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Problem Statement

The purpose of this thesis is to evaluate the performance of different momentum invest-
ment strategies and to assess the possibility to dynamically change from one investment
strategy to another.

e Review theory and literature related to momentum factor investing, moment-matching
scenario generation and stochastic portfolio optimization

e Evaluate performance of different momentum factor strategies on historical data
from Norwegian and US equity markets

e Develop a stochastic portfolio optimization framework with appropriate risk mea-
sures that can be implemented algorithmically with portfolios of momentum factor
strategies

e Evaluate implications for a momentum investor, provide overall assessment of the
implementation, and a discussion of the obtained results
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Abstract

Momentum strategies based on continuation patterns in equity prices have attracted
a wide following among money managers and financial investors attempting to exploit
anomalies present in the stock market. In this thesis, we first perform out-of-sample tests
of four long-only momentum strategies, one contrarian strategy and one low-volatility
investment strategy on US and Norwegian equity samples. We find the momentum and
contrarian strategies to yield statistically significant abnormal returns on the Norwegian
market only, indicating the US market to be more efficient. The highest average monthly
returns are found for the individual stock price momentum strategy, and the highest risk-
reward performance is yielded by a volatility-scaled momentum strategy. The returns to
the strategies are found time-varying and not always positive, suggesting that a momen-
tum investor could benefit from periodically changing strategy or investing in a risk-free
instrument.

The second part of this thesis studies the problem facing an investor with funds to allocate
between investment strategies in the Norwegian market. We build a stochastic portfolio
optimization framework with moment-matching scenario generation, and apply it out-
of-sample on portfolios with momentum and contrarian strategies. We find a significant
performance increase in adding a contrarian strategy to a portfolio of momentum strate-
gies. By allowing the investor to allocate wealth portion-wise between these algorithms,
we generate higher risk-reward performance than both an equally weighted market index
and a buy-and-hold benchmark of the constituent strategies. Finally, by forcing the in-
vestor to each month choose between a contrarian and a single momentum strategy, we
create investment strategies with superior return performance. In particular, we find a
contrarian strategy in combination with an individual stock price momentum strategy,
to yield the highest cumulative and average returns among the strategies tested. These
findings from stochastic programming suggest that an investor could benefit from peri-
odically changing between contrarian and momentum investing, exploiting both return
reversal effects and continuation patterns in equity prices.






Sammendrag

Blant investorer som regelmessig forspgker a kapitalisere pa anomalier tilstede i aksje-
markedet, er det flere som benytter investeringsstrategier som baserer seg pa fortset-
telsesmenster i aksjenes priser. I fgrste del av denne oppgaven implementerer vi fire
momentum strategier, en kontreer strategi og en lav-volatilitets investeringsstrategi pa
historisk prisdata fra det norske og amerikanske aksjemarkedet. Resultatet viser at mo-
mentum og kontrzer basert investering kun kan gjgres profitabelt i det norske markedet,
noe som kan indikere at det amerikanske aksjemarkedet er mer effektivt. Vi finner
hgyest gjennomsnittlig avkastning for en individuell aksjepris momentum strategi og at en
volatilitetsskalert momentum strategi tilbyr det beste forholdet mellom risiko og avkast-
ning. Avkastningen de ulike strategiene gir er tidsvarierende og ikke alltid positiv pa arlig
basis. Derfor er det sannsynlig at en momentum investor kunne tjent pa a periodevis
forandre strategi eller investere i et risikofritt instrument.

Den andre delen av denne oppgaven tar for seg problemet til en investor med midler
til a fordele mellom forskjellige investeringsstrategier i det norske aksjemarkedet. Vi
utvikler et stokastisk portefgljeoptimeringsrammeverk med ‘moment-matching’ scenari-
ogenerering og anvender det pa historiske data med portefgljer bestaende av forskjellige
investeringsstrategier. Vi finner en signifikant gkning i ytelse nar en kontreer strategi
legges til i en portefslje av momentum strategier. Ved a tillate investoren a fordele mi-
dler porsjonsvis mellom ulike strategier, lager vi investeringsstrategier med bedre forhold
mellom risiko og avkastning enn bade en likevektet marketsindeks og en kjop-og-hold
referanse bestaende av portefgljens strategier. Ved a hver maned tvinge investoren til
a velge mellom én kontreer og én momentum strategi, utvikler vi investeringsstrategier
med overlegen avkastning. Disse funnene fra stokastisk programmering indikerer at en in-
vestor kan tjene pa a periodevis veksle mellom momentum og kontraer basert investering,
noe som innebarer a utnytte bade reverseringseffekter i aksjenes avkastning og fortset-
telsesmgnster i aksjenes priser.
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Chapter 1

Introduction and Overview

The predictability of stock returns has been a controversial topic among academic re-
searchers for a number of years. Investment strategies predicting the cross-section of
stock returns based on past equity prices are argued to be at odds with the efficient mar-
ket hypothesis stating that prices of financial objects fully reflect all available information.
Nonetheless, such strategies have been found capable of outperforming traditional bench-
marks and many money managers and professional investors attempt to exploit patterns
of predictability based on past price history in their investing. There are mainly three
ways of exploiting such predictability widely documented in the literature: momentum,
contrarian and low-volatility investment strategies. This thesis aims to shed light on
momentum investment strategies and their usefulness across different equity markets.

This chapter is organized as follows. Section introduces the background and motiva-
tion for this thesis. The objective of this work is presented in Section and Section
concerns the overall approach. The academic contributions of the work are clarified in
Section Finally, in Section [L.5] a detailed overview of the thesis is provided.

1.1 Thesis Background and Motivation

Factor investing is grounded in the existence of factors that have shown abnormal, above-
market returns over longer periods of time. A factor can be seen as a characteristic that
is common for a group of assets that have a statistically significant explanatory power
in explaining their risk and return behavior. In this thesis we are concerned with factors
based on past price history, namely the momentum, contrarian and low-volatility factors.

A momentum investor buys past winners and (short)sells past losers. Price momentum
is the persistence of past price changes. The rationale behind a momentum investment
strategy is to exploit continuance in equity prices, i.e. that the high performers will
continue to perform well and that the poor performers will continue to perform poorly.
A perplexing aspect is that a strategy following the exact opposite investment logic, a
contrarian strategy, has been found to work simultaneously.



An extensive body of literature provides evidence suggesting that the momentum in-
vestment strategy can be done profitably in the medium term (2-12 months holding)
and that the contrarian strategy can be done profitably in the short-term and long-term
(days, weeks and years of holding). A low-volatility investor, on the other hand, invests in
stocks that have either low historic volatility or low forecasted volatility relative to their
peers. A familiar axiom in financial theory states that high returns should be associated
high risk. Several studies exist that contradict this and suggest that investors may not
be rewarded for bearing systematic risk[][24, 29, 15, 9] [54].

The first study to reject martingale behavior in stock prices by documenting profits to
a momentum strategy, was Jegadeesh and Titman [59]. Their work reports abnormal
returns on the US market with a self-financing momentum strategy that measures past
performance based on compounded returns, and initiated long positions in the top decile
stocks and short positions in bottom decile stocks. Since their seminal work, several
financial academics have reported abnormal returns to similar momentum strategies in
US equity markets [60], 31, 20] 46| [69] 41] and in other countries [87, [8, 88, 27, 28]. Other
ways in which to capitalize on the momentum anomaly are also reported. George and
Hwang [41], for instance, expose that a strategy of purchasing stocks with a price close to
their 52-week high price is even more profitable than the strategy proposed by Jegadeesh
and Titman [59] on US markets. Marshall and Cahan [79] report similar findings on
the Australian stock exchange. Grinblatt and Han [44] find profits to an industry mo-
mentum strategy that invests in a certain number of stocks constituent of the past best
performing industry. Furthermore, a momentum model found in more recent literature is
the residual momentum model by Blitz et al. [16], that measures past performance using
the residual in the Fama and French three-factor model. Whichever way the strategy
is modelled, abnormal profits over longer periods of time indicate predictability in stock
price movements.

Predictability in stock returns is argued to be at odds with the efficient market hypoth-
esis, stating that current prices fully reflect all available information. Consequently, the
momentum anomaly has caused heated debate among financial academics over the last
decades. There are three prevailing schools of explanations for the sources of abnormal
momentum returns: those appertaining to investor behavior[59, 10, 34 51], 52 28], those
who use rational models where higher returns are merely compensation for higher risk or
can be explained by macroeconomic factors[31], [13], 26] 62, 91], and those who claim that
market frictions are the explanation[73], 66] [73]. According to the latter two, momentum
abnormal returns do not necessarily violate the efficient market hypothesis.

If momentum abnormal returns do not appertain to bearing high systematic risk or can
not be explained by market frictions, one might question why it has taken that long
for arbitrageurs to act. Jegadeesh and Titman proposed their seminal work over 20
years ago. If markets are well-developed, such opportunities for profits should vanish.
Can investors, professional or otherwise, behave irrationally for this long? Limited in-
vestability of momentum strategies, as indicated by many underlying assumptions in the
commonly applied models, might offer an alternative explanation. Then the momentum

ISystematic risk is the same as market risk, which generally describe the degree to which securites
co-move with the market[I12)].



effect may theoretically exist in stocks, but capitalizing on this anomaly is not practically
straight-forward. In addition to an assumption of no transaction costs, several studies
rely heavily on short-selling underperformers. In reality, however, not all stocks are listed
for short-selling, and short-selling is often associated with higher costs and risks. This
work concerns investing where short-selling is not allowed and adds to the theoretical
debate by examining strategies that are closer to the implementable. A similar approach
to momentum investing can be found in Israel and Moskowitz [57].

Moreover, recent momentum studies have yielded somewhat different results on US data.
Asness et al. [§] expose high profits while Blitz et al. [I6] and Hwang and Rubesam
[56] claim that the momentum effect has disappeared. This work performs updated
out-of-sample momentum tests on US data and compare with results obtained from the
Norwegian stock market; a smaller, presumably less efficient market. Our findings support
those who claim the momentum effect to have disappeared in US markets, but expose high
profits to such strategies in the Norwegian market. However, in line with the findings of
[56] 16l 32, 50], we find the returns to be time-varying and not always positive on a yearly
basis. Furthermore, with [79, 41}, 8 56] claiming that different momentum strategies may
yield profits in different sizes, a reasonable assumption would be that there could be
monetary gains for a momentum investor in dynamically changing her ways of investing.

In asset allocation theory, a portfolio may be seen as the mix of financial assets held
by an investor. It is then possible, given the nature of a factor investor, to imagine a
portfolio to consist of different factor investment strategies. Portfolio optimization is the
process of selecting, from a set of available instruments, the subset of those which, in
aggregate, best achieve some objective under given constraints. In this work, we take the
position of a momentum investor and investigate whether such mathematical techniques
could be utilized to dynamically allocate wealth between different momentum strategies
in a beneficial way.

However, at the heart of portfolio optimization is the balancing of portfolio risk and
reward. With a portfolio consisting of investment strategies trying to exploit the same
underlying anomaly, one might question whether there is a sufficient possibility of diver-
sifying risk. The constituent assets are likely to co-move to a significant degree. It is
suggested by existing literature that momentum strategies yield poor performance dur-
ing times of financial turmoil, for instance[56, B2]. This motivates the consideration of
contrarian and low-volatility strategies. The contrarian follows the opposite logic of the
momentum strategy and the low-volatility strategy is known to perform well when the
market is down[24, 29, 15, @, 54]. Part of this work then aims to find whether such
strategies could be utilized as hedging instruments, or instruments of other additional
gains, in a portfolio of momentum algorithm assets.



1.2 The Objective

The main objective of this work is twofold. First, this thesis aims to evaluate recent
performance of different long-only momentum investment strategies on the Norwegian and
US equity markets. Second, the work aims to develop a stochastic portfolio optimization
framework with which we can assess the possibility to dynamically change from one
investment strategy to another.

The problem domain of the thesis thus concerns empirical tests and stochastic asset allo-
cation, making it an interdisciplinary work intersecting several sciences, including invest-
ment theory, empirical finance, mathematical optimization, and statistics. The objective
was developed in collaboration with a financial practitioner. Fronteer Solutions is an
entity providing investment services based on quantitative methods widely documented
in the literature. Part of their investment algorithm uses signals from a momentum fac-
toxﬂ Nonetheless, in this work we attempt to obtain results that are of academic value
with insights that aim to aid a general momentum investor. No individual actors are
considered in particulaif]

1.3 The Approach

This work approaches the objective in two stages. In the first, we review related litera-
ture and perform out-of-sample tests of the 52weekhigh by George and Hwang [41] and
individual stock price momentum by Jegadeesh and Titman [59]. The performance of
these strategies are compared to those of a contrarian strategy, a low-volatility strategy
and two other momentum strategies not previously documented in the literature. The
first is a momentum strategy inspired by the MSCI momentum index, that measures past
return performance scaled by historical volatility. The second is a momentum strategy,
familiar in quantitative trading[19], that measures past performance based on average
deviation from the cross-sectional mean. The back-testd] are conducted on Norwegian
and US equity samples from the time period between January 2000 to December 2015.
The results of the momentum strategies are compared to those in existing literature,
examined for different holding and formation periods, and investigated during different
subperiods of time.

In the second part of this thesis we attempt to exploit time-variability in strategy returns
by taking the position of an investor with funds to allocate between different investment
strategies. We review and derive necessary theory to build a stochastic portfolio opti-
mization framework. Future return distributions are generated with a moment-matching
scenario generation heuristic from Hgyland et al. [53]. The framework is applied algo-
rithmically out-of-sample on portfolios with momentum and contrarian algorithms. Both

2This means that, if a stock receives a positive sign for momentum over a certain period, there is a
certain change that the algorithm issues a buy-order on this stock.

3To build intuition and understanding of how the results can have practical consequences, we will
occasionally provide insights in Fronteers way’s of investing.

4A back-test is the process of feeding a trading algorithm with historic data to evaluate
performance[T9].



two-stage and one-stage optimization are considered with mean negative absolute devia-
tion and conditional value at risk as risk measures. To model mean-reversion dependency
in the scenario trees, we propose a method of auto-regression Monte Carlo simulation
consistent with the moment-matching heuristic by Hgyland et al. [53].

1.4 The Contributions

In performing empirical back-tests of four long-only momentum strategies, one contrarian
and one low-volatility across the Norwegian and US equity market, we make several
academic contributions that may also be of interest for a practitioner. First, we test
whether previously reported market inefficiencies are due to data snooping or have become
less significant in recent years. New data is a good protection against data snooping|[74].
Second, we obtain an assessment of the relative performance of these strategies, and find
whether some strategies are more profitable in different periods of time. Finally, by testing
the strategies on both US and Norwegian equity samples, we obtain a comparison of a
large, presumably more efficient market with a small, presumably less efficient market.
As such, one would expect the momentum anomaly to be more prevaling in Norway.
Contrary to the majority of existing literature, we avoid making assumptions on short-
selling of stocks and apply investment models with long positions onlyﬂ. This makes
the implementation more realistic since not all stocks are listed for short-selling, and
short-selling is associated with higher costs and risks. Some highlights from our findings
are:

e The momentum and contrarian strategies yield statistically significant abnormal
returns on the Norwegian market only, indicating the US market to be more efficient.

e The highest average returns are yielded by the individual stock price momentum
strategy. However, the volatility-scaled momentum strategy offers the highest risk-
reward performance.

e The risk and returns to the strategies are found highly time-varying and not al-
ways positive, suggesting that a momentum investor could benefit from periodically
changing strategy or investing in a risk free instrument.

By applying stochastic portfolio optimization on portfolios of different investment strate-
gies, we add to the existing literature by modelling a setting more realistic for an investor
with opportunity to invest in different ways. While existing literature has reported time-
variability in returns to momentum strategies[506, [32), [16, 50], and different sizes in returns
to different momentum strategies[41], [79, [16], there are none, to our knowledge, that have
documented an attempt to exploit it. Some highlights of our findings are:

e The stochastic framework fails to generate superior returns with a portfolio of mo-
mentum assets only. However, we find a significant performance increase when
adding a contrarian strategy to the mix of available assets.

A similar approach can be found in Israel and Moskowitz [57].



e We find a contrarian strategy in combination with an individual stock price mo-
mentum strategy, to yield the highest cumulative and average returns among the
strategies tested.

e With our approach we find it easier to constrain mean negative absolute deviation
than expected tail-loss, and a two-stage optimization approach is found marginally
beneficial in this setting when portfolio expected risk is constrained.

These findings from stochastic programming suggest that an investor could benefit from
both contrarian and momentum investing, exploiting both return reversal effects and
continuation patterns in equity prices.

1.5 Thesis Organization

This thesis has seven remaining chapters. Their contents are described in the following.

Chapter 2 is confined to concepts relevant for understanding factor investing and financial
markets. The momentum factor is emphasized with respect to modelling, usefulness in
terms of profits in different markets, and different explanations appertaining to the sources
of the profits.

Chapters 3 and 4 detail the theory and derivations underlying the stochastic optimization
framework applied in this work. State-of-the art risk measures together with one-stage
optimization models are detailed in Chapter 3. These models are subsequently extended
to a two-stage setting in Chapter 4. Of particular importance is the moment-matching
scenario generation algorithm presented in Section 4.1. Scenario trees are generated with
forecasting methods that hinge on this heuristic. The section draws upon theory intro-
duced in Hgyland et al. [53] and provides a psedo-code that illustrates the implementation

in Python}

Chapter 5 concerns the samples and models applied when back-testing factor investment
strategies on US and Norwegian equity markets. The framework applied in algorithmi-
cally performing stochastic portfolio optimization with factor model strategies as assets,
is also presented together with any key assumption underlying this work. This work
presents discussion and results together for the purpose of readability.

Results and discussions of such, are provided in two parts. Chapter 6 details the results
to the empirical factor model tests with the focus directed towards the most successful
strategies. Chapter 7 concerns results from the algorithmic portfolio optimization. The
first part contains results where we attempt to maximize profits, the second where we
optimize with respect to both risk and return preferences of an investor. Finally, Chapter
8 presents the conclusion of this thesis and proposes recommendations for future research.

60bject oriented programming language. All scripts applied in back-tests, scenario generation and
stochastic portfolio optimization are available upon request. Mail: hakonsro@stud.ntnu.no.



Chapter 2

Background - Momentum Factor
Investing

Challenging the efficient market hypothesis, the last decades has shown growing academic
evidence supporting the possibility of predicting stock returns. A part of these studies
focuses on strategies for predicting the cross-section of stock returns based on past equity
prices. There are mainly three ways of exploiting such predictability of returns found
in the literature; momentum, contrarian and low-volatility strategies. These are based
on past price data and are widely documented. A perplexing aspect of this literature is
that two of these strategies, momentum and contrarian, have opposite investment logic
and tend to work simultaneously. Specifically, contrarian strategies are found profitable
in the short-run (days, weeks of holding) and long-term (3-5 years holding) while the
momentum strategy is found profitable in the medium-run (2-12 months holding).

Moreover, low-volatility investing is not only at odds with the efficient market hypoth-
esis, it is at odds with the common assumption that higher returns are associated with
higher volatility. Strategies based on all three factors will be reviewed in this chapter.
Momentum investing is the main focus of this thesis and the strategy most widely found
in the literature. As such, this strategy will be reviewed to a greater extent. Section
introduces relevant theoretic concepts prevailing throughout the rest of this text. The
factors will be introduced with relevant theory in subsequent Sections 2.2 and 2.3.

2.1 Underlying Theoretical Concepts

2.1.1 Financial Markets and Equities

An important theoretical concept for any investment or trading activity is the concept
of a financial market. In economics, the term market is used to describe the mecha-
nisms by which liquid financial assets can be traded between investors at a relatively
low transaction cost. The price of the asset then reflect available supply and demand|5].
An investment is liquid if it easily can be turned into cash by trading in the immediate
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future[I2]. Playing an essential role in a capitalist economy, markets aggregate a financial
system through which saving and investments can be conveyed, liquidity and risk trans-
ferred and wealth can be stored. One way to divide between different kinds of markets
is by the financial asset traded in the market. An overview is provided in table 2.1]

Table 2.1: Financial Markets

An Overview Over Financial Markets

Market Purpose

Money Markets Market for short-term borrowing and lending

Equity Markets A capital market for trading equities

Debt Markets A capital market for borrowing and lending
funds

Foreign Exchange Market for trading of currencies

Derivative Markets Market for trading instruments derived from

other underlying assets
Other Alternative In- Private equity/hedgefond investments, com-
vestments modities, insurance and real estate

Notes: this table provides an overview over different types of financial markets.
The focus in this thesis is on the equity market[5].

Equity (stock) price behavior is one of the main focuses of this thesis. Equity is by
definition the part of the value of a firm that is not debt. A stock is, simply speaking, a
share of the equity in a firm. When acquiring an equity stake in a company, the investor
is allowed to partake in the profits of the company. Dividends paid and increase in firm
value aggregates the returns to equity investors.

Shares of public companies are traded in stock markets; organized markets providing
liquidity to the companies. The main function of capital markets is to provide firms with
capital. Capital can thus be raised by issuing debt and by issuing equity stake in the firm.
If an investor is to acquire shares directly from the company, she does so in the primary
market. If a transaction is taking place between investors with no direct involvement in
the company, the transaction is said to be done at the secondary market. Only existing
securities are sold at the secondary market.

A stock exchange is a place or organization by which stock traders (people and companies)
can trade stocks. Other stocks may be traded ”over the counter” (OTC), that is, through
a dealer. A trade in stock market entails the transfer of money for a security from a seller
to a buyer[I2]. A company may have their stock listed on one or several stock exchanges,
normally depending on the size of the company. The exchange can be a physical trading
floor (as New York Stock Exchange (NYSE)) or a virtual listed exchange, where all of
the trading is done over a computer network (NASDAQ)[5]. In this thesis we consider
stocks traded in the secondary market in a stock exchange.



2.1.2 The Efficient Market Hypothesis

Historically, it has been a common assumption in financial theory that information and
news spreads very quickly in the market. As a consequence of this, the prices of financial
assets or instruments reflect available information without delay. The best prediction of
tomorrow’s price is then the price today. The Efficient Market Hypotheses states that
prices fully reflect all available information[37].

Depending on what type of information that is assumed to be fully reflected in the prices,
one can further characterize market efficiency as weak, semi-strong or strong. A weakly
efficient market entails that all relevant historical information is incorporated into the
current asset price. This includes information on past prices and returns on the asset,
as well as all other relevant assets. In a semi-strong efficient market, prices reflect all
publically available information. In a market with strong efficiency, all information,
private and public, is incorporated into the price with no delay. Thus, in a strongly
efficient market insider trading is not possible[37, 12, [17].

All types of market efficiencies, including the weak form, precludes profitable trading
strategies based on past asset prices such as the momentum and contrarian strategy.
It is impossible to achieve abnormal returns without being lucky because the same in-
formation is available to all. As we shall see, however, much empirical evidence exists,
that documents anomalies and strategies with returns that significantly deviate from this
assumption.

2.1.3 Factor Investing

Factor investing is grounded in the existence of factors that have shown to abnormal,
above-market returns over longer periods of time. The factor investor strategically cre-
ates portfolios of assets based on these factor premiums. A factor can be seen as a
characteristic that is common for a group of assets that has a statistically significant
explanatory power in explaining their risk and return behavior. According to Ang and
Longstaff [4], a factor should satisfy four criteria:

1. grounded in academic research
shown significant premiums that are expected to persist in the future

available history for bad times

-~ W

be implementable in liquid, traded instruments

One of the first and most commonly known factors is the market-factor, introduced widely
to the public together with the well-known Capital Asset Pricing Model (CAPM) in e.g.
Sharpe [93]. Since then researchers have discovered several other factors that have been
persistent over time. Connor [30] distinguishes between three different categories of fac-
tors; macroeconomical, statistical and fundamental factors. Macroeonomical factors are
confined to the space of macroeconomical measures and statistical factors are grounded
in statistical techniques. Albeit being interesting, they are not the focus of this thesis.



Fundamental factors are characteristics appertaining to individual company attributes
such as firm size, dividend yield, book-to-market ratio and other technical indicators[30].

Table 2.2: Fundamental Factors

An Overview Over Financial Markets

Factor Explanation

Low Value Describes equities with low prices relative to
their fundamental value

Low Size Describes equities with low market capitaliza-
tion

Momentum Describes instruments with high past perfor-
mance relative to self or others

Contrarian Describes instruments with low past perfor-
mance relative to self or others

Low-Volatility A characteristic of equities with low historical
or forecasted volatility

Yield A characteristic of stocks with high dividend
yield

Notes: this table gives an overview over fundamental factors that have yielded
above-market returns consistently over the last decades and that are grounded in
academialIT].

An overview over fundamental factor{] that have yielded above-market returns consis-
tently over the last decades is provided in table 2.2 These are also heavily documented
in the literature[I1]. In this thesis we study and model a subset of the factors in table
2.2l The momentum, contrarian and low-volatility factors are based on past price history.
Past prices are readily available information, which, unlike most other fundamental data,
can be retrieved with relative certainty of high quality, non-erroneous data. This makes
past prices suitable for novice back-testing[19]. In the following sections, factors mod-
elled in this thesis will be introduced to a greater extent together with relevant academic
literature.

2.2 The Momentum Factor

The momentum investor buys past winners and (short)sells past losers. Price momentum
is the persistence of past price changes. Thus, the rationale behind a momentum invest-
ment strategy is to exploit continuance in equity prices, that the high performers will
continue to perform well and that the poor performers will continue to perform poorly.
An extensive body of literature provides evidence suggesting that such an investment
strategy can be done profitably in the medium term (2-12 months). The majority of the

1On this date, the contrarian factor may not be as commonly accepted as the others portrayed in

table
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empirical tests are performed on US data. However, the momentum effect has also been
documented in several other markets worldwide.

We review ways in which momentum investing is commonly modeled in Section [2.2.1]
Evaluation of the usefulness of an investment strategy requires the associated profits to
be measured. Also, one should understand the source of the profits when devising an
investment strategy. Therefore, we devote Section to studies documenting momen-
tum profits in different markets and Section to different schools of explanations for
momentum abnormal returns.

This thesis focuses on equity price momentum. The momentum effect has also been
documented in other markets. For momentum in commodity markets see e.g. [04] 8T,
42, [36]. For momentum in currency and financial futures markets see e.g. [85] 33, 82].

2.2.1 Momentum Models
Individual Stock Price Momentum - Jegadeesh and Titman (1993)

Jegadeesh and Titman [59], henceforth JT, was one of the first studies to document
momentum effects in stock markets. Their model is widely used as a benchmark in the
literature [59, [60), 20, 87, 43, 46, 92, [48]. In the following we present the investment
methodology and commonly found revisions of the model.

At the beginning of each month t the stocks are ranked in ascending order on basis of
the last J month’s compounded returns. Based on this performance ranking, 10 equally
weighted portfolios are formed. The top 10% portfolio is called the “winner” portfolio,
the bottom 10% the “loser” portfolio. The weights on each security i € (1, N) in the
portfolios is given by

w; = 1/N (2.1)

where N is the number of stocks in each portfolio.

In each month t the investor initiates a long position in the winner portfolio and a short
position in the loser portfolio. Each position is held for K months. Thus, after a start-
up period, we hold K portfolios in each momentum strategy if we allow for overlapping
portfolios. With passage of time, the value of each portfolio in the momentum strategy
change. JT initially addresses this in two ways;

1. Calculating the returns to a series of buy and hold portfolios by averaging the total
holding period return of the portfolio

2. Calculating returns to a strategy with monthly rebalancing to maintain equal
weights on each portfolio and on each constituent

The results cited in their article are based on the second. The rebalancing entails selling
a portion of the portfolios that performed over average, and investing the proceeds in
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those portfolios with worse than average performance. The momentum portfolio can be
written as W — L where W is the winner portfolio and L is the loser portfolio. Hence,
this describes a zero-cost self-financing portfolio with no regard to trading costs.

Denote by 7; the return of stock i in month t. With equally weighting of constituent
stocks in each portfolio, the return in each month r,, of each portfolio is given by

1N
Tpt = N Z Tit (2:2)
i=1

with monthly re-balancing of each portfolio to keep equal weights, the monthly return
for the zero-cost momentum strategy can be found by

] MoN
Ttot,m = MN Z(Z Tim)w — (z_: Tim)L) (2.3)

where:

ri#= Monthly return to each constituent

Ttot.m = Monthly return to the strategy

M = Number of portfolios in holding, m € (1,...,M)

N = Number of stocks in each portfolio, i € (1,...,N)

W,L = Subscripts of the winner and loser portfolio, respectively
Positive returns to the portfolio are per dollar (or NOK) invested.

In order to avoid microstructure effects (bid/ask bounce), JT allows for a 1-week skip
period (S) between the formation period and the holding period. With JT‘s notation a
momentum strategy can then be defined by the holding period K, the formation period
J and the skipping period S. The triplet (J,S,K) defines a momentum strategy that is
based on the last J months returns, skips S months and holds for K months. This
notation will be used throughout this text. In order to increase the power of their tests
(more observations) JT uses overlapping holding periods for the portfolios.

Ranking Criterion JT rank the stocks each month based on the past compounded
monthly returns. Then the JT ranking criteria C;p is given by

t—1

Cor= ] W+ry) =@ +ry—)(L+ry_e)..(L+ry5_) (2.5)
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This is a commonly used ranking criteria in the literature. Grundy and Martin [46]
however, use the past cumulative monthly return over the ranking period

t—1

CGM = Z Tz‘j (26)

j=t—J

They argue that cumulative returns have two benefits. First, it simplifies theoretical
analysis when returns have a factor structure. Second, it is empirically beneficial seeing
as errors in estimates of a stock‘s formation period factor exposure are dependent on
the compounded return of that stock over the formation period. Hence, with cumulative
returns a stock's winner /loser status is independent of the error in the estimate of its factor
loadings. Yet another ranking criteria is found in Marshall and Cahan [79], they simply
use the past average monthly return over the formation period J. The MSCI momentum
index is furthermore constructed with a measure that is scaled by the volatility such
that[11]:

Cuser = — (2.7)

or

Where T denotes some historical timespan over which the volatility and return is mea-
sured.

George and Hwang [41] revise the JT model by a ranking criteria based on a readily
available piece of information — the 52-week high equity price. The performance measure
is the closeness to the 52-week high price denoted by

Pt
Cen = HIGH, (2.8)

where P is the equity price at the end of month t, and HIGH;,t is the highest price
of stock i that ends on the last day of month t. A strategy with this ranking criteria is

proven profitable on US and Australian equity markets[41] [79] and is commonly called
the 52weekhigh.

A momentum revision tested by David Edwards with Quantopian?| on US stocks, ranks
stocks based on the average deviation from the cross-sectional mean. This could be
measured on a daily, weekly or monthly basis. The strategy is called cross-sectional
momentumf’| and the ranking criterion is given by the following.

I

J
1 1
CDE = 7 t:E 1 [Tit — 7 E rit] (29)

=1

2A crowd-sourced hedge fund that provides a platform for anyone to build, test, and execute trading
algorithms[2].

3Note that this strategy has never before been documented in the literature, but has shown promising
results on US data.
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where:

J = Number of days, weeks or months in the formation period
I = Number of equities

ry = Asset return measured on daily, weekly monthly basis

Portfolio Size The amount (%) of stocks assigned to the winner (W) and loser (L) is
commonly noted as the portfolio size. JT forms portfolios with a portfolio size of 10%.
Some researches, especially among those focused on other markets than the US equity
market, part from this. E.g. [27, 87, [35] [79, §] form portfolio sizes of 30%. This is because
sample sizes are small. For the same reason [43] implement 20% portfolio sizes.

Portfolio Weighting JT weights the stocks in the top and bottom decile portfolios
with equal weights. This is the prevailing weighting scheme found in the literature.
However, due to the illiquidity of smaller stocks some researchers use a value weighted
approach[27, 69, 14]. That is, the weighting is done on basis of market capitalization.
Then each weight on each stock is given by

Mcap;
w; = —Z Meap, (2.10)

The advantage of the market capitalization based weighting scheme is that smaller stocks,
which are typically more illiquid and expensive to trade, have smaller weights in the
portfolios. On the other hand, large cap stocks dominate the portfolio.

Skipping Period JT form portfolios both with and without a 1-week skipping period.
In recent literature, it is more common to use a S = 1-month skipping period. A 1-month
gap between formation and investment periods avoids contaminating the momentum
strategy with short-term reversal as will be introduced in Section [2.3.1] Also a 1-month
skip helps avoid microstructure effects (bid-ask bounce).

The Conrad and Kaul (1998) Methodology

Another widely used model was first introduced to momentum modelling by Conrad and
Kaul [31]. This model is based on the short-termf] models of Lo and MacKinlay [74] and
Lehmann [72], and can easily be applied with a contrarian investment strategy instead.
The models aims to capture and mimic the momentum essence of the previously applied
models.

In this momentum model the investor buys or sells equities at time t based on the per-
formance in the formation period from t-1 to t. The performance of the stocks in the
strategy is determined relative to the average performance. The portfolio weights are

4Contrarian models, see Section 2.3
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based on performance. Denote by J the time length between t and t-1. Let w;(.J) be the
fraction of the momentum portfolio devoted to stock i at time t based on performance
from t-1 to t, then

1
Wi = N(Tz’t—l — Tit—1) (2.11)

1
Ti—1 = N Z Tit—1 (2.12)

where:
rit—1 = The return on each security in the formation period
7i1—1 = The mean return

If a security performs worse than average, we initiate a short position. If the security
performs better than the average, we take a long position in the security. The portfolios
constructed each month are held for a holding period denoted K. Notice that since the
security weights are proportional to the differences between equity return and average
returns, the stocks that deviate more from the average/expected cross-sectional return
will have larger weights. For any portfolio held over a period K, the profits are given by

T (K) = Zwirit(K) (2.13)

This is also a zero-cost portfolio where Zf:[:l w; = 0. Notice that since the weights can
be scaled to obtain any level of profit in a frictionless world, it is common to only test if
the profits are significantly positive or negative.

Profit Measure To assess the economic significance of the profits from the CK model,
beyond the statistical significance, Chan et al. [20] propose a profit measure revision.
They divide the profits by the length of the holding period J and amount invested in a
long or short position 0.57;(K).

i (J)

" 0.5J1(K) (2.14)

71'CHT,t(J)

where

I(J) = Z |wit (K (2.15)

is the total aggregate long or short investment in the zero-cost strategy at time t. This
return could be seen as a per-holding period profits for every dollar (or NOK) invested
long or short, or profits of the portfolio W — L.
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Residual Momentum - Blitz et al. [16]

A momentum model found in more recent literature is the residual momentum model
by Blitz et al. [I6]. In the same way as a conventional momentum investment model,
the residual momentum ranks the securities in every month t based on past performance.
The measure of performance is related to the the monthly residual return estimated using
the Fama and French three-factor model

Ry = o + B1iRM RF, + Bo;SM By + Bs; HM L, + €1, (2.16)

RMRF;, SMB; and HM L, are the excess returns on factor-mimicking portfolios for the
market, size and value in month t. «;, (y;, 82; and (3; are the factor loadings that need
to be estimated through regression. ¢; is the residual return for asset I in each month t.

The Fama and French model is estimated for a ‘rolling’ past 36 months’ time period.
In the measurement criteria , the estimated « is not included. This is because «
serves as a general control for misspecification in the model of expected returns and is
calculated based on the last 36 months, not 12 which the ranking period is. To obtain
the measurement criteria, the residual returns (a excluded) are standardized

Cpag = £ (2.17)

Ot

where o;; is the standard deviation for the asset over the formation period. This stan-
dardization of the residual return is done to obtain an improved measure, since the raw
residual return can be a noisy estimate[48]. These positions are held for a holding period
J. Again the momentum portfolio is zero-cost Zf\il wi = 0.

Blitz et al. [16] use a formation period J of the last year excluding the last month (12-1)
to avoid microstructure and short term effects. Equally weighted portfolios are formed
of every decile. As in the JT model, stocks are sorted in ascending order, the top 10% is
the winner portfolio W and bottom 10% is the loser portfolio L. The momentum investor
initiates a short position in L. and a long position in W as in all the other momentum
models described.

Industry Momentum - Grinblatt et al. [45]

An industry momentum strategy first involves the construction of portfolios with con-
stituents from the same industry. Each month t, the industry portfolios are ranked based
on the value weighted cumulative returns over the formation period J. Equally weighted
portfolios are then formed with the stocks within the top 30% of the ranked industries
making up the winner portfolio and the stocks within the bottom 30% of the ranked in-
dustries constitute the loser portfolio. The momentum investor initiates a short position
in the loser portfolio and a long position in the winner portfolio. Again the momentum
portfolio is zero-cost Zfil wi = 0.
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2.2.2 FEvidence of Momentum Profits

An extensive body of finance literature documents that stock returns are predictable
based on past price history. In this section we present momentum documenting studies
in a geographical split. The purpose is to illustrate the usefulness of the momentum
investment strategy in terms of profits. An overview over the findings is reported in table

23

US Equity Market

One of the first studies to document the momentum anomaly was Jegadeesh and Titman
[59]. They implement strategies with (months) formation period J = [3,6,9,12], skip
S = [0,0.25] and holding period K = [3,6,9,12]. The test was conducted with daily
CRSP data from NYSE and AMEX in the time period from 1965 to 1989. Of the 32
strategies tested, 31 strategies showed positive returns at a significant level. The 12-
month/1-week/3-month strategy yielded the best result with an average monthly return
of 1,49%. Similar results can be found in Jegadeesh and Titman [60] when they extend
their sampling period and test a 6-month/1-week/6-month strategy on daily CRSP data
from 1989 to 1998. This was done to exclude data snooping biases. The momentum
strategy yielded average monthly returns of 1,39% at a significant level.

Conrad and Kaul [31] investigate 8 different momentum strategies with holding and
formation periods K=H=[1 week, 3, 6, 9, 12, 18, 24, 36] months. Their analysis was
done with daily data from NYSE/AMEX in the period from 1926 to 1989 divided in 5
different subperiods. Momentum profits are found for holding (formation) periods for
up to 18 months, except for the 1-week/1-week strategy. Their findings are consistent
with Jegadeesh and Titman and indicate that a momentum strategy is profitable at the
medium (3-to 12-month) horizon.

With daily data from CRSP NYSE/AMEX in the time period from 1973 to 1993, Chan
et al. [2I] test a 6-month/5-day/6-month momentum strategy. They report an average
monthly return of 1,47% for the portfolios formed. Interestingly they also find that
the momentum payoff turns negative after 1-2 years. Seeing as a momentum strategy
is essentially opposite of the contrarian strategy previously discussed, this evidence is
consistent with the long-term contrarian findings. Furthermore, in Chan et al. [22] they
extend the sampling period to include daily data from 1994 to 1998. They find a monthly
average return of 7.8% for the 6-month/5-day/6-month strategy during these five years.
In addition they report larger abnormal returns for short-selling “loser” portfolios than
for “winner” portfolios.

Lee and Swaminathan [71] also provide evidence suggesting positive price momentum
profits involving NYSE/AMEX stocks for the time period from 1965 to 1995. As Jagadesh
and Titman they form equally weighted momentum portfolios consisting of the top decile
“winner” stocks, and the bottom decile “loser” stocks with formation period J = [3,6,9,12],
skip S = [0,0.25] and holding period K = [3,6,9,12] (months). They find the 12-month/3-
month to be the best performing portfolio with an average monthly return of 1,54%. All
strategies show statistically significant positive returns.
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Grundy and Martin [46] also serve a study providing evidence of momentum profits in
US markets in the time period form 1926 to 1995. They use the same methodology as
Jegadeesh and Titman, longing the top 10% performing stocks of the market and shorting
the worst 10% performing stocks, measured in cumulative total return. They find that
a total return momentum strategy would have earned a statistically significant monthly
return in excess of 1,3% (risk-adjusted) over the entire period.

Another study to confirm momentum excess returns is Korajczyk and Sadka [69]. Their
analysis is conducted on NYSE, AMEX and NASDAQ for the time period from 1967 to
1999. With J = [2,5,11], S =[1] and K = [1,3,6,12] they find that all strategies show
positive excess monthly returns (relative to the risk free rate).

European Markets

Even though Asness et al. [7] study return patters across European markets at the country
index level, Rouwenhorst [87] is the first study to analyse momentum evidence at country
level outside the US market. They perform tests with data from 12 European countries in
the time period from 1978 to 1995. The study is conducted with the JT methodology with
J=103,6,9,12] S =[0,1] and K = [3,6,9,12] (months). Their findings are remarkably similar
to those of Jegadeesh and Titman (1993). All 32 zero-cost portfolios show statistically
significant positive results. The best performing strategy is the 12/0/3 without skip with
an average monthly return of 1,35%. Furthermore, the momentum strategy yield positive
returns for all 12 individual countries in the study, including Norway. Interestingly they
also find the momentum effects to be bigger for smaller firms. For stocks on Oslo stock
exchange they expose average monthly returns of 1% with a 6-month formation and
6-month holding strategy of 30% portfolio size.

In an attempt to replicate the tests of Rouwenhorst [87], Van Dijk and Huibers [95] use
data from 15 European countries in the time period from 1987 to 1999 and a momentum
strategy with equal weighting and holding periods of 3, 6, 9 and 12 months with a 1 year
formation period. The findings do in fact confirm that mid-term momentum strategies
generate risk-corrected returns in excess of an equally weighted European market index
in the full sample period.

Bird and Whitaker [I4] evaluate price momentum strategies in seven major European
markets over the time period from January 1990 to June 2002. With formation periods J
= [6,12] and holding periods K = [3,6,9,12,24,36,48], they find statistically significant pos-
itive returns for both equally weighted and value weighted portfolios for holding periods
up to 9 months. The equally weighted momentum portfolio with the greatest return is
the 12-month formation and 1-month holding, yielding an average of 1.5% per month. In-
terestingly, they find that while value weighted portfolios show smaller returns for short
holding periods than equally weighted portfolios, they yield greater returns for longer
than 3 months holding.
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Asia and Australia

Relatively few studies have been conducted on Asian markets. One of them, Chui et al.
[27], examine 8 different Asian markets with data from 1976 to 2000. For their tests to
be comparable with Jegadeesh and Titman [59] and Rouwenhorst [87], they form 6/1/6
zero-cost portfolios. However, the winner portfolio consists of stocks from the monthly
top 30% performing stocks and the loser portfolio consists of the bottom 30%. Also, they
use a value-weighted approach since the Asian stocks are smaller and more illiquid. The
study finds significantly positive returns for Asian stock markets outside Japan, with
average monthly returns of 1,45% per month prior to the financial crisis in 1997, and
0,54% after. Furthermore they see a tendency; the momentum effect is stronger for firms
with smaller market capitalization. This is also consistent with the findings in the US
equity market.

Demir et al. [35] investigates the returns to short-term and mid-term momentum strate-
gies on the Australian Stock Exchange (ASX) in the time period from 1990 to 2001. They
use formation and holding periods of 30, 60, 90 and 120 days for a total of 16 strategies.
As in Chui et al. [27], the top and bottom 30% are assigned to the winner and loser
portfolio each month, respectively. They find that momentum is indeed prevalent in the
Australian market at a statistically significant level, and that the returns are of greater
magnitude than in the US equity market. The highest returns are found for a 180-day/
30-day portfolio, with average monthly returns of 5,34% per month.

Marshall and Cahan [79] confirm the findings of Demir et al. [35] in Australian markets.
In addition to conducting analysis with the conventional JT momentum strategy, they
also test the 52weekhigh momentum strategy previously described. Both strategies are
conducted with a 6 months holding period. Winner portfolios consist of the top 30%
and loser portfolios bottom 30% each month. The study finds that both strategies prove
profitable, but conclude that the 52weekhigh momentum strategy is highly profitable on
Australian equity markets with an average monthly return of 2,14%.

Worldwide Studies

Chan et al. [20] examine the profitability of momentum strategies in international equity
markets. They use data from 23 countries from Asia-Pacific (9), Europe (11), North
America (2) and Africa (1) in the time period from 1980 to 1995. Their momentum
strategy is similar to that of Conrad and Kaul (1998), and is implemented with country
indices and equal holding and formation periods of 1, 2, 4, 12 and 26 weeks. Their findings
confirm statistically significant evidence of momentum profits for holding periods over 4
weeks. They also find that if they implement the strategy on markets that experience
increases in volume in the previous period, the profits are higher.

Rouwenhorst [88] is one of the first studies to emphasize emerging markets in a momentum
study. Rouwenhorst examine 20 countries from the Emerging Markets Database (EMDB)
in the time period from 1980 to 1996. With a 6-month/1-month/6-month momentum
strategy with equal weighting sorted based on past best and worst 30% performance, he
finds momentum profits in 17/20 countries. Taiwan, Indonesia, and Argentina did not
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seem to display momentum effects in the time period. If the strategy is implemented
in all countries simultaneously, the average monthly return is 0,39% when stocks are
equally weighted and 0,58% when countries are market weighted. The study concludes
that momentum effects are present in both emerging and developed markets, yet stronger
in developed countries.

Griffin et al. [43] investigates a J=6 S=1 K=6 momentum strategy with portfolio sizes of
20% in 40 countries in five regions; Africa, America, Asia, Europe and the US. The time
period under which the back-tests are performed vary, but all time periods end in 2000.
The study finds positive returns in 2/2 African countries, 7/7 American countries, 10/14
Asian countries and 14/17 European countries. The average monthly momentum profit
is 1.63%, 0.78%, 0.32%, and 0.77% in Africa, Americas (excluding the United States),
Asia, and Europe, respectively. The overall conclusion is that momentum investment
strategies are profitable worldwide, but more so for developed than emerging markets.
This is in line with the findings of Rouwenhorst [88].

Asness et al. [§] examine momentum portfolios of individual stocks globally across four
equity markets: the United States, the United Kingdom, continental Europe, and Japan.
They find consistent evidence of momentum return premia in all markets. The momentum
portfolios are formed on basis of the past 12-month cumulative return with a 1 month
skip to avoid microstructure effects. The portfolios are formed with a size of 33% . For
the total set of global stocks they report an average monthly excess return over the risk
free rate of 5.8% (3.18) in the time period from 1972 to 2011.

While investigating how cultural differences influence the returns of momentum strategies,
Chui et al. [28] consider individual stock samples from 41 markets around the world in
the time period from February 1980 to June 2003. In their samples they exclude stocks
whose market capitalization is below the fifth percentile. Their momentum strategy form
portfolios based on stocks’ past 6 month returns that hold for 6 months. Portfolio sizes
are 30%. All but four countries exhibit profits. A strategy that includes all stocks yield
monthly average returns 0.93%. Interestingly they also find an average monthly return of
around 1% for stocks listed on the Oslo Stock Exchange in the time period from March
1983 to June 2003.

2.2.3 Sources of Momentum Profits

When devising an investment strategy, it is important to understand the source of the
returns. In the absence of a reasonable explanation, the return-patterns observed could
be a statistical error. The investment strategy is then unlikely to be useful in the future.
Despite short-term continuation of returns being well documented in the literature, it ex-
ists different and somewhat opposing theories as to the cause. Throughout the academic
literature there are three prevailing schools of explanations for the sources of momentum
returns; those appertaining to investor behaviour, those who use rational models where
higher returns merely is compensation for higher risk or can be explained by macroeco-
nomic factors, and those who claim that market frictions is the explanation.
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Table 2.3: Profitability of The Momentum Investment Strategy - Overview

Study Sample Model* Return Tstat
US Equity Market

Jegadeesh and Titman [59] 1965-1989 ISPM/12/3/10%  1.49% 4.28
Jegadeesh and Titman [60] 1989-1998 ISPM/6/6/10%  1.39% 4.7
Conrad and Kaul [31] 1926-1989 CK Positive  Significant
Chan et al. [21] 1973-1993  ISPM/6/6/10%  1.47% -
Chan et al. [22] 1994-1998  ISPM/6/6/10%  7.8% -
Lee and Swaminathan [71] 1965-1995 ISPM/12/3/10%  1.54% 5.63
Grundy and Martin [40] 1926-1995 ISPM/6/6/10%  1.3%*** 3.19
Korajczyk and Sadka [69]  1967-1999 ISPM/11/1/10%  1.58% 5.08
Grinblatt et al. [45] 1963-1995 ISPM/6/6/30%  0.43% 4.65
Fama and French [3§] 1963-1993 ISPM/12/2/10%  1.31% -
George and Hwang [41] 1963-2001  52WH/-/6/10%  1.23% 7.06
European Markets

Rouwenhorst [87] 1978-1005 ISPM/12/3/10%  1.35% 3.29
Van Dijk and Huibers [05]  1897-1999 ISPM/12/1/10%  1.5% -
Bird and Whitaker [14] 1990-2002 ISPM/12/1/4-6%  1.5% -
Asia and Australia

Chui et al. [27] 1976-1907 ISPM/6/6/30%  1.45% -
Demir et al. [35] 1990-2001  ISPM/6/1/30% 5.34% 10.68
Marshall and Cahan [79] 1990-2003  52WH/-/6/30% 2.14% 10.39
Worldwide Studies

Chan et al. [20] 1980-1995 CK Positive  Significant
Criffin et al. [43] 1926-2000  ISPM/6/6/20%  0.49% 2.95
Rouwenhorst [S8] 1980-1996  ISPM/6/6/30%  0.58% .
Chui et al. [28] 1981-2003  ISPM/6/6/30%  0.93% 5.73
Asness et al. [§] 1972-2011 ISPM/12/6/33%  5.8%** 3.18

Model: ISPM = individual stock price momentum; CK = Conrad and Kauls methodology; 52WH =
52weekhigh. This table reports average monthly returns to the momentum investment strategies in
markets worldwide. The returns documented are the highest statistically significant returns obtain in
the respective studies. The list is not exhaustive, but illustrates of the usefulness of the momentum
strategy in several markets and time periods. Other country-level studies have been conducted.
*) The model column contains information on the /Model used/Formation Period/Holding Period/

Portfolio size. For a complete description of the models applied, please see Section
**)Excess the risk free rate

***)Risk Adjusted
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Behavioural Explanations

The behavioural-based explanations build on inherent investor biases. Jegadeesh and
Titman [59] was one of the first studies to claim that investors are systematically biased,
and that biases in part explain momentum returns. However, they didn’t explain the
biases to any further extend. Barberis et al. [10] specifically suggest investor conservatism
as an explanatory bias. Conservatism makes the investor reluctant to update his believes
immediately when facing new information. Consequently, there is an overlap period where
prices don’t reflect current information and some predictability exist. If the investor is
facing good news, prices will rise slowly. If facing bad new, prices will fall slowly. The
authors claim that momentum trading can be done profitably in the medium term.

In much the same way as Bondt and Thaler [I8] use overreaction to explain the ab-
normal return in to the contrarian strategy, under-reaction to new information is one
of the behavioural-based explanation as to why momentum investing creates abnormal
returns. Daniel et al. [34] claim that investor self-attribution causes the investor to be
overconfident in own private information, rather than public information. This in term
causes the investor to over-react to new private information, but under-react to public
news. Chan et al. [21] also support the under-reaction hypothesis. However, they claim
that markets respond slowly to new information because the financial analysts covering
the firms respond slowly to earnings announcements. I.e. their financial forecasts are
slowly updated. They also find that this sluggish response to earnings announcements is
especially true for the past worst performing firms. Hence, momentum is strongest for
past losers.

Hong and Stein [51] develop a theoretical behavioural model around gradual diffusion of
information. They imagine a market consisting of two types of investors; “news watch-
ers” and “momentum traders”. The “news watchers” ignore past price information and
invest based on private information. The momentum traders invest solely based on past
price information. The idea is that since private information only gradually diffuses in a
population, “news watchers” causes a short-term delay in the price paths of the assets.
Prices under-react and this causes momentum abnormal returns options. Moreover, “the
momentum traders” invests based solely on past price information; this causes the prices
to be pushed beyond/below their fundamental values, and thus “momentum traders”
causes equilibrium through over reaction in the long run. A similar result can be found
in Swaminathan and Lee (2001), where short-term price under-reaction is followed by
long-term price over-reaction. Chui, Titman and Wei (2010) also find return reversal
after 9-10 months that support these studies.

Hong et al. [52] empirically test the gradual information diffusion model. They find that
firms with low analyst coverage are particularly exposed to slow diffusion. Thus, weak
analyst coverage may lead to stronger momentum. They also find that bad firm specific
information is more likely to diffuse slowly in the population. People and firms are more
likely to share good news than bad.

Grinblatt and Han [44] empirically find that investors are prone to hold on to losing stocks
and to sell winning stocks. This is called the disposition effect. Holding on to losers
makes the investor under react to new information, and hence the study support the
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under-reaction hypothesis. Furthermore, they manage to capture this behaviour through
unrealized capital gains, the difference between the share price and its cost base, as a
variable. Adjusting for the unrealized capital gains, the momentum return disappears.

Seeing as the behavioural models claim that prices to some extent are predictable, they
all oppose the market efficiency hypothesis (even the weak form). However, as is seen in
the next section, abnormal momentum returns need not imply an inefficient market.

Factor-Based Explanations

Some academics claim that the presence of momentum in stock returns can be explained
by different exposure to risk- and macroeconomic factors and is not inconsistent with
rational pricing theories. Conrad and Kaul [31] for instance, present empirical evidence
suggesting that the abnormal momentum payoffs are related to cross-sectional differences
in expected returns. Since the expected return is dependent on relevant risk factors, the
excess momentum return is merely a result of higher risk. Their conclusions are however
contingent on the mean returns being constant during the periods in which the trading
strategies are implemented. Berk et al. [I3] develop a dynamic model of expected returns.
In this model, risk factor variation creates time dependent cross-sectional differences in
expected returns. Their results suggest that stocks with high-realized return will be
those that have low expected return and vice versa. This way, time-dependent variation
in expected returns is used to explain much of the abnormal momentum returns, and
profitability of momentum strategies represents compensation for bearing time-varying
risk.

Another study that supports time-varying expected returns as an explanation of momen-
tum payoffs is Chordia and Shivakumar [26]. They argue that consistent and persistent
under-reaction would provide low risk arbitrage opportunities to more rational investors.
Their study finds that momentum return can be attributed to a set of macroeconomic
variables that are related to business cycle. Dividend yield, default spread, yield on three-
month Treasury bills and term structure spread can predict time-varying cross-sectional
differences in expected returns that is directly linked to past realized returns. In other
words, the article finds evidence of systematic variation in momentum profits with respect
to the above-mentioned macroeconomic variables.

Johnson [62] find a significant relationship between expected stock growth rates and
recent performance. Seeing as expected growth rate is directly related to risk, this study
also argues that the momentum anomaly (at least in part) can be explained by cross-
sectional variation in expected return because of exposure to risk factors. Again, this is
because a momentum trader invests on basis of recent performance. The article doesn’t
aim to prove market inefficiency, just to present an alternative that does not hinge on the
opposite. Along the same lines, Sagi and Seasholes [91] claim that firm specific attributes
such as revenues, costs and growth options, combine to determine how the firms returns
are auto-correlated. In other words, future return can be predicted through past returns
and firm-specific attributes. A momentum strategy that incorporate this knowledge,
reaps greater returns than the traditional momentum strategy.
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It should be noted that Jegadeesh and Titman (2001) attribute the findings of Conrad
and Kaul (1998) to small sample biases in their empirical tests and bootstrap simulations.
The results of Jegadeesh and Titman (2001) show that differences in expected returns
don’t explain momentum payoffs to a significant extent. Furthermore, Grundy and Martin
(2001) look at CRSP data from 1924 to 1994 and find that adjusted for risk, a momentum
strategy still proves abnormal returns. Hence, they provide evidence that the risk-based
explanations are insufficient.

Market Friction Based Explanations

As previously mentioned, a lot of the literature related to momentum strategies builds
on the models of Jegadesh and Titman (1993). Consequently, few momentum research
studies include market frictions such as transaction costs in their models.

In their study, Lesmond et al. [73] expose that momentum trading involves high trading
frequency and stocks with high associated transaction cost (returns are higher for high
cost equities). As a result, the abnormal returns generated by a momentum strategy does
not significantly exceed trading costs. Keim [66] also find that momentum strategies will
generate trading costs close to the excess momentum payoffs. Furthermore, Keim claims
that in order for the efficient market hypothesis to be challanged, the momentum strategy
must generate abnormal returns in excess of the market after accounting for transaction
costs. In this way, his findings support the efficient market hypothesis.

On the other hand, Korajczyk and Sadka [69] find that momentum strategies remain
profitable even after considering trading costs. They also develop a trading model that
includes liquidity as a factor, and show that the liquidity based momentum strategy
performs better than the traditional equally weighted and value-weighted strategies after
introducing trading costs.

Moreover, when Blitz et al. [16] examine the residual momentum strategy on US data
in the time period from 1926 to 2009, they find the traditional momentum strategy to
be unprofitable in the time period from 2000 to 2009. Similar results can be found in
Hwang and Rubesam [56] where they investigate momentum strategies with structural
breaks and expose that after the break in 2000, the profitability of momentum profits has
disappeared.

2.3 The Contrarian and Low-Volatility Strategies

2.3.1 The Contrarian Strategy

Following a contrarian investment strategy, the investor (short)sells past winners and
buys past losers. The idea is that the trend will reverse, and that the sign of the returns
will become contrarian. The literature shows that a contrarian strategy can be done
profitably both in the short-term (days, weeks of holding) and in the long-term (3-5 year
holding).
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One of the first studies to document long-term reversal was Bondt and Thaler [18]. They
found that long term past losers outperform long term past winners over the subsequent
3-5 year period. With data from NYSE they formed two portfolios based on past returns;
extreme winners and extreme losers. Over the next three year period, the losers outper-
formed the winners by 25% per year. This outperformance lasted for up to five years.
Similar long term results can be found in Chopra et al. [25]. Looking at monthly CRSP
NYSE data from 1926 to 1986, they found that in portfolios formed on the basis of prior
five-year returns, extreme prior losers outperform extreme prior winners by 5% to 10%
per year during the subsequent five years.

Jegadeesh [58] showed abnormal returns following a short term reversal strategy after
finding serial correlation in monthly returns of CRSP individual securities data from
1934 to 1987. Through a strategy that buys and sell stocks on the basis of their prior
month returns and holds them for a month, the article exposes profits of around 25% per
year over the 53-year period. Lehmann [72] also finds what he claim to be evidence of
market inefficiency through a short term reversal (weekly rebalancing, weekly holding)
strategy on the CRSP data from 1962 to 1986.

Moreover, Knez and Ready [68] built a short term reversal strategy that switches between
small and large cap firms based on previous weeks return on CRSP NYSE. This strategy
was based on the findings of Lo and MacKinlay [74], namely that the return of a portfolio
of small firm stock is strongly correlated with its own previous weeks return and with the
previous weeks return on a portfolio of large-firm stock.

Overreaction to information is a common theory as to why contrarian strategies are
profitable. The overreaction hypothesis states that individual investors overreact to news
and consequently, the price of an asset moves away from its’ fundamental value following
new information. This initial movement caused by overreaction is then followed by a price
reversal, a movement in the opposite direction. Profitable strategies can then be devised
by buying past losers and selling past winners when the market is ready to correct (that
is, when mean reversal takes place).

Modelling the contrarian strategy is commonly done with the method of Jegadeesh and
Titman (1993), only with opposite investment logic and shorter /longer rebalancing peri-
ods.

2.3.2 Low-Volatility Investing

Few recent studies have been conducted with the contrarian strategy. This is not the
case for the low-volatility investment strategy. A low-volatility investor invests in stocks
that has either low historic volatility or low forecasted volatility relative to their peers.
A familiar axiom in financial theory states that high returns are associated high risk.
Several studies exist that contradicts this and show that investors may not be rewarded
for bearing systematicﬁ risk.

5Systematic risk is the same as market risk, which generally describe the degree to which securites
co-move with the market (Berk and DeMarzo [12]).
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Although low-volatility investing has risen in popularity following the financial crisis in
2007-2008, the concept is not new. Jensen et al. [61] test the CAPM model on NYSE
stocks in the time period from 1931 to 1965 and find that the excess returns to these
stocks are not strictly proportional to their betas, meaning that low beta stocks may
perform better than high beta stocks. Since the beta captures the individual securities
sensitivity to market risk, this means that low beta stocks can be seen as low-volatility
stockﬂ Haugen and Baker [49] further document that low beta stocks outperform market
capitalization weighted portfolios. They use data with the 1000 largest US stocks in
the time period from 1972 to 1989. They form low variance portfolios by each period
choosing 100-150 stocks of the stocks with the lowest past volatility. Clarke et al. [29] use a
optimization approach to construct minimum variance portfolio also with the 1000 largest
stocks in the US CRSP database in the time period from January 1968 to December 2005.
They find that these portfolios have 75% the realized risk of the market capitalization
weighted index and comparable or higher returns, something which confirms some of the
findings of Haugen and Baker [49].

Blitz and Van Vliet [I5] investigates stocks in US, European and Japanese markets in
the time period from December 1985 to January 2006. Their low-volatility model ranks
stocks constituent of the FTSE World Developed index each month based on last three
years volatility of monthly returns. Portfolios are formed of the top decile with equally
weighting. They use monthly rebalancing and cite monthly returns. Their findings
suggest that stocks with low historical volatility exhibit superior risk adjusted returns
similar in size to the more familiar size and momentum factors. Pedersen and Lasse [83]
reported similar findings with developed country data from the time period 1984 to 2009.

The explanations as to why low-volatility investing may be more profitable than holding
the market are several, most of them behavioral. Baker et al. [0] claim that investors
behave irrationally and use high-volatility stocks as lottery tickets. Investors does not
mind a lower expected return, if they have a change to ‘win the lottery’ with high-risk
securities. Investor overconfidence is another explanation. Investors tend to believe that
their abilities to forecast the future are superior to those of others. Their view deviates
more for high-risk securities and at the same time, it is easier to express a positive view
of the future. The results is overpricing of high-volatility stocks, and higher returns to
low volatile stocks. Another explanation along the same lines is given by Hsu et al. [54],
who believe that analysts portray a too positive view of high-volatile stocks. This causes
overpricing and lower returns relative to low volatile stocks.

There are mainly two ways of modelling low-volatility strategies found in the literature[11].
Those models that invests in some proportion of stocks ranked based on historical or fore-
casted volatility[’] and those who use optimization techniques to find minimum variance
portfolios. In this work, we create a model based on the former. Our model closely
follows that of Blitz and Van Vliet [15] and will be introduced in Chapter 5. The SP500
volatility index is also modelled along these lines, only difference is that they weight the
stocks in their portfolios based on the inverse of the historical volatility and the portfolio
sizes are larger[11].

SFor this reason low-volatility stocks are sometimes referred to as low beta stocks.
"Much like the momentum strategies previously introduced.
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Chapter 3

Portfolio Theory in a Single Stage
Setting

A portfolio is the mix of financial assets held by an investor. Portfolio optimization is
the process of selecting, from a set of available instruments, the subset of those which
in aggregate best achieve some objective under given constraints. This section presents
an overview over portfolio theory in a single stage setting, which studies such allocation
of wealth among a set of investment instruments. The objectives and constraints should
properly reflect the investors’ aims, preferences and attitude towards risk. Portfolio
optimization provides a mathematical framework in which to encode these objects.

At the heart of portfolio optimization is the balancing of portfolio risk and reward. Section
introduces the concept of portfolio reward and is followed by a section on popular and
commonly applied quantitative measures of risk. The foundations of modern portfolio
theory were laid by Markowitz [77]. His static, one-stage approach is presented in Sec-
tion together with portfolio optimization models utilizing other, linear risk measures.
Portfolio optimization in a two stage stochastic setting is introduced later in Chapter
4, and will be implemented algorithmically on portfolios of momentum and contrarian
assets in the computational part of this thesis.

3.1 Portfolio Reward

One of the main characteristics that describe investor behavior is the greediness. Any
rational investor wants to maximize the expected reward of her portfolio if other con-
straints are given. The portfolio reward can be seen as an aggregate of the rewards of
the individual financial assets in the portfolio. Asset returns is a measure of such reward
and represents the value development of the asset over some time-span. Another measure
is the individual asset valud} A distinction is made between portfolio value and return,
despite the trivial relation between them, because of the inherent differences in statistical

IThe reason as to why we use value instead of the more commonly used price, is that our portfolio
will contain complex assets consisting of several stocks with individual prices.
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properties in their distributions. Whereas any statistical model used to describe asset
values would have to yield non-negative values only, this is not the case for asset returns.
Also, it is commonly accepted that returns follow a stationary process, i.e. they revolves
around some mean with a constant variance[67, 90].

To describe returns, consider a universe Z of n financial instruments. With w; being
the value of the investment in asset i € Z at time t, the individual asset return over a
time-span from time t to time t+1 may be taken as

Wit+1
i = -1 3.1
= (3.1)
This measure is commonly noted simple return. Another measure of asset return, is the
log return In(r);
In(r); =In(r; + 1) = In(wity1) — In(w;y) (3.2)

Log return corresponds to the continuously compounded rate of the simple returns. In
this work we use simple return as measure of reward. From the relationships in equation
and we note that optimizing with respect to simple return and log return is
equivalent. However, since the log of a sum is not equal to the sum of logs, there is a
difference in 