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Abstract

Since the Finance Industry is, through the years, growing tremendously, the willingness to
understand, predict and trade on financial markets has led to an urgent demand for developing
innovative models. Hence, Machine Learning Methods have gained in popularity. Yet, considered
underperforming compared to traditional statistical approaches, the real-life application of machine
learning on financial decision-making is currently lagging behind its promise. Indeed, poor
performance was demonstrated when dealing with a large amount of data with intrinsic complexity
and high dimensionality. This thesis aims to scrutinise opinions on machine learning, especially on
its potential of being a tool for selecting, predicting and optimising portfolios. The study will
evaluate the machine learning method by selecting and forecasting United States open-ended
mutual funds from June 1990 to January 2021. This evaluation will be made on the seven following
Machine Learning Methods: OLS regression, Lasso, Ridge, Elastic Net, XG Boost, Deep Neural
Network and Random Forest. To select the open-ended mutual funds, the characteristics used as
predictors are the following variables: monthly realised alpha, alpha t-stat, total net asset, flows,
value-added, R2, and the t-stats of the market, profitability, investment, size, value, and momentum

betas.

The results obtained were regarding cumulative returns that Random Forest gains the first position
with 37.21%, followed by XG Boost with 30.76%, and closely by Deep Neural Network with
29.43%. Hence, the results demonstrated the efficiency and robustness of machine learning
methods in the selection strategy of mutual funds. Thus, the findings support that those machine
learning methods will find their way into finance due to their reliability and good performance.
Yet, the results should also be nuanced as the high turnover and implying high transactions cost

could adversely affect the investment strategy's performance.
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1.Introduction

1.1 Context and motivation

In the last years, the Finance Industry has experienced fundamental changes. With the Big Data
Era breakout and technology progress, settlement transactions can be done in real-time and
borderless via T2S (Trans- European Automated Real-time Gross Settlement Express Transfer).
T2S, a pan-European settlement platform implemented by the International Eurosystem Central
Securities depository, can process on a daily basis 40,000 instructions in less than 20 seconds of
receipt on average. Data and analytics, considered a significant driver of performance, are at the
centre of attention, especially in the asset management industry. With the explosion in data
availability, Big data represents a positive trend for active managers who embrace the opportunities
presented by this development. Indeed, data and analytics is a tool that can sharpen their decision

making in the selection of the portfolio.

Based on two popular approaches, the traditional and the quantitative, portfolio selection aims to
optimise wealth allocation across a set of assets. Both methods share common characteristics, such
as analysing historical data to estimate critical drivers or market trends, adopting deterministic
criteria in the decision of asset selection, and evaluating performance over time. The traditional
approach relies heavily on the judgement depth analysis, key characteristics and qualitative factors.
Markowitz provides the foundation for portfolio selection with the Modern Portfolio theory or so-
called mean-variance analysis. In contrast, the quantitative approach is based on quantitative
investment analysis relying on mathematical models and concepts. Selecting a portfolio over a set
of assets with specific targets is challenging, such as predicting the market’s movement or a
particular asset. Although forecasting has been considered one of the most challenging tasks in the
financial market, it plays a vital role in selecting assets. As a result, developing an accurate
forecasting model is challenging due to its complexity. Thus, a fundamental research problem in

computational finance and financial engineering is the selection of the portfolio.

Interest in machine learning methods for finance has grown tremendously in academia and
industry. Studies have been carried out to enhance prediction accuracy with statistical and machine

learning algorithms, recognised as tools that provide full access and analysis of a large amount of



unstructured data. Although machine learning has been extensively studied, its application in the
era of investments remains scarce. It is mainly for its controversial topic in quantitative finance,

notably whether machine learning can be a practical investment tool.

This thesis aims to scrutinise opinions on machine learning, especially on its potential of being a
tool for selecting, predicting and optimising the portfolio. This thesis will focus on United States

open-end mutual funds with the asset-class focus of equity to achieve this goal.

Over the past decade, mutual funds have increased drastically in popularity. Mutual funds are
defined as various collective investment vehicles, managed professionally, that pool money from
individuals or professional investors to purchase securities such as bonds, stocks, and derivatives.
Hence, worldwide open-end mutual funds regulated assets sharply rise from $32.25 trillion in 2012
to $54.9 trillion in 2019 (ICI, 2020). Indeed, mutual funds offer numerous advantages as opposed
to direct investment in individual securities. The fund’s nature provides a high level of
diversification, ease of comparison to investors, and the accessibility of participation in investments
unachievable for small investors. Other advantages are associated with mutual funds, such as
higher liquidity, stability in price, economies of scale, know-how, and skilled fund managers’

experiences.

There are two types of mutual funds, open-end mutual funds and closed-end funds. An open-end
fund can issue an unlimited volume of shares and redeem existing shares on demand allowing the
investor to buy shares at the chosen quantity and at any time. One hallmark of this mutual fund
type is that the shares trade at their current net asset value (NAV). The NAV is calculated by
dividing the fund’s assets’ total market value, minus its liabilities, by the number of mutual fund
shares outstanding at the closing market. In contrast, closed-end funds, also known as publicly-
traded funds or closed-end investment trusts, issue a fixed number of shares that trade intraday on
a stock exchange and does not issue redeemable securities. As a result, the share price of a closed-
end fund is determined by the market. Another distension between these two types is the
management style. Open-end managers must comply with multiple objectives, including
maintaining cash on hand and a minimum degree of liquidity of underlying assets to accommodate

redemptions.



1.2 Structure and scope

The goal of this master thesis is to describe and evaluate machine learning methods on the capacity
of selecting the best mutual fund. By predicting future mutual funds returns, we will compare the
performance of each Machine Learning algorithms on their accuracy and efficiency. Indeed, the
forecast will be compared to the original values to outline the performance or underperformance
of the machine learning tools. The model to achieve this goal will be explained in chapter 4, and

machine learning methods algorithms used will be presented in chapter 3.

Machine learning is defined as an umbrella term encompassing methods, models, and algorithms
to uncover patterns and trends with the vast array of data processing tasks without explicit
programming instructions. Thus, this thesis will focus only on the following machine learning
techniques: OLS regression, Least Absolute Shrinkage and Selection Operator called Lasso,
Elastic, Random Forest, XG Boost and Neural Network. The reason for these particular chosen
methods will be explained in chapter 3. The selection and forecast model will be fed with inputs
variables called target variables that could carry high-quality predictive information. In such ways,

the model can select and forecast future returns of mutual funds.

This master thesis, structured with a combination of theoretical and empirical aspects, initiates by
presenting the context and background of the goal’s formulation. In the second place, a summary
of the finding of existing and recent literature on features for selecting and forecasting mutual funds
is presented. In Chapter 3, the methodology of machine learning techniques is explained. Findings
on the application of machine learning methods in the finance sector will also be discussed. The
description of data, the input features, and the model description are given in Chapter 4. In Chapter
5, the empirical study on a sample of open-ended mutual funds during the time frame 1990-2021
will be analysed, and the results will be presented. In Chapter 6, the results of the empirical study
will be further discussed and reflected. The thesis concludes with Chapter 7 and suggests new paths

to be undertaken in this research area.



2. Preview of empirical findings and contributions

Extensive literature has explored the identification of high-performing mutual funds using a wide
array of factors. Hence, the possibility of using fund characteristics to pre-determined mutual
funds’ performance such as fund size (Berk and Green, 2004; Chen, Hong, Huang, and Kubik,
2004), fund age (Otten and Bams, 2002; Yap and Pierce, 2008), fund flows (Zheng, 1999; Sirri
and Tufano, 1998), expense ratio (Walker & Droms, 2001; Bers, Madura, 2000) has been widely
studied. In addition, numerous fund performance studies provided evidence on predicting future
mutual funds returns by using past performance (Grinblatt and Titman, 1992; Ferreira, Keswani,
Miguel, and Ramos, 2012) as past alphas, R-squared (for example, Hendricks, Patel, and
Zeckhauser, 1993; Carhart, 1997; Mamaysky, Spiegel, and Zhang, 2006), t-statistic of alpha
measuring the significance of fund performance (Elton, Gruber, and Blake, 2011). Other papers
exploit the underlying stock’s momentum (Grinblatt, Titman, and Wermers, 1995). In this section,
in a more detailed view, we will see empirical studies of each factor on identifying performance

or future returns of mutual funds.

2.1 Prediction of future mutual funds returns with past performance, historical

information and alpha

In the choice of mutual fund investment decision, the most obvious and most straightforward
analysis for investors is to use past performance and historical information in their decision-making
process (Zheng, 1999). Researchers believe that the study of historical returns contains information

on the future and could help to predict future returns.

This effect of past performance on the current performance of the mutual fund has been termed as
“persistence in performance” (Kaur, 2018). Bollen and Busse (2005) commented that mutual fund
managers possess a significant persistent ability to select a mutual fund, allowing an astute investor
to predict future performance based on past results. Gruber (1996) stated that if management ability
exists and is not included in the price of open-end funds, the performance of mutual funds should
be predictable. For him, future performance is predictable from past performance because the price
of buy and sell of mutual funds is equal to the net asset value, which does not change to reflect

superior management.


https://journals.sagepub.com/doi/10.1177/0258042X17745183
https://journals.sagepub.com/doi/10.1177/0258042X17745183

Grinblatt and Titman (1992) study the relation of past performance on mutual fund performance.
They find evidence of long-run persistence in performance. Indeed, the differences in performance
between funds persist over time, and this long-run persistence is consistent with the ability of fund
managers to earn abnormal returns (Grinblatt and Titman, 1992). As a result, for every 1%
abnormal return achieved on a rollback of five years, mutual funds are expected to realize 0.28%
greater abnormal returns in the second five-year period. In addition, Hendricks, Patel, and
Zeckhauser (1993) analyze the extent to which the relative performance of mutual funds can be
predicted by studying shorter evaluation horizons. Although on a short-run phenomenon, peaking
each four-quarter approximatively, they also found significance on relatively superior fund

performance.

Moreover, Elton, Gruber, and Blake (1995) examine predictability for stock mutual funds using
risk-adjusted returns. They exhibit that past performance is predictive of future risk-adjusted-
performance. For them, employing modern portfolio theory to construct a portfolio based on past
returns improves the selection of a portfolio of mutual funds. Elton, Gruber, and Blake (1995)
concluded that the past carries information about the future. The performance of a fund contains
information on its future performance. Thus, a fund overperforming in the past tends to

overperform in the future and on a risk-adjusted basis.

Yet, Ferreira, Keswani, Miguel, and Ramos (2012) illustrate short-term persistence in the
performance of mutual funds through the analysis of mutual fund flows across 28 countries. They
found that only in the case of the USA, mutual fund flows depend on past performance. However,
not in the other countries. This result was also found previously by Bollen and Busse (2004). No
persistence in performance other than the USA was found. Besides, there has been no evidence for
persistence in performance measured with returns contrary to risk-adjusted return. Otten & Bams
(2002) investigate 506 European mutual funds from 1991 through 1998. This paper shows an
overview of the European mutual fund industry by exploring mutual fund persistence performance
in France, Germany, Italy, the Netherlands and the U.K. They applied the Carhart (1997) 4-factor
asset-pricing model. The United Kingdom funds was the only European country demonstrating
statistically significant mutual funds persistence performance effects. From the results of studies

on the impact of fund past performance on future performance, most authors seem to agree on the



existence of short-term performance persistence in the U.S. However, outside of the United States,

the results are mitigated.

Although past performance can also be measured on historical information and returns, alpha can
also be a measure for quantifying past performance. In portfolio performance assessment, the two

popular performance indices are Jensen’s alpha and the Sharpe index.

In the context of a single index model, Jensen’s single criterion was introduced as a regression of
the capital market excess returns on the fund excess return. Defined as the “average incremental
rate of return on the portfolio per unit time” (Jensen, 1968), it measures abnormal performance. If
the CAPM is the correct model of equilibrium returns, then the portfolio should lie on the Security
Market Line, and the value of alpha should be zero (Cuthbertson, Nitzsche & O’Sullivan, 2010). It
is hypothesized that if the alpha value is positive and statistically significant, it indicated superior

risk-adjusted performance or a good manager skill to select funds.

According to Cuthbertson, Nitzsche & O’Sullivan (2010), a positive alpha demonstrates a portfolio
performing better than a random selection buy-and-hold strategy. Berkowitz, Schorno & Shapiro
(2017) findings reveal that both positive (hot-hand funds) persistence tend to have higher alpha.
On the contrary, negative (icy-hand funds) persistence is associated with a higher expense ratio,
lower alpha, and lower capital inflow. This single factor modelling can be extended to a multi-
factor framework to improve the portion of variance explained by the regression. The four-factor
model is primarily based on the empirical findings of Fama and French (1992 and 1993) and

Carhart (1997). This model will be explained in further parts.

2.2 Relationship of Mutual fund characteristics and performance

2.2.1 Effect of Mutual fund size on performance

In recent research, the relationship between a fund’s size and the performance of funds gained
notoriety. Yet, arguments pointed out by literature are contradicting each other. For instance, Tang
et al. (2012) discovered an inverted U-shaped relationship while Ding, Zheng, Zhu (2015) found a
U-shaped relationship. In opposition, a negative relationship was established by Chen et al. (2004)
Otten and Bams (2002).



Using a sample of Brazilian funds markets from January 2009 to March 2014, Malaquias, Duarte
de Sarvas, Oliveira (2016) concluded the size as an essential variable to address the performance
of investments funds in Brazil. This conclusion result from the empirical evidence of a U-shaped
relationship. The “U-shaped” size-performance represents the outperformance of small funds
compared to large counterparts when the size of the fund is relatively small or the outperformance
of large funds when the size of funds is relatively large. For instance, in terms of the size of a
threshold. The “inverted U-shaped” size-performance is the opposite: when the size of the fund is
relatively small or when the size of funds is relatively large, the fund’s performance is
underperforming. In contrast to Malaquias, Duarte de Sarvas, Oliveira (2016), Tang, Wang, Xu
(2012) found evidence of an inverted U-shaped relationship between fund size and performance on

the Chinese capital market.

A negative relationship between size and performance is argued as the flexibility of trading small
funds in the financial market. As Grinblatt & Titman stated, small mutual funds “have an advantage
over large funds in that they can more easily purchase and sell securities without altering securities
price” (Grinblatt & Titman, 1989, p. 407). According to Ding, Zheng, Zhu (2015), funds with small
sizes are more efficient in exchanging ideas among different layers of management, which
contributes positively to their overall performance. In contrast, the positive relationship is
explained as their large fund having significant market power that drives the stock price to increase
or decrease depending on their trading activities. Thus, small funds having lower market power to
influence price are subject to the price impact caused by the trading activities of large funds (Ding,
Zheng, Zhu, 2015). Indeed, in the study of Grinblatt & Titman, the portfolio of mutual funds with
the smallest net asset value realized the most extensive performance with an average performance
of 2.5% per year. However, this high performance is minimized due to the high transaction costs.
They will display the highest transaction costs and the most prominent survivorship bias along with
the other portfolios. Survivorship bias is described by Prather, Bertin, Henker (2004) as the
overstated average performance measure due to the records of poorly performing funds lost through
liquidation or merger. For instance, Morningstar Principia Pros (MS)! annual data files include

previous years’ returns for only existing funds. Also, large counterparts have the possibility to

! Tools for in-depth investment research and portfolio analysis. It provides equity mutual fund data, including
performance information, reporting and fund characteristics.



diversify their portfolios and decrease risk to a further degree than small funds. In a period of
market downturn such as financial crisis, this is an essential element to consider. Large funds with
comparatively large cash and liquid assets holdings are more competitive in seizing new

investments opportunities.

According to numerous investigations, the potential effect of size on fund performance implies
economies of scale and diseconomies of scale. According to the comprehension of Busse, Chordia,
Jiang, Tang (2014), diseconomies of scale is explained as the following: a fund faces significant
percentage transaction costs for a given set of stock holdings due to the increase of total net asset
of funds. As its size increase, the fund will potentially increase the number of its holdings. To alter
a particular fraction of the portfolio, a higher requirement of transactions of larger dollar amounts
will be needed. As a result, it will increase transaction costs and thereby reduce subsequent
performance. Keim & Madhavan (1997) express similar reasoning. Large funds tend to be involved
in large transactions that are difficult to execute because of their impact on price. This difficulty of
execution leads to high transaction costs that undermine performance. But higher transaction costs
are not the only reason for diseconomies of scale in the mutual fund industry. Busse, Chordia,
Jiang, Tang (2014) found that characteristics such as holding smaller market capitalization stocks,
stocks with greater book-to-market ratios and higher momentum account for diseconomies of scale
in the mutual fund industry. Grinblatt and Titman (1989), Yap and Pierce (2008), Ferreira,
Keswani, Migues and Ramos (2012) demonstrate that the size of the fund to be inversely related
to the performance of the fund, implying diseconomies of scale. It suggests reflecting the ability of
managers to select funds as due to their increasing size, large funds face challenges to locate

meaningful and sensible investments.

Many other researchers have empirically found out the effect of economies of scale on fund
performance. They argue that large funds can improve their performance by reducing their average
fixed cost. Stoll and Whaley (1983) show that, based upon portfolios formed on firm size, the
average price per share is monotonically increasing in size. Besides, both the mean portfolio return,
and beta are monotonically decreasing in size. Chen, Hong, Huang, and Kubik (2004) study the
effect of scale on performance in the fund size on the US equity funds. They discover that funds
size erode performance as the net fund returns declined with lagged fund size. Chen, Hong, Huang,
and Kubik (2004) explain this association due to liquidity. Tang et al. (2012) concluded that the


https://journals.sagepub.com/doi/10.1177/0258042X17745183
https://journals.sagepub.com/doi/10.1177/0258042X17745183
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inverted U-shaped between size and performance resulted in the effect of the economy of scale and
liquidity. In its research, it is observed that in Chinese mutual funds, for small funds, economies of
scale play an essential role; “however, for large funds, the role of liquidity is substantial” (Tang et
al., 2012, p.246). Grinblatt & Titman suggested that small funds “may experience higher
transaction costs than larger funds because they cannot take advantage of certain economies of
scale” (Grinblatt & Titman, 1989, p. 407). This suggestion is similar to the founding of Busse,
Chordia, Jiang, Tang (2014). They observed that large funds experience lower percentage
transaction costs than smaller funds, with the top quintile having an annual performance drag of

0.19 percent and the bottom quintile 0.30 percent.

Finally, the finding of Fama and French (1992) reveals a strong negative relationship between stock
returns and size. For him, smaller firms tend to have higher average returns with a spread of 0.74%
per month on average based on their size rankings. Indeed, the size factor SMB of Fama and French

)1992) (“small minus big”’) measure the difference between the returns on small versus big stocks.

2.2.2 Effect of Mutual Fund Age on performance

The fund age is defined as the duration for which the fund has been in existence and measures if
the fund can survive an extremely competitive environment (Babbar, Sehgal, 2018). Recent
literature has studied the association between the age of the funds with mutual funds performance.
This association can be distinguished by two opposing views: a positive association and a negative
one. Otten and Bams (2002) found a positive relationship between fund age and performance in
five European countries. Babalos et al. (2007) showed a positive effect of age of fund on
performance in Greece. As Kaur (2018) suggest, this significant correlation can be explained as
older funds may perform better than newer funds due to the “learning by doing” effect. Ferreira et
a;.(2012) comments that this negative relationship can result since more recent funds have to face
higher start-up costs and challenges. As a result, new funds could be put at a disadvantage
compared to older funds. As older funds have more knowledge, they can bear the costs or plan

unexpected ones.

In the contrary, Otten and Bams (2002) and Yap and Pierce (2008) find a negative relationship.
For instance, Peterson, Petranico, Riepe, and Xu (2001) and Prather, Bertin, and Henker (2004)
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showed that younger funds perform better than older funds or that fund age and performance bear
little relation. Ferreira et al. (2012) suggested that since young funds are new to the industry, they
will tend to work harder and be more dedicated to achieving recognition and maintaining their

survival in the industry.

Nevertheless, Biatkowski and Otten (2011) and Murcia (2011) find an insignificant relationship
between age and performance. This was also the case for Ferreira et al.(2012), which didn’t find
any relation between age and performance by analyzing the US and non-US funds. Both categories

haven’t any significant correlation.

2.2.3 Effect of Mutual Funds Flows on performance

The mutual funds' flow-performance relationship has constituted the subject of numerous articles.
The so-called flow of mutual funds is defined as the net growth in fund assets beyond reinvested
dividends (Sirri and Tufano,1998). The flow, formally calculated in Chapter 4, reflects the
percentage growth of a fund in excess of the growth that would have occurred if all dividends have

been reinvested and no new funds had flowed in (Sirri and Tufano,1998).

Gruber (1996) termed the “Smart money as the net money flows in the mutual funds earning better
returns. He studied this aspect by ranking actively managed funds from 1985 to 1994. This study
put in evidence the ability of investors to select funds by analyzing risk-adjusted returns of new
cash flows invested in these actively managed funds. Indeed, the return on the newly invested
money is higher than the average return for all investors in these funds. Zheng finds the same result
by employing a test of performance introduced by Grinblatt & Titman (1993). In aggregate,
investors are able with the use of cash flow information to make mutual funds selection decisions
based on the good assessment of short-term future performance (Zheng, 1999). Gruber’s so-called
“smart money” effect is, for Zheng, an effect related to fund-specific information used by investors
in their mutual fund investment decisions (Zheng,1999). This effect is also linked to the size effect
such that superior returns are principally earned by new money flows into and out of small funds
than large funds. Hence, the information of aggregate new money flows, determined by Zheng as
the information effect, resulting in abnormal returns, can be used to outperform the market,

especially for small funds.


https://journals.sagepub.com/doi/10.1177/0258042X17745183
https://journals.sagepub.com/doi/10.1177/0258042X17745183
https://journals.sagepub.com/doi/10.1177/0258042X17745183

11

Siri and Tufano (1998) remark the similar reasoning: consumers base their fund purchase decisions
on prior performance information. However, he commented that consumers were invested
asymmetrically, such their investment is disproportionately more in equity funds that outperformed
in previous periods. While Gruber (1996) findings have shown that the aggregate pattern of
consumer investing behavior is rational such that investors invest in funds receiving inflows and
disinvest from those experiencing outflows (Gruber, 1996). Hence, they would earn a risk-adjusted
return that outperforms passive index funds even after fees. This result was also consistent with

Zheng’s finding on small funds.

Sirri and Tufano (1998) provide evidence on the fact that mutual fund flows are affected by factors
related to the search and information costs bear by consumers. Sirri and Tufano (1998) demonstrate
that high-fee funds beat their rivals on the performance-flow relationship. As flows are fee-

sensitive, they assumed that high-fee funds spend more on marketing than their rivals as their

percentage fees decline as the fund grows. Thus, consumers are highly informed about their current
and potential investments. With such a marketing spotlight, consumers can visualize their

performance. Since investors tend to redeem more of their shares of a fund that has shown a good

performance, Sirrj and Tufano (1998) concluded that performing funds were attracting inflows. As
a result, a convex relationship between flows and performances has been proved. Throughout their
study, Goldstein et al. (2017) also confirm this convex shape for equity funds’ flow-to-

performance.

Other research focuses on the mutual funds flow-performance correlation in the case of a negative
relationship. For instance, Berk & Green (2004) believe that there is a correlation between
performance and mutual fund flows. Chou & Hardin (2014) examine the relationship of fund size,
and fund flows with the performance of real estate mutual funds (REMFs). Their expectations of
findings were to meet the same result as Berk and Green (2004). For them, real estate mutual funds
return exceed relevant benchmarks on a before expenses basis and match benchmark returns after
expense. According to Chou & Hardin (2014), the negative correlation between the increase of
fund flows and size with returns is explained by the rise of the expense ratio, which reduces the
flow of capital. The flow of capital was measured by the difference of increase between the current
and previous month in assets under management with the fund's monthly return divided by assets

under management of the previous month.
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In addition, Goldstein et al. (2017) demonstrate a concave flow-to-performance relationship on
corporate bond funds as the sensitivity of outflows on bad performance is higher than inflows on a
good performance. Besides, if a corporate bond fund possesses more illiquid assets and an overall
high illiquid market, it will significantly impact the sensibility of outflows on bad performance.
Goldstein et al. (2017) show in an illiquid corporate bond market, as one standard deviation
increase in outflows, a decline in corporate bond returns by 31 to 36 basis points result. In contrast,
for funds with liquid asset holdings and when the corporate bond market is liquid, as one standard
deviation increase in outflows, only a decline in fund returns by only 5 to 7 basis points results.
This Sharpe negative flow-performance relationship is due that investors remaining in the fund will
bear higher costs such that these remaining investors will be encouraged to redeem before the others
(Goldstein et al., 2017)

2.2.4 Effect of the Portfolio turnover on performance

The turnover ratio is another important characteristic of the fund in analysing the performance and
selection of mutual funds. According to Prather et al. (2004), turnover measures the trading activity
or the propensity of a manager to trade. Hence, a high turnover ratio should reflect an active market
timing and stock selection strategy compared to a low turnover ratio indicating a buy-and-hold
strategy. Therefore, the portfolio turnover ratio reflects the active trading strategy effect on
performance. The turnover ratio is formally calculated on the first step on individual funds as the
lesser of monthly purchases or sales of securities divided by average monthly assets (Prather et al.,
2004). The second step is divided by the mean turnover ratio for all funds with the same investment
objective (Prather et al., 2004).

Carhart (1997) mentioned that mutual fund managers claim that turnover does not reduce
performance. Since investors are paying for the quality of the manager’s information, mutual fund

managers argue that they only trade to increase expected returns net of transaction costs.

The perception of mutual fund managers is similar to Prather et al. (2004). Prather et al. (2004)
consider that high turnover significates high transaction costs like brokerage fees and bid-ask
spreads. The following suggest that turnover rate has a negative association with fund performance.

However, Prather et al. (2004) nuanced it by suggesting it could be a signal that a manager is



13

gathering and trading on the information. Grinblatt and Titman (1994) proved a positive
relationship between performance and turnover. They suggested that a high turnover ratio would
significantly increase funds in an active trading way and represent underpriced securities. Thus,

turnover may have a positive impact on performance even if it occurs high transaction costs.

Bers & Madura (2000) poses the hypothesis that the turnover ratio had a positive influence on net
asset value persistence. Their reasoning was explained that as managers have superior knowledge
and are constantly buying and selling funds, high turnover funds should reflect higher closed-end
net asset value fund returns. Indeed, investors could believe that the signal given by a high turnover
the manager has superior knowledge compared to rivals and will thus outperform regarding future
net asset value return. Therefore, it could help increase investors' confidence, reduce overreaction
to negative news and be associated with superior market price return persistence. Malkiel (1995)
demonstrated that there is a strong correlation between turnover and unrealized appreciation. He
explains that fund turning rapidly their portfolio are unlikely to a numerous amount of unrealized
appreciation. Thus, high turnover funds can be expected to sell at smaller discounts, reducing

overreaction and generating market price persistence.

However, Bers & Madura (2000) also suggested that higher transaction costs caused by higher
turnover will offset more than the gains from selling and buying new stocks. As a result, higher
turnover would persistently provoke lower net asset value performance. Bers & Madura (2000)
concluded that in either case, the turnover ratio had an impact on net asset value return performance

persistent as long as turnover also stays persistent.

Carhart (1997), instead, found a negative influence of portfolio turnover on performance. On
average, he found that mutual funds do not bear their investment costs through higher returns. For
every 100 basis points increase in turnover, performance drops by about 95 basis points for every

buy-and-sell transaction.

2.2.5 Effect of the Expense ratio on performance

According to the literature, high expenses should be justified by superior investment services,

called higher risk-adjusted returns. Expenses paid for obtaining portfolio management services
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provided by mutual funds are reported as the expense ratio. Hence, the authors believe that mutual
funds can be predictable with the factor expense ratio. Carhart, for instance, explains that the
predictability of mutual funds is only related to two elements: common factors in stock returns and
persistent differences in mutual fund expenses and transaction costs (Carhart, 1997). Thus, the

study of this factor on the potential of predicting future mutual fund returns flourished.

Grinblatt & Titman (1994) study the performance of 5 characteristics reported in the Wiesenberger
Investment Companies Service via regressions such as the following: net asset value, load, expense
ratio, turnover and management fee on a reliable and unreliable benchmark. The first goal of this
research is to find how the performances of mutual funds are related to these 5 characteristics. The
second goal was to discover whether these mutual funds performances are due to differences in
transaction costs. The regressions result illustrates that there is no statistically reliable relation
between the performance and expense ratios or net asset values. However, they found a significant
association of combined management fees and load with mutual funds performances (Grinblatt &
Titman, 1994). For every 10 bp reduction in management fee, the performance increases by 50 bp
per year, indicating that low fee managers are superior performers. This result was also proved by
Porter & Trifts (1998). Porter & Trifts (1998) examines the performance of 93 funds managed by
experienced managers over 10 years from 1986 to 1995. They didn’t find a causality link between
the persistent performance of the fund and managers managing the same fund for a long period.
Indeed, managers with 10-year track records of the same fund didn’t outperform managers with
shorter track records. Similar to Grinblatt & Titman (1994), try to determine in a second step to
what extend expense ratios are associated with the performance rankings of the experienced
managers. However, contrary to Grinblatt & Titman (1994), they discover that funds with low
management fees have shown persistent positive performance while those with high fees has shown
persistent negative performance. For instance, over the 4 first years of the study period, superior
funds had significant lower expense ratios across funds with on average 0.47% less than the

expense ratios of inferior funds (Porter & Trifts, 1998).

Ranked actively managed funds into deciles based on monthly four index alpha and monthly
returns from 1985 to 1994. Gruber (1996) demonstrates that the best performing funds have an
expense ratio similar to the expense ratio of average funds and lower than bottom deciles funds. In

his reasoning, he indicated that investors are better off buying low expense ratio funds and in
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parallel that good managers have lower expense ratios than bad managers. It presumes that there is

a negative correlation between fund performance and expense ratios.

The study of Droms & Walker (2001) tests the persistence of mutual fund returns characteristics
such as turnover rates and expense ratios over the 20-year period from 1971 to 1990. Using Jensen’s
equation (1968) as a risk-adjusted total returns measure, they find that the expense ratio has no
significant effect on the performance for any of their multivariate models and that expense ratios
do not persist across mutual funds between the period analyzed. Nevertheless, Indro et al. (1999)
found also that mutual funds returns are negatively correlated with expense ratios. This significant
negative association, according to them, means that on average mutual funds are overinvesting in
information and, more particularly of acquiring and trading information. As a result, Indro et al.
(1999) think that prior studies on mutual fund returns related to the cost of acquiring and trading
on information failed to recognize the dependency of net assets under management of the funds for
the efficiency of an active investment management strategy. In order to achieve sufficient returns
to cover the expenses such as costs for acquiring and trading on the information, Indro et al. (1999)

suggest that actively managed mutual funds have to attain a minimum fund size.

The analysis of the fund size in terms of net asset value (NAV) on the mutual fund’s returns has
been done by Bers & Madura (2000). This study examines if the persistence of both net asset value
(NAV) and market price returns of U.S registered closed-end funds is related to funds
characteristics (Bers & Madura (2000). Bers & Madura (2000) showed that the significant
persistence of strong net asset value (NAV) and market price-performance was stronger on funds
with lower expense ratios and funds traded on the NYSE. After a deeper analysis, they even
discovered that with the management of closed-end funds combined with lower expense ratios,
they could achieve more persistent positive returns, particularly for net asset value performance
persistence. In addition, closed-end funds traded on the NYSE, managed by more experienced
managers, are more likely to perform persistently well than other closed-end funds. This result was
seen at least for a three-month holding period. Moreover, the variation in performance persistence
levels among winner closed-end funds instead of loser closed-end funds was more effectively
explained by fund-specific characteristics. This last result can be interpreted as the ability of
investors to distinguish winner funds that will experience persistent performance by simply looking

at fund specific features.
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In more practical and recent research, Kaur (2018) investigates Indian equity mutual funds’
performance during 2004-2013. She assumed that expense ratios have a negative effect on the
different fund performance measures used during that period. However, the results show a
significant positive impact of expense ratio on gross returns and Sharpe ratio (at 5 percent level of
significance) Yet, the result also leads to an insignificant negative effect on conditional Carhart
alpha. Kaur (2018) nuanced the results regarding the effect of the fund’s expense ratio on fund
performance. For her, the effect of fund characteristics depends upon the performance measure
chosen. For instance, gross returns (unadjusted returns) can be subject to manipulations. In

comparison, alpha provides risk-adjusted returns relative to the market.

In another country such as Pakistan, Ahmad, Sun & Khan (2018) obtained evidence of the
significant positive effect of management fees on equity mutual funds performances. In opposition,
the expense ratio had a negative correlation with the performance of the equity mutual funds.
However, these observations should be carefully analysed. Indeed, the magnitude of both effects
is different. The management fee effect positively affected the mutual fund performance with a
minimum of 0.3 basis points and a maximum of 0.5 basis points. Contrary to the expense ratio
decreasing from 15 basis points until 26 basis points depending on the performance measure used
(CAPM, FF 3-factors and Carhart 4-factors) (Ahmad et al., 2018). Thus, it indicates an expense

ratio having a stronger effect than the weakened positive management fee effect.
2.3 Estimation of fund performance with macroeconomic derivative-factors

Volatility is another factor that can be used for estimating fund performance. Indeed, Livingston et
al. (2018) made hypotheses such as that high expense funds have higher volatility in performance
than low expense funds. They argue that trading volume is positively related to asset price and
return volatility as it is established by Kandel & Pearson (1995) or Karpoff (1987). This association
comes from two theories of differences of opinion and overconfidence. The differences-of-opinion
hypothesis states that investors substantially interpret public information differently, leading to a
higher trading volume and larger price or return volatility (Harris & Raviv, 1993; Kandel &
Pearson, 1995). Harris & Raviv (1993) find absolute price change and volume are positively
correlated. The overconfidence theory posits those large differences of opinion result from the

overconfidence of investors and traders in the accuracy and precision of their information (Odean,
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1998). Odean (1998) believes that overconfidence increases the expectation of trading volume,
increases market depth, decreases overconfident traders' expected utility, lower risk-adjusted
returns, and higher return volatility. The overconfident person has high importance on the effect
on volatility and price-quality (Odean, 1998): Overconfident traders could cause the market to
underreact to the information of rational traders. Markets underreact to abstract, statistical, and

highly relevant information, and they overreact to salient, anecdotal, and less relevant information.

Livingston et al. (2019) demonstrated that high turnover funds have higher volatility in
performance than low turnover funds. This can be explained as actively managed funds are likely
to take more idiosyncratic risk as they have the tendency to pursue investment and trading strategies
that deviate from benchmarks. Berkowitz, Schorno & Shapiro (2017) focus on characteristics of
mutual funds with extreme performance periods, considered as the period with high volatility.
Funds with either positive or negative persistence tend to have portfolio similarities consistent with
riskier positions: holding few stocks, investing more in top ten holdings, and having a higher
portfolio beta. Beta shows the amount of systematic risk managers hold (Berkowitz, Schorno &
Shapiro, 2017). For Livingston et al. (2018), double adverse effects are described: high expense
ratios and turnover ratios reduce fund performance and increase volatility. Thus, Livingston et al.
(2018) concluded that actively managed funds have higher volatility in performance as the superior
average performance of actively managed funds is accompanied by higher volatility in

performance.
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3. Methodology

In this section, machine learning will be described by starting with the definition of machine
learning. Then, we will enunciate the empirical research found on machine learning techniques. In
the last part, we will explain the seven different machine learning models we will use throughout

this thesis.

Machine learning is defined as an evolving branch of computational algorithms that are
designed to emulate human intelligence by learning from the surrounding environment (El
Naga I., Murphy M.J., 2015). Machine learning methods and algorithms allow to exercise and
learn in an automated way without explicit programming instructions. It is commonly known
that the more the size of the data is significant, the more efficient and successful machine learning

can be.

Machine learning is composed of two main types of tasks: supervised and unsupervised.
Unsupervised learnings designate a set of algorithms employed when the target variable is
undefined and unknown. This learning algorithm is meant to discover hidden structures or patterns
in a dataset without labels. This type of machine learning is shown in Figure 1.a, where the input
features x1,x2 are similar or with no labels. Machine learning algorithms will then try to find
patterns, relations or clusters to separate the data set without knowing the correct answer

beforehand.

Figure 1: Machine learning problems

(a) Unsupervised problem (b) Supervised problem
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While, in supervised learning, the target variable is known such that the correct answer is initially
given. In Figure 1.b, the supervised problem is demonstrated. For a given set of data, all the
samples have been labelled with a symbol according to the class it belongs to. In a supervised
learning problem, according to the target’s nature, the prediction tasks differ. This distinction in
output type has led to a naming convention for the prediction tasks: regression when the output is
a quantitative measurement, classification when it is a qualitative measurement. The classification
model is used when the goal is to set the input as the target resulting in a qualitative output. A

classification model can have categorical, real-valued or discrete input variables.

In contrast, the model of regression is achieved for predicting targets with continuous values. An
example of such a case would be predicting future stock prices based on historical firm
characteristics such as revenues or size. Algorithms like neural networks can solve both models,
while linear regression can only solve regression problems with labels corresponding to discrete

categories.

3.1 Empirical Research on the Application of Machine Learning Techniques

Research on the application of machine learning techniques in finance is relatively active. Dhagash,
Desai, Pradeep (2020) used a Random Forest model to categorise mutual funds. The authors used
S&P Dow Jones Benchmark and FTSE/Russell Benchmark with 89 unique features for S&P Dow
Jones Benchmark and 42 unique values for the other. For them, the wide variety of mutual funds
from various investment management firms and diversification strategies have become available
due to the surge of popularity of mutual funds as diversified financial investment. They defined
accuracy as the fraction of correct predictions predicted by the model. The accuracy is assigned 1.0
if the samples match the valid label, else zero. The accuracy achieved by the methods is the
following: 90.20% for the Random Forest, 87. Wolff, Echterling (2020) 70% for the decision tree
and 90.70% for the deep neural network method. implement machine learning algorithms for stock
selection with data of the S&P500 over the period from January 1999 to March 2021. Using
techniques like Deep Neural Networks, Long Short-term Neural Networks, Random Forest,
Gradient boosting and regularized logistic regression, they found a significant outperformance of
machine learning-based stock selection compared to an equally weighted benchmark. The neural

networks and tree-based models outperform logistic regression methods.
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In addition, Moritz and Zimmerman (2016) also establish the effectiveness of tree-based models to
predict portfolio returns. They ascertain that strategy returns and information ratios based on this
model were more effective in terms of accuracy of the expected return predictions than alternative
models. Moreover, Fu et al. (2018) construct technical and fundamental features to characterize
each stock and label stocks in order to distinguish the “good” stocks from “bad” ones. They apply
machine learning algorithms such as logistic regression, Random Forest, Deep Neural Networks.
They demonstrated significant effectiveness in stock selection within the Chinese stock market.
Besides forecasting returns, Alberg and Lipton (2017) use the deep neural networks technique to
forecast future fundamentals based on a trailing 5-years window. They assume that financial data
such as revenue, operating income, and debt provide insights into the company’s financial health.
Thus, they proposed forecasting company fundamentals as they believe that the long-term success
of an investment depends on the current stock price with respect to its future fundamentals. As a

result, the improvement in mean square error compared to a naive strategy? was found significant.

Lastly, Gu, Kelly, and Xiu (2019) discover the efficacy of machine learning methods in the context
of asset pricing. For them, the use of machine learning by investors for forecasting represents
enormous economic gains. For instance, they found that an investor which competes with the S&P
500 by investing in bottom-up neural network forecasts has a 26-percentage point increase in
annualized out-of-sample Sharpe ratio (0.77) relative to a buy-and-hold investor (0.51). They
analyse the following machine learning techniques: Ridge Regression, Lasso, Elastic Net, Random
Forest, Gradient Boosting, (Deep) Neural Networks. They identify that the best performing

methods are regression trees and neural networks.

Further, they reveal evidence of the reason of the aids of the accuracy of machine learning in return
predictions compared with ordinary least-squares (OLS) regressions. Indeed, they attributed the
improved accuracy of machine learning models to uncovering non-linear patterns and their
robustness to multicollinear predictors. In particular, for the “elastic net” technique, they found that

as this technique uses shrinkage parameters and variable selection, it helps to limit the regression’s

2 Naive strategy is simplistic strategy where all the stocks have been bought equally.
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degrees of freedom, which solves the OLS inefficiency problem. Besides, they confirm that neural
network performance peaks at three hidden layers. Afterwards, more layers are added, less
performant is the neural network. Likewise, for the algorithms as a Boosted Tree and Random
Forest, increasing the leaves of the selected trees reduces the accuracy of the prediction. Finally,
they concluded that the most successful informative stock-level predictors among all the methods
studied are price trends, liquidity and volatility variables. Price trend variables concern stock
momentum, industry momentum and short-term reversal. For liquidity, variables are such as
market value, dollar volume, and bid-ask spread. Lastly, volatility variables include return

volatility, idiosyncratic volatility, market beta, and beta squared.

3.2 Machine Learning Methods

Machine learning was invented 64 years ago by Frank Rosenblatt with the “Perceptron”. This
invention is a single-layer neural network, an algorithm that would be further detailed (3.3.3). For
selecting and forecasting the designated open-ended mutual funds, the following machine learning
methods were used: OLS regression, Lasso (Least Absolute Shrinkage and Selection Operator),
Ridge Regression, Elastic Net, Random Forest, XG Boost and Neural Network. This section will

introduce these seven methods.

3.2.1 Ordinary Least Square Regression (OLS)

The linear model, often called linear regression, remains one of the most commonly supervised
learning algorithms from the field of statistics. Linear models are the simplest parametric methods

and deserve the proper attention for their simplicity, flexibility and unbiasedness.

A linear model is based on the assumption that it can approximate the output values through a
regression process. In general, regression models predict an output Y from a series of N inputs X
= (Xq,X,, ..., X;) as follow:

Y =y + Zév=1 piX;+ € (1)

There is a relationship between two variables such that when one variable increases, it will impact
another variable to increase or decrease proportionately. The term S, is the intercept, also know

as bias in machine learning. The independent variable must be linearly related to dependent
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variables. There should not be any outliers in values among independent variables. If there are any
outliers, they should either be capped, or a new variable needs to be created flagging the outliers’
data points. Linear methods have different types which differ from each other in the way they

estimate the coefficients.

The ordinary least-squares model (OLS) technique is the most commonly used method for
estimating linear regression’s unknown parameters. It can be used as a simple linear regression
model assessing the relationship between independent (input) and dependent variables (output).
The relationship between input and output variables can be calculated by using the following

formula:
Y = a+ fxi + & (2)

This technique can also be seen as an unconstrained quadratic programming problem. It estimates
B that minimised the residual sum of squares (RSS), also known as training mean squared error,

as follow :
A . 2
BoLs = arg min RSS(B) = X1=1(Yi — Bo — ZiL1 BiXi))” (3)

The OLS estimator is famous due to its features. It is unbiased when the linear model is correct,
and due to the implication of the Gauss- Markov theorem, it has a minor variance out of all
unbiased estimators. The error values are distributed on both sides of the fitted line. Due to
homoscedasticity, errors cannot get larger as the value of an independent variable increase. Errors

should be normally distributed.

However, the standard OLS estimation of the linear regression coefficients may not be appropriate

for forecasting because of its significant variance and its underperformance to outliers.

3.2.2 Shrinkage-Based Methods

Shrinkage-based methods aim to improve prediction accuracy by shrinking the estimated
parameters or setting them to 0. As a result, it decreases the variance and avoiding overfitting.

There are three methods: Ridge, Lasso and Net Elastic.



23

These methods are regularised subject to three norms 10, 11 and 12. These three norms are defined

by their canonical form as follow :

1B1o=Y 1(8;# 0)

j=1

p
I B lli= zj:l 15; |

1B 13= X7, 8f (4

The 11 regularization adds an 11 penalty equal to the absolute value of the magnitude of
coefficient or simply restricts coefficients' size. The |2 regularization adds an 12 penalty which is

equal to the square of the magnitude of coefficients.

3.2.2.1 Lasso (Least Absolute Shrinkage and Selection Operator)

Introduced by Robert Tibshirani in 1996, the Lasso method, or so-called Least Absolute Shrinkage
and Selection Operator, is a penalised least squares technique based, as the name suggests, a

shrinkage model.

This method puts the 11- norm penalty on the sum of the model parameters’ absolute values by
shrinking the coefficient of the regression variable to 0. Thus, with an upper bound on the sum of
the model parameters’ absolute values, the sum of squared errors is minimised. The Lasso

estimator3 for the linear regression model (5) is given as follow :
A _ ] N
ﬁLasso - a’rgmﬁln RSS(,B) + AZi:l |ﬁl| (5)

The parameter alpha controls the type of shrinkage, which has important consequences for the
estimation method’s properties. The regularisation parameter A controls the extent of this penalty.
If A is sufficiently large, then coefficients are set to be precisely equal to zero due to the 11- norm
penalty geometry. Thus, Lasso has an |1 penalty on the parameters and performs both parameter

shrinking and variable selection. In such a way, the curse of dimensionality is reduced.
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Increasing inputs that are truly associated with the outputs should lead to reduced set error.
However, if these inputs add only noisy inputs, then the set error would only increase.
Dimensionality refers to the fact that additional inputs, even relevant, engender variance. Indeed,
the variance incurred in fitting coefficients may outweigh the reduction in bias that they would
add.

The Lasso method provides accurate prediction due to the shrinkage process. However, the more
significant the parameter A, the more the coefficients are shrunk to zero. In this way, the prediction
error is minimised. But on the other hand, if the regularisation parameter A = 0, an exceptional case
result. Indeed, it will be no more than just a simple OLS regression that doesn’t bring value to the
forecast. The key motivation for this method is the bias-variance tradeoff in mean squared error.

By shrinking the estimator in Lasso, it trades off an increase in bias with decreased variance.

3.2.2.2 Ridge Regression

Ridge regression is another method based on shrinkage. Ridge regression is a popular parameter
estimation method used to address frequently the collinearity problem in multiple linear

regression. This method adds a constraint on the 12 norm of the coefficients as follow (6) :

Briage = arg min RSS(B) + AY,B7 (6)

This method shrinks the coefficients of regression variables on their size by penalising large
coefficients. Given the 12 norm on the parameters, the alpha parameter is set to 0. Higher the A is,
more the coefficients B; ‘s are shrunk toward 0 without shrinking f,. Simplistic, it is due to the
mean value of the response variable. In turn, it makes the coefficients more robust to collinearity.
This condition permits the differentiation with the Lasso method as the coefficients are not exactly
0. It means that Ridge regression will not enforce the irrelevant variable coefficients to become 0.
Instead, it will reduce the impact of these variables on the model. Ridge regression and Lasso
regression also differ in how they handle correlated variables. While Ridge regression shrinks
correlated variables toward each other, Lasso typically selects one. Therefore, Ridge regression

tends to perform better than Lasso when the predictors are highly correlated. However, both
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methods need their inputs to be standardised so that the coefficients’ size is comparable and

penalised fairly on the same scale.

3.2.2.3 Elastic Net

To resume, the Lasso performs variable selection, but it tends to select only one input from a group
of highly correlated variables ignoring all the other inputs. The method of Ridge alleviates the
significant coefficient that can arise for highly correlated inputs, but it does not perform variable
selection. Thus, the last method based on the shrinkage method is proposed by Zou and Hastie in
2005 called Elastic Net. This method is the combination of both the Lasso method and the Ridge
Method.

The elastic net involves two non-negative hyperparameters, A and p, and includes two well-known
regularizers as special cases (11-norm and 12-norm). Hence, the Elastic net overcomes these
limitations by limiting the number of selected variables and stabilising the selection from grouped
variables. This is done by putting penalties on both I1 and I2- norm. Thus, it accepts biased
coefficient estimates in return for lower variance. When the alpha parameter is set to 0 (p = 0 case),
the penalty function reduces the I1 term, corresponding to the lasso regression. According to
DeMiguel (2021), the fortunate geometry of the Lasso sets coefficients on a subset of covariates to
precisely zero. In this sense, the Lasso imposes sparsity on the specification. Therefore, the 11-norm
term can control the degree of sparsity and be thought of as a variable selection method. While, by
setting the parameter to 1 (p = 1 case), the penalty function reduced the 12 term, which corresponds
to the ridge method. The ridge regression, which uses an 1, parameter penalization, draws all
coefficient estimates closer to zero but does not impose exact zeros anywhere. In this sense, Ridge is
a shrinkage method that helps prevent coefficients from becoming unduly large in magnitude and can
thus increase stability. Therefore, to optimise the Elastic Net, the alpha value needs to be between
0 and 1 as it will encourage shrinkage and selection. As a result, some coefficients will be shrunk,

and others will be exactly 0.
3.2.3 Tree-Based Method

Tree-Based methods are unique and valuable for interpretation. These types of approaches are

known as decision-tree methods as the set of rules used to segment the predictor space can be
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summarized in a visual representation of a tree. Decision Tree is one of the most straightforward
yet powerful machine learning algorithms for classification and regression tasks. Figure 2 describes
the components of a decision tree. A decision tree is composed of two main elements: Nodes and
Branches. Nodes represent the possible attributes associated with an event. Nodes can be
differentiated into three different types: root nodes, internal nodes and leaf nodes. Root nodes
represent the decision to be made. It represents the attribute with the largest information gain.
Internal nodes represent one of the possible choices available given the tree structure. Leaf nodes
represent the outcome of the combination of decisions or events. Finally, branches represent the

outcomes emanating from the root and internal nodes.

Figure 2: Components of a decision tree
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3.2.3.1 Random Forest

Random Forest is an ensemble learning method again based on Decision Trees. Random Forest
consists of multiple decision trees such that each tree depends on the values of a random vector.
This random vector is independent of the past random vectors and with identical distribution for

all trees in the forest (Breiman, 2001)

Concretely, each tree in a Random Forest is first trained simultaneously on the sample data using
dawns replacements, known as bootstrapping. The term bootstrap refers to selecting a few rows

randomly. Thus, each decision tree will be trained on a slightly different set of observations. It is
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such that every single tree will grow differently according to the diverse bootstrapped sample and
that the final predictions will be made by averaging each decision tree. By averaging across the
prediction of the numerous decision trees, the prediction variance is reduced, and thus the
predictive performance of trees are stabilized. Therefore, by increasing the number of trees in the
Random Forest, out-of-sample performance is often improved. However, as previously written,
according to Gu, Kelly, and Xiu (2018), the marginal improvement is decreasing with the number
of trees growing as well as the accuracy of the prediction with the increase of the leaves. Moreover,

a larger Random Forest requires more computational resources.

3.2.3.2 XG Boost — Extreme Gradient Boosting

XG Boost stands for Extreme Gradient Boosting. It is a specific implementation of the Gradient
Boosting method. The Gradient Boosting algorithm is a model used for regression and
classification problems. Gradient boosting uses ensembles of decision trees. Gradient refers to the
error or residual obtained after building the model. Boosting refers to improving. The technique is

known as a way to improve and reduce error gradually.

Contrary to aggregating independent decision trees and taking an average like Random Forests,
Gradient boosting aggregates decision trees sequentially to connect week decision trees (“week
learner”) to form single strong trees (“strong learner’). Thus, the GBM algorithm iteratively adds
a new decision tree at each step that best reduces the loss function. This latest decision tree gives
more weight to poorly observations predicted by previous trees that failed to achieve a good
performance. The logic behind the scenes is that subsequent learners learn from their predecessors'
mistakes and correct these errors by being trained on the residual of the prediction of the previous
trees. The algorithm continues to iterate until the prespecified number of trees by the user are

reached.

In this fashion, the Gradient Boosting Method improved predictions each time by fitting on the
residuals of decision trees. According to Schapire and Freud (2012), boosting improves predictions
by reducing the prediction variance and prediction bias. To avoid overfitting, a regularization
technique requiring additional hyperparameter can be employed. For instance, a key

hyperparameter in Gradient boosting could be the learning rate. The learning rate determines how
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fast the method learns from its most recent tree, meaning how much weight it gives to the most
recent decision tree. Or it could also impose constraints on the number of decision trees aggregated,
the depth and number of nodes of each tree, and the minimum number of observations in a leaf

node.

Based on the original framework of the Gradient Boosting Method, according to Meng, Yang,
Qian and Zhang (2020), it uses K additive trees to approximate the output. Contrary to Gradient
Boosting Method, XG boost is a technique aiming to minimise the regularised objective function,
divided into two components. The first component is the training loss, which measures the
difference between the predicted and actual values. (Meng, Yang, Qian and Zhang, 2020, p.475).
The second component is the regularisation term which permits to measures the complexity of the
model. The regularisation term can help to smooth the final learnt weight to avoid overfitting.
(Meng, Yang, Qian and Zhang, 2020, p.475).

The two other features of XG Boost are the Shrinkage and the Column Subsampling. (Meng,
Yang, Qian and Zhang, 2020, p.475). At each step of boosting, the shrinkage technique scales the
newly added weights. (Meng, Yang, Qian and Zhang, 2020, p.475). Therefore, the influence of
each tree is declined and thus permits to avoid overfitting. (Meng, Yang, Qian and Zhang, 2020,
p.475). Further, the method of Column Subsampling for building a given tree will select only a
random subset of input features for reducing the training process time (Meng, Yang, Qian and
Zhang, 2020, p.475).

3.2.4 Deep Neural Network

The final non-linear method we will analyze in this thesis is the neural network or artificial neural
network. Commonly known as the most powerful modelling device in machine learning, they are
used for complex natural language processing or computer vision problems. The neural network is
a system of artificial neurons connected and consisted of multiple layers. Between neurons in

consecutive layers, there are connections that disappear between neurons in the same layer.

From a mathematical point of view, a neuron is essentially a non-linear transformation of its input.

Inside a neuron, there are two stages of operations which are illustrated in Figure 3. These stages
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have the goal to weigh, aggregate and transform the inputs. The first step is a linear transformation
of the inputs, while the second step is a non-linear activation function that is applied to the linearly

transformed inputs.
Figure 3: Architecture of a single neuron in a neural network
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In the beginning, each neuron makes a weighted sum of its inputs. Then, it applies a non-linear
activation function to its aggregated signal before sending its output to the next layer. Thus, these
activation functions control the output as a result depend on them. Also, they provide non-
linearities effects for the network. Finally, the results from each neuron are linearly aggregated into

an ultimate output forecast.

The most straightforward neural network consists of three layers: one input layer, one output layer,

and one hidden layer in the middle, which is demonstrated in Figure 4.
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Figure 4: Neural network architecture
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Omega, 24(2), 205-215. (pp207).. https://doi.org/10.1016/0305-0483(95)00059-3

The input layer collects the input patterns and values from the features of the data. Then, it transmits
directly to the hidden layer. The number of neurons in the input layer is the same as the number of
features by construction. The hidden layer gets its values from the input layer. After nonlinearly
transforming the inputs, it passes those values to the output layer. The hidden layer is used to
optimize the input variable’s weight and bias until the network lowers its loss error. Lastly, the

output layer is the layer that aggregates hidden layers into an ultimate outcome prediction.

A deep neural network is a neural network with many hidden layers that requires a massive amount
of data to train. As the example of a deep neural network shown in Figure 5, the number of
parameters grows extremely fast with number of hidden layers and number of neurons in each
layer. Thus, while it increases tremendously, the complexity of the model engenders an increase of

difficulty to illustrate it in a visual representation.
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Figure 5: Illustration of Deep Neural Network architecture with multiple layers
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4. Data and predictive features

In this section, we will explain the data set that we used in this thesis and the model for selecting

our mutual funds.

4.1 Data description and preparation

We obtain monthly U.S equity mutual funds data as well as any other data from Bloomberg.
Kaminsky, Lyons, & Schmukler (2001) study the performance of funds and discover that equities
have outperformed bonds as the largest share of mutual fund portfolio beginning in the 1990s. With
this discovery, we supposed that we would obtain the best results by starting in 1990. Thus, our
sample starts in January 1990 and ends in June 2021, totalling 31 years and six months. We have
specified that the country of domicile is the United States and the fund type as the open-end funds
to extract these data. For the fund asset class focus, we precise it to be equity and that this equity
is the fund primary share class. Thus, from a match of 39518 U.S mutual funds, we end up after all
specifications written above to a result of 3408 funds. After cleaning and removing all the data who
didn’t possess the last price of the mutual fund, the final sample has a number of 289 mutual funds.
Table 1 summarizes all types of principal investment strategies that our mutual funds are composed

of according to the classification system of Bloomberg of our sample

According to Bloomberg fund classifications?, the asset class focus of equity is divided into two
categories: strategy and market capitalization. Strategy is composed of the following strategies:
value, growth, blend, bear market, long/short, geographical focus, industry sector focus and market
neutral. There are small, mid, large and broad (Multi) capitalizations in the market capitalization

categories. In the appendix 1, the definition of each investment strategy is explained.

3 source: Bloomberg (2013). Bloomberg Fund Classifications: Guide to our new funds Classification System. PDF Document
available on the website : https://cpb-us-el.wpmucdn.com/wp.txstate.edu/dist/2/916/files/2020/01/tmp14.pdf. Consulted on 13
August 2021
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Table 1: Principal investment strategy of mutual funds from our sample

Objective mutual funds Number of mutual funds
Asian Pacific Region
Basic Materials Sector
Blend Broad Market
Blend Large Cap

Blend Mid Cap

Blend Small Cap
Communications Sector
Consumer Discretionary
Consumer Staples
Emerging Market Stock
Energy Sector

European Reg. ex UK
European Region
Financial Sector

Foreign Blend

Foreign Growth

Foreign Value

Growth Broad Market

= = N
woko_bhv—nn—\m»—-»—nwwmp\‘mww

Growth Large Cap 30
Growth Mid Cap 15
Growth Small Cap 12
Health Care Sector 8
Industrial Sector 2
Japan 1
Natural Resources Sector 3
North American Region 1
Precious Metal Sector 8
Single Country 2
Technology Sector 5
Thematic Sector 9
Utilities Sector 3
Value Broad Market 19
Value Large Cap 33
Value Mid Cap 6
Value Small Cap 10

To calculate the monthly return, we compute the continuously compounded return or so-called
logarithmic return. It is calculated by taking the logarithm of the mutual funds returns at time T

divided by the mutual funds return at time T-1.

To predict the future data of the mutual funds, we choose multiple features such as benchmarks of
stock markets from various countries. We took benchmarks such as SPX Index, NKY Index, DAX
Index, FDTR Index. We believe that the benchmarks could impact the selection of United States

funds.

The SPX Index is the American stock market index S&P 500 ( Standard & Poor’s 500) ticker.

Widely regarded as the best gauge of large-cap U.S equities, there is over 11.2 trillion indexed or
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benchmarked to the index*. The index, including 500 leading companies, covers approximately
80% of available market capitalization. Therefore, the S&P 500 is recognized by investors as the
best representation of the U.S stock market and a bellwether for the U.S. economy. On the contrary,
the Nikkei Stock Average (NKY Index) is considered the benchmark and indicator of the Japanese
Stock Market®> movement. The index includes 225 stocks listed on the Tokyo Stock Exchange First
Section. While the DAX Index is the German stock market index. The DAX® shows the
performance of the 30 largest and most liquid companies called blue chips listed on the Frankfurt
Stock Exchange. Like the S&P 500, the DAX components also represent around 80% of the total

market capitalization of the listed companies in Germany.

FDTR Index was also taken as we believe that it has an impact on the U.S mutual funds. FDTR is
the upper bound index of the federal funds' target range. Depository institutions lend reserve
balances to other depository institutions overnight on an uncollateralised basis at the federal funds
rate. Thus, the higher this interest rate is, the more attractive are investments in the United States
as credit cards, mortgages, and bank loans are affected by this rate. According to Guo (2004),
during 1974-1979 and in the late 1980s, they found that stock prices reacted significantly to
unanticipated changes in the federal funds rate target. From this discovery, we hypothesised that
the federal funds rate target could potentially influence mutual funds with an asset-class focus of
equity. The federal funds rate also affects the currency, which a higher rate increases the value of
the U.S dollar. Therefore, it could potentially affect mutual funds denominated in the U.S dollar

and thus on our sample set of U.S mutual funds.

We also took the volatility, such as the VIX Index, as a feature for our model. The VIX measure
the market’s expectation of future volatility. Based on options of the S&P 500, it is known as an

indicator of the U.S stock market and, more particularly, the U.S equity market volatility.

4 S&P Dow Jones Indices. S&P500 (2021). Available on the website :
https://www.spglobal.com/spdji/en/indices/equity/sp-500/#overview. Consulted on 13 August 2021.

® Nikkei Indexes. Nikkei Stock Average (Nikkei 225) (2021). Available on the website:
https://indexes.nikkei.co.jp/en/nkave/index/profile?idx=nk225. Consulted on 13 August 2021.

6 Deutsche Borse Group. Dax indices. The leading German equity index and more (2021). Available on the website:
https://www.deutsche-boerse.com/dbg-en/products-services/ps-indices-analytics/ps-dax-indices. Consulted on 13
August 2021
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In addition, we compute the monthly flows, calculated as below. The flow reflects the percentage
growth of a fund in excess of the growth that would have occurred if all dividends have been

reinvested and new funds haven’t flowed in (Sirri and Tufano,1998) :

TNA; (—~TNA; t—1*(1+R; ¢)
FLOW,; = —— = (7)
i,t—1

where TNA; ¢ is fund i’s total net assets or the dollar value of all shares outstanding at time t, and

Rj t is the fund’s return over the prior year.

Thus, our features to predict and select are composed of SPX Index, NKY Index, DAX Index,

FDTR Index, Flow and the median of all mutual funds returns.

Moreover, we downloaded Fama French data to obtain several characteristics associated with the
time-series regression of mutual funds returns on the five Fama and French (2015) and momentum
factors. In particular, for each mutual fund selected in our sample, we run a “rolling- window”
regression of the returns on the Fama French 5 factors and momentum factor for the previous 36

months. Further, we compute alpha (the intercept of the equation) as well as all betas’ coefficients.

Then, we also compute the R2 from the FF5+MOM rolling- window regression as a characteristic
to evaluate machine learning methods, as proposed by Amihud and Goyenko (2012). Lastly, we

compute the monthly realized alpha as suggested by DeMiguel (2021) :

Aim = Tim — ,éMKTi,mM KT, — ,éSMBi,mSM B, — .BAHMLi’mH ML, —

Bruw, ,, RMWy, — Bemw, ,, CMWi, = Brom; ,, MOM,y,  (8)

where MKTm, SMBm, HMLm, RMWm, CMWpm, and MOM are the returns in month m of the
five Fama-French and momentum factors, and Buxr,,.. Bsupn Bumiim: Bruwim: Bomw,
BAMOMW are the factor loadings of the mutual funds’ excess return with respect to the five Fama-

French and momentum factors estimated using the 36-month estimation window.
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Finally, we use the monthly realized alpha defined in Equation (7) to compute the value-added for
each mutual fund and month. Berk and Van Binsbergen (2015) define value-added as the below

mathematical formula :
value — added = (ai’m + ERi,%) X TNAi m — 1 (9)

However, due to a lack of resources, we could only get Bloomberg's last annual expense ratio. This
expense ratio is the yearly average of the total expense. Thus, we calculate the value-added as

below :
value — added = (ai m + ER) X TNAi m — 1 (10)

Thus, the characteristics used to study the performance of machine learning methods in Chapter 5

are the following variables: monthly realized alpha, alpha, flows, value-added, R2, and the

coefficient betas of the market, profitability, investment, size,value, and momentum.
4.2 Model building and mutual funds selection strategy

Our model was built with the goal of explaining if machine learning methods were a good
investment tool to select mutual funds for investors. Our model selects mutual funds depending on
the predicted future returns from the machine learning methods. We believe that the selection
should be made according to the future returns, predicted with the characteristics and the different
machine learning methods explained above. We wanted to see if the selected mutual funds were
the best choice and the best investment that could make the investor at a given time. We decided
to be as realistic as possible. For instance, we choose only characteristics that could be available
for investors. Hence, we can put in the shoes of a random investor who isn’t a professional but
willing to invest in mutual funds. Finally, if it wasn’t a success, we wanted to know what could

improve or change. For example, if it was due to wrong features.

As previously written, we implement our approach using monthly data US equity mutual funds
from January 1990 until June 2021. We use the first 28- and 6-month years of data to train the
machine-learning methods to predict three-year ahead returns.After importing our features, the
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model scales the data according to our data set's mean and standard deviation. Then, it will ask
which mutual fund will be chosen as the target variable to run the seven machine learning methods.

We will run this code for all mutual funds.

Separating the dataset is an essential step in building a machine learning model. The objective is
to divide the database into two parts: the first part where the classification algorithm will train and
discover links between our explanatory variables and our explained variable, and the second part
where the algorithm will attempt to predict the dependent variable, namely the target variable, on
these new data. The more data the algorithm has to practice on, the more accurate it will offer.

Thus, the dataset will be split with a ratio of 80 % for the training set and 20% for the testing set.

We use well-known R packages to implement the different machine-learning methods such as
caret, xgboost, prophet. All the machine methods explained above will be run, such as OLS,
Random Forest, Lasso, Ridge, Elastic Net, XG Boost and Deep Neural Network. The
hyperparameters of the OLS, Ridge, Lasso, Elastic net, Random Forest are tuned using five-fold

repeated cross-validation.

The K-fold cross-validation estimates the mean squared error of the test by simulating prediction
on the training set. The first step will randomly shuffle the training set into a copy of the training
set and divide the training set into k blocks or folds of approximatively equal size where each is
used as a testing set. For each iteration, it will, for each block j, remove the jth fold and use the
remaining folds to obtain the predictions corresponding to the different values of the
hyperparameters. For instance, in the first iteration, the first block is used to test the model. The
other blocks serve as the training set. This process is repeated until each fold of the k folds is used

as the testing set. The below Figure 6 summarizes the k- fold cross- validation that we used.
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Figure 6: 5-fold Cross-Validation
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We then evaluate the prediction error of the prediction associated with each value of the
hyperparameters on the jth fold. After completing this process for each of the k folds, we select the
value of the hyperparameters that minimizes the average cross-validation error. To go deeper in
the approach, we use the repeated k-fold cross-validation process. Similar to k-fold cross-
validation, the only difference, it will repeat the process multiple times and report the mean
performance across all folds. We decide to use repeated k-fold cross-validation as it allows the
selection of models working well out of sample with low prediction error. Further, the model
calculates the Root Mean Square Error, the Mean Square Error, the Mean Absolute Error, and the

R-squared of each machine learning method for each mutual fund.

The Root Mean Square Error (RMSE), applied to a model, allows us to define the level of error
that the system will emit in its predictions. Larger errors have greater weight in the forecasts in the

model. This measurement is expressed in the following mathematical form:

RMSE = [2570,(G; - %* (41

where m is the number of variables in the database, U; is the predicted value of the dependent
variable for variable i and Y; is the observed, expected value for item i. A value of 0 would indicate

that the regression model fits the data perfectly. Therefore, a small value is preferable.

Mean squared error (MSE) evaluates the squared units of predicted and observed values. According
to Sammut C., Webb G.I. (2011), the mean squared error of a model with respect to a test set

is calculated with the mean of the squared prediction errors over all instances in the testing set.
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Thus, it will tell how far the predicted value is from the true value, which is represented as the

prediction error. Mean squared error is defined as follows:

MSE = Y1 ,(Y; — U)?* (12)

Where T, is a predicted value, and Y; is the observed value.

Mean Absolute Error is the mean of the absolute values of the individual prediction errors. Each
prediction error is the difference between prediction and actual observation, where all individual

differences have equal weight.

MAE‘“"“Hyl Uil (13)

Where T; is a predicted value, and Y; is the observed value.

A final tool that is often used is the R-squared. According to Miles (2014), R squared permits
explaining the predictor variables in the sample as it represents the proportion of the variance. The
independent variables permit the prediction of the portion of the variance in the dependent variable.
The closer the value is to 1, the better the mode will be at predicting out dependent variable.
However, in some specific cases, a low r-squared value doesn’t illustrate a bad prediction. Suppose
the independent variables are statistically significant such as high variance and highly dispersed
residuals, while the r-squared has a low value. It is still possible to make the conclusion that the
relationships between the variables and the regression model are the best fit for a given dataset. For
instance, studies on human behavior that possess unexplained variations. R-squared is expressed
mathematically according to the following formula:

SSres _ 4 _ 2i(Ui=Vi

R2=1-— = =t = =
SStot XY y)z

- (14)

where 7 is the mean of the values of the dependent variable.
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This formula makes the comparison between the fitted regression line and a baseline model. The
baseline model represents the “worst” model and is a flat line assuming that all predicted values of
Y will be the mean value of Y. Thus, the R-squared will be able to see if the fitted regression line

is better at predicting y than the mean.

After running all machine learning methods, we assemble the result in a table. The machine
learning method with the lowest root mean squared error will be chosen to predict performance in
the following year. However, since we wanted to see the difference in prediction return of all
different techniques, we will predict mutual funds returns for every machine learning method. After
prediction, we rank the prediction set according to returns. We divided the funds into 8 groups
according to this ranking. Thus, each group will have 36 mutual funds categorized by their order.
Group 1 represents the funds in the bottom decile and Group 8 with the top decile of the predicted
performance distribution. We then form an equally weighted portfolio of the funds according to

their groups.

We expand the training sample forward one year with the new predicted data, train the algorithms
again and make new predictions for the following year. Then again, we construct groups according
to the latest ranking of the new predicted set and track its return for the next 12 months. This
procedure is done for every remaining year until June 2021. Thereby, we have a forecast of three
years. Thus, we can track mutual funds and see if their ranking has evolved through time. We can
also see which machine learning methods have the most accurate prediction by comparing them
with the actual returns in the same period. Further, we are able to analyze the performance of the
selection of the mutual funds based on regression of the returns on the Fama French 5 factors and

momentum factor.

To analyze which feature is essential in our model to predict future mutual funds, we created a
separate model that tells us the variable had highly predictive information. Different techniques
will indicate which variable is the best one to predict future mutual funds returns. For this
programming code, we use the median of all mutual funds returns as the target variable. The reason
was to see which feature variable will indicate information to get as closer as possible to the actual

returns of the past 28 and 6 months years.
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As previously written, the separate model is based on different techniques, which will be explained

further: Stepwise Regression, Multivariate Adaptive Regression Splines and Boruta.

Stepwise regression is a technique to select features in linear regression models. There are three
strategies of stepwise regression such as forward selection, backward selection or so-called
backward elimination and lastly, stepwise selection. In our model, we will use the forward selection
and the combination of both, forward selection with backward elimination. The forward stepwise
regression approach uses a sequence of steps permitting features to enter or leave the regression
model one at a time. The entry and exit criteria are commonly based on a p-value threshold.
Usually, a typical entry criterion will be a p-value less than 0.15 for a feature entering the model
and greater than 0.15 for a feature leaving the model. The process ends when there are no features
with a p-value inferior to 0.15. However, if a feature has a p-value inferior to 0.15, the feature with
the lowest value will be retained. The process begins by creating a number N of linear regression
models. Each linear regression model uses precisely one feature. The features will be ranked
according to their ability to explain variation in the outcome. After the first cycle, the process will
start again to build linear regression models with a number of N-1 of linear regression models. The

process will continue to run these steps until the scope is meet.

Contrary to the forward stepwise regression, the backward selection will start with all model
variables and remove features with the largest p-value that are the least statically significant.
However, the process will then do, as the forward stepwise regression, create a number of N linear
regression models. After the cycle, it will start again to create but with a number of N-1 linear
regression models. Similar approach as before, the process will continue until the goal is reached.
The criteria needed to perform backward selection is to have n greater than p, meaning more
observations than variables. As the combination of both methods is more flexible than the

backward selection, we decided to select this strategy.

Multivariate adaptive regression splines, simplified with the acronym MARS, is a flexible method
for modelling high dimensional data. It will randomly separate 80% of the data as training samples
and 20% of the data as testing samples. Simplistic, MARS can be imagined as an ensemble of

linear functions joined together by one or more hinge functions. From the point of view of tensor
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product splines methods’, it looks similar to a stepwise backward linear regression or a decision
tree CART. The model takes the form of an expansion in product spline basis functions. As
Friedman (1991) explained, this technique aims to combine recursive partitioning (e.g. decision
tree CART) and spline fitting to will optimize the positive aspects of both. With the help of data,
the number of basic functions and the parameters associated with each one (product degree and
knot locations) is determined. Thus, MARS is capable of tracking the dependencies of parameters
and thus capturing high order interactions. Also, the model can be represented in a form that
individually identifies the additive contributions and those associated with different multivariable

interactions.

Boruta algorithm is an extension of the random forest method, presented by Kursa, Jankowski and
Rudnicki (2010). It permits the identification of the true essential variables in an information
system. The idea behind this algorithm is to copy the system in a randomized way and then assess
the significance of the variable in the iterative fashion by comparing it with the randomized
variables. Variables with higher importance than randomized variables will be considered
important. Thus, in the first step, the system is extended, permitting variables to be replicated. The
values of replicated variables are randomly permuted with objects such that the correlation of the
replicated variables and the decision attribute is also random. In a second step, Random Forests are
run with the specification of randomly choosing replicated variables before each run. Then, the
importance of all attributes is computed. If the attribute for a single rum has higher importance than
the whole maximum importance value of all randomized attributes, then this attribute is deemed
important. Or the variable is considered important by counting the importance of the attributes
being higher than MIRA (maximal importance of the random attributes) is significantly higher than
the expected value. The ones that are considered unimportant are removed from the system. This
procedure will end when the predefined number of iterations is reached, or all attributes are

conclusively regarded as important or rejected.

" Tensor product splines provide a one-dimensional spline function.



43

5. Empirical Results

This section examines the performance of the seven-machine learning (methods explained in

Section 3) for forecasting and selecting mutual funds as the model described in Section 4.
5.1 Analyse of Machine Learning Methods on mutual fund returns

Firstly, we examine the performance of our mutual fund portfolios between the different Machine
Learning methods from July 2018 until June 2019. We assume that we invested in an equally

weighted portfolio composed of the 288 U.S equity mutual funds with a weight of 0.35%.

As we can see in table 3, in the first year, all the 7 Machine Learning Methods have underperformed
compared to the real monthly returns of the mutual funds. Apart from XG Boost, machine learning
methods didn’t achieve to forecast the up and downs of the actual returns. However, XG Boost
manages to forecast this trend slightly. For instance, in December 2018, the equally weighted
portfolio of all mutual funds had a drastic decrease of 17.07%, which XG Boost forecasted with a
reduction of 2.90%. Yet, in January 2019, when the mutual funds achieve a performance of 8.67%,
XG Boost forecasted a negative one equivalent to -1.42%. In appendix 2, the monthly returns for

the second and third years are shown.

Table 2: Comparison of monthly returns predicted by Machine Learning methods with the actual returns
of the mutual funds and the benchmark S&P 500 from July 2018 to June 2019

Year 1: 07/2018 - 06/2019

Date OLS Lasso RF DNN XG Boost Ridge Elastic  Actual S&P 500
29/07/2018 0,33% 0,33% 0,58% 0,99% 0,80% 0,33%  0,33% 2,31% -3,54%
29/08/2018 0,29% 0,28% 0,53% 0,97% -0,17% 0,26%  0,28% 1,85% -2,98%
29/09/2018 0,24% 0,24% 0,48% 0,82% -1,08% 0,23% 0,24% -0,27% -0,43%
29/10/2018 0,52% 0,50% 0,72% 0,81% 4,58% 0,52% 0,52% -8,58% 7,19%
29/11/2018 0,32% 0,32% 0,57% 0,69% 0,47% 0,33%  0,33% 0,73% -1,77%
29/12/2018 0,18% 0,22% 0,38% 0,72% -2,90% 0,24%  0,23% -17,07% 9,63%
29/01/2019 0,22% 0,22% 0,48% 0,88% -1,42% 0,21%  0,22% 8,67% -7,57%
01/03/2019 0,32% 0,30% 0,62% 1,17% 0,09% 0,30% 0,31% 3,45% -2,93%
29/03/2019 0,41% 0,39% 0,66% 0,79% 2,54% 0,40% 0,40% 0,59% -1,78%
29/04/2019 0,34% 0,34% 0,60% 0,76% 1,11% 0,35%  0,34% 3,11% -3,86%
29/05/2019 0,42% 0,41% 0,67% 0,85% 2,80% 0,43%  0,42% -6,39% 6,80%

29/06/2019 0,20% 0,21% 0,42% 0,79% -2,12% 0,20%  0,21% 6,66% -6,67%
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Table 3 compares the monthly returns predicted by Machine Learning methods with the actual
returns of the mutual funds and the benchmark S&P 500 from July 2018 to June 2019. Table 3
reports the following measures for the equal-weighted portfolio of all mutual funds: Annual
average return, Standard deviation of returns, Sharpe ratio (average return divided by the standard
deviation), Positive Months, Value-at-risk (VaR) with 95% confidence and Conditional value-at-
risk, known as the expected shortfall (CVaR). The conditional value at risk is more a conservative
approach in terms of risk exposure. It will take the weighted average of the extreme losses in the
tail of the normal distribution of possible returns. By comparing the average annual return and
standard deviation of the same period shown in Table 4 (July 2018 to June 2019), machine learning
methods were not convincing. Even XG Boost, with a standard deviation of 7.51% didn’t properly
show the reality as the exact standard deviation of this year is equivalent to 24.60%. However, the
machine learning method which achieved to predict the positive month closely is the XG Boost
method. The Sharpe ratio of the XG Boost is closely similar to the actual but don’t have proper
signification since it predicted a positive average annual return when actually it was negative. From
the Value at Risk measure (VaR) at a significance level of 95%, all machine learning methods
predicted a negative VaR as the reality. However, they minimized since the real VaR is at -40.46%.

This same trend is also done for parametric CVaR at a significance level of 95%.

Table 3: Summary of the performance of the statistics of the machine learning methods, S&P500 and

mutual funds actual returns

OoLS Lasso RF DNN XG Boost Ridge Elastic  Actual S&P 500
Average Annual Return 3,78% 3,78% 6,71% 10,24% 4,70% 3,79% 3,82% -4,94% -7,90%
Standard Deviation 0,34% 0,30% 0,36% 0,47% 7,51% 0,34% 0,32% 24,60% 19,22%
Sharpe Ratio 11,21 12,46 18,80 21,91 0,63 11,16 11,85 -0,20 -0,41
Positive Months ~ 100,00% 100,00% 100,00% 100,00% 58,33% 100,00% 100,00% 66,67% 25,00%
VaR (95%) -0,56% -0,50% -0,59% -0,77% -12,35% -0,56% -0,53%  -40,46% -31,62%
CVaR (95%) (parametric) -0,70% -063% -0,74% -0,96% -15,48% -0,70% -0,66%  -50,74% -39,65%
CVaR (95%) (historical) 0,32% 0,31% 0,56% 0,85% 0,39% 0,32% 0,32% -0,41% -0,66%

As mentioned previously and demonstrated in Table 4, the XG boost method performed better than
the other machine learning methods on forecasting the positive months for the year 1 from July
2018 to June 2019. Thus, we further study this characteristic by analyzing the drawdown period
from the high watermark for the three years predicted (from July 2018 to June 2021).). These results
are illustrated in Table 5.
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Table 4: Summary of the analysis of drawdown period from July 2018 to June 2021

POSITIVE PERIOD COUNT

Statistics XG Boost Actual returns
Positive Months 20 24

in% 55,56% 66,67%
Worst DD (%) -4,73% -33,03%
Maximum Days in DD (%) 3,33% 5,06%
Average Drawdown (%) -1,03% -7,25%

Table 5 shows that the XG boost predicted the actual positive months on the whole period (55.56
% compared to 66.67% in reality). 20 months out of 36 predicted months are positively months
predicted by XG Boost, when in reality mutual funds beneficiated 24 positive months. In terms of
the worst drawdown month, XG Boost minimizes it. The worst month was actually -33.03% which
XG Boost predicted -4.73%. This difference is due to the Coronavirus Crisis’s unexpected event
that happened in March 2020, which XG Boost was unable to oversee. However, it did better on
the maximum days in the drawdown period (5.06% in reality compared to 3.33% with XG Boost).
As shown in Figure 7, XG Boost is trying to follow the same trend as the real mutual fund’s
drawdown period. However, in October 2018, May 2019, March 2020 and November 2020 until
January 2021, XG Boost prediction was going in the opposite direction as in reality. Especially in

March 2020, XG boost didn’t handle to overview the drastic drop.

While, in December 2018, although slightly, it has recognized the decreasing tendency of the
mutual funds. This is a good indicator of the performance of XG Boost since 2018 was a year
fraught with volatility, characterized by record highs and sharp reversals such that it becomes the
worst year since the Great Recession for investors. In December 2018, the S&P 500 dropped 20
percent from its record high on an intraday basis. Mutual funds of all Bloomberg classification
types® (explained previously in chapter 4) declined. For example, Vanguard’s Total Stock Market
Index fund had its first loss since the financial crisis in 2008. In our set, all Vanguards open-ended
mutual funds dropped in December 2018. For instance, Vanguard Explorer Fund investment had a

decrease of 22% in December 2018. Also, in our set, in December 2018, the worst performance

8 source: Bloomberg (2013). Bloomberg Fund Classifications: Guide to our new funds Classification System. PDF Document
available on the website : https://cpb-us-el.wpmucdn.com/wp.txstate.edu/dist/2/916/files/2020/01/tmp14.pdf. Consulted on 13
August 2021
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was Harbor International with a return of -53,98% and a fund objective of Foreign Value. As
described in Appendix 1, the aim of Foreign value means that the fund primarily holds stocks
deemed to be undervalued in price with foreign currencies and is likely to pay dividends. Thus, we
can suppose that indexes of other countries than the United States, such as the DAX Index or NKY

Index, were able to get predictive information to predict mutual funds of this type of classification.

Figure 7: Evolution of the XG Boost and actual mutual funds drawdown period.
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Thus, we can conclude that in our set, XG Boost can better oversee mutual funds returns compared
to other machine learning methods. Yet, it fails to foresee when unexpected events occurred like

Coronavirus effects in March 2020.

By assuming again that we invested in an equally weighted portfolio of the 288 U.S equity mutual
funds, we analysed the performance of machine learning in years 2 and 3 (from July 2019 until
June 2021). During the second and third predicted years, like the first year, the results are not
convincing in the direct comparison with actual results. As seen in Table 6, in the second year, all
seven machine learning methods foreseen a positive trend contrary to the actual trend. In the third

year, shown in Table 7, machine learning methods minimised the actual monthly mutual funds
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returns. From July 2020 until June 2021, mutual funds had a drastic increase equivalent to 30.03%.
The machine learning technique that was the closest was the deep neural network technique with
10.45%. Table 6 showed that XG Boost forecasted the real positive months but didn’t handle the
annual average return well. While in the third year (Table 7), XG Boost was 25% under the real

positive months. Similar to the first year, the VaR, historical and parametric CVaR was minimised
for all machine learning methods.

Table 5: Summary of statistics performance of machine learning methods from July 2019 to June 2020.

OLS Lasso RF DNN XG Boost  Ridge Elastic Actual S&P 500
Average Annual Return  3,79% 3,79% 6,70% 10,28% 5,08% 3,79% 3,83% -3,16% -5,25%
Standard Deviation  0,34% 0,30% 0,34% 0,44% 7,42% 0,26% 0,32% 25,42% 22,16%
Sharpe Ratio 11,24 12,53 19,98 23,30 0,68 14,35 11,94 -0,12 -0,24
Positive Months  100,00% 100,00% 100,00% 100,00% 58,33% 100,00% 100,00% 58,33% 33,33%
VaR (95%) -0,56% -0,50% -0,55% -0,73% -12,21% -0,43% -0,53% -41,82% -36,46%
CVaR (95%) (parametric)  -0,70% -0,62% -0,69% -0,91% -15,31% -0,54% -0,66% -52,44% -45,72%
CVaR (95%) (historical)  0,32% 0,32% 0,56% 0,86% 0,42% 0,32% 0,32% -0,26% -0,44%

Table 6: Summary of statistics performance of machine learning methods from July 2020 to June 2021.

OoLS Lasso RF DNN XG Boost  Ridge Elastic Actual S&P 500
Average Annual Return 3,78% 3,78% 6,73% 10,45% 4,80% 3,79% 3,82% 30,03% -32,65%
Standard Deviation ~ 0,26% 0,24% 0,28% 0,56% 5,97% 0,26% 0,25% 13,39% 14,16%
Sharpe Ratio 14,37 16,02 23,85 18,57 0,80 14,35 15,28 2,24 -2,31
Positive Months  100,00% 100,00% 100,00% 100,00% 50,00% 100,00% 100,00% 75,00% 25,00%
VaR (95%) -0,43% -0,39% -0,46% -0,93% -9,82% -0,43% -0,41% -22,02% -23,28%
CVaR (95%) (parametric)  -0,54% -0,49% -0,58% -1,16% -12,31% -0,54% -0,52% -27,62% -29,20%
CVaR (95%) (historical)  0,32% 0,31% 0,56% 0,87% 0,40% 0,32% 0,32% 2,50% -2,72%

Secondly, we analyse the performance of the cumulative returns of the machine learning methods
of the equal-weighted portfolio from July 2018 to June 2021, illustrated in Figure 8. Figure 8
represents only the predicted results of the machine learning methods. It is intentionally compared
with the actual mutual funds' returns and the benchmark S&P 500 since we want to reflect the
accuracy of the machine learning methods.
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Figure 8: Cumulative return of machine learning methods, S&P500 and actual mutual funds returns.
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Figure 8 reveal that the machine learning method Deep Neural Network is the one that has the
highest cumulative returns on the set period with 30.97%. OLS, Lasso, Ridge and Elastic have
almost the exact results with a difference of approximatively 0.1%. For this reason, in Figure 8, the
curves cannot be differentiated. Compared to the actual results, we can see that the machine
learning methods are not accurate enough. Indeed, they are forecasting linearly, contrary to the
reality that they have monthly returns with ups and downs. As shown in Figure 8, the XG Boost is
the only machine learning method that didn’t follow this linear and straight line. Besides, Random
Forest is the strategy that was the closest to the actual results (21.94% compared to 20.14% in
reality). Finally, we can also realize that by investing in these 288 mutual funds with a weight of
0.35%, we outperform the S&P 500 at an investment of 100% on the index between July 2018 and
June 2021. The S&P 500 reached -45.80%, contrary to 21.94%. Yet, this performance is not

attributed to machine learning methods as it was the pre-selection of mutual funds.

29/06/2021
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To conclude, we have analyzed the monthly returns of an equal-weighted portfolio composed of
288 mutual funds. Deep Neural Network predicted the highest cumulative return with 30.97%. In
truth, 21.94% was achieved, which Random Forest predicted the closest with 20.14%. XG Boost
was the machine learning method that outstands due to its ability to adapt more realistically
compared to the other six machine learning methods. Indeed, the study of positive months and
drawdown, we have seen that XG Boost follow slightly the same path as the actual results. Yet,
XG Boost and the other methods struggled to select the appropriate mutual funds during the bear

market and hard times.
5.2 Analyse of machine learning methods on mutual fund selection strategy

As explained in Chapter 4, each machine learning method predicts July 2018 to June 2021. At the
end of each year, the predictions of each machine learning technique will be ranked. The mutual
funds with the highest rank will be formed as a portfolio (called the group 8 in the algorithm) and
be selected for investment. Thus, we evaluate the performance of machine learning methods by
studying the portfolio chosen “Group 8”. Group 8 represents the portfolio composed of 36 mutual
funds with the highest ranking according to the machine learning methods selected for investment.

Table 8 and Table 9 represents the first predicted year (from July 2018 to June 2019). The details
of the monthly returns of the Group 8 can be found in Appendix 3. Although the seven machine
learning methods forecasted positive returns, only the Random Forest technique actually achieved
positive average annual returns. Random Forest predicted an average annual return of 18.57%,
which, in reality, by investing in the same mutual funds, would have achieved an average yearly
return of 15.85%. The other machine learning methods overestimated the results. For instance, the
XG Boost stated a 14.01% average annual return from July 2018 to June 2019, which actually
represents a decline of average yearly return equivalent to -2.78%. In Table 9, we can see that by
investing in Group 8 of the mutual funds chosen by Random Forest, it would have reached a Sharpe
ratio of 5.02, which is very high. The portfolio would have achieved positive returns at 83.33% on

the whole year.

On the contrary, the shrinkage-based methods and XG boost had positive returns only at 66.67%.

The Deep Neural Network has the worst positive months out of all machine learning methods with
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58.33%. It also had the worst results in terms of mutual funds selection. Hence, the Deep Neural
Network stated a 49.57% average annual return on the choice of mutual funds, which actually

represents -8.51% average yearly return on the whole first year.

Table 7: Summary of average annual return of the machine learning methods performance from July 2018
to June 2019

Average Annual Return
oLs Actual Lasso Actual RF Actual DNN Actual  XG Boost Actual Ridge Actual Elastic Actual
9,15% -4,31% 7,62% -4,31% 18,57% 15,85%  49,57% -8,51%  14,01% -2,78% 9,13% -4,14% 9,18% -4,08%

Table 8: Summary of results of Standard Deviation, Sharpe Ratio and positive months of the machine
learning methods from July 2018 to June 2019

OLS Actual OLS Lasso Actual Lasso RF Actual RF  DNN  Actual DNN XG Boost Actual XG Boost Ridge Actual Ridge Elastic Actual Elastic
Standard Deviation ~ 0,38% 26,45% 1,87% 26,45% 0,60% 3,16% 1,98% 25,49% 8,97% 27,19% 0,36% 26,37% 0,35% 26,43%
Sharpe Ratio 24,28 -0,16 4,08 -0,16 30,98 5,02 25,02 -0,33 1,56 -0,10 25,25 -0,16 26,44 -0,15
Positive Months 100,00%  66,67% 83,33% 66,67% 100,00% 83,33%  100,00% 58,33% 66,67% 66,67% 100,00% 66,67% 100,00% 66,67%

Table 10 and Table 11 represents the second predicted year (from July 2019 to June 2020). The
details of the monthly returns of the Group 8 can be found in Appendix 2. For this second year,
shown in Table 10, Random Forest didn’t achieve a similar performance as the previous year.
Indeed, it had selected mutual funds with an annual average of -7.25% from July 2019 to June
2020. Deep Neural Network, which performs poorly previously, for this second year, predicted

8.26% and reached 7.21% average annual returns.

XG Boost reaches the same result as it has chosen the same 36 mutual funds as Deep neural
Network. However, these performances should be nuanced as the volatility of these mutual funds
being very high, demonstrated in Table 11. Deep Neural Network and XG Boost have a standard
deviation of 24.82%, meaning these investments are risky. Thus, the Sharpe ratio is at 0.29,
significate a low risk-adjusted-performance. The Shrinkage-based methods and OLS performed
positive returns but disappointing as the average annual return of the portfolio is around 0.20%.
These methods selected almost similar mutual funds (approximatively 2 to 5 different mutual
funds) and thus have identical Sharpe ratios (0.01 for Elastic, OLS, Lasso and 0.02 for Ridge). In
contrast to the first year, the number of months having positive returns is higher than in the second
year. Although the selecting mutual funds had lower positive months, they still achieved positive

average annual returns. This points out that the positive months had high returns to compensate for
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the negative returns in negative months. As shown in Figure 7, the drawdown of the mutual funds
was the deepest in March 2020, representing the Coronavirus crisis. Thus, even with the low returns
of the whole set of mutual funds, machine learning techniques still choose suitable funds to

accomplish positive returns.

Table 9: Summary of average annual return of the machine learning methods performance from July 2019
to June 2020

Average annual return
OLS  Actual Lasso Actual RF Actual DNN Actual XG Boost Actual Ridge Actual Elastic Actual
9,15% 0,31% 9,14% 0,31% 18,42% -7,25% 8,26% 7,21%  14,74% 7,21% 9,14% 0,64% 9,19% 0,16%

Table 10: Summary of results of Standard Deviation, Sharpe Ratio and positive months of the machine

learning methods from July 2019 to June 2020

oLS Actual OLS Lasso Actual Lasso RF Actual RF DNN Actual DNN XG Boost Actual XG Boost Ridge Actual Ridge Elastic Actual Elastic
Standard Deviation  0,37% 25,46% 0,32% 25,46% 0,57% 29,35% 0,69% 24,82% 8,69% 24,82% 0,36% 25,53% 0,35% 25,68%
Sharpe Ratio 24,42 0,01 28,39 0,01 32,27 -0,25 11,97 0,29 1,70 0,29 25,45 0,02 26,60 0,01
Positive Months ~ 100,00%  50,00%  100,00%  50,00%  100,00% 66,67% 100,00% 5833%  66,67% 58,33% 100,00%  50,00%  100,00%  50,00%

Table 12 and Table 13 represents the final, and third predicted year (from July 2020 to June 2021).
The details of the monthly returns of the Group 8 can be found in Appendix 3. All the machine
learning methods outperformed for this last year. Indeed, the actual average annual returns are
around 31%. OLS and shrinkage-based methods realized approximatively the same performance
as they choose similar mutual funds. Apart from Deep Neural Network, all the six machine learning
techniques underestimated the actual monthly returns. By comparing the Sharpe ratio, all machine

learning methods realized around 2.30.

Table 11: Summary of average annual return of the machine learning methods performance from July
2020 to June 2021

Average annual return
OLS  Actual Lasso Actual RF Actual DNN Actual XG Boost Actual Ridge Actual Elastic Actual
9,14% 31,95% 9,13% 31,95% 18,88%  28,61%  50,28% 30,74%  14,77% 26,33% 9,13% 31,90% 9,18% 31,96%

Table 12: Summary of results of Standard Deviation, Sharpe Ratio and positive months of the machine

learning methods from July 2020 to June 2021

OLS Actual OLS Lasso Actual Lasso RF Actual RF DNN Actual DNN XG Boost Actual XG Boost Ridge Actual Ridge Elastic Actual Elastic
Standard Deviation  0,29%  13,83%  0,25% 13,83% 0,55%  14,70%  1,61% 14,32% 6,61% 14,17% 0,28% 13,87% 0,27% 13,82%
Sharpe Ratio 31,68 2,31 36,90 2,31 34,25 1,95 31,18 2,15 2,24 1,86 32,45 2,30 34,29 2,31

Positive Months ~ 100,00%  83,33%  100,00% 83,33% 100,00%  66,67% 100,00%  66,67% 75,00% 66,67% 100,00% 83,33% 100,00% 83,33%
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To sum up, in the first year, only Random Forest selected the suitable mutual funds to achieve
superior returns in terms of average annual returns. While, in the second year, it is the turn of Deep
Neural Network and XG boost to realize high average annual returns. In the third year, all machine
learning techniques outperformed the selection strategy. However, as each year the selected mutual
funds changed, the good results should be nuanced. Deep Neural Network varies 32 mutual funds
from year 1 to year 2. If transaction costs were to be accounted for and high, the strategy would
not have been profitable. Thus, the benefit of the machine learning algorithms could be adversely

affected by the high turnover and transactions costs.

As seen in Figure 9, we can see that the XG boost try to follow the same trend as the actual returns.
We reckon that XG Boost manages to forecast the movement one month ahead. For instance, in
October 2019, XG Boost predicted 6.97%, while 4.84% were realized in November 2019. The
same occurs in November 2020. In October 2020, XG Boost forecasted 4.74%, while 11.45% was
achieved in November 2020 (Appendix 4).

Figure 9: Comparison of selected mutual funds (Group 8) of XG boost with actual returns on the whole
period (July 2018 to June 2021).
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Conversely, in the Figure 10, Deep Neural Network didn’t achieve the same performance as XG

Boost. In Appendix 5, the plot of the comparison between OLS, Shrinkage-base methods and
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Random Forest with actual returns is illustrated. These methods didn’t behave similarly to the

actual returns and thus failed to be accurate and a realistic method.

Figure 10: Comparison of selected mutual funds (Group 8) of Deep Neural Network with actual returns
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Finally, to complete our analysis on the performance of selecting the mutual funds, we computed

the cumulative returns of each machine learning method. In appendix 6, the details of the

cumulative returns are shown.

6/1/21
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Figure 11: Cumulative returns of the best mutual funds (group 8) depending on the different machine

learning methods from July 2018 to June 2021.
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Figure 11 shows the evolution of the seven machine learning methods for selecting the best mutual
funds based on predictions. We can conclude that Random Forest is the strategy that achieves the
highest cumulative return, followed by Ridge and closely Deep Neural Network. The OLS,
Shrinkage-based methods are in the last position. However, as mentioned before, XG boost is the
method that is more realistic as it predicts the actual results accurately compared to the other
methods. As illustrated in Table 11, the Random Forest has more volatility than XG Boost ( 29.35%
in year 2 for Random Forest while 8.69% for XG Boost). The same occurs for Deep Neural
Network (24.82% in year 2 for Deep Neural Network while 8.69% for XG Boost). Besides,
contrary to Deep Neural Network, which keeps only four mutual funds of the 36 selected from year
1 to year 2, 13 mutual funds have remained with XG Boost. Thus, the high turnover suggesting
high transaction costs could offset more than the gains from selling and buying new mutual funds.

Thereby, it could reduce subsequent the performance of these machine learning methods. Yet, we
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can mention that Random Forest achieved high returns in 2018 when the mutual had an average
annual return equivalent to -4,94%. All other machine learning methods had on this period negative
monthly returns, especially in December 2018. In March 2020, Random Forest had also the less
profound drop contrary to the other machine learning methods. This could be related to the high

turnover, which permits to switch the mutual funds that didn’t perform well with others.

Random Forest was the machine learning method in terms of cumulative returns with the highest
position and thus the best at selecting mutual funds. XG Boost reached the second position with
30.76%, followed closely by Deep Neural Network with 29.43%. In terms of average annual
returns, Random Forest was the greatest method to achieve superior performance by picking mutual
funds in the first year. In the second year, Deep Neural Network and XG Boost were the best ones.
In the third year, all machine learning techniques had outstanding performance. However, Elastic

was the best technique with a realization of 31.96%.

5.3 Analyse of Machine Learning methods on the five-factor model of Fama and

French

The regression equation in Table 14 shows the results of regression testing of the Five-Factor
Model as mutual funds excess return is the dependent variable, and independent variables are the
Fama and French (2015) 5-factor (FF5) model augmented with momentum (MKT-RF, SMB,
HML, CMA, RMW + MOM). According to Kenneth R.French Website®, the Fama French 5 factors
are the market, size (SMB — Small Minus Big), value (HML — High Minus Low), profitability
(RMW — Robust Minimum Weak), investment (CMA — Conservative Minus Aggressive ) factors.

9 Kenneth R. French (1995).Description of Fama/French 5 Factors (2x3. Fama French. Available on the website:
https://mba.tuck.dartmouth.edu/pages/faculty/ken.french/Data_Library/f-f_5_factors_2x3.html. Consulted on the 13 August 2021.
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Table 13: Summary of raw alpha (intercept coefficient from the 36-month rolling window regression) of

the best selected mutual funds (group 8) depending on the predicted year and machine learning technique

Alpha
OLS Lasso RF DNN XG Boost Ridge Elastic
Year 1 0,19% 0,21% -0,21% -0,23% 0,31% 0,19% 0,19%
Year 2 -0,14% -0,13% -0,67% 0,11% 0,11% -0,14% -0,14%
Year 3 -0,65% -0,65% -1,18% -1,12% -0,45% -0,63% -0,63%

According to Table 14, XG Boost has the highest alpha in year one and year 3 with 0.31% and -
0.45%, respectively. In year 2, Deep Neural Network and XG boost have the highest alpha with
0.11%. For year 1, XG boost has an equation with a constant value of 0.31%, which significates
that if all independent variables are considered constant then mutual funds excess return will

increase by 0.31%.

A first glance at the factor loadings demonstrated in Table 15 reveals significant negative Market-
rf loadings for all mutual funds techniques and predicting years, indicating the returns of funds
being negatively driven by the market excess return. The factor loading of SMB indicate positive
SMB factor loadings for all mutual funds techniques and predicting years, indicating the returns of
funds being positively driven by the smaller cap mutual funds. The coefficient of SMB for Deep
Neural Network in the third predicted year has a value of 1.02%. This shows that this variable has
increased or decreased by 1 point. Thereby, the variable SMB will increase or reduce by 1.02 %
points with the assumption that other variables remain constant. The fourth RMW factor also
indicates positive RMW factor loadings for all mutual funds techniques and predicted years,
indicating the funds' returns being positively associated with robust stocks. In the last predicted
year, the third factor, HML, shows up significantly in all cases, while the sign of the coefficients
IS negative, indicating preferences for a low book to market mutual funds. Thus, the machine
learning techniques will choose preferably low- book to market and small-cap mutual funds that

are negatively associated with the value-weighted excess return on the market portfolio
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Table 14: Summary of raw betas (beta coefficient from the 36-month rolling window regression) of the

best selected mutual funds (group 8) depending on the predicted year and machine learning techniques

Beta's coefficient Market-rf

OoLS Lasso RF DNN XG Boost Ridge Elastic
Year 1 -0,26% -0,26% -0,35% -0,29% -0,25% -0,26% -0,26%
Year 2 -0,22% -0,22% -0,25% -0,23% -0,23% -0,22% -0,22%
Year 3 -0,06% -0,06% -0,04% -0,06% -0,08% -0,06% -0,06%
Beta's coefficient SMB
OoLS Lasso RF DNN XG Boost Ridge Elastic
Year 1 0,09% 0,10% 0,33% 0,23% 0,08% 0,09% 0,09%
Year 2 0,43% 0,43% 0,56% 0,38% 0,38% 0,43% 0,43%
Year 3 1,01% 1,01% 1,02% 1,09% 0,94% 1,01% 1,01%
Beta's coefficient HML
OoLS Lasso RF DNN XG Boost Ridge Elastic
Year 1 0,04% 0,05% 0,09% -0,07% 0,05% 0,04% 0,04%
Year 2 -0,40% -0,40% -0,45% -0,34% -0,34% -0,40% -0,40%
Year 3 -0,87% -0,87% -0,93% -0,91% -0,85% -0,86% -0,86%
Beta's coefficient RMW
oLS Lasso RF DNN XG Boost Ridge Elastic
Year 1 0,31% 0,31% 0,61% 0,39% 0,23% 0,30% 0,30%
Year 2 0,46% 0,44% 0,68% 0,33% 0,33% 0,45% 0,45%
Year 3 1,23% 1,23% 1,16% 1,44% 1,28% 1,23% 1,23%
Beta's coefficient CMA
OoLS Lasso RF DNN XG Boost Ridge Elastic
Year 1 -0,23% -0,23% -0,42% -0,18% -0,20% -0,23% -0,23%
Year 2 0,65% 0,65% 0,59% 0,58% 0,58% 0,65% 0,65%
Year 3 1,95% 1,95% 2,05% 2,01% 1,87% 1,94% 1,94%
Beta's coefficient MOM
OoLS Lasso RF DNN XG Boost Ridge Elastic
Year 1 -0,16% -0,16% -0,13% -0,16% -0,14% -0,16% -0,16%
Year 2 0,07% 0,07% 0,13% 0,04% 0,04% 0,07% 0,07%
Year 3 0,20% 0,20% 0,21% 0,24% 0,15% 0,20% 0,20%

For the conservative minus aggressive coefficient, the results show that during the first predicted

year, all machine learning methods preferred the selection of mutual funds with an aggressive

strategy, while in the second and third years, the conservative approach is preferred. Meaning,

during a bad period and bearish market development, an aggressive approach will be chosen while

a conservative one in a bullish market, characterized by an upward trend with high investors’

confidence. This interpretation is also seen in the coefficient of momentum. According to the
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Website of Fama French®, the Momentum factor is the average return on the two high prior return
portfolios minus the average return on the two low previous return portfolios. Thus, it reflects in
the first year the negative rate of change in the price movement of mutual funds, which exhibit a
bearish momentum. Conversely, in the second and third years, the coefficient Momentum (MOM)
reveals a positive velocity of price changes in mutual funds representing a bullish momentum. This
has been perceived in the analysis of the machine learning method for the selection of mutual funds.
Indeed, in year 2, six machine learning methods achieve positive returns, and in year 3, all machine
learning methods achieved positive returns. In opposite, the only Random Forest had managed to
achieve positive returns. This reflects the potential of machine learning in selecting mutual funds

at the appropriate time.

To summarize, in our data set, machine learning techniques will choose low-book preferably to
market and small-cap mutual funds that are negatively associated with the value-weighted excess
return on the market portfolio. We reckon the efficiency of changing strategy according to the
mutual funds' returns. It will prefer a conservative strategy with an overall upward trend in broad
market indices and an aggressive strategy during a downturn. Lastly, by analysing the Momentum
factor, we can thus demonstrate during bad periods the bearish momentum and the bullish
momentum during good periods. This could be permitted to investors the ability to securitize the

movement and trend of the mutual funds.

5.4 Analyse of Machine Learning methods on accuracy

Table 16 reports the following measures: the Mean Square Error, the Root Mean Square Error, the
R-Squared and the Mean Absolute Error. This was done on the mutual fund that had the highest
returns from July 2018 to June 2021. Fidelity Advanced Growth Open-ended, a mutual fund with
the abbreviation FAGOX US EQUITY, has the objective Growth Broad Market. According to
Bloomberg classification!!, the portfolio is investing in companies that are reinvesting into

expansion, acquisitions due to their above-average growth in earnings.

10 Kenneth R. French (1995).Description of Fama/French 5 Factors (2x3. Fama French. Available on the website:
https://mba.tuck.dartmouth.edu/pages/faculty/ken.french/Data_Library/f-f_5_factors_2x3.html. Consulted on the 13 August 2021.

11 Source: Bloomberg (2013). Bloomberg Fund Classifications: Guide to our new funds Classification System. PDF Document
available on the website : https://cpb-us-el.wpmucdn.com/wp.txstate.edu/dist/2/916/files/2020/01/tmp14.pdf. Consulted on 13
August 2021



59

Table 15: Summary of statistics error measures of the mutual fund FAGOX US EQUITY with the highest
return on the whole period (July 2018 to June 2021)

Machine Learning methods Mean squared error Root mean square error R Squared Mean Absolute Error

OoLS 0,03% 1,71% 86,84% 1,30%
LASSO 0,03% 1,64% 86,83% 1,24%
Random Forest 0,03% 1,75% 86,99% 1,42%
XG Boost 0,00% 0,52% 98,88% 0,37%
DNN 0,20% 4,44% 20,02% 3,42%
Ridge 0,03% 1,70% 86,48% 1,31%
Elastic Net 0,03% 1,67% 86,97% 1,27%

XG Boost is the machine learning method that is the most performing in Mean Squared Error, Root
Mean Square Error, R Squared and Mean Absolute Error presented in Table 16. The R squared of
XG Boost has 98.88%, which is significant since closer the value of 1, the better the model will
predict the mutual fund. For the Root Mean Square Error, XG boost achieves 0.52%, meaning that
at 0.52% level of error, the system will emit in its predictions. According to the Mean Squared
Error, the model also is at approximatively 0% far away from the predicted value from the true
value. The Mean Absolute Error of XG Boost has an absolute difference from predicted values and
an observed equivalent of 0.37%. Of all the seven machine learning methods, the most
underperformed is the Deep Neural Network with an R Square of 20.02% and 4.44% for Root

Mean Square Error.

Table 17 demonstrate the mutual fund Fidelity Sel Energy Service, which has the lowest return on
the whole period in our set. This mutual fund invests with the objective of the Energy sector.
Similar to before, XG Boost is the machine learning technique outperforming the others. Compared
to all the seven machine learning methods, the Deep neural network performs the least on the

measures demonstrated in Table 17.
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Table 16: Summary of statistics error measures of the mutual fund FSESX US Equity with the lowest
return on the whole period (July 2018 to June 2021)

Machine Learning methods Mean squared error Root mean square error R Squared Mean Absolute Error

OLS 0,76% 8,73% 21,81% 6,16%
LASSO 0,78% 8,85% 19,53% 6,23%
Random Forest 0,81% 9,02% 16,96% 6,48%
XG Boost 0,02% 1,43% 97,89% 0,73%
DNN 0,98% 9,88% 9,88% 7,35%
Ridge 0,81% 8,97% 17,51% 6,39%
Elastic Net 0,80% 8,96% 17,63% 6,33%

On the Mean Absolute Error values, apart from XG Boost and Deep Neural Network, the other
machine learning techniques have an absolute difference from predicted values and are observed
around 6.3%. The level of error of the model apart from XG Boost that will emit in its predictions
is about 9% which is significant. Besides, these machine learning methods (OLS, Lasso, Random
Forest, Deep Neural Network, Ridge and Elastic Net) are approximately 1% far away from the
predicted values from the actual values. We can observe that depending on the returns of the mutual
funds, the error measures of each machine learning method differentiate highly. When the mutual
return is low, the machine learning methods tend to have bad results on accuracy measures such as

Mean Squared Error, Root Mean Square Error, R Square and Mean Absolute Error.

To conclude, XG Boost was the technique standing out on the study of Mean Squared Error, Root
Mean Square Error, R Squared and Mean Absolute Error. We reckon that these measures have
been positively or negatively affected by the best and worst monthly mutual funds returns. Indeed,
machine learning methods like Deep Neural Network had a drastic increase of errors with the worst
monthly returns, for instance, in the mean absolute error (3.42% with the best return compared to
7.35% with the worst return). Thus, negative returns increase outliers and prediction errors which

could adversely affect the model's performance on selecting mutual funds.
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6. Discussion

In this chapter, we want to focus on the main concerns when using machine learning models.
Chapter 5 reckon that our seven machine learning methods can select a mutual fund and achieve
superior performance, as we have seen with the Figure 11 of cumulative returns. However, as we
have nuanced through the analysis, the results are not satisfactory to ultimately assume that
machine learning algorithms are an accurate tool for mutual funds selection. Indeed, apart from the
Random Forest, all six other machine learning methods failed to achieve positive average annual
returns in the first year. On the contrary, in year 3, all methods achieved it and even outperformed
the returns predicted. One of the explanations is that machine learning methods do have not the
ability to predict unexpected events from historical data. Another explanation could be due to the

feature chosen for the model to predict and select mutual funds.

The selection of features for the model is crucial as it impacts the prediction results and the selection
of mutual funds. Empirical research on machine learning methods uses a different number of
factors. Keywan Christian Rasekhschaffe & Robert C. Jones (2019) used 194 factors for selecting
stocks from 1994 through 2016. However, interpretability is a primary concern as it the difficult to
see which factors rely on the model. Besides, adding inputs that are indeed associated with the
output leads to a reduced test error. However, adding noisy inputs that are not associated with the
output leads to an increased test set error because of overfitting. This is the curse of dimensionality.
Even if the inputs added are relevant, the variance incurred in fitting their coefficients may
outweigh the reduction in bias that they bring. Thereby, choosing the features that will rely on the

model is critical and needs to be carefully done.

In our set, according to the stepwise regression with the strategy of forward selection, the features
that are the most important for predicting mutual funds returns are the SPX Index, Flow, NKY
Index and the VIX Index. By doing the stepwise regression on Fama French, the following features
are the most important: Alpha and Value added. These results were also found with the stepwise
regression with stepwise selection strategy (strategy composed of forwarding selection and
backward selection as explained in chapter 4). The variable Flow and SPX Index appear to be the

essential characteristic for forecasting mutual fund returns with the multivariate adaptive regression
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splines. Based on generalized cross-validation of 100 % (GCV), the variable flow occurs within
the number of 4 subset models (n subsets). While the Generalized cross-validation of 13.5 %
(GCV), the variable SPX Index occurs within the number of 3 subset models (n subsets). It means
that the variable flow has more importance than the SPX Index variable, which is more important
than all other variables. This is again seen with the plot of Boruta, as shown below in Figure 12.
Indeed, the variable flow is vital. However, the flow variable possesses outliers which could
increase the prediction error on the set and thus tarnish the relevance of the feature in the model.
The FDTR index appears to be the least important in the prediction of mutual funds returns. As its

importance was low, we could have removed it from our model.
Figure 12: Summary of Boruta analysis on the importance of variables
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By computing the correlation between the features of our model, exhibiting in Table 18, the FDTR
Index is the only variable that is positively associated with all other variables. Yet, the FDTR has
a very low correlation with the other variables, even with the variable of the Flow or Median. It
reflects the unimportance of this variable in the model again. The flow is only negatively correlated
with the VIX Index supposing that the increase of the volatility is negatively impacting the flow of

the mutual funds in our set and thus impacting the net asset value of the mutual funds. The same
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interpretation can be made for the median of the mutual funds in our set with the stock market's
expectation of volatility based on the S&P 500 index. Hence, the correlation of the median on the
VIX index is at -0.6463. Further, the DAX Index is highly correlated with the SPX Index with a
correlation of 0.7327. The S&P 500 is significantly associated with our mutual funds' flow and

median returns with 0.8315 and 0.9401, respectively.

Table 17: Summary of correlation between features

VIX.Index SPX.Index NKY.Index DAX.Index FDTR.Index Flow Median
VIX.Index 1,0000 -0,6368 -0,3694 -0,4984 0,0509 -0,5916 -0,6463
SPX.Index -0,6368 1,0000 0,5239 0,7327 0,0494 0,8315 0,9401
NKY.Index -0,3694 0,5239 1,0000 0,4968 0,0647 0,4775 0,5614
DAX.Index -0,4984 0,7327 0,4968 1,0000 0,0520 0,6275 0,7139
FDTR.Index 0,0509 0,0494 0,0647 0,0520 1,0000 0,0213 0,0309
Flow -0,5916 0,8315 0,4775 0,6275 0,0213 1,0000 0,9054
Median -0,6463 0,9401 0,5614 0,7139 0,0309 0,9054 1,0000

In opposite, by plotting the evolution of the equal-weighted portfolio of the actual funds' monthly
returns with the S&P 500 Index, we remark a negative association between them on the whole
period from July 2018 to June 2021. Indeed, as soon, the S&P500 Index increase, the actual returns
of the mutual fund's decrease. For instance, in March 2020, the S&P 500 achieved 13.37%, while
mutual funds had a drop attaining -17.49%. In April 2020, mutual funds have an increase realized
a monthly return of 12.45%, while the S&P 500 realized a negative performance with a -11.94%
of return on this month. In Appendix 7, the details of the equal-weighted portfolio of the 288 mutual
funds are described as well as the difference of annual statistics between the S&P 500 and this
equal-weighted portfolio. This negative correlation can be interpreted as the willingness of mutual
funds to hedge the equity risk. Thus, as the mutual funds have the asset-class focus of equity,
ideally, to hedge the equity risk of the mutual funds, the mutual funds need to have a negative

correlation with the S&P 500 Index as possible.
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Figure 13: Evolution of the actual monthly returns of the equal-weighted portfolio composed of 288
mutual funds with the S&P 500 index from July 2018 to June 2021.
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Machine Learning models are very good at picking patterns from the data. Even if a small part of
the data leaks information about the future, the model will most likely find it and exploit it. Thus,
the quality of data is important, but most of all, the machine learning technique chosen can also
have an impact. We have seen that specific machine learning methods realize superior performance
in our sample. This is the case for Deep Neural Network, Random Forest and XG Boost. With the
equally- weighted portfolio, XG Boost followed slighted the reality, characterized by the number
of positive months and the drawdown period. Random Forest was the technique that achieves the
highest cumulative return in selecting the portfolio (group 8) and performs distinctively during bad
periods compared to the other methods. Deep Neural Network also achieved a high score on the
cumulative returns by selecting the portfolio group 8 with a third out of seven. The shrinkage-based

method and OLS select almost the same mutual funds and follow the same path (Figure 14).

Thus, using these methods simultaneously will not help to advise on the proper selection of mutual
funds. One method of this kind could have been enough in our model. As Figure 14 is illustrating,
Random Forest also closely follows the movement and velocity of OLS and Shrinkage-based

methods. Indeed, we can perceive that in January 2020, OLS and the Shrinkage-based methods had
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a decline monthly return of around -0.84%, followed by another drop of around -7.23% in February
2020 and -16.9% in March 2020. In April 2020, these methods had a positive monthly return of
12.8%. This drift was similar to the Random Forest tendency (-8.73% in February 2020, -21.72%
in March 2020 and 13.47% in April 2020). However, it was on higher levels, meaning the monthly

returns declined steeper, and the increase of monthly returns was higher.

Figure 14: Comparison of Shrinkage-based methods, OLS and Random Forest machine learning methods
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Nevertheless, the turnover for Deep Neural Network and Random Forest is slightly higher than the
XG boost, implying high transaction costs. However, OLS and shrinkage-based methods had a
much lower turnover ratio which could be a more feasible investment strategy in transaction costs.
Further, predicted returns, for instance, in year 1 with the Deep Neural Network technique, were
highly overestimated, which could impact the actual results if this particular stock's investment had
been made. Indeed, Deep Neural Network predicted 49.57%, while the true result was at -8.51%
average annual return. This significant difference, equivalent to 41.06%, could have repercussions

on the investment profit tremendously.
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7. Conclusion

According to a survey of The Bank of England (BoE) and Financial Conduct Authority (FCA) on
the utilization of machine learning by financial institutions in the United Kingdom, they discover
that machine learning is increasingly being adopted in the United Kingdom financial services
(Bank of England, Financial Conduct Authority, 2019). Of 106 respondents, 66.67% report they
already use machine learning daily in their business. The primary usage of machine learning lies
within the support of client interaction, business decisions, investment strategy or transactions.

In this thesis, we studied machine learning as a tool for investment strategy by predicting and
selecting mutual funds. Our sample was open-ended mutual funds with the asset-class focus of
equity from 1990 until 2021. Using a training window of 28.5 years, seven machine learning
methods predicted and selected the best mutual funds for three years. Our model's seven machine
learning methods were OLS, Lasso, Ridge, Elastic, Random Forest, Deep Neural Network and XG

boost.

On investing at a weight of 0.35% with an equally-weight portfolio, from July 2018 to June 2021,
XG Boost was the machine learning which realized the best performance in terms of realistically
of the drawdown period and number of positive months. Yet, Deep Neural Network receives the
highest cumulative returns with 30.97% from July 2018 to June 2021. However, Random Forest

predicted the closest with 20.14% from the actual cumulative returns equivalent to 21.94%.

On the selection strategy, according to the predicting years, the results were contrasting. In the first
year, Random Forest achieves superior returns in terms of average annual returns. In opposite, in
the second year, Deep Neural Network and XG boost realize the highest average annual returns. In
the third year, all machine learning techniques outperformed the selection strategy realizing around
30.49% on average. Nonetheless, the Elastic machine learning method reached the highest average
annual return with 31.94%. In terms of cumulative returns, Random Forest gains the first position
with 37.21%, followed by XG Boost with 30.76%, and closely by Deep Neural Network with
29.43%.
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By regressing the mutual funds' returns with the Fama French data, we reckon that these seven
machine learning techniques are more likely to choose low-book to market and small-cap mutual
funds. It will also select mutual funds that are negatively associated with the value-weighted excess
return on the market portfolio. The efficiency of machine learning was also perceived on the ability
to change the strategy according to the market. It will prefer a conservative strategy with an overall
upward trend in broad market indices and an aggressive strategy during a downturn. Moreover,
measures like the Mean Squared Error, Root Mean Square Error, R Squared and Mean Absolute

Error are positively or negatively affected according to the monthly returns of mutual funds.

Yet, the performance of these seven machine learning methods should be nuanced as they had high
turnover, which could affect the performance when taking into account transactions costs. Besides,
negative returns increase outliers and prediction errors, affecting the model's performance in
selecting mutual funds. Thus, this thesis has proven that machine learning methods are effective
yet not perfect. The application of machine learning methods has the potential to improve outcomes
for both businesses and consumers in the financial services industry. However, in terms of selecting
mutual funds, machine learning could be a tool to verify theories or ideas. It shouldn't be taken for
granted. It should be questioned, asked if it is a realistic and profitable investment strategy.
Nonetheless, the promise of machine learning to make financial services and markets more efficient
raises more broadly profound questions around the use of data, the complexity of techniques and

the automation of processes, systems and decision-making.
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9. Appendix

Appendix 1: Bloomberg fund classification system

The principal investment strategy is the following :

Value: A value fund primarily holds stocks that are deemed to be undervalued in price and that are
likely to pay dividends.

Growth: A growth fund invests in stocks with growth as its primary goal. The portfolio will mainly
consist of companies with above-average growth in earnings that reinvest their earnings into expansion,
acquisitions, and/or research and development.

Blend: A blend fund invests in a combination of value and growth stocks.

Bear Market: Bear-market funds invest in short positions and derivatives in order to profit from stocks
that drop in price. Because these portfolios often have extensive holdings in shorts or puts, their returns
generally move in the opposite direction of the benchmark index. The Fund invests in out-of-favor
stocks.

Long/Short: Long/short Funds employ both long and short equity positions. The fund's goal is not to be
market neutral, but rather to switch back and forth between an overall net long or net short portfolio,
depending on market conditions and opportunities where a manager sees differences between a security's
value and market price. Investments will usually be regional or sector specific.

Market Neutral: A market neutral fund invests predominately in equity securities. The funds will long
equities perceived as undervalued and short equities perceived as overvalued. This strategy will seek
positive/absolute returns regardless of the overall market direction.

Small Cap: The definition of a small cap will vary between fund companies. A general guide to this
selection is a fund that targets investments in companies with a market cap of less than 1.5 billion.

Mid Cap: The definition of a mid-cap will vary between fund companies. A general guide to this
selection is a fund that targets investments in companies with a market cap of greater than 1.5 billion but
less than 8 billion.

Large: The definition of a large cap will vary between fund companies. A general guide to this selection
is a fund that targets investments in companies with a market cap of greater than 8 billion.

Broad Market (otherwise known as multi-cap): Funds investing in small, mid or large cap companies
will be updated as Broad Market.

Source: Bloomberg (2013). Bloomberg Fund Classifications: Guide to our new funds Classification System. PDF Document
available on the website : https://cpb-us-el.wpmucdn.com/wp.txstate.edu/dist/2/916/files/2020/01/tmp14.pdf. Consulted on 13
August 2021
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Appendix 2 : Monthly returns of the second and third predicted years of the equal-weighted portfolio

Year 2 : 07/2019-06/2020

Date OoLS Lasso RF DNN XG Boost  Ridge Elastic Actual S&P 500
29/07/2019 0,33% 0,33% 0,59% 1,00% 0,88% 0,33% 0,33% 0,86% -1,30%
29/08/2019 0,30% 0,29% 0,53% 0,97% -0,08% 0,27% 0,28% -2,44% 1,83%
29/09/2019 0,23% 0,23% 0,47% 0,78% -1,30% 0,22% 0,23% 0,87% -1,70%
29/10/2019 0,54% 0,53% 0,75% 0,84% 5,15% 0,55% 0,54% 2,03% -2,02%
29/11/2019 0,31% 0,31% 0,55% 0,71% 0,29% 0,32% 0,32% 3,09% -3,35%
29/12/2019 0,18% 0,22% 0,38% 0,76% -3,08% 0,23% 0,22% -1,41% -2,82%
29/01/2020 0,21% 0,21% 0,47% 0,90% -1,65% 0,20% 0,21% -1,25% 0,16%
29/02/2020 0,32% 0,31% 0,60% 1,14% 0,22% 0,30% 0,31% -8,20% 8,79%
29/03/2020 0,38% 0,37% 0,63% 0,80% 2,00% 0,38% 0,38% -17,49% 13,37%
29/04/2020 0,35% 0,35% 0,60% 0,73% 1,26% 0,35% 0,35% 12,45% -11,94%
29/05/2020 0,39% 0,38% 0,64% 0,85% 2,24% 0,39% 0,39% 5,89% -4,43%
29/06/2020 0,26% 0,26% 0,49% 0,79% -0,85% 0,26% 0,26% 2,43% -1,82%

Year 3: 07/2020 - 06/2021

Date OoLS Lasso RF DNN XG Boost  Ridge Elastic Actual S&P 500
29/07/2020 0,32% 0,32% 0,57% 0,99% 0,63% 0,32% 0,32% 5,33% -5,36%
29/08/2020 0,28% 0,28% 0,53% 1,00% -0,34% 0,26% 0,27% 5,05% -6,77%
29/09/2020 0,27% 0,27% 0,51% 0,94% -0,63% 0,25% 0,26% -3,26% 4,00%
29/10/2020 0,46% 0,45% 0,69% 0,80% 3,43% 0,47% 0,46% -1,34% 2,81%
29/11/2020 0,34% 0,34% 0,59% 0,69% 0,80% 0,35% 0,34% 11,54% -10,21%
29/12/2020 0,20% 0,23% 0,41% 0,68% -2,56% 0,25% 0,24% 0,99% -3,64%
29/01/2021 0,24% 0,24% 0,49% 0,86% -0,96% 0,24% 0,24% -0,29% 1,12%
01/03/2021 0,31% 0,29% 0,60% 1,27% -0,13% 0,28% 0,30% 3,94% -2,58%
29/03/2021 0,39% 0,38% 0,64% 0,81% 2,18% 0,39% 0,38% 2,11% -4,16%
29/04/2021 0,34% 0,34% 0,60% 0,75% 1,21% 0,35% 0,35% 4,12% -5,11%
29/05/2021 0,40% 0,39% 0,64% 0,86% 2,43% 0,40% 0,40% 1,24% -0,55%
29/06/2021 0,24% 0,24% 0,47% 0,81% -1,27% 0,24% 0,24% 0,61% -2,20%
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Appendix 3: Monthly returns of the predicted years depending on the seven machine learning methods
with the selection of Group 8 from July 2018 to June 2021

Year 1:07/2018- 06/2019

oLs
0,78%
0,72%
0,67%
0,99%
0,76%
0,63%
0,66%
0,78%
0,86%
0,79%
0,88%
0,63%

oLs
0,78%
0,72%
0,66%
1,02%
0,75%
0,62%
0,65%
0,78%
0,83%
0,79%
0,84%
0,69%

oLs
0,77%
0,71%
0,70%
0,92%
0,78%
0,65%
0,68%
0,77%
0,84%
0,79%
0,85%
0,67%

Actual
2,39%
4,52%

-1,02%
-10,44%
0,51%
-17,14%
9,46%
4,11%
0,58%
2,51%
-6,96%
7,17%

Actual

0,98%
-3,15%
-0,18%
2,35%
3,92%
-1,89%
-0,84%
-7,23%
-16,71%
12,91%
7,16%
2,98%

Actual
5,08%
6,04%

-3,23%
-0,70%
11,99%
1,06%
0,60%
4,31%
0,01%
3,98%
0,11%
2,70%

Lasso
0,86%
0,62%
0,48%

-0,03%
0,84%
-0,46%
1,31%
0,93%
0,81%
0,99%
0,02%
1,25%

Lasso
0,78%
0,73%
0,68%
0,99%
0,76%
0,66%
0,65%
0,75%
0,82%
0,79%
0,83%
0,70%

Lasso
0,77%
0,72%
0,71%
0,91%
0,78%
0,68%
0,69%
0,74%
0,83%
0,79%
0,84%
0,69%

Actual

2,39%
4,52%
-1,02%
-10,44%
0,51%
-17,14%
9,46%
4,11%
0,58%
2,51%
-6,96%
7,17%

Actual

0,98%
-3,15%
-0,18%
2,35%
3,92%
-1,89%
-0,84%
-7,23%
-16,71%
12,91%
7,16%
2,98%

Actual
5,08%
6,04%
-3,23%
-0,70%
11,99%
1,06%
0,60%
4,31%
0,01%
3,98%
0,11%
2,70%

RF
1,66%
1,54%
1,43%
1,35%
1,57%
1,26%
1,50%
1,83%
1,72%
1,63%
1,72%
1,38%

RF
1,65%
1,48%
1,31%
1,44%
1,55%
1,27%
1,43%
1,68%
1,76%
1,66%
1,75%
1,45%

1,67%
1,61%
1,54%
1,53%
1,58%
1,24%
1,47%
1,85%
1,69%
1,58%
1,72%
1,39%

Actual
1,72%
1,57%
1,23%

-0,07%
1,43%
-0,60%
2,53%
1,93%
1,67%
1,81%
0,57%
2,05%

Actual

0,10%
-2,27%
1,05%
1,38%
2,33%
0,95%
-2,57%
-8,73%
-21,72%
13,47%
5,95%
2,81%

Actual
6,04%
3,90%

-5,01%
-1,70%
11,15%
2,26%
-0,94%
3,84%
2,70%
4,20%
3,76%
-1,58%

DNN
4,51%
4,67%
4,45%
2,88%
4,16%
4,06%
4,58%
4,84%
3,66%
3,98%
3,43%
4,36%

Year 2

DNN
0,78%
0,94%
0,82%
0,37%
0,57%
0,57%
0,91%
0,99%
0,55%
0,50%
0,54%
0,73%

Returns
Actual

2,34%
1,60%
-0,52%
-8,37%
-1,07%
-18,30%
8,52%
3,52%
0,29%
3,40%
-6,67%
6,76%

XG Boost
1,55%
0,96%

-1,29%
6,30%
1,03%

-2,31%

-0,34%
1,34%
4,62%
0,52%
3,49%

-1,86%

:07/2019 - 06/2020

Returns
Actual

1,79%
-2,11%
-0,95%
2,80%
4,84%
-2,71%
0,37%
-7,01%
-14,74%
13,34%
8,02%
3,57%

XG Boost
1,96%
1,38%

-1,48%
6,97%
0,83%

-2,81%

-0,45%
1,45%
3,10%
0,95%
3,08%

-0,24%

Year 3: 07/2020-06/2021

DNN
4,56%
4,59%
4,55%
3,24%
4,01%
4,10%
4,50%
4,38%
3,85%
3,99%
3,68%
4,33%

Returns
Actual
6,36%
5,19%
-3,25%
-1,89%
11,62%
0,71%
-0,83%
4,17%
2,40%
4,81%
1,62%
-0,15%

XG Boost
1,25%
0,64%

-0,31%
4,74%
1,46%

-1,80%
0,03%
1,59%
3,74%
0,92%
3,23%

-0,72%

Actual

Actual

Actual

1,91%
4,56%
-0,57%
-10,75%
1,68%
-18,12%
9,46%
4,47%
0,80%
3,36%
-6,34%
6,74%

1,79%
-2,11%
-0,95%
2,80%
4,84%
-2,71%
0,37%
-7,01%
-14,74%
13,34%
8,02%

3,57%

5,22%
5,86%
-2,69%
-1,43%
11,45%
0,42%
0,20%
2,96%
-2,30%
4,01%
-0,44%
3,07%

Ridge
0,77%
0,70%
0,67%
0,98%
0,78%
0,68%
0,65%
0,74%
0,85%
0,79%
0,88%
0,64%

Ridge
0,77%
0,70%
0,65%
1,01%
0,77%
0,68%
0,64%
0,75%
0,83%
0,80%
0,84%
0,70%

Ridge
0,76%
0,70%
0,69%
0,92%
0,79%
0,69%
0,68%
0,73%
0,83%
0,80%
0,86%
0,68%

Actual

2,29%
4,43%
-0,85%
-10,26%
0,38%
-17,20%
9,54%
3,99%
0,72%
2,83%
-6,96%
6,94%

Actual

1,19%
-3,09%
-0,09%
2,40%
3,92%
-1,83%
-0,61%
-7,24%
-16,93%
12,75%
7,09%
3,08%

Actual
5,05%
6,18%
-3,34%
-0,76%
11,92%
1,12%
0,56%
4,35%
0,09%
4,01%
0,06%
2,65%

Elastic
0,78%
0,72%
0,68%
0,98%
0,77%
0,67%
0,66%
0,76%
0,85%
0,79%
0,88%
0,64%

Elastic
0,78%
0,72%
0,66%
1,01%
0,76%
0,67%
0,65%
0,76%
0,83%
0,80%
0,84%
0,70%

Elastic
0,77%
0,71%
0,70%
0,92%
0,79%
0,68%
0,68%
0,75%
0,84%
0,80%
0,85%
0,68%

Actual

2,30%
4,42%
-1,08%
-10,42%
0,46%
-17,04%
9,49%
4,14%
0,75%
2,77%
-7,03%
7,15%

Actual

1,02%
-3,16%
-0,09%
2,21%
3,86%
-1,69%
-0,84%
-7,32%
-16,98%
12,94%
7,14%
3,07%

Actual
5,05%
6,01%
-3,17%
-0,78%
12,05%
0,96%
0,56%
4,41%
0,17%
3,94%
0,23%
2,54%



Appendix 4 : Monthly returns of the predicted years depending on the Deep Neural Network and XG
Boost machine learning methods with the selection of Group 8 from July 2018 to June 2021

Returns
Date DNN Actual DNN XG Boost  Actual XG Boost
29/07/2018 4,51% 2,34% 1,55% 1,91%
29/08/2018 4,67% 1,60% 0,96% 4,56%
29/09/2018 4,45% -0,52% -1,29% -0,57%
29/10/2018 2,88% -8,37% 6,30% -10,75%
29/11/2018 4,16% -1,07% 1,03% 1,68%
29/12/2018 4,06% -18,30% -2,31% -18,12%
29/01/2019 4,58% 8,52% -0,34% 9,46%
01/03/2019 4,84% 3,52% 1,34% 4,47%
29/03/2019 3,66% 0,29% 4,62% 0,80%
29/04/2019 3,98% 3,40% 0,52% 3,36%
29/05/2019 3,43% -6,67% 3,49% -6,34%
29/06/2019 4,36% 6,76% -1,86% 6,74%
29/07/2019 0,78% 1,79% 1,96% 1,79%
29/08/2019 0,94% -2,11% 1,38% -2,11%
29/09/2019 0,82% -0,95% -1,48% -0,95%
29/10/2019 0,37% 2,80% 6,97% 2,80%
29/11/2019 0,57% 4,84% 0,83% 4,84%
29/12/2019 0,57% -2,71% -2,81% -2,71%
29/01/2020 0,91% 0,37% -0,45% 0,37%
29/02/2020 0,99% -7,01% 1,45% -7,01%
29/03/2020 0,55% -14,74% 3,10% -14,74%
29/04/2020 0,50% 13,34% 0,95% 13,34%
29/05/2020 0,54% 8,02% 3,08% 8,02%
29/06/2020 0,73% 3,57% -0,24% 3,57%
29/07/2020 4,56% 6,36% 1,25% 5,22%
29/08/2020 4,59% 5,19% 0,64% 5,86%
29/09/2020 4,55% -3,25% -0,31% -2,69%
29/10/2020 3,24% -1,89% 4,74% -1,43%
29/11/2020 4,01% 11,62% 1,46% 11,45%
29/12/2020 4,10% 0,71% -1,80% 0,42%
29/01/2021 4,50% -0,83% 0,03% 0,20%
01/03/2021 4,88% 4,17% 1,59% 2,96%
29/03/2021 3,85% 2,40% 3,74% -2,30%
29/04/2021 3,99% 4,81% 0,92% 4,01%
29/05/2021 3,68% 1,62% 3,23% -0,44%

29/06/2021 4,33% -0,15% -0,72% 3,07%
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Appendix 5: Comparision of OLS, shrinkage-based methods and Random Forest machine learning
methods with actual returns from July 2018 to June 2021

Comparison of Shrinkage-based methods, OLS and Random Forest

20.00% machine learning methods with actual returns
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Appendix 6 : Cumulative returns of the predicted years depending on the seven machine learning methods
with the selection of Group 8 from July 2018 to June 2021

Cumulative returns
Actual OLS Actual Lasso Actual RF  Actual DNN Actual XG BcActual ridge Actual Elasti

2,39% 2,39% 1,72% 2,34% 1,91% 2,29% 2,30%
6,91% 6,91% 3,29% 3,93% 6,47% 6,72% 6,73%
5,89% 5,89% 4,52% 3,41% 5,90% 5,87% 5,65%
-4,55% -4,55% 4,46% -4,96% -4,85% -4,39% -4,78%
-4,04% -4,04% 5,89% -6,04% -3,16% -4,01% -4,31%
-21,18%  -21,18% 529%  -2434%  -21,28%  -21,21%  -21,36%
A11,72%  -11,72% 7,82%  -1582%  -11,82%  -11,67%  -11,86%
-7,61% -7,61% 9,75%  -12,30% -7,35% -7,68% -7,72%
-7,03% -7,03% 11,42%  -12,00% -6,55% -6,96% -6,98%
-4,52% -4,52% 13,23% -8,60% -3,18% -4,12% -4,20%
-11,48%  -11,48% 13,80%  -15,28% 9,52%  -11,08%  -11,23%
-4,31% -4,31% 15,85% -8,51% -2,78% -4,14% -4,08%
-3,33% -3,33% 15,95% -6,72% -0,99% -2,95% -3,06%
-6,48% -6,48% 13,68% -8,84% -3,10% -6,05% -6,22%
-6,66% -6,66% 14,74% -9,79% -4,06% -6,14% -6,31%
-4,31% -4,31% 16,11% -6,99% -1,26% -3,74% -4,10%
-0,38% -0,38% 18,44% -2,15% 3,58% 0,18% -0,24%
-2,27% -2,27% 19,39% -4,86% 0,87% -1,65% -1,93%
-3,12% -3,12% 16,82% -4,49% 1,24% -2,26% -2,77%
-10,34%  -10,34% 8,09%  -11,50% -5,77% -9,50%  -10,09%
-27,06%  -27,06%  -13,64%  -2624%  -20,51%  -26,43%  -27,08%
-14,15%  -14,15% -0,16%  -12,90% 7,17%  -13,68%  -14,14%
-6,99% -6,99% 5,79% -4,88% 0,85% -6,59% -6,99%
-4,00% -4,00% 8,60% -1,30% 4,43% -3,51% -3,93%
1,07% 1,07% 14,64% 5,05% 9,65% 1,54% 1,12%
7,11% 7,11% 18,54% 10,24% 15,51% 7,72% 7,13%
3,88% 3,88% 13,52% 6,99% 12,82% 4,39% 3,96%
3,18% 3,18% 11,83% 5,10% 11,39% 3,63% 3,17%

15,17% 15,17% 22,97% 16,72% 22,84% 15,55% 15,22%
16,23% 16,23% 25,23% 17,43% 23,26% 16,67% 16,18%
16,83% 16,83% 24,29% 16,60% 23,46% 17,23% 16,75%
21,14% 21,14% 28,13% 20,76% 26,42% 21,58% 21,16%
21,15% 21,15% 30,83% 23,17% 24,12% 21,68% 21,33%
25,13% 25,13% 35,02% 27,97% 28,13% 25,69% 25,27%
25,24% 25,24% 38,78% 29,59% 27,69% 25,75% 25,50%
27,95% 27,95% 37,21% 29,43% 30,76% 28,39% 28,03%
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Appendix 7 : Comparison of the monthly returns, average annual returns, standard deviation and Share
ratio of the equal-weighted portfolio and a full investment of 100% on the S&P 500 index from July 2018
to June 21

Year 1

Actual Results S&P 500 Index

Average annual return -4,94% F -7,90%

Standard deviation 23,55% F 18,40%

Sharpe ratio -0,21 -0,43
Year 2

Actual Results S&P 500 Index

Average annual return -3,16% F -5,25%

Standard deviation 24,30% " 21,22%

Sharpe ratio -0,13 -0,25
Year 3

Actual Results S&P 500 Index

Average annual return 30,03% F -32,65%
Standard deviation 12,82% F 13,55%
Sharpe ratio -0,21 -0,43
Predicted period Dates Returns SPX Index
Year 1 31/07/2018"7 2,31% -3,54%
31/08/2018 " 1,85% -2,98%
28/09/20187  -0,27% -0,43%
31/10/2018 r -8,58% 7,19%
30/11/20187  0,73% -1,77%
31/12/20187  -17,07% 9,63%
31/01/20197 8,67% -7,57%
28/02/20197  3,45% -2,93%
29/03/2019 F 0,59% -1,78%
30/04/2019 7 3,11% -3,86%
31/05/2019 r -6,39% 6,80%
28/06/2019 r 6,66% -6,67%
Year 2 31/07/20197 0,86% -1,30%
30/08/20197  -2,44% 1,83%
30/09/2019 F 0,87% -1,70%
31/10/2019 F 2,03% -2,02%
29/11/2019 7 3,09% -3,35%
31/12/2019 r -1,41% -2,82%
31/01/20207  -1,25% 0,16%
28/02/20207  -8,20% 8,79%
31/03/2020 r -17,49% 13,37%
30/04/20207  12,45% -11,94%
29/05/2020 F 5,89% -4,43%
30/06/2020 7 2,43% -1,82%
Year 3 31/07/2020 4 5,33% -5,36%
31/08/2020 F 5,05% -6,77%
30/09/2020 r -3,26% 4,00%
30/10/2020 F -1,34% 2,81%
30/11/2020 F 11,54% -10,21%
31/12/2020 F 0,99% -3,64%
29/01/20217  -0,29% 1,12%
26/02/2021 F 3,94% -2,58%
31/03/20217  2,11% -4,16%
30/04/20217 4,12% -5,11%
31/05/20217 1,24% -0,55%

30/06/20217  0,61% -2,20%
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