 60/40 Portfolios.
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The Long Portfolio of the strategy performs quite well, earning a cumulative return of 229.8%
throughout the 10-year period and an annualized return of 12.67%, an excess of 1.15% when
compared to the SP500 index. Interestingly, after the period of the initial covid-19 crash, the
SP500 was able to boost great returns, which allowed the Index to gain some ground in terms
of cumulative returns when compared to the Long Portfolio, which had a mediocre performance
during this timeframe. For reference, between April 2020 and December 2021, the SP500 had

a cumulative return of 96.85%, while the Long Portfolio was only able to achieve 14.43%.

The Long-Short Portfolio was the worst performer of the group, with a cumulative return of
70.56% and an annualized return of 5.48%. Similarly to the Long Portfolio, the period that
encompass the corona virus pandemic was one of the timeframes returns wise, with the Long-
Short Portfolio achieving a cumulative return of -5.46%. The underwhelming results obtained
by the strategy portfolios during this period may be explained due to the specific nature lived
at the time. The model may have been incapable of properly processing and analyzing the
specifics constraints happening in the stock market during this timeframe, which resulted in

inaccurate predictions.

Long Long-Short SP500

Statistics 60/40 Portfolio
Portfolio Portfolio Index

Cumulative Return 229.80% 70.56% 197.54% 96.85%
Annualized Return 12.67% 5.48% 11.52% 7.01%
Annualized Volatility 22.20% 7.23% 13.05% 6.81%
Sharpe Ratio 0.54 0.74 0.84 1.02
Maximum Drawdow 58.64% 31.03% 33.80% 29.07%
Skeweness -0.07 -0.38 -0.66 -0.45
Kurtosis 0.74 0.79 2.01 2.71

Table 3. Performance indicators for the Long Portfolio, Long-Short Portfolio, SP500 Index and 60/40 Portfolio
during the test set period.

Regarding the risk profile of the strategy, the Long Portfolio had an annualized volatility of
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22.2%, the highest among our comparison sample. However, the Long-Short Portfolio managed
to be less volatile than the SP500 but it wasn't able to overcome the 60/40 Portfolio, since the
latter achieved an annualized volatility of 6.81%. Regarding the returns relative to the risk, the
Long Portfolio and the Long-Short Portfolio obtained a Sharpe Ratio of 0.54 and 0.60
respectively, underperforming the SP500 and the 60/40 Portfolio in this category, with the latter
achieving an impressive Sharpe Ratio of 1.02. In terms of downside risk, the Long Portfolio
had the biggest maximum drawdown percentage of the entire sample at around 58.64%. This
indicates that the Long Portfolio carries a bigger degree of risk when compared to the other
portfolios in our sample, which goes in line with the annualized volatility values previously
analyzed. When it comes to the asymmetry of the returns, both strategy portfolios as well as the
SP500 and the 60/40 Portfolio have negative skewness’s, meaning that their distribution
patterns tilt towards the left. Concerning outliers, the Long Portfolio and the Long -Short
Portfolio have lower kurtosis values (0.74 and 0.79 respectively) when compared to the other
two benchmarks (2.01 for the SP500 and 2.71 for the 60/40 Portfolio), resulting in lighter

distributions “tails” overall.

In terms of portfolio correlation, both strategy portfolios, the Long Portfolio and the Long-Short
Portfolio, have a correlation of 0.74, which indicates a significant and positive relationship
between the two meaning that, in general, they see the same trend directions. This may be
another evidence that demonstrates that the machine learning model consistently struggles to
compute accurate predictions during certain timeframes. Compared to the benchmark, both
strategy portfolios have what can be considered a moderate correlation to the SP500 Index, with
a 0.45 and 0.42 correlation values respectively. At first glance these values can be seen as a bit

strange, especially for the Long-Short portfolio, since long-short equities strategies usually have

10
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a high degree of correlation with the Standard & Poor’s Index®. A similar scenario happens with
the 60/40 portfolio, with the Long Portfolio obtaining a correlation value of 0.46 and the Long-

Short portfolio achieving a 0.40 correlation value.
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1 1
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Figure 2. Correlation matrix for the Long Portfolio, Long-Short Portfolio, SP500 Index and 60/40 Portfolio during
the test set period.

At last, in order to study the exposure of the strategy to factors and the broader market, ordinary
least squares regressions using the Capital Asset Pricing Model (CAPM) and the Fama French
Three Factor Model were conducted. The data used for the regressions (excess market return,
risk-free rate, small minus big factor and the high minus low factor) was retrieved from the

Wharton Research Data Services (WRDS) website.

CAPM Long Portfolio Long-Short Portfolio
Alpha 0.80% (0.014) 3.95% (0.021)
Mkt-Rf 0.70 0.44
Information Ratio 0.13 0.93
R-Squared 18.6% 16.6%

Table 4. CAPM regression statistics for the Long Portfolio and Long-Short Portfolio. The alpha and Information
Ratio values are annualized. The values in parenthesis indicates the significance level of the factor.

6 “Asset Class Correlation Map.” Guggenheiminvestments.com, 6 Jan 2022,
https://www.guggenheiminvestments.com/mutual-funds/resources/interactive-tools/asset-class-correlation-
map
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The CAPM describes the relation between systematic risk, risk undiversifiable and inherent to
the entire stock market, and the expected return for a certain asset by establishing a linear
relation between these two components. In the CAPM regression, the Long-Short Portfolio,
with an annualized alpha of 3.95%, was considerably better at generating returns than the
broader market when compared to the Long Portfolio, which achieved an annualized alpha of
0.8%. In terms of systematic risk, both portfolios have statistically insignificant betas (0.70 for
the Long Portfolio and 0.44 for the Long-Short Portfolio), suggesting that the portfolios returns
cannot be explained the overall market risk. To measure the risk-adjusted returns of the
portfolios relative to the benchmark, the Information Ratio (IR) was calculated. The
Information Ratio defines the average excess return per unit of volatility beyond a given
benchmark and implies how consistently the portfolios are beating the benchmark. Taking in
consideration the literature consensus, that states that Information ratios between 0.4 and 0.6
are considered good, we observe that he Long-Short Portfolio obtained an impressive IR of
0.93, while the Long Portfolio achieved a modest IR of 0.13, indicating that it struggles to

produce excessive returns in a consistent manner.

FF3 Long Portfolio Long-Short Portfolio
Alpha -1.14% (0.023) 3.5% (0.029)
Mkt-Rf 0.76 (0.009) 0.45 (0.007)
SMB -0.02 (0.016) -0.01 (0.012)
HML -0.45 (0.128) -0.07 (0.103)
Information Ratio -0.39 -0.16
R-Squared 23.1% 17%

Table 5. Fama French regression statistics for the Long Portfolio and Long-Short Portfolio. The alpha and
Information Ratio values are annualized. The values in parenthesis indicates the significance level of the factor.

To better estimate expected returns, a Fama-French regression was also conducted. The Fama-
French three factor model can be seen as an extended version of the Capital Asset Pricing

Model, which adds two additional factors: the size factor (Small Minus Big, SMB), which

12
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captures the outperformance of small cap stocks relative to large cap stocks, and the book-to-
market factor (High Minus Low, HML), that captures the outperformance of high book-to-
market value stocks relative to low book-to-market value stocks. In this regression, both
portfolios have their alphas reduced, with the Long Portfolio having a statistically significant
negative annualized alpha of -1.14%, indicating that the portfolio failed in generating returns at
the same rate as the broader market. In contrast with the CAPM regression, the market risk
factor is statically significant, with the Long Portfolio having a much bigger exposure in terms
of systematic risk when comparing with the Long-Short Portfolio (0.76 and 0.45 respectively).
The size factor is also statically significant in both portfolios however both values are very low,
suggesting that the portfolios had a very small negative exposure to the SMB factor. On the
contrary, the HML factor was not statically significant in any of the portfolios indicating that
the returns cannot be explained by the exposure to this particular factor. In terms of the risk-
adjusted returns, the Information Ratio for both portfolios are negative in the Fama-French
regression, a clear sign of underperformance, indicating that the strategy failed at generating

excess returns when compared to the benchmark.

5. Limitations

At the core, every investment strategy its susceptible to external and uncontrollable factors
that can tamper and significantly change the performance of said strategy. This is even more
true for a trading signal built upon a complex “black-box” machine learning model. At the
base of every predictive algorithm are the hyperparameters, inputs specified by the model
creator that can radically change the results achieved. Hyperparameters are different from
parameters, with the latter being internal coefficients for a model found by the learning
algorithm. Unlike parameters, hyperparameters are specified by the model creator when
configuring the algorithm, and that can radically change the results and the predictions

obtained.
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Data collection and feature selection are also important components that can tamper the
strategy performance. To implement efficient predictive models, an investor must choose
important variables that can explain and capture the inherent volatility present in the broad
stock market. In addition to this, it’s also crucial to have enough information in terms of
dimensionality, so the user can split the data intro training and tests sets in order to be able
to tune and test the effectiveness of the model. In this work project the trading strategy was
implement on the United States stock market due to the widely availability of information
regarding American securities. A model created to forecast securities movements and prices
in a less rich information scenario, such as in a developing country stock market, could have

severe shortcomings and restrictions.

Another potential issue that could arise would be if the model made predictions using daily
stock data. As mentioned before, the strategy described in this paper used monthly data,
which is less susceptible to random short-term variations seen daily in the stock market. A
prediction made by the algorithm could become totally irrelevant if, for example, a last-
minute news related to one of the securities released and couldn’t be incorporated in the
model on time. Other barrier in a potential machine learning focused trading strategy would
be if one tried to predict security prices instead of general stock movement by reframing the
model as a regression problem instead of a classification problem. This would be a significant
challenge because the overall literature consensus is that predictive algorithms still aren’t

capable of producing such precise outputs.

Finally, when dealing with an investment strategy, one also needs to take in consideration
transaction costs. Since this specific strategy involves buying and selling several stocks in
order to rebalance the portfolio to take into account the monthly predictions the model makes,

trading fees could have a significant impact on strategy returns, in particular if we compare

14
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the portfolios against buy-and-hold strategies that don’t require constant rebalancing.

6. Conclusion

This work project demonstrates the performance of quantitative strategy built upon a
machine learning method and the overall potential that predictive algorithms can have
concerning predicting securities upwards and downwards movements and how they can help
in the general stock picking process. The results obtained are in line with previous research
in this area, with the neural network model obtaining an accuracy score well above the 50%
mark (consider to be the random guessing threshold). The strategy performing fairly well in
terms of forecasting the stocks that will outperform a certain benchmark, in this case the
SP500 Index, but falling short when it comes to anticipating securities that will underperform

said benchmark.

Furthermore, it was evident that the overall strategy performance struggled significantly
during the last two years of the analysis, which coincided with the beginning of the corona
virus pandemic. During this timeframe, the machine learning model was clearly unable to
adapt to a drastically changed macroeconomic landscape, which resulted in underwhelming
returns in comparison to the SP500 Index. As mentioned before, one possible solution to
prevent this issue would be to train the model on a bigger dataset, that takes into account
more scenarios related to macroeconomic shocks. Even so, | am not certain if this would be
an ideal solution to this particular situation due to the fact that macroeconomic disturbances
all have their very particular characteristics. Those types of specifications are always going

to be extremely hard to predict and correctly incorporate into a machine learning algorithm.
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8. Appendices

Model Setup

Input Layer
LTSM Layer
Dense Layer
Learning Rate
Loss
Optimizer

Metric

Number of Layers

Optimizer Learning Rate (0.01

3

16x1

64

32

0.001

Mean Square Error
Adam

Mean Absolute Error

Appendix 1. Final Long Short-Term Memory Network model setup used for the strategy.

Technical Indicators

Formula

Moving Average

M.A. Convergence Divergence
Chande Momentum Oscillator
Relative Strength Index

Rate of Change

Avroon Indicator

Bollinger Band (Upper -Lower)
Average True Range

Stochastic Oscillator (Fast-Slow)

Money Flow Index

Pt+Pt—1++Pt—(n—1)
n

MAL (n) =

MACDt (n) = EMAt (y) - EMAt (2)
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n—N Lt(n)

- 100*
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_(THt -1 —TLt — D *(n — 1) = (THt — TLt)

ATRt ()

n
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SOt (n) = (H(q)_L(q)
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Appendix 2. Technical Indicators used in the model and their respective formulas.

Note: Pt represents the closing price; Ht represents the highest price in a period; Lt represents the lowest price
in a period; EMAt represents an exponential moving average; UPt represents the upward price change at t;
DWt represents the downward price change at t; y and z represent the periods chosen to compute the MACD;
THt represents the maximum between Ht and Pt-1; TLt represents the minimum between Lt and Pt-1; g
represents the number of days chosen to compute TLt and THt; NHt represents the number of days from the
highest price in n days to today; NLt represents the number of days from the lowest price in n days to today;
3MA represents a 3-day moving average; PMFt represents the positive money flow; NMFt represents the

negative money flow.
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