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A simple stock screener framework for portfolio optimization

by Ioannis BANATAS

This thesis proposes a stock portfolio optimization method that is simple, scalable,
and efficient compared to other proposed strategies from the literature, while sig-
nificantly outperforming the market. We discuss the survivor bias effect that affects
datasets composed of historical information on stock prices and how that can distort
results and hinder the proper evaluation of any portfolio optimization strategy. Our
approach uses a screening tool to select stocks out of a large pool. The screener’s
parameters are optimized on a training dataset. We then construct a portfolio which
weights stocks so as to minimize the correlation of the selected stocks. We also in-
corporate a "trigger" mechanism for identifying downturns in stock prices in a way
which informs our trading decisions. Using multiple testing periods of 14, 17 and
20 years, our strategy surpassed the S&P500 index and outperformed many similar
studies. Overall, this work shows that a simpler, more fundamental approach can
oftentimes perform better than complex models.
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Chapter 1

Introduction

The stock market, stock forecasting, and portfolio selection are considered as some
of the most important and fascinating topics in the financial world. The stock mar-
ket enables companies to increase their revenue by issuing shares and using the ob-
tained capital to expand their production [43]. At the same time, investors can profit
via capital gains (selling and asset for more than what they originally paid for it)
and dividends (distribution of some of company’s earnings back to investors). Over
the past 200 years, investing in the stock market has outperformed other types of
investment like bonds, treasury bills, gold, and outpaced inflation. Despite the ups
and downs historically, a long-term investor could grow his capital with an annual
return of 7% [7].

Nevertheless, the stock price rarely represents the actual fundamental value of a
company. The price of a stock is subject to fluctuations and is determined by sup-
ply and demand in the market, which are driven by investors willing to buy or
sell shares. As a result, a good approximation of the actual value of a share could
be an investment opportunity. For example, an investor can buy an under-priced
stock! and achieve capital gains when fluctuations in the market will drive the stock
price closer to its fundamental value. As argued in [35], the fundamental analysis
can identify companies that have the worst and best prospects. Stock screening is a
fundamental analysis method which can identify stocks that satisfy specific metrics
given a pool of stocks. Such metrics are, for example, price-to-earnings ratio, capital-
ization, current and historical price, technical indicators, etc. A stock screener, when
tuned correctly, is able to identify and invest in under-priced stocks.

Since stock prices are volatile, the risk of capital loss is another characteristic
of the portfolio that needs to be considered. Investing only in one security seems
reasonable when the stock seems to outperform the market. However, the investor
is then subjected to unsystematic risk that cannot be avoided. Instead, aiming for
diversification in portfolio construction could mitigate that risk by counterbalancing
bad and good performing stocks. Portfolio optimization is the process of finding
and selecting the "best" of the available assets (stocks) and then determining how
the invested capital will be allocated in these companies. The process of allocating
the invested capital in a set of available stocks is called weighting. The objective of
this weighting could be the maximization of the expected return for a given level of
risk.

Portfolio optimization is an essential subject of study for small retail investors
up to large financial institutions. A commonplace of portfolio construction that min-
imizes unsystematic risk are market indices. Stock market indices consist of many
stocks, ranging from 30 to 3,700. Typical weightings of index models are based on
the market capitalization of the assets, the current stock prices, or simply equal-
weighted, which distributes capital equally in all companies. Due to their size,

1A stock which is priced too low compared to its fundamental value



2 Chapter 1. Introduction

market indices are considered less volatile, safer investments that reflect the current
overall market value. Indices include the S&P500, Dow Jones Industrial Average,
Nasdaq 100, Russell 2000 Index, NYSE Composite Index, Wilshire 5000 Total Market
Index and more [27].

Leveraging state-of-art financial technologies, one can build and manage a stock
portfolio by buying and selling stocks in real-time, using a mobile app. Proper
knowledge of portfolio optimization and risk management surrounding such ven-
tures is necessary when trying to beat the market. The financial world and the scien-
tific community have been trying to calculate, handle, minimize the risk of loss and
maximize return. Many frameworks are published each year in the literature, with
the goal of achieving high returns with a low risk. Since return (profit) and variance
(risk) are correlated, the proper portfolio selection strategies have to consider both
of them.

1.1 Aims and Contribution

Along with introducing a novel strategy and presenting its various components, this
thesis includes a brief review of state-of-the-art approaches to portfolio optimization,
while comparing their performance to that of our proposed approach. Overall, this
thesis creates a novel framework and evaluates its performance on the stock selec-
tion problem while emphasizing on modelling and computational efficiency. The
goal and contribution of this thesis is to showcase key aspects of the portfolio opti-
mization problem. In more detail, this thesis:

¢ Introduces a novel low-complexity portfolio optimization framework, which
is scalable and efficient compared to other approach found in the literature.
Our proposed approach generates high returns in a test sample comprising of
historical price data from 03/01/2000 to 31/12/2020, considering a set of 543
stocks.

* Proposes an effective stock screener for selecting the stocks that will be part
of the portfolio. Three fundamental measurements were tested, namely the
cumulative return, Sharpe ratio and volatility, along with a historical window
parameter ranging from 1 to 90 previous trading days. The proposed stock
screening method, as well as the window size parameter, were selected based
on a four-year training sample (ending before the start of the out-of-time test-
ing sample) which includes an equally weighted portfolio of the top 50 stocks
selected by the screener.

¢ Highlights the importance of reducing as much as possible the survivor bias
effect in stock data used for evaluating any strategy. In contrast with many
other works in the literature, this thesis examines and calculates the survivor
bias effect in the testing sample of the proposed framework.

1.2 Structure of the study

The remainder of this thesis is organized as follows: Chapter 2 discusses the stock
portfolio optimization problem and key factors that affect stock price movements,
and includes a literature review of optimization strategies. Moreover, Chapter 3 in-
troduces and describes our proposed approach to portfolio optimization. We start by
discussing the dataset used and the survivor bias effect. Subsequently, we introduce
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a stock screener, which will filter available stocks and a risk-minimization technique
for optimizing the weights in the portfolio. Chapter 4 discusses the performance
of our proposed approach, tested for the years 2000 - 2020, and a comparison with
other strategies from the literature. Finally, Chapter 5 summarizes the results, dis-
cusses the implications and limitations of the proposed method, and outlines future
extensions and applications of this work.






Chapter 2

Background and Literature Review

This chapter discusses stocks and stock price movement, as well as the fundamentals
of stock allocation and portfolio optimization. We also briefly discuss optimization
frameworks as proposed in the current literature.

2.1 Stock price movement

A stock is a security that represents the ownership of a fraction of a company. The
company provides the market with a number of shares outstanding, which are traded
on stock exchanges, and investors can buy or sell stocks based on the current market
price. This stock price fluctuates with time according to a balance between sellers
and buyers of the stock in the open market [43]. Therefore, stocks and stock price
movement can be seen and treated as time series.

A time series is a sequence of data ordered by reporting time and can be con-
structed by collecting any data that is measured over time. Examples of time series
include periodically sampled values of heights of ocean tides, global pollution, daily
temperatures, etc. In the case of stocks, time series can be created by collecting daily
closing price value of a stock over a period of time. Such time series can be plotted
in a two-dimensional graph where the y-axis represents stock price of the data and
the x-axis represents discrete time. Figure 2.1 is an example of a stock’s daily closing
price movement represented as time series.
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FIGURE 2.1: State Street Corp (STT) stock price graph between
1/1/1995-12/31/2020.

Several factors may affect stock price movement. Some of them can be quanti-
fied, e.g., demand and supply, media and news (company, market, industry or coun-
try specific) using sentiment analysis, earnings announcements, etc. There are also
random influences that are difficult to measure (including investor psychology, re-
action to various news - sometimes not directly related to the stock in question, and
others), which manifest as noise [7]. Additionally, human psychology also affects
the stock price movement. For example, the authors of [5] introduced the overreac-
tion hypothesis and found that people tend to react in panic when dramatic news or
events occur. This overreaction is just one of the few examples which makes stock
price prediction challenging or even impossible.

There are many works in the current literature suggesting that changes in stock
prices follow a random walk. The random walk hypothesis suggests that future
stock price movements cannot be predicted based on past stock price changes or
historical trends. As stated in [26], which advances the so-called "random walk"
hypothesis, the market moves in an arbitrary manner, thus it cannot be modelled
effectively. On the contrary, many recent articles question the Random Walk theory
and suggests that stock market excess returns can be forecasted using historical in-
formation (see [13], [11], [34], [12]). Another hypothesis known as Efficient Market
Hypothesis [10] holds that stock price includes all available information and that
investors are rational and stocks are traded at a fair value. This means that risk is
inevitable if one wishes to outperform the market.

Back in 1973, [3] developed the Black-Scholes model that is one of the most vital
concepts for pricing options contracts. It is a differential equation that uses geomet-
ric Brownian motion, the affect of time and other quantitative components such as
strike price of an option, the current stock price, the time to expiration, the risk-free
rate, and the volatility. This method calculates a fair value for an option contract.
For their contribution in modern finance, the authors later were awarded with the
Nobel price in Economics.
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Another study [19] suggests that stock prices are moving subject to trends. Stock
price movements will tend to repeat themselves overtime, and as a result, historical
information could be used to predict future stock prices. Similarly, [44] argue that
security prices, as indicated by financial research, do not reflect all publicly available
information. Consequently, investors can benefit by using stock screening rules and
filters to minimize the search space and select the best assets out of a large pool of
available stocks. The hypothesis that stock prices do not embed all publicly available
information, is also supported by numerous other studies ([23], [14], [23], [37]) which
also demonstrate the advantages and potential of stock screening techniques.

Overall, it is a well-accepted fact that predicting the prices (and profiting from
their predicted movement) is a challenging task. This thesis aims to design a stock
screener with the ultimate goal of identifying the best candidates for an investment
portfolio after taking into consideration the following factors:

* Inventors’ tendency to sell in cases of temporary price reductions.
¢ The "stocks move in trends" observation stated in the previous paragraph.

Because of the fact that hardware resources limited, very complicated and time-
consuming machine learning models were not considered for the work underlying
this thesis. Numerous machine learning approaches up to 1 day model training
duration were examined(tree-based algorithms, XGB and LSTM neural networks).
However, without an exceptional outcome. Instead, a more intuitive and expert-
based approach was selected because it was found to produce the best outcome, at
a reduced complexity and with a higher degree of explainability.

2.2 Stock allocation and portfolio optimization

The purpose of portfolio optimization or stock allocation is to select from a pool of
stocks a portfolio that will lead to higher-than-market returns, taking into account
the investor’s risk appetite. In general, investors are more concerned about unex-
pected losses that they are about unexpected investment gains from their portfolio.
A portfolio construction consists of a weight vector, indicating how much of the
available capital should be invested in each stock or asset. Usually, it is represented
with the vector w. Given a pool of stocks N, the vector w should follow these two
constraints:

0<w; < (2.1)

fori=1,...N and
N
Y wi=1 (2.2)

i=1
Given the selected stocks for the portfolio, the challenge is to optimize the weight
w for achieving an investment goal. That can be maximizing the return, minimizing
the risk, or a combination of both. Then the portfolio return is calculated as

w-R (2.3)

where R is an n-vector and stands for future return of assets.

In [29], Markowitz proposed a method for optimal trade-off among the expected
return and risk. He constructed a mathematical framework that uses as input the
expected return of the assets and the historical covariance matrix of these assets.
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Then, by solving the formulated constrained quadratic optimization problem, the
optimal weight vector is obtained a the given risk bound.

Over the years, many publications have been based on Markowitz’s theory and
tried to improve its shortcomings (out-of-sample performance) or adjust the frame-
work to different problems. Well known risky measurements include, but are not
limited to, semi-variance [28], semi-deviation [31], mean absolute difference [21],
Value-at-Risk [8], Conditional-Value-at-Risk (CVaR) [36], Entropic Value-at-Risk (EVaR)
[1], and Gini’s Mean Difference [38]. We refer to [9] for a detailed review of risk mea-
surements. Each risk measurement employed in the portfolio optimization frame-
works constitutes a family of mean-risk models.

There are many attempts and various methods for solving the portfolio optimiza-
tion and stock selection problem. The "key" to using Markowitz’s work or any of its
descendants is to somehow estimate 1, the vector of asset returns. The most common
approach is to predict the future behaviour of the stock, based on historical trends
of the stock price, using technical analysis and qualitative information for the given
stock. The primary assumption in technical analysis is that the stock price and mar-
ket in general move subject to "momentum" and "trends" [20], [17]. This statement
claims that the stock’s performance will keep following its past behaviour for a time
until the trend reverses. Numerous technical indicators can have been proposed for
calculating this trend and movement, using mathematical formulas based on the as-
set’s historical price. Most used indicators are trend indicators like 50-Day EMA and
200-Day EMA, mean reversion indicators like bollinger bands (BB), relative strength
indicators like stochastics, momentum indicators like MACD, volume indicators like
on-balance-volume (OBV) and more.

2.3 Literature review on portfolio selection strategies

The majority of stock selection frameworks are focused on forecasting the future
price of the assets and then allocate the capital based on these prices and according
to some other indicators, such as stock volatility, correlation, etc.

The authors of [18] tried to create a stock selection framework using two steps.
First, they predicted the future trend of the stocks, either up or down. The au-
thors used technical indicators as input features for the prediction and trained two
machine learning algorithms for classification (xgb and logistic regression). As a
dataset, then used 26 companies from S&P500 and a rolling window technique [6]
for prediction and market simulation. Thus, the training period remains constant
and moves forward in time as the price is predicted over a new week. In the second
step, the capital allocation in stocks was optimized based on Gini’s Mean Difference
and Mean-Gini optimization model. The outcome dominated the S&P500 index in
cumulative return using 20 years backtest. The overall cumulative return of the
backtest was up to 26 times greater than the equal-weighted portfolio strategy using
these 26 S&P500 stocks that consist of the backtest sample.

Similarly, in [41], the authors used technical indicators as input features for the
classification problem. Then the stock selection was based on classifying/ranking
the stock in N classes based on future excess returns. After the prediction, they buy
the best 20 stocks from the first (best) class (and hold them) uniformly for 20 days.
Then, using a rolling window technique, they tested their framework for five years.
Based on a random forest model in the Chinese stock market, their portfolio selection
strategy outperformed the CSI500 index, up to 5 times more (in terms of cumulative
return) for the 5-year backtest period. The only downside was that an equal weight



2.3. Literature review on portfolio selection strategies 9

portfolio is not present in their in that work, and thus it was not possible to assess
any survivor bias.

In [33], the authors used a combination of long- and short-term trends and tech-
nical indicators” momentum to identify stocks that are most likely to outperform the
market index. Given 100 stocks of the SET100 index of the Thai stock market for the
period 2011-2015, he used technical indicators as features for the model. Then, they
performed a cluster analysis in x-20 day with technical indicators as features on that
initial day. The clustering algorithm grouped those stocks in 10 clusters of 10 stocks
each. The performance of these ten portfolios was assessed for the next 20 days (x-
20, x). Then, the best stock was selected as a centroid. The 10 stocks closest to that
centroid were used to construct an equal weight portfolio for the next 20 days. The
main idea was that these stock trends would continue to occur based on the current
market situation. The results show that the proposed framework can outperform
the market index in the long run, generating 3.5 times higher cumulative returns
compared to the market index.

While many studies use traditional machine learning models for the stock selec-
tion problem, Yang et al. [46] highlighted the power of the CI technique. A two-step
framework for building a portfolio was proposed. In the first step, the future price
was forecasted using ELM, a special case of a fast convergent single-hidden layer
feedforward neural network. In the second step, the framework stored and ranked
the stocks based on a differential evolution algorithm for optimizing the weights
of the scoring function, which is based on factors like stock profitability, leverage,
liquidity, efficiency, and growth, which are popularly used in existing stock selec-
tion models. The top 5% formed an equal weight portfolio until the next rebalance.
This method returns in only a 2-year (2014-2016) backtest sample of A-share stocks
of China market, 1.6 times more cumulative return than the market and the equal-
weighted portfolio strategy.

In [30], the stock selection strategy was based on a Hidden Markov Model (HMM).
The authors used HMMs to predict monthly regimes for four core macroeconomic
factors: inflation, industrial production index, stock market index, and market volatil
ity. The regimes are the two opposite states (high/low) of each variable. The pre-
dicted regime is then compared with similar historical behaviour. A composite score
of each stock is calculated based on the scores that are a mixture of a stock factor un-
der its behaviour in the previous similar macroeconomic stage. The stock factors are
E/P, free cash flow/enterprise value, sales/enterprise value, long-term earnings per
share growth, and long-term sales growth. The portfolio is then constructed based
on this algorithm by choosing the top 50 ranking stocks to buy. The cumulative re-
turn of the out-of-sample tested period (2000 - 2015) is up to 6.5 times greater annual
return compared to the S&P500 index.

Another popular stock selection technique is to invest in the worst-performing
assets. The so-called mean-reversion principle argues that bad-performing assets
will eventually return to their historical mean in the future [24]. Therefore, in [4], the
authors used an anti-correlation technique for building a portfolio by taking advan-
tage of price changes, constantly transferring the capital from the high-performing
stock to the relatively low-performing stocks, and considering the correlation of the
stocks. The results were promising and tested in a 5-year backtest, surpassing the 5x
returns compared with the equal-weighted portfolio for S&P500. The downside was
that mean reversion was prone to more significant unexpected losses.

Influenced by the principle of mean-reversion above, the authors of [22] pro-
posed a novel kernel-based trend pattern tracking (KTPT) system for portfolio opti-
mization that uses three stages for portfolio creation. Their work tried to start from a
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simple prediction of the stock price, based on historical inertia and maximum price,
and then make that more robust by incorporating historical financial states and in-
cluding a trend-reverting factor. Their method, tested and compared with many
benchmarks and portfolio selection methods, could beat previous stock selection
approaches. The returns are up to an 18-digit number of cumulative returns to a spe-
cific backtest sample. As we will discuss later, survivor bias, less-than-representative
datasets, and risky strategies can lead to that return, however those returns are im-
possible to replicate moving forward. Overall, the best and comparable strategies in
the literature that use S&P500 stocks and risk aversion methods are [18], and [30].
In 4, we will discuss a comparison of these strategies with the suggested strategy
of this thesis. Of note, additional portfolio optimization strategies exist, but, as we
will see in Chapter 4, are not comparable because they have selected different mar-
kets for their backtesting, or because they do not report cumulative results in their
evaluation ([46], [33], [41]). The authors of [22] consider that it is state of the art by
outperforming five other strategies using the same stock benchmark datasets [4].
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Chapter 3

Methodology

This chapter describes the process of data used for evaluation and the main compo-
nents of this thesis’s proposed portfolio optimization framework.

3.1 Data Collection

3.1.1 S&P500 index, RSP index and S&P500 stocks

The S&P 500 Index is a market-capitalization index of the 500 largest publicly-traded
companies in the United States. Stocks that participate in the index must to follow
specific criteria. These include market capitalization, liquidity, and many more [40].
The index is weighted, allocating more to the top stocks and less to those on the
lower end of the list. RSP is an ETF composed of the 500 companies included in
the S&P500, investing equally in each stock. This uniform weighting increases the
footprint of smaller S&P 500 stocks. Historically, there were periods when RSP out-
performed S&P500. The equal-weighted RSP ETF makes the portfolio more robust
to unexpected deviations of top-performing stocks.

This study will use S&P500/RSP as stock selection pool and performance bench-
marks. The reasons for selecting this index are listed below:

¢ It includes many stocks with high volumes and high liquidity that are ideal
for simulation. Usually, smaller (in) size stocks may not always have sufficient
liquidity. Furthermore, any buy or sell decisions will not affect the stock price
due to the high volume of these stocks. Other researchers use this or similar
indexes like the NASDAQ index, A share (Chinese), etc.

¢ The weights that S&P500 applies to its component stocks are not publicly avail-
able. RSP, on the other hand, is handier to use and can be easily reproduced.

3.1.2 Survivor bias

The exclusion of failed stocks from a sample on which a portfolio strategy is assessed
(because those stocks no longer exist) is known as survivor bias. Since only compa-
nies that were successful enough to survive until the time at which the strategy is
being tested, the results of these studies are skewed towards over-performance. This
is very common in the research literature [18], [22]. Without including the delisted
stocks due to bankruptcy or pure performance, evaluating the stock selection strat-
egy might lead to unreliable results which will not be achievable in the future.

For example, an investment agency wants to test a novel trading strategy in his-
torical S&P500 companies by performing a backtest. Backtesting is a procedure of
determining the appropriateness of a trading strategy by examining how it would
perform in the real world using historical data. They find a list of S&P500 stocks
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as of today and downloads ten years of historical information for them. Much to
their surprise, they obtained unexpected promising results using this dataset for
the evaluation. They invest then in the real market, hoping that they will beat the
S&P500 index. A couple of months or years later, they realize that their strategy
out of sample do not perform as their backtest promised. Examining the backtest
sample carefully, they realize that the effect of survivor bias is enormous. They had
selected stocks that were the "survivors" of the past ten years, ignoring the stocks
that went bankrupt, became delisted, or were part of an acquisition. In addition,
these stocks are part of the S&P500 index as of today. This adds an extra bias to the
sample since these were not only stocks that survived but also stocks that became so
successful in this 10-year historical period that they became or kept being part of the
top 500 stocks of the USA market. Figure 3.1 reveals the actual cumulative return of
the RSP index vs. the equally-weighted cumulative return using historical stocks in
the S&P500 index in 2020.

The dataset that includes historical information of the closing price for many
stocks is called simulated dataset (SIM). This dataset should simulate the actual
market in order to backtest a trading strategy on historical information. Creating
a dataset that minimize the survivor bias effect can make the evaluation procedure
more robust and trusted. An example of different simulation dataset are shown next.

RSP vs. Survivor bias dataset
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FIGURE 3.1: RSP vs stocks included in the S&P500 2021.

As depicted in Figure 3.1, the sample with survivor bias is up to 3 times greater
than the actual returns of RSP. The simulation dataset (SIM) was created using 16
years of stock price information for stocks that are included in S&P500 at of the year
2021. Using the simulated dataset (blue), the overall performance becomes exager-
ated without including any portfolio optimization strategy. It also reveals that bad-
performing stocks are not on the list to drive the average to the index (orange) line
level. Subsequently, the results obtained by the equally-weighted survivors of the
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SP500 index may be misleading. For more robust and trustworthy results, actions
are needed to minimize the effect of survivor bias in the data.

3.1.3 Historical Information

To create S&P500 constituents and historical changes table, information obtained
from Wikipedia [25]. A table, which includes the company, ticker name, date added,
and date removed, was created using python and web scraping. When the date a
stock was removed from the SP500 was unavailable, it was set to the end of the back-
testing period, 31 December 2020. After excluding four tickers that were included
and removed from S&P500 two times in their history (CBE, GAS, OI, AGN), the table

with the components consists of 555 stocks for the period 2000 —2020.

TABLE 3.1: Historical changes table (556 changes available).

Ticker Name In Out

T AT&T 30/11/1983 18/11/2005
SBL Symbol Technologies 5/12/2000 10/1/2007
ABK Ambac Financial 5/12/2000 10/6/2008
AYE Allegheny Energy 5/12/2000 25/2/2011
ANR  Alpha Natural Resources 1/6/2011 2/10/2012
AMD  Advanced Micro Devices 1/1/1957 20/9/2013
SAI SAIC 18/12/2009 20/9/2013
JDSU  JDS Uniphase 27/7/2000 23/12/2013
WPX  WPX Energy 31/12/2011 21/3/2014
CLF Cliffs Natural Resources  18/12/2009 2/4/2014
COV  Covidien 28/2/2011  27/1/2015
PETM PetSmart 10/10/2012 12/3/2015

The historical stock information on which this work is based was gathered from
Yahoo! Finance [45]. The second source of historical data, The Quandl Wiki dataset,
was used to add to the Yahoo! Finance source because the latter did not contain the
delisted stocks. The only downside of the Quadl wiki dataset is that it is updated
until March 2018.
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TABLE 3.2: Stock historical dataset of STT stock example.

Date Open  High Low Close  Adj Close Volume

3/1/1995 728125 7.4375 < 7.21875 7.34375 4.92071 1569200
4/1/1995 7.34375 7.375 7.25 73125  4.899774 2515200
5/1/1995 73125 73125 71875 71875 4.816017 899200
6/1/1995 7.25 7.25 71875  7.1875 < 4.816017 994800
9/1/1995 71875 7.25 7.125 71875  4.816017 749200
10/1/1995 7.1875 7.1875 7.125 7.125 4.774138 891200
11/1/1995 7.1875  7.1875  7.09375 7.15625 4.795078 512000
12/1/1995 7125 7.15625 7 7.09375 4.7532 1470000

21/12/2020 70.7 72.27 68.8 70.34 69.83493 5216400
22/12/2020 70.34 70.94 69.84 70.19 69.68601 5568400
23/12/2020 70.52 7247 70.52 71.58 71.06603 2694400
24/12/2020 72.02 72.02 70.8 71.78 71.2646 665800
28/12/2020 72.37 72.89 71.45 7212 71.60216 1738900
29/12/2020 72.52 72.81 71.73 71.94 71.42345 1168700
30/12/2020 71.76 72.92 71.76 72.42 719 909900
31/12/2020 71.93 7291 71.47 72.78 72.78 951000

Date: Trading day.

High, Low: Highest and lowest prices at which a stock traded within a single day.
Open, Close: Prices at which a stock begins and ends the trading day.

Adj Close: Adjusted values incorporate changes resulting from corporate actions
such as dividend payments, stock splits, or new share issuance.

Volume: Number of shares that were traded within a single day.

3.14 Data Manipulation

Data is downloaded using the table with the historical changes table 3.1. For each
stock of the table, we download using yahoo Finance and Quadl WIKI dataset by
setting as starting date the date when the stock was added to the S&P500 ("in" col-
umn of the table) minus three years back and end date the date when the stock went
out of index (‘out” date column of the table). Downloading historical values before
the date added in S&P500 is necessary since at the date when a given stock is in-
cluded, we need the information to forecast the future price, screen the stock based
on historical price, etc. The minimum starting date is set as 02/01/1998” and the
maximum date as '31/12/2020". Out of 574 individual stocks, 556 were successfully
downloaded, and 18 of them were not possible to be retrieved from either of the two
data sources.

Next, the columns Open, Close, High, Low, Volume are scaled with the Adjusted
Close value:

_ Adjusted Close
8f = Close

And for each variable in the dataset, the new adjusted to the close value computed
as:

Xscaled =X- Sf
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for X in { Close, Open, High, Low, Volume }.

3.1.5 Simulation dataset with reduced survivor bias

The final simulation sample is a concatenation of 545 files of S&P500 stocks', merged
into one dataset keeping only the adjusted close price for each stock. The main
dataset contains 5,787 trading days. For convenience reasons, dates are assigned to
a day number. So, the first available date in the data, '02/01/1998’, is set to day=1,
and the last date, "31/12/2020’, is assigned to day =5787.

TABLE 3.3: Survivor bias reduced simulation dataset format.

Day Date AAPL .. ABT

0 2/1/1998 0.124763 8.843689
1 5/1/1998 0.121884 8.892864
2 6/1/1998 0.145397 8.745333
3 7/1/1998 0.13436 8.802705
4 8/1/1998 0.139638 8.917454
5 9/1/1998 0.139638 8.819099
6 12/1/1998  0.140118 9.122358
7 13/1/1998  0.149715 9.190816
8 14/1/1998  0.151635 9.215502
5787 31/12/2020 132.2673 ... 108.2397

The creation of this dataset managed to reduce the effect of survivor bias and
converge to the actual RSP index. A comparison is shown in the Figure 3.2:

ISee full ticker list at Chapter 6
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RSP vs. Reduced survivor bias dataset (SIM)
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FIGURE 3.2: Simulated vs RSP for the period 2003 — 2020.

As shown in Figure 3.2, even by using this horizon (2003-2020), the simulated
index is much closer to the real one when compared to Figure 3.1, where, for the
same period, the cumulative return was up to 4 times greater than the actual. In
the simulated dataset (5IM), the cumulative return is for this large horizon at 1000%
compared to the actual, which is 700%. The closer we get to the end date and/or
the smaller the period used, the better the approximation. In the Figure 3.3 below,
the simulated dataset is very close to real RSP, with the effect of survivor bias being
reduced to a minimum.
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RSP vs. Reduced survivor bias dataset (SIM)
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FIGURE 3.3: Simulated vs RSP for the period 2013 - 2020.

3.2 Screener

Stock screening is an essential step in the process of portfolio selection. The role
of the stock screener is to minimize the search space in an extensive database of
stocks. In the proposed framework, we describe a stock sceener that will choose
from the pool of S&P500 stocks those that can potentially be the best candidates for
the portfolio, according to quantitative criteria which we describe next.

3.2.1 Metrics used

The screener will be tested using three fundamental metrics as screening rules.

1. Historical Cumulative returns of a stock.
2. Volatility of a stock

3. Historical sharp ratio of a stock

Cumulative return (CR) is the total amount of change, it shows how much a
portfolio has gained or lost in time. The cumulative return it’s expressed as the ratio
of the stock’s price change over its initial price, indicating profit/loss compared to
the portfolio’s value at the beginning of the period. It is the raw mathematical return
of the following calculation:

‘ pi—pi_
CR}, = % (3.1)
t—w

where p! is the stock price value of stock i at the day t, and w is the window of days
we look back.
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Volatility is a statistical measure of the fluctuation of returns for a given stock or
portfolio for a specific period. It measures how much a stock price deviates from the
mean value. In most cases, the higher the volatility, the riskier the asset. Volatility
is measured either as the standard deviation or variance between returns from that
same stock or portfolio. It is the raw mathematical return of the following calcula-

tion:
t Y
Vol = \/ Lizt—o(ri = 7) (3.2)

w

where t denotes the current day, 7; the daily in the given day i from day i — 1, 7 is
the mean value for the relevant period, and w denotes the window (number of days
back).

The Sharpe ratio (SR) [39] is used to calculate the return-to-risk ratio of an in-
vestment by incorporating both the cumulative return and also volatility of the in-
vestment. The Sharpe ratio is defined as the average return earned over the risk-free
rate per unit of volatility or total risk. Volatility is measured as the standard devia-
tion of the excess returns and captures the price fluctuations of an asset or portfolio.
Subtracting the risk-free rate from the cumulative return allows an investor to iso-
late the profits associated with risk-taking activities. The risk-free rate of return is
the return on investment with no risk, e.g., buying a U.S. Treasury bond, meaning
whatever investors could expect for taking no risk. In our setting, the risk-free rate
is set to zero. Generally, the greater the value of the Sharpe ratio, the more attractive
the risk-adjusted return is. The Sharpe ratio can be calculated by

SRyw = —"— (3.3)
Ott—w

where CR;, denotes the cumulative return an asset for the period (t-w, t) and
0t—w, denotes the standard deviation (volatility) of the asset’s excess return for the
relevant period using daily returns r; at the day 1.

Next, for the creation of an effective screener based on these metrics’ (i.e., CR,
SR, Vol), experiments were conducted to answer the following questions:

1. How good is each of these metrics regarding selecting the most appropriate
subset of stocks that will lead to high return given the risk?

2. What is the best value for the hyperparameter w = t, — t1, i.e., how far into the
past should we go when calculating the three metrics?

To answer these questions, we performed a backtest using the pool of RSP stocks
to fine-tune the hyper-parameters of the screener. The process is summarized Algo-
rithm 1.
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Algorithm 1 Sreener Hyperparameter Optimization

Require: dy: initial day,
M: Screening method,
Data: Daily historical stock data
O: Ranking order
procedure
forw in 1..90 step=1do
while d <= d, + 1000 do
for stock in Data do
Calculate: Mjff%"d
Save: value in a list L.
end for
Calculate: Lo using the order method from O.
Buy: A uniform portfolio (UP) with the first 50 stocks on the list Lo
Set: d < d+5
Calculate: Cy, <= Cy * (Profityp) > Capital Cy, is considered 1 at dy + 5
end while
Save C, in a list Fyy
end for
end procedure

First, a 5-year historical period of 12/05/1998 till 03/01/2003 was selected using
these RSP stocks of the dataset. Then each of these metrics separately used as a filter
for the screener. From the initial day t, the algorithm calculates the values of CR,
SR and Vol using a historical window w that can range from 1 to 90 days. Then the
stocks are sorted in a both descending and ascending order using these 3 metrics.
Now, the algorithm selects the top 50 stocks and forms an equal weight portfolio.
This procedure is repeated every week (five market days). Every time, the portfolio
is updated based on the top of the list of CR, SR and Vol assets. The results of the
backtest are plotted and presented in the next two subsections.

3.2.2 Selecting using descending order

Stocks are ordered from highest to lowest based on the CR and SR metrics. This
means selecting the portfolio’s best current performers or winners using a relevant
window w. For the volatility, descending order means that high volatility stocks are
chosen first. The results are shown in the Figures 3.4, 3.5 and 3.6.
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FIGURE 3.4: Performance of an equally-weighted portfolio using

stocks selected by the screener. The screened used descending cumu-

lative returns as the sole criterion for inclusion in the portfolio. The

graph shows the portfolio’s performance for a range of the parameter
w.

Figure 3.4 shows the screener’s performance when using the cumulative return
as the criterion for selecting the "best" stocks. The x-axis shows the window size used
for the calculation of the method. More specifically, the window size starts from 1
day back, which is just the return of the previous day, and can go up to 90 days,
which gives us the cumulative return of the stock for the last 90 days. The outcome
of this analysis using the information above is that recent information (returns) leads
to poor portfolio performance. In other words, selecting stocks with an increasing
trend in the past 1-12 days will lead to poor future returns. The reasoning is that this
stock is already overpriced (at its peak), and constructing a portfolio with them will
lead to a loss when they reverse their trend. The following graphs show that this
portfolio strategy does not perform well at all.

Next, ranking based on the Sharpe ratio was tested. The results are shown in the
following Figure 3.5.
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FIGURE 3.5: Performance of an equally-weighted portfolio using

stocks selected by the screener. The screened used descending Sharpe

ratio returns as the sole criterion for inclusion in the portfolio. The

graph shows the portfolio’s performance for a range of the parameter
w.

Figure 3.5 shows the screener’s performance when using the 50 stocks having the
highest Sharpe ratios. Portfolio returns peak when using a window size of w = 2
and after that, the portfolio performance stabilizes close to 100%. The result is very
poor, for similar reasons that are described above.

Finally, stock volatility was used as a screening criterion. The results are shown
in the Figure 3.6
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FIGURE 3.6: Performance of an equally-weighted portfolio using

stocks selected by the screener. The screened used descending volatil-

ity returns as the sole criterion for inclusion in the portfolio. The

graph shows the portfolio’s performance for a range of the param-
eter w.

The graph in Figure 3.6 shows the screener’s performance when using volatility
to rank the stocks. Here the stocks selected are with high volatility. As depicted
above, high volatility cannot be considered a screening method. After a window
value of 10, portfolio returns are not affected. The peak using 1-10 windows is prob-
ably related to the increasing trend of stocks at that period.

3.2.3 Selecting using ascending order

Order by lowest to highest the assets using the CR and SR metrics; it’s like selecting
the worst current performers or losers for the portfolio using a relevant window
size w.For the volatility, ascending order means that the lowest volatility stocks are
chosen. The results are shown in the Figures 3.7, 3.8 and 3.9.
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FIGURE 3.7: Performance of an equally-weighted portfolio using

stocks selected by the screener. The screened used ascending cumu-

lative returns as the sole criterion for inclusion in the portfolio. The

graph shows the portfolio’s performance for a range of the parameter
w.

Figure 3.7 shows the screener’s performance when using the cumulative return
as a criterion and selecting the worst-performing stock for the portfolio. This strat-
egy gives very high returns compared to the other strategies. The maximum return
was observed using 2- and 5-day window sizes, with the five being slightly better,
with a cumulative return at 360%. In general, the peak is using a 2-11 days window.
After that, higher window numbers stabilize the returns at 200% on average. This
Figure 3.7 shows that selecting short-term underperforming stocks is the best bet for
maximizing future profit. Stocks tend to move based on trends. So, the best bet is
to buy a stock "at its worst" period and expect the upcoming future to reverse its
trend to overperforming [24], [4], [22]. In the literature, similar behavior is known
as mean reversion, and a relevant strategy is to buy underperforming stocks below
the historical average and expecting that they will reverse back to the mean value.

Next, ranking based on the Sharpe ratio was tested. The Figure 3.5 shows the
result:
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FIGURE 3.8: Performance of an equally-weighted portfolio using

stocks selected by the screener. The screened used ascending Sharpe

ratio returns as the sole criterion for inclusion in the portfolio. The

graph shows the portfolio’s performance for a range of the parameter
w.

In Figure 3.8, Sharp ratio is used as a screening criterion, and stocks are selected
using ascending order. No particular peak is observed. The maximum return is
marked using 48 days window back, with values close to 210%, but the returns are
similar for windows between 15 and 54.

Finally, stock volatility was used as a screening function. The results are shown
in the Figure 3.9:
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FIGURE 3.9: Performance of an equally-weighted portfolio using

stocks selected by the screener. The screened used ascending volatil-

ity returns as the sole criterion for inclusion in the portfolio. The

graph shows the portfolio’s performance for a range of the param-
eter w.

Figure 3.9 shows the screener’s performance when using the volatility criterion
and selecting the least volatile assets. As expected, volatility itself does not signifi-
cantly affect the portfolio’s performance compared to cumulative return and Sharpe
ratio when window size is small. However, when choosing stable stocks for an ex-
tended period (as shown above for the window size of 60 to 90), in the long run,
when the market follows an increasing trend, low volatility stocks are suitable for
safe investment and can promise higher returns compered to short-term low volatil-
ity stocks.

3.2.4 The KISS principle for stock price screening

Many screening techniques in the literature try to capture complex patterns by using
numerous filters combining both fundamental and technical analysis. The screening
in this work aims to minimize the search space of possible stocks that will be can-
didates for forming the portfolio for the next period. The KISS? principle states that
most frameworks work best if they are kept simple instead of made complicated;
subsequently, effortlessness ought to be a key objective, and unnecessary complex-
ity should be dodged.

In stock price prediction, there is a lot of noise and the movement of the stock
is the result of many factors that, for now, seem impossible to capture in their en-
tirety. What remains for the investor is to select stocks that look the most promis-
ing. And the last observation that someone has for a given stock is its current price.
Since stocks tend to move in trends, our best bet is that a stock that today shows a

ZKeep It Simple Stupid
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decreasing trend is likely to follow the opposite pattern a week later. This is a com-
mon scenario for large capitalization companies like S&P500, which are tested in this
work.

On the other hand, for a stock that currently features a high increase in price in
the recent week, it is difficult to state whether it will not be overvalued and start
following the opposite trend, or for how long it will keep the upward direction.
For those reasons, the first step for the screener is to select the stocks that show a
downward trend in the short observable historical window. In our experiments,
the best portfolio performance was observed when the selection criterion was the
cumulative return, the value of w was set to w=5 days, and the worst performers
were selected. The reasoning for this is to buy stocks at low prices today that are
expected to perform better in the short-term future (five trading days ahead).

3.3 Portfolio Optimization

Putting all the wealth into one asset, i.e., the one with the best prediction best on
some methodology or simple with the best historical performance is risky. Although
an excellent future performance of the given stock can award the investor with
tremendous profit, on the other hand, he puts at risk all of his capital in case the stock
starts losing value. To avoid this situation, the rational investor should manage risk
by distributing wealth to multiple assets. Therefore, in case of some companies start
losing a large amount of their value, a good-performing stock in the portfolio can
counterbalance that loss. The question that begins to rise in the market and financial
work is how to optimize the distribution of the capital that will lead to high returns
and, at the same time, keep the risk factor at a tolerable level.

3.3.1 Modern Portfolio Theory

Modern portfolio theory (MPT) is a portfolio selection strategy with the goal of max-
imizing overall returns while maintaining an acceptable level of risk. This simple but
breakthrough idea was published in the Journal of Finance by the economist Harry
Markowitz in his paper "Portfolio Selection" in 1952 [29]. For his contributions to
portfolio theory, Markowitz was later awarded the Nobel Prize [42].

Diversification is an essential part of the MPT approach. Most investments are
either high risk/return or low risk/return. Investors, according to Markowitz, may
obtain the best outcomes by selecting an ideal balance of the two according to their
particular risk tolerance. An investor might start with a certain amount of expected
return and build a portfolio with the lowest possible risk that can provide that re-
turn. The screening step performs the filtering of stocks from the stock pool. Later,
for these 20 candidates, portfolio weights are optimized based on the MPT frame-
work by minimizing as possible the risk parameter. The optimization problem is
formulated as follows:

min v %o
v
st. YNov =1 (34)
0< v; < 1

where v is the weight distribution vector and X is the cross-covariance matrix of
the N stock time series over a specified time window.



3.3. Portfolio Optimization 27

3.3.2 The covariance in Modern Portfolio Theory

Covariance in portfolio optimization is used to measure diversification in portfolio
construction. It measures the directional relationship between two stocks. A positive
value refers to movement in a similar direction, while a negative value signifies that
the two stocks usually move in opposite directions. The goal is to choose assets that
lower the variance of the combined portfolios returns, to a level lower than those of
individual assets. This can reduce the volatility of the portfolio and thus the risk.
Modern portfolio theory seeks to create an optimal mix of higher-volatility assets
with lower-volatility assets. By diversifying the assets in a portfolio, investors can
reduce risk and allow for a positive return.

The use of covariance does have a weakness. Covariance can only measure the
directional relationship between two stocks. It cannot show the strength of the rela-
tionship between them. The correlation coefficient can add this dimension to mea-
sure that relationship strength. An additional drawback to using covariance is that
the calculation is sensitive to higher volatility returns. More volatile stocks include
returns that are far from the mean. These excess returns can have a disproportionate
impact on the resulting covariance calculation. Huge single-day price moves can
affect the covariance, leading to a wrong estimation measurement.

3.3.3 The impact of stock correlation

The correlation coefficient between two-time series defined in eq. 3.5, takes on val-
ues between -1 and 1 and shows the association of each other.

COV(X,Y)

(3.5)
0x0y

Correlation = p =

where:

Covariance = cov(X,Y) = Covariance between stock X and Y
0y = Standard deviation of X

0, = Standard deviation of Y

COZ)(X, Y) _ Y. (Pricex Azgg;p;g;ﬁ:firfzc;; Averagey)

. Y.(Pricex — Averagex)
0x = \/ Sample size—1

In other words, when a correlation of two time series is close to +1, they move in
the same way. When one goes up usually, the other also goes up. On the other hand,
anegative and close to -1 correlation means that when one goes in one direction, the
other tends to follow the opposite direction. A near-zero correlation means that the
two time series are uncorrelated, and their relative movement is random.

A portfolio is considered robust when the lowest correlation possible between
the selected stocks is achieved. This reduces the risk of loss because even if the price
of one or more stocks tumbles, the remaining stocks will not follow the same trend.
Instead, they are expected to perform better due to uncorrelated behaviour. Then,
the loss would be counterbalanced. A high positive correlation close to 1 is not very
different from the best stock portfolio® since all the stocks are expected to follow
similar trends in the future, and thus, they will either go up or down. The reward

3Best stock portfolio is a portfolio strategy where one stock is selected only, based on same method-
ology.
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can be very high, but the risk of loss is also high. As a conclusion, a neutral - near-
zero correlated portfolio can help provide better diversification and reduce overall
risk, since stocks will not be "dependent" with each other.

Markowitz formulated the return and risk trade-off idea as the constrained quadratic
optimization problem defined in (3.4). As X, the correlation matrix will be used, in-
stead of the covariance matrix, since the correlation matrix shows also the strength
of correlation and not only the direction. The period used for calculating correlation
is days [t-14, t-6] where t is the current trading day. The reason is explained below:

1. The period [t-5, t] is used for the screening. Since the worst-performing stocks
are selected, this period is expected to be highly correlated for all selected as-
sets since they have a downward trend (because the worst performing was
selected) in that period.

2. The t-14 day was selected as the lower bound of the period interval based on
a tune experiment. All the frameworks parameters remained fixed with the
sigma’s lower bound taking values from 10 to 29. The intervals tested had the
form of [t — t5,t — 6] where t; = 10, 12 ..., 29. The performance was evaluated
similarly with screener experiment by calculating the cumulative return at the
end of the testing period. The training sample is the sample used for tuning
the screener (first 5-year historical period of 12/05/1998 till 03/01/2003).The
performance was evaluated similarly with screener experiment by calculating
the cumulative return at the end of the testing period.
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FIGURE 3.10: Performance of an equally-weighted portfolio by
changing only the window size of sample for the calculation of the
correlation matrix.

As depicted in the Figure 3.10, the best cumulative return is reached when t-12
and t-14 is used as beginning day of the sample. The t-14 is selecting since is gives
bigger sampling period for the correlation matrix.

For the testing, the simulator, starts from the starting date of the testing dataset. The
simulator feeds the screener with the available stocks and the screener return Nscreener
in size stocks. Then, using the minimized volatility objective function the optimizer
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returns a vector Ugptimized Of Nscreener X 1. Finally, the weight vector v transformed to
Uportfolio With dimension N x 1 where the N is the total number of all available stocks
in order to be the ruler for the buying strategy. The portfolio weight vector is defined
as

Uportfolio = {Uoptimized(i) lf S(l) € SCRS else 0 | i€ [1N]}

where s(i) is the i-th stock and SCRS the set of stocks that were selected by the
screener. In other words, all the stocks that are not part of the screener for the given
trading day, allocation of the capital is forced to 0. The v}t o1io follows summation
to one rule since YN ; v; = Z?’;i"’”’” v; = 0.

Our setting used N_screener = 20 , the optimizer returns the optimal weights
for each of the top20 stocks. The sum of the optimized weight vector summarizes
to 1. For the remaining N-20 available stocks, the weight is forced to 0 since they
are not considered for the portfolio at the current cycle. As a result, the portfolio
is constructed using the final weight (vpo¢f01i0) an Nx1 vector that sums to one and
was the ruler on how to construct the current portfolio by buying stocks based on
the weight of each stock times the capital to be invested.

3.34 The downturn trigger

When the price of stocks moves more slowly or drops and GDP (gross domestic
product) diminishes, stagnates, or expands more slowly, an economic downturn oc-
curs. An economic downturn is a typical element of the economy’s cycle, which
alternates between periods of expansion and contraction.

A downturn or recession is a contraction of the economic business cycle that
occurs when there is a general decrease in economic activity. Then, there is an overall
decrease in spending (an adverse demand shock). As a result, stock prices drop in
value and can lead to significant losses. Recent downturn periods are the recession
of 2008 and the covid-19 pandemic in Spring 2020. Our framework contains a simple
downturn trigger that withdraws from the market until certain conditions are met to
avoid these situations. In each 5-day buying and selling trading cycle, the previous
cycle’s profit is assessed. When the previous cycle was more than 10% loss (profit=-
10%) of the total portfolio, our proposed approach withdraws from the market by
not constructing a new portfolio for the current cycle.

Although the framework will not buy a new set of stocks for the current period,
it will do it virtually. The new virtual profit will then be used for the downturn
assessment in the next period. If the loss exceeds the 10%, a new set of stocks will
construct the portfolio for the next period, and the framework will return to the
market.
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Algorithm 2 Trading Cycle

Require: today:int, window_size:int
Step 1: Select 20 stocks with the worst cumulative return in the period of (today-5,
today).
Step 2: Calculate for these 20 stocks the correlation matrix using the period (today-
16, today-6].
Step 3: Calculate the weight vector by solving the optimization problem.
Step 4: Assess the downturn trigger.
Step 5: Construct the portfolio of today by buying the stocks based on the weight
vector.
State 6: Sell the portfolio using the prices of today + 5 trading day and calculate
the profit.

Algorithm 3 Trading Framework

Require: initial day, last_day
set: today = initial_day
set: total_capital =1
while today < last_day do
Trading Cycle(today, window_size)
total_capital = total_capital x (1 + profitioday)
end while
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Chapter 4

Results

4.1 Portfolio evaluation

The portfolio selection framework described in Chapter 3 and Algorithms 2 and 3
were tested using stocks from the S&P500 index from the year 2000 until the end of
the year 2020. More details of the testing data can also be found in Chapter 3.

For assessing this thesis proposed strategy, the cumulative return (CR) was se-
lected as the metric based on which to make portfolio evaluation and comparisons.
The initial capital was set to 1 unit, to simplify the calculations. After the initial day,
the profits of each trading week (5 days) were added to the total cumulative return
as ¢; = ¢;—1 * (14 r¢) where r is the portfolio return and c is capital, where cyp = 1 at
the initial day (03/01/2000). The Figure 4.1 presents the performance of the portfo-
lio selection strategy by comparing the proposed framework with other strategies.
These include:

1. Framework portfolio with DT trigger. This is the strategy for selecting stocks
introduced in the current work using the Downturn trigger.

2. Framework portfolio without DT trigger. This is the strategy for selecting
stocks introduced in the current thesis but without using the Downturn trigger
as defined in Chapter 3.

3. Screener only portfolio. This variation creates a portfolio by buying uniformly
the top 25 stocks of the screener.

4. Uniform portfolio. This portfolio construction selects all available stocks in
our dataset using equal weights.

As performance metrics, for evaluating the performance of each portfolio con-
struction strategy, the following measurements were considered:

1. Simple return (R). This is a simple portfolio return from a weekly portfolio
construction.

N
R = Z Oir—1-Tir
i=1

where v; _; is the buying weight of stock i at time T — 1, r; ; is the return of
stock i at time T and 7 refers to a trading day.

2. Cumulative return (CR). This is the aggregated capital gained. Initial invested
capital is assumed to be 1.

T
CR.= [] R

E="Tinit
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3. Volatility (Vol). The variance of the weekly returns of the portfolio.

1 T —
Vol, = | —— R; — R)2.
. \/rr—wt_%,,(f )

where R is the arithmetic average portfolio return and T, is the initial trading
day.

4. Sharpe Ratio (SR). This the ratio of cumulative return divided by variance of
weekly return. First defined by Sharpe at [39].

CR;—-1

Volr - \/|T — Tinit

5. Annual Return (AR). This is the return of the portfolio of the last 52 trading
weeks.

SR; =

RT - RT—52

AR, =
‘ R+ 57

6. Annual Volatility (AV). This is the variance of the return of the last 52 trading
weeks.

AV, = \/(521_1) _i_ (R — R)?-/52.

7. Drawdown (DD). The decline in value of the portfolio from the maximum
peak value to

MAX(CR; : t € {Tinits Tinit41, - T})

DD

8. Maximum Drawdown (Max DD). This is the maximum drawdown drop in
the portfolio from the beginning of the trading period.

maxDDy = MIN(DDy : t € {Tiit, Tinit41, -+ T})

Cumulative returns of the four strategies mentioned above are shown over time
in the testing period! of 2000 - 2020 in the Figure 4.1. This period was selected in
order to have a full 20-year sample and compare the results with different strategies
from the literature.

IThe results of out-of-time sample (2003-2020) exist in the appendix, Chapter 6.
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FIGURE 4.1: Weekly cumulative returns using 4 portfolio construc-
tion methods.

The results above show that Framework with Downturn trigger (FRMW with
DT, yellow line) outperforms all the other strategies. This is the stategy that included
stock screening, weight optimization and downturn trigger as described in Chapter
3. Compared with the uniform portfolio (Uniform, blue line), the FRMW with DT
portfolio return was 20 times higher using cumulative return as performance mea-
surement. The framework without the DT trigger (FRMW, grey line) performs worse
than the inclusion of DT trigger. This indicates that the DT trigger positively impacts
the overall performance and leads to better returns when applied as a safety/risk
measure to the portfolio strategy. The Screener portfolio (Screener, orange line) per-
forms 10 times better than the uniform portfolio. Nevertheless, it was only 2-3 times
worse than the FRMW with DT strategy. This indicates that screening itself can cre-
ate a robust stock selection. As a conclusion, the above graph shows that each com-
ponent adds up to the overall performance. Screening itself outperforms uniform
portfolio. Then, adding weight optimization to the screened stocks, it outperforms
both uniform and screener portfolios and lastly, after the inclusion of the downturn
trigger, the FRMW with DT strategy achieves the best cumulative return out of all.

TABLE 4.1: Final cumulative results as of last trading date using 20-
year sample starting at 03,/01/2000.

Date Day Uniform Screener FRMW without DT FRMW with DT

18/12/2020 5781 1101.00% 12011.00% 13519.00% 23869.00%

In the Figure 4.1, an upward trend is shown after the year 2008. In the period
before, the market was very stable. The framework also shows a horizontal trend.
However, neither method drops significantly below the uniform portfolio. After
2008, when the market goes into a bullish phase, our approach takes the advantage
and starts to outperform the index and the uniform portfolio significantly. The table
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4.2 shows the performance of each portfolio construction strategy using key per-
formance metrics like Cumulative return, average daily return, portfolio volatility,
Sharpe Ratio, annual volatility, and max drawdown.

TABLE 4.2: Performance metrics for different strategies.

Metric/Strategy Uniform Screener FRMW  FRMW with DT

CR 12.0100  121.1100 136.1900 239.6900
Volatility 2.68% 4.21% 4.78% 4.43%
SR 12.6592 879192  87.1180  166.0047

Average AR 13.45% 26.55% 30.20%  34.92%
Average AV 0.31% 0.59% 0.71% 0.64%
MAX_DD -53.92%  -52.93%  -56.41%  -37.94%

Table 4.2, shows different portfolio measurement of these four portfolio construc-
tions. Comparing cumulative return (CR) and average annual return (Average AR),
FRMW with DT has by far the best performance. An interesting observation is that
Screener and FRMW constructions have almost equivalent returns. This indicates
that the inclusion of downturn trigger has a significant impact for avoiding unnec-
essary losses. This is confirmed also by the maximum drawdown results (maxDD)
where FRMW with DT has the smallest value due to the DT trigger. Portfolio volatil-
ity and average AV is similar all portfolio strategies except the uniform, where is the
half.

The cumulative return of the portfolio of the best strategy (FRMW with DT) is
shown in the Figure 4.2 below. The comparison with the S&P500 index and uniform
portfolio shows the dominant performance of the proposed strategy.
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FIGURE 4.2: Suggested portfolio strategy (FRMW + DT) for the same
period.

A more thorough look at drawdown and the performance of this framework’s
strategy are shown in Figure 4.3. The worst ten recession periods were tested based
on the drawdown on the S&P500 and tested how the proposed framework per-
formed in these situations.
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FIGURE 4.3: Drawdown comparison with S&P500 index.

As depicted in Figure 4.3, the FRMW+DT in blue has less drawdown in the most
significant recessions of the last 20 years. For the big crisis of 2008-2009 and the
coronavirus situation of 2020, the FRMW+DT outperformed the index significantly,
producing high returns. It does not perform well under the other half of the cases.
Overall, the FRMW+DT is similar and not worst than S&I’500, where the risk is
significantly lower in terms of drawdown.

4.2 Comparing with other strategies from the literature

This thesis attempts to shed light on the factors that contribute the most to good
portfolio construction and propose a framework as investment advice for portfolio
construction and risk/return optimization. While other studies and strategies use
more sophisticated machine learning techniques and technical indicator analysis.
We will see that - in some cases - our approach performs better.

In [18], the authors provide a portfolio construction strategy based on the clas-
sification of a stock’s trend (either upwards or downwards trend) using a technical
indicators as feature space. That approach was tested on 26 popular stocks from
S&P500 from the year of 2000 until the end of 2019. The cumulative return are shown
in Figure . The cumulative return reached in 20 years is up to 1500%. The result is
three times better compared to the return of the equal-weight portfolio. To compare
the performance of our own approach with that [18], a simulation of the same pe-
riod was performed. Since the exact testing period is not explicit stated in [18] we
performed a check by using different starting dates of 2000 using the S&P500 and
S&P500 results documented in [18].
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Time-Series Cumulative Return
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FIGURE 4.4: Time-Series Cumulative Returns comparison of different
strategies from [18] 2,

Additionally, Table 4.3 shows very similar results between [18] and our trading
simulation, indicating a "correct" approximation for the testing period used. The
reproduced period starts at 19/07 /2000 and ends at 20/12/2018.

TABLE 4.3: Simulation using the [18] testing period.

Metric S&P500([18]) S&P500 (Reproduced)
Average Return 0.08% 0.09%
Standard Deviation 2.42% 2.43%

Sharpe Ratio 0.04 0.04
Cumulative Return 66.61% 68.00%
Annualized Return 2.72% 3.00%

Table 4.3 compares the best strategy based on cumulative return of [18] (BEST)
with the best strategy of our proposal (FRMW +DT) along with the corresponding
equal-weighted portfolios (EqW). The EqW portfolio of our proposed strategy is
similar with [18] EqW portfolio. However, the cumulative results of our strategy is
by far greater than the [18] best strategy. The Standard Deviations is slightly higher
in our approach but compared with the return using the Sharpe Ratio our approach
is superior.

Using our proposed strategy, and for the same period, the cumulative return was
13,503%, which is 18 times higher compared to the equal-weighted portfolio. Our
FRMW+DT proposed strategy outperforms the [18] proposal for the same period
in all performance metrics. Note that all performance metrics are as defined in the
[18]. A comparison of the best strategy of each proposal along with an equal weight
portfolio is presented in Table 4.4.
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TABLE 4.4: Performance comparison with Jiang’s proposal.

Metric [18] BEST FRMW+DT [18] EqW  EqW
Average Return 0.33% 0.63% 0.22% 0.27%
Standard Deviation 3.68% 4.40% 2.29% 2.61%
Sharpe Ratio 0.0970 0.1439 0.0955 0.1022
Cumulative Return  1511.73%  13503.00%  574.16%  732.00%
Annualized Return 15.28% 32.33% 10.57% 12.84%

Figure 4.5 shows the cumulative return of FRMW+DT during the same test pe-
riod used in [18]. This is the equivalent graph of this thesis framework for compar-
ison with [18] result in Figure 4.4. The trend looks the same, but the overall cumu-
lative results are on different scale, with our approach reaching more than 140x the
initial invested capital.
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FIGURE 4.5: Suggested portfolio strategy (FRMW + DT) for the test-
ing period of [18].

In [30], their stock selection strategy was based on the Hidden Markov model
(HMM). Using the HMM, the authors predicted monthly regimes for four core macroe-
conomic factors: inflation, industrial production index, stock market index, and mar-
ket volatility. The regimes are the two opposite states of each variable (eg yes/no,
up/down, high/low). The predicted regime is then compared with similar histori-
cal behaviour. Stock characteristics that performed well in similar historical periods
are assigned with weights. A composite score of each stock is calculated based on
the scores that are a mixture of stock factors following its behaviour in the previ-
ous similar macroeconomic stage. These factors include price/earnings ratio, free
cash flow/enterprise value, sales/enterprise value, long-term earnings-per-share
growth, and long-term sales growth. The portfolio is then constructed by select-
ing the 50 top-ranking stocks to buy and was updated every month. The Figure 4.6
shows the aggregated return of the out-of-sample tested period (December 1999 -
December 2014). The Figure 4.6 shows on top the trading year on x-axis and the
portfolio value on y-axis, with initial investment capital of 100$ (blue line) and the
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S$P500 performance (red line). The bottom subgraph show the log excess cumula-
tive return of their approach. The top subgraph was used for the comparison with
our approach.
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FIGURE 4.6: HMM based portfolio selection strategy [30] °.

Figure 4.6 shows the approach suggested in [30] works quite well, and in the
long rung of 15 years (December 1999 to December 2014), the return reaches 7.94x the
initial capital invested (bottom graph). Compared with FRMW+DT, we notice better
performance in the latter, with the excess return exceeding 80x the initial capital.
The graphical performance of our proposed FRMW+DT approach during the same
period is shown in the Figure 4.7.
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FIGURE 4.7: Suggested portfolio strategy (FRMW + DT) using testing
period as of [30] until end of 2014.

The authors of [22] proposed a novel kernel-based trend pattern tracking (KTPT)
system for portfolio optimization that uses three stages for portfolio creation. Their
work starts from a simple prediction of the stock price based on historical inertia and
the maximum p. Then, the authors adjusted the initial prediction by incorporating
historical financial states and including a trend-reverting factor. Tested and com-
pared with many benchmark datasets and portfolio selection methods, they showed
that their method could beat previous stock selection approaches. In [22], there is a
comparison with many other proposed stock selection strategies from the literature
in their work. They used 5 datasets as benchmarks with historical close price for each
stock. The comparison shows that KPTP outperforms all others and is considered
the state-of-the-art strategy.

This thesis’s proposed strategy could not be compared with these portfolio se-
lection systems due to the following reasons and issues:

¢ The five benchmarks are small-sized datasets regarding the number of stocks
included (n<20). This means that our screening method was not applicable.

* These strategies are not considering any risk management in their optimization
strategy. The best performing approach is the KTPT. However, this approach
selected on average for the portfolio construction 1-2 stocks on average. [22].

e All the stocks in the benchmark datasets suffer from survivor bias. This is
indicated by the market returns (equal-weighted portfolio of the data), where
the cumulative return is enormous (18.06 absolute cumulative return when the
initial capital is 1). More importantly, all stocks in the datasets are survivors,
with historical information covering the whole horizon. For some, this is up to
20 years (NYSE(N) dataset).
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Conclusions

5.1 Summary and conclusions

Our study aimed to design a simple, scalable, and efficient portfolio optimization
prototype on S&P500 listed stocks. The framework was backtested for the period
2000 - 2020 (full 20 year period) and 2003 - 2020 (testing period). We extracted histor-
ical stock data to reduce the effect of survivor bias as much as possible by incorporat-
ing the insertion date and exit date for stocks from the index. After that, a screener
was created for the pool of stocks, looking for candidates. Then, by performing a
mean-risk aversion technique based on the correlation of stocks, we constructed a
portfolio that will be sold five days after the purchase day. This process is repeated
until the end date of the sample. The results are satisfying, with cumulative return
exceeding the index and being significantly better than many other optimization
strategies in the literature.

5.2 Research limitations

The first limitation of this study is the dataset for the backtesting. Although the sam-
ple was constructed to reduce as much as possible the survivor bias effect, it is still
present in the data. The reason is that the full list of changes of S&P500, delisted
stocks and the merges or renames are not all publicly available in open sources on
the internet. The second restriction is hardware/computational power. More com-
plex, sophisticated methods (complex tree-based algorithms or neural network ar-
chitectures) are examined but without producing better results than this proposed
strategy. Lastly, the stock market simulation was assumed to be a frictionless mar-
ket, with no transaction costs and buy and sell options available anytime. There
are many strategies implemented, with more realistic market simulations ([16], [15],

[32], [2]).

5.3 Future extensions

This framework is simple, efficient, beats the market, and can run with minimum
hardware requirements. The screener’s parameters are tuned only at the beginning
of the backtesting. The framework could perhaps perform better if these param-
eters (the window and the method) were adjusted weekly instead of fixed values.
Moreover, adding well-known technical indicators for the stock screening may also
increase the effectiveness of stock selection. Other risk-minimization techniques in-
troduced in Section 2.2 could be examined, evaluated, and used in terms of opti-
mizing portfolio weights. Although the downturn trigger is simple and effective, it
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would perform better if someone could incorporate rumors and news feed from the
media, using NLP techniques and machine learning.
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Appendix

6.1 Out-of-time results

Cumulative returns of these strategies mentioned above are shown over time in the
testing period of 2003 - 2020 in the Figure 6.1. This period is out-of-time sample. The
results, although starting from 2003, dominate the index and the other compared
strategies from literature even-though these evaluated from 2000). Comparison exist
in4.
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FIGURE 6.1: OOT weekly cumulative returns using 4 portfolio con-
struction methods.

The results above show that Screener + Min Volatility + DT trigger (yellow line)
can outperform all the other strategies. Compared with the uniform portfolio, the
framework’s return is up to 10 times using cumulative returns as a performance
metric. The framework without the DT trigger (grey line) performs worse than the
DT trigger included. This indicates that the DT trigger positively impacts the overall
performance and leads to better returns when applied as a safety/risk measure to
the portfolio strategy. The screener (orange line) performs up to 5 times better than
the uniform portfolio. Nevertheless, it is only 2 times worst than the full framework
strategy.
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TABLE 6.1: Final results as of last trading date.

Date Day Uniform Screener FRMW without DT FRMW with DT

18/12/2020 5781 869.00%  4843.00% 6381.00% 9418.00%

In the Figure 6.1, an upward trend is shown after the year 2008. In the period
before, the market was very stable. The framework also shows a horizontal trend.
However, both methods are not significantly dropping below the uniform portfolio.
After 2008, when the market goes into a bullish phase, the framework takes the ad-
vantage and starts to outperform the index and the uniform portfolio significantly.
The table below shows the performance of each portfolio construction strategy us-
ing key performance metrics like Cumulative return, average daily return, portfolio
volatility, Sharpe Ratio, annual volatility, and max drawdown.

TABLE 6.2: Performance metrics for different strategies.

Metric/Strategy Uniform Screener FRMW FRMW+DT S&P500

CR 8.6900 48.4300  63.8100 94.1800 3.0200
Return 1.36% 4.95% 5.21% 5.19% 1.01%
Volatility 0.0264 0.0413 0.0457  0.0416 0.0233
SR 10.9347  38.9845  46.4526 75.3167 4.3157
AR 14.81% 35.91% 7.19% 36.42% 16.86%
AV 0.0038 0.0078 0.0073  0.0040 0.0022
DD 0.0000 0.0000 -0.0011  0.0000 0.0000
MAX_DD -54.01%  -53.12%  -56.39% -37.94% -56.80%

The cumulative return of the portfolio of the best strategy (FRMW_DT) is shown
in the Figure 6.2 below. The comparison with the S&P500 index and uniform port-
folio shows the dominant performance of the proposed strategy.
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FIGURE 6.2: Suggested portfolio strategy (FRMW + DT) for OOT pe-
riod.
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6.2 Stock ticker list

Table 6.3 shows all 545 tickers of stocks that used for the backtest sample of this

thesis.
TABLE 6.3: List of stock tickers used in dataset.
AAPL | ARG | CHRW | DLPH FISV HSY LEN MSI PH SNPS URI
A ARNC | CHIR DLR FITB HUM LH MTB PHM SO USB
AAL ATO I DLTR FL HWM | LHX MTD PKG SPG Y
AAP ATVI CINF DOV FLT IBM LIN MU PKI SPGI VEC
ABBV AVB CL DPZ FMC ICE LKQ NAVI PLD SRE VIAC
ABC | AVGO CLF DRE FOSL IDXX LLY | NCLH PM STE VLO
ABMD | AVY CLX DRI FOX IEX LMT | NDAQ | PNC STT VMC
ABT AWK CMA DTE FOXA IFF LNC NEE PNR STX VNO
ACN AXP | CMCSA | DUK FRC ILMN | LNT NEM | PNW STZ VRSK
ADBE AYI | CMCSK | DVA FRT INCY LO NFLX PPG SWK | VRSN
ADI AZO CME DVN FINT | INFO | LOW NEX PPL SWKS | VRIX
ADM BA CMG | DWDP FIV INTC | LRCX NI PRGO SYF VIR
ADP BAC CMI DXC GD INTU | LUK NKE PRU SYK VTRS
ADS BAX CMS | DXCM GE P LUMN | NKIR PSA SYY VZ
ADSK | BBWI CNC EA GGP PG LUV | NLOK PSX T WAB
ADT BBY CNP EBAY GILD IPGP | LVLT | NLSN | PVH TAD WAT
AEE BDX COF ECL GIS QV LVS NOC PWR TDC WBA
AEP BEN COG ED GL IR W NOV PXD TDG WDC
AES BE_B COO EFX GLW IRM LYB NOW | PYPL TDY WEC
AFL BHF CcoP EIX GM ISRG LYV NRG | QCOM | TEL WELL
AIG BIIB COST EL GMCR T MA NSC QEP TFC WEC
ALZ BIO COTY EMN GME ITW | MAA | NTAP | QRVO | TEX WHR
AJG BK cov EMR | GOOG VZ MAC | NTRS RCL TGT | WLTW
AKAM | BKNG CPB ENDP | GOOGL ] MAR NUE RE X WM
ALB BKR CPGX EOG GPC JBHT | MAS | NVDA | REG TMO | WMB
ALGN | BLK CPRT EQIX GPN JCI MCD NVR | REGN | TMUS | WMT
ALK BLL CRM EQR GPS JDSU | MCHP | NWL RF TPR WPX
ALL BMY CSCO ES GRMN JEC MCK NWS REI TRIP WRB
ALLE BR CSRA ESRX GS JKHY | MCO | NWSA | RIG | TROW | WRK
ALXN BSX CSX ESS GWW INJ | MDLZ 0 RJF TRV WST
AMAT | BWA CTAS ESV HAL JNPR | MDT | ODFL RL TSCO WU
AMCR | BXLT | CTSH ETN HAS JOY MET OKE RMD TSN WY
AMD BXP CIVA ETR HBAN | JPM | MGM | OMC ROK TSO | WYNN
AME C CIXS | EVHC HBI K MHK | ORCL ROL TT XEC
AMG CAG CVC EVRG HCA KEY MJN ORLY ROP | TIWO | XEL
AMGN | CAH CVS EW HD KEYS | MKC OTIS | ROST | TWTR | XLNX
AMP | CARR CVX EXC HES KHC | MKIX | OXY RRC TXN XOM
AMT CAT CXO EXPD HFC KIM | MLM | PAYC RSG TXT XRAY
AMZN CB D EXPE HIG KLAC | MMC | PAYX RTX TYC XYL
ANET | CBOE DAL EXR HI KMB | MMM | PBCT | SBAC TYL | YHOO
ANR | CBRE DE F HLT KMI | MNK | PCAR | SBUX UA YUM
ANSS CCI DFS FANG | HOLX | KMX | MNST | PCLN | SCHW | UAA 7ZBH
ANTM | CCL DG FAST HON KO MO PEAK SEE UAL | ZBRA
AON | CDNS DGX FB HpP KORS | MOS PEG SHW UDR | ZION
AOS CDW DHI FBHS HPE KR MPC PEP SIG UHS ZTS
APA CE DHR FCX HPQ KRFT | MRK | PETM | SIVB | ULTA
APD | CERN DIS FDX HRL KSU MRO PFE SIM UNH
APH CF DISCA FE HRS L MS PFG SLB UNM
APTV CFG DISCK | FFIV HSIC | LDOS | MSCI PG SLG UNP
ARE CHD DISH FIS HST LEG | MSFT PGR SNA UPs
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