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Abstract

This study contributes to the discussion of the profitability of momentum investment strategies and
the degree to which the January Effect is still present in today’s developed stock markets by
examining long-, intermediate- and short-term momentum strategies. The formation of the portfolio
in the long-term strategy is based on past performance from the period t-12 to t-2, where t is the month
of formation. The portfolios in the intermediate- and short-term strategies are formed based on past
performance in t-12 to t-7 and t-6 to t-2 respectively. This thesis is based on a sample of 1,254 unique
public companies listed on stock exchanges in Denmark, Sweden, Finland and Iceland in the time
period 01.01.2007 to 31.01.2021.

We find that the three zero-cost momentum strategies analysed have been profitable in the Nordic
stock markets across this time period with significant average monthly excess returns. While we
observe that long-term and short-term strategies perform better than the intermediate-term strategy,
we are not able to conclude that one strategy performs significantly better than the other based on
statistical evidence. A division of the data sample into a small and large sub-sample provides evidence
that significant momentum returns can be found among both small and large companies. However,
we conclude that the small sample significantly outperforms the large sample in all cases, thereby
indicating that the momentum effect is notably more profound in smaller firms. Finally, we find that
even after adjusting for CAPM and the Fama-French three-factor model the momentum strategies
continue to realise positive abnormal returns, why these are unable to fully explain the momentum

returns achieved.

In terms of the January Effect, we detect a presence of this in the Nordic stock markets. We can
document with a 10% significance level that investing in January results in significantly higher
returns compared to investments conducted outside of January. Moreover, we observe that the
January Effect has a negative impact on excess returns for each of the momentum strategies
examined. In relation to this, we find that small firms on average tend to realise higher returns in
January, and that the January Effect appears to be more profound in past losers regardless of size,

which consequently results in lower momentum returns for the zero-cost strategies analysed.

Thus, by examining the performance of momentum investment strategies and the impact of the

January Effect on said strategies from a contemporary perspective we contribute to current literature.
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1. Introduction

1.1. Background

Since the inception of stock markets, investors have tried to find strategies that can consistently beat
the market; only few people have been able to do so consistently. Many studies on the other hand
indicate that buying and holding a market portfolio or an ETF is, for the typical risk-adverse investor,

the best strategy to follow based on the risk-return trade-off.

Scholars investigating the returns of mutual funds, e.g. Jensen (1968), have found that not even highly
successful mutual funds are able to consistently outperform passively managed market benchmarks.
Jensen (1968) finds that on average mutual funds are not able to beat the market even when research
and other expenses are assumed to be zero. These results are in line with the efficient market
hypothesis by Fama (1970). The efficient market hypothesis implies that stock prices are always at
their fundamental value, why mutual funds should not be able to consistently beat the market.

Due to findings like these, there has been (and still is) much discussion about the viability of actively
managed mutual funds when research indicates that the high commissions charged cannot be justified
by the returns generated. However, market anomalies have been detected where prices deviate from
those predicted by the efficient market hypothesis. One such example is the prevalence of momentum
returns observed by various scholars. Momentum is “the tendency of an object in motion to stay in
motion . In terms of stock markets this suggest that past performance is a strong predictor of future
returns. In the momentum investment strategy, the investor buys past winners and sells past losers,

i.e. stocks which over- and underperform relative to their peers.

The notion of momentum on financial markets is a widely researched topic which has received
significant attention from the 1990’s since the study by Jegadeesh and Titman (1993) was published.
In their study they examine 16 different momentum investment strategies based on look-back and
holding periods of 3, 6, 9 and 12 months respectively, and documented monthly positive abnormal
returns of 1% in the short-term. Since then many scholars have applied the same methodology as
Jegadeesh and Titman, where some have found robust performance (e.g. Rouwenhorst, 1998), while
others have found price reversals (e.g. Liu and Lee, 2001).

! Novy-Marx (2012), pp. 1
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Another widely researched anomaly is the consistent occurrence of the January Effect. Several
scholars, e.g. Grundy and Martin (2001), have found that the momentum strategy obtains negative
returns in January. Several arguments have been put forward to explain why the January anomaly
exists. Grundy and Martin (2001) argue that the negative January loss can be explained by a bet
against the size effect, whereas others argue that the January loss is due to “tax-loss selling” and
“window dressing”. On the other hand, more recent studies claim that the January anomaly has

diminished over time, see e.g. Schwert (2003) or Perez (2018).

In other words, we have identified a fragmented view on the profitability of momentum strategies
and the degree to which seasonal anomalies such as the January Effect still persists in current
developed stock markets. As of such we wish to test the possibility of realising significant positive
returns following a relatively simple trading strategy based on past performance, as well as examine

the implications of the January Effect on said strategy.
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1.2 Problem Statement
The purpose of this thesis is to conduct an empirical study of the profitability of various momentum
investment strategies and determine the extent to which the January Effect exist in the Nordic stock

markets. Thus, to contribute to previous findings, the main research question in this thesis is:

Main research question

Do long-term, intermediate-term and short-term momentum investment strategies obtain positive
returns and to what degree is the January Effect present in the Nordic stock markets in the time period
2007 — 20217

Underlying research questions:
To answer the main research question, we investigate different characteristics of the momentum and
January Effect. Thus, in this study we examine these characteristics both from a theoretical and
empirical view. The following sub-questions will provide us with a broader understanding and
contribute to answering the main research question:
e What are the implications of traditional and behavioural finance theories for our study?
e What results have other scholars obtained when studying the presence of momentum and the
January Effect in equity markets?
e What implications does a proposed January Effect have on the return of momentum strategies
analysed in this study?
e How can traditional and behavioural finance theories explain the findings obtained in this

study?

Thus, with this problem statement we add to existing literature as follows. First, by focusing on a
more recent time period with a length deemed adequate we update the findings within this research
field. Second, to the best of our knowledge and based on a review of previous literature, this is the
first study to conduct an empirical analysis of the impact of the January Effect on momentum returns
in the Nordic stock markets in the time period 2007 — 2021.
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1.4 Delimitation

As already stated, the primary focus of this thesis is to examine the profitability of various momentum
investment strategies and the degree to which the January Effect is present in the Nordic stock
markets. For this purpose, the data sample used in this thesis will be based on secondary data. Due to
our empirical analysis being primarily based on quantitative data this will allow us to include data
from a larger number of companies. The data sample included is limited to companies listed on the
Nordic stock markets. For the purpose of this study the Nordic stock markets include Denmark,
Sweden, Finland and Iceland. Thus, throughout this study when we refer to the Nordic stock markets
it does not include Norway. However, this does not mean that dual-listed companies, i.e. companies
with stocks listed on two different stock exchanges, with shares traded in both Norway and e.g.
Sweden are excluded from the sample, since it will be a part of our sample of companies listed in
Sweden. Norway is excluded from the data sample due to limited data availability in terms of

identifying delisted companies in Norway throughout the time period analysed in this study.

Additionally, this study will exclude data prior to 2006 due to limited information about delisted
companies on the Nordic stock markets prior to this date. By excluding data prior to this date, we

limit the impact of survivorship bias on our results.

Despite the empirical analysis being limited to the Nordic stock markets we still conduct a review of
previous papers examining different markets and sample periods in order to gain a broader

understanding of momentum and the January Effect. Moreover, this is done for comparison purposes.

While this study is primarily relevant to professional investors due to the character of the investigated
trading strategies and the resources required to perform these, the findings obtained may also be
relevant to private investors. A thorough discussion of the specific implications of our findings for

professional versus private investors remains beyond the scope of this study.
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1.5 Thesis Structure
With the preceding sections in this chapter having described the motivation for and purpose of this
thesis. The purpose of this section is to give the reader an overview of the overall structure of the

remainder of this thesis. The thesis is structured as follows:

2. Theory: In this chapter, we present theories which the thesis is based upon. The purpose of this
chapter is to give the reader an understanding of the implications of traditional and behavioural

finance theories on the momentum and January Effect.

3. Literature review: In chapter 3 we review relevant previous literature to provide the reader with

an overview of previous methodologies applied and results obtained.

4. Empirical methodology: In continuation of the former chapter we describe the methodologies
applied in terms of both data collection, formation of portfolios, performance measures, statistical

tests applied, etc.

5. Results: In the 5™ chapter of the thesis we present the results obtained in our empirical analyses

and compare these with findings of previous studies outlined in chapter 3.

6. Implementation issues: The 6™ chapter will go through practical implementation issues of the

strategies proposed in this thesis.
7. Discussion: In this chapter we discuss different explanations for the results achieved in chapter 5.

8. Conclusion: Finally, we summarize the findings answering the main research question as well as

the implications of our results for future research.

10
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2. Theory

In this chapter we will focus on both traditional and behavioural finance theories to gain a deeper
understanding of how stock markets behave. The theories outlined in this chapter will be used
throughout this thesis as a point of reference for further analysis and discussion of our findings.

This chapter is divided into two main sections focusing on traditional and behavioural finance theories
respectively. In the traditional finance section, we first focus on Modern Portfolio Theory (MPT)
introduced by Harry Markowitz in 1952. Subsequently, we will describe the Capital Asset Pricing
Model, Arbitrage Pricing Theory, the three-factor model and the Efficient Market Hypothesis. In the
second main section, we will focus on prospect theory, anchoring and adjustment, the disposition

effect, herding and representativeness as we believe these will contribute with relevant insights.

2.1 Modern Portfolio Theory

2.1.1 Portfolio return and risk

According to Markowitz (1952), selecting a portfolio of stocks can be divided into two phases. Firstly,
investors may focus on observation and experience to form expectations about the forthcoming
performance of the stocks observed. Secondly, investors will form a portfolio of stocks based on their
expectations. Markowitz (1952) primarily focuses on the second stage in his modern portfolio
theories. Markowitz first drew attention to the practice of portfolio diversification and how investors
can reduce the standard deviation of possible portfolio returns with a well-diversified portfolio
(Brealey, Myers, & Allen, 2020). The principles introduced by Markowitz in 1952 laid the foundation
for many financial theories developed since then (Ibid).

The two main constituents of MPT are return and risk and the relationship between these. The return

of each stock in the portfolio can be calculated using the following formula:

_ Pt—Pi_1+D¢

R
t Pty

(2.1)

R; = return at time t
P, = price of stock at time t

D; = dividend at time t

As evident from the formula above, the total stock return is the result of both an appreciation in the

price plus dividends paid out to the stockholder. The risk of an investment depends on the dispersion

11
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of potential outcomes and is typically more complicated to calculate than calculating return as risk
can be measured in different ways. The most common statistical measures of risk are variance and
standard deviation (Brealey, Myers, & Allen, 2020). The equations for calculating variance and

standard deviation are presented below:

Var(R) = E(R, — R.)? (2.2)

R; = actual return

&
I

expected return

SD(R) = /VAR(R) (2.3)

Variance is a measure of how “spread out” returns are, i.e. the greater the variance, the greater the
volatility in returns and consequently the greater the risk of the investment. The standard deviation
on the other hand tells you the average deviation from the mean return and is easier to interpret as it
is measured in the same unit as the returns themselves. Equation 2.1 to 2.3 shown above are the return
and risk calculations for an individual stock, however in MPT it is assumed that investors do not hold
securities in isolation but instead hold portfolios of assets (Ibid). Hence, the risk of an individual stock
depends on its contribution to the risk of the entire portfolio. If the returns of stocks do not move in
exact lockstep, investors can construct a portfolio of risky assets that are less volatile than the
individual securities included in the portfolio. Thus, a stock held in isolation may appear as risky, but
when it is included as part of a portfolio it may be risk reducing due to its correlation with the other

assets held. Figure 2.1 below illustrates the relationship between diversification and risk.

Figure 2.1: Diversification benefits

Portfolio
standard deviation

Specific risk

Market risk

Number of
securities

Source: Brealey, Myers, & Allen (2020)

12
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As evident from the figure above, adding more stocks to the portfolio decreases the standard
deviation, i.e. risk, of the portfolio thus indicating positive benefits of diversification. The figure also
illustrates that the marginal benefit of diversification decreases as the number of stocks included in
the portfolio increases. Nevertheless, no matter how many stocks are included in the portfolio, you
can never completely eliminate all risk. The risk that investors can eliminate by diversifying their
portfolio is called unsystematic or idiosyncratic risk (Brealey, Myers, & Allen, 2020). Unsystematic
risk can be eliminated due to the fact that many of the threats a company is exposed to are specific to
that company. The risk that investors cannot avoid, irrespective of how much they diversify, is called
systematic risk (Ibid). Systematic risk affects all companies as there are economywide perils that
threaten the overall market.

To determine the effect of diversification on portfolio risk, the investor must know the covariance
between the stocks included in the portfolio. Covariance measures how two stocks move relative to
each other. The covariance between two stocks can be calculated using the following formula:

012 = P12 * 01 * 03 (2.4)
01, = covariance between stock 1 and 2
p = correlation coef ficient between stock 1 and 2

o = standard deviation

The correlation coefficient is always a pure value and is between -1 and 1. If there is a perfect negative
correlation between two stocks, the correlation coefficient is -1, whereas if they are perfectly
correlated the correlation coefficient is 1. Lastly, if expected stock returns are completely unrelated,
the correlation coefficient is zero. When the correlation is not exactly 1 there is a benefit of
diversification. Assuming the portfolio only includes two stocks, the portfolio risk can be calculated

using the following formula (Ibid):
Portfolio variance = x20 + x20% + 2(x1x,0120103) (2.5)

X, = proportion invested in stock 1

X, = proportion invested in stock 2
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The portfolio standard deviation is calculated as the square root of the portfolio variance. As
mentioned previously, adding more stocks to the portfolio decreases risk. The general formula for
calculating variance when the portfolio includes more than two stocks is as follows (Brealey, Myers,
& Allen, 2020):

Portfolio variance = },; ¥.; x; * xj * Cov(R;, R;) (2.6)

As evident from the variance formula above, the total portfolio risk is driven by the covariances
between the stocks included. As the number of stocks included increases in an equally weighted
portfolio, the portfolio variance will approach the average covariance. If the average covariance is
zero the investor can eliminate all risk by diversifying their portfolio. However, most of the stocks
available to investors are often interrelated in a web of covariances, thus limiting the opportunity to
eliminate risk completely. To determine how a stock will contribute to the risk of a portfolio, divide

by the portfolio standard deviation in formula 2.6 to obtain (Ibid):

SD(RP) = Zi X; * SD(Rl) * COTT(Ri,RP) (27)
SD(R;) = total risk of i

Corr(R;,Rp) = Fraction of i's risk that is common to P

The formula above also illustrates that when the correlation is not exactly 1 there is a benefit of
diversification as mentioned previously. It is now clear that the relevant risk of a diversified portfolio
is the systematic risk of the stocks included. The systematic risk of a stock is measured by its
sensitivity to market movements. This is also referred to as beta. Stocks with a beta above 1 moves
in the same direction as the market and tend to move more than the market, whereas stocks with a
beta between 0 and 1 will move less. On the other hand, stocks with a beta less than 0 will move in

the opposite direction of the market. The beta of a stock can be defined as (Ibid):

SD(Ry)*Corr(R;,Rp) __ covariance with the market

Bf (2.8)

SD(Rp) " variance of the market
2.1.2 Portfolio formation

Now that we have a good understanding of how diversification can reduce the risk of a portfolio we

can focus on how investors can apply this knowledge when building their portfolio of stocks. Based
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on beliefs about stocks’ expected returns and covariances, the investor has a choice of various
combinations of expected portfolio returns and risk (standard deviation) depending on the proportion
invested in the individual stocks (Markowitz, 1952). According to Markowitz (1952), the investor
would (or should) want to select a portfolio that lies along the efficient frontier. These efficient
portfolios offer the highest expected return at any given level of risk. When forming the portfolio, the
investor also has the opportunity to introduce short selling. The investor can short sell a stock by
borrowing and selling the stock now and then return it at a future date. Investors do so if they expect
the price of the stock to decrease. Stocks that have been shorted will have a negative weight in the

portfolio. Thus, by introducing short selling, the investor can extend the efficient frontier.

Until now we have only included common stocks in the portfolio. If we introduce borrowing or
lending money at a risk-free rate of interest, the investor can extend the range of portfolio
opportunities (Brealey, Myers, & Allen, 2020). To determine the optimal portfolio including a risk-
free asset (rf) and a risky portfolio of stocks, the investor should find the best efficient portfolio of
risky assets. If the investor has graphed the efficient frontier of risky assets, as seen in Figure 2.2
below, the best efficient portfolio is found at the tangency point on the efficient frontier starting from
the vertical axis at rs. The efficient portfolio is the portfolio with the highest Sharpe ratio. The Sharpe
ratio measures the risk-adjusted return of a portfolio. To calculate the Sharpe ratio, the following

formula can be used:

portfolio excess return _ E[Rp]—rf (2 9)
portfolio volatility — SD(Rp) '

Sharpe ratio =

Figure 2.2: Efficient portfolio
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As mentioned above, any optimal portfolio is a combination of the risk-free asset and the efficient
portfolio. An investor’s risk preferences will determine how much to invest in the risk-free asset
versus the efficient portfolio. A highly risk averse investor will invest a larger proportion in the risk-
free asset compared to a less risk averse investor, but both types of investors will hold the same
portfolio of risky assets. If the investor is considering adding a stock i to the portfolio of risky assets,
the investor should only invest in the stock if the excess return compensates for the additional risk
added to the portfolio. To determine the minimum return required on the stock in order to include it
in the portfolio, the investor can use the capital asset pricing model (CAPM) as defined by William

Sharpe, John Lintner and Jack Treynor (Brealey, Myers, & Allen, 2020):

R; =15 + B * (E[Rp] — 1) (2.10)
,8{’ = beta of stock i to the portfolio

E[Rp] = expected return portfolio

In a competitive market, the investor’s required return varies in direct proportion to the covariance
between the stock and the portfolio, i.e. beta, since unsystematic risks are eliminated in a well-
diversified portfolio. If the expected return does not meet the return requirements as depicted by the
formula above, adding the stock will not improve the portfolio’s Sharpe ratio.

As already stated, the investor will optimally hold the efficient portfolio of risky assets, why the
appropriate rate of return on stock i should be determined based on the beta relative to the efficient
portfolio (Ibid):

E[R] =R, =17+ B * (E[Ress] —17) (2.10)

The assumptions behind CAPM and the implications of these will be elaborated in the following

section.

2.1.3 The Capital Asset Pricing Model
CAPM has since become one of the most important models describing the relationship between risk
and return. The CAPM is based on the following assumptions:

1. Investors are risk averse and only care about expected return and risk.

2. Investors can buy and sell stocks at competitive prices and have no costs of transaction.

3. Investors can lend or borrow indefinite amounts of money at rs.
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4. Investors have identical anticipations about the correlations, volatilities and expected returns
of stocks.

The assumptions above imply that investors like high expected return and a low standard deviation,
why they should only be interested in holding efficient portfolios. However, since investors can lend
or borrow money at rf, one portfolio will have a higher Sharpe ratio than the others, why this will be
the most efficient portfolio. As stated previously, the formation of the most efficient portfolio depends
on the investor’s anticipations about returns and risk of stocks. Due to the assumption that investors
have identical anticipations, all investors should hold the same portfolio of risky assets, i.e. the market
portfolio, and a risk-free asset. Based on these assumptions the required rate of return on stock i can
be calculated using the following formula:

E[R] = Ry = 17 + B » (E[Rue] —77) (212)

The linear relationship between a stock’s required rate of return and its beta is illustrated by the
security market line (SML), As shown in the figure below, SML is graphed as a straight line through

the risk-free asset and the market portfolio.

Figure 2.3: Security Market Line
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Source: Own creation

According to CAPM, in equilibrium all stocks should lie along the SML. This also implies that all
stocks with the same beta (systematic risk) should provide the same rate of return. If this was not the
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case investors would invest in undervalued stocks that provide a higher expected return at the given
level of risk (beta). This would lead to an increase in the price of the undervalued stock and as a result
lead to a decrease in expected return until equilibrium is restored. Thus, according to CAPM the

financial markets are very competitive and efficient.

2.1.4 Arbitrage Pricing Theory & the Three-Factor Model

Since its inception CAPM has been recognized as one of the most important models explaining the
relationship between risk and required return. However, the plausibility of the CAPM theory has been
questioned in part due to its simplicity. CAPM is a one-factor model, where expected return depends
only on the stock’s sensitivity to fluctuations in the market portfolio, i.e. beta is the only reason why
expected returns vary. This assumption was questioned in 1976 by Stephen Ross when he introduced
arbitrage pricing theory (APT). In contrast to the CAPM, Ross (1976) argues that the efficient market
portfolio plays no significant role in determining expected return. According to APT, expected return
is a function of various macroeconomic factors and the stock’s sensitivity to these factors. Thus, the
expected return, similar to CAPM, depends on economywide factors and not unsystematic risks that
are company specific. Expected return according to APT can be calculated using the following

formula;

E[Ri] =Ty + ﬂil(rfactorl - rf) + .Biz (rfactorz - Tf) + -+ ﬁin(rfactorn - rf) (2-13)

- = sensitivity of stock i's return to factor n
mn y

Tractorn — Ty = expted risk premium associated with factor n

The value of the macroeconomic factors in the APT return formula are the same for all stocks. The
factor sensitivity on the other hand differs with some securities being more sensitive to a specific
factor than others (Ibid), i.e. an oil company is more sensitive to an oil price factor than a beverage
company. For the arbitrage pricing relationship to hold this also implies that stocks with the same
sensitivity to macroeconomic factors should offer the same return. However, in practice, APT is
difficult to apply to determine expected returns as the theory does not say which factors to include in

the formula, nor does it tell us what the value of the macroeconomic factors should be (Ibid).
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Since then many scholars have tried to define which market factors to include to capture market risks
with the purpose of estimating expected return. A well-known model is the three-factor model
introduced by Fama and French in 1993. Fama and French points out the imprecision of using the
CAPM or APT model to determine expected returns, why they introduced the three-factor model. In
a study of stocks listed on NYSE, AMEX and NASDAQ Fama and French (1993 and 1995) identify
three factors that affect expected stock returns and profitability. According to Fama and French (1993
and 1995) the estimation of stock returns is best captured by a market factor, size factor and book-to-
market (B/M) factor. Fama and French (1993 and 1995) found that companies with a small market
capitalization and a high B/M ratio performed better than the average stock. The formula for the three-
factor model is as follows:

E[Ri] = rf + .Bmarket(E [RMkt] - rf) + ﬁsize (rsize factor) + ﬁBTM (TB/M factor) (2-14)

Tsizef actor = dif ference in return between small and large company stocks

rg/m = dif ference in return between high B /M stocks and low B /M stocks

In this model, the expected return depends on the stock’s sensitivity to aforementioned factors. As in
the CAPM and APT model, the three-factor model is also mainly concerned with the risk that

investors cannot avoid, irrespective of how much they diversify, i.e. systematic risk.

2.1.5 The Efficient Market Hypothesis

The efficient market hypothesis (EMH) was first introduced in 1970 by E. Fama. According to Fama
(1970), financial markets are efficient when stock prices fully incorporate all available information.
This implies that in efficient markets stock prices are always at the fair level, i.e. fundamental value,
given the information available (Fama E. F., 1970). Stock prices change only when new information
affecting the fair value level is released. Since the competition to find mispriced stocks and price
trends is very intense, stock prices will adjust immediately as soon as a new trend or new information
is released. This results in an elimination of any additional profit opportunities, since the stock price
immediately changes to its new fair value. Moreover, it is impossible to predict stock price changes
as no one can guess tomorrow’s news, why stock prices are said to follow random walks.

Consequently, in an efficient market, investors should not be able to beat the market consistently.
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Fama (1970) argues that the following three conditions are consistent with market efficiency and
helps explain why stock prices “obviously” fully incorporate all available information in efficient
markets. Firstly, there are no transaction costs of trading stocks. Secondly, all market participants can
without incurring any costs gain access to all available information. Lastly, all market participants
agree on the effect of available information on both the current and future stock price (Fama E. F.,
1970). However, Fama (1970) realises that these conditions are not descriptive of markets in practice,
why three levels of market efficiency are suggested, contingent on the information included in the
stock price. The first level of market efficiency is the weak form of efficiency (Ibid). In the weak
form of efficiency, the stock price incorporates all information about the past, e.g. past price changes,
economic data, etc. Thus, if weak form efficiency holds, investors cannot achieve excess returns
consistently by analysing historical price changes. In the semi-strong form of efficiency, stock prices
adjust immediately to new relevant public information such as earnings announcements, merger
proposals, etc. This implies, that investors cannot beat the market consistently neither with historical
nor fundamental analysis. Lastly, in the strong form of efficiency stock prices immediately reflect all
new relevant information, both public and private information. Consequently, not even company
insiders will be able to use inside information to achieve abnormal results in strong form efficient

markets.

2.1.6 Implications

The traditional finance theories described in the preceding sections imply that investors should not
be able to obtain profitable returns by employing momentum investment strategies, nor should we
find any other market anomalies such as the January Effect. Following traditional finance theories
stock prices reflect the true fundamental value, why it will be extremely difficult to identify under-
or overvalued stocks. According to the EMH, the stock price reflects all available information and
instantaneously adjust to new information, why stocks are argued to follow a random walk.
Aforementioned factors imply that investment strategies based on previous price movements and
market anomalies should not be able to beat the market. Thus, according to traditional finance theories
the optimal risky portfolio to hold is a market index. To conclude, if we are able to obtain positive
momentum returns and find evidence of the January Effect traditional finance theories cannot fully
explain the workings of financial markets. This leads us to the next section which will focus on

behavioural finance theories.
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2.2 Behavioural Finance

The traditional finance theories outlined in the previous sections rest on the assumptions that markets
are efficient and that both investors and markets are perfectly rational at all times. However, empirical
evidence such as bubbles, where prices deviate largely from the intrinsic value, post-earnings
announcement drift, the momentum effect, etc. all contradict the implications of traditional finance
theory. Advocates of traditional finance argue that these findings are irregularities and does not reflect
how financial markets truly function. However, the consistent occurrence of these “irregularities”

gave rise to what we know as behavioural finance.

The origin of behavioural finance can be traced back to Kahneman and Tversky (1974 and 1979),
who introduced essential theories laying the foundation for behavioural finance. In behavioural
finance, the assumptions of market efficiency and rationality are abandoned. Instead, behavioural
finance uses psychological and social principles to understand and explain investor behaviour and
consequently market movements. In the following sections we will present a number of theories

deemed relevant for the explanation of market anomalies such as the momentum and January Effect.

2.2.1 Prospect Theory

One of the theories explaining why stock prices may deviate from its intrinsic value is prospect theory
introduced by Kahneman and Tversky (1979). In prospect theory it is assumed that people value
losses and gains differently as losses are suggested to have a larger emotional impact than an
equivalent gain. This is also rereferred to as the loss-aversion theory and explains why people tend
to make decisions based on expected gains instead of losses (Ibid). Moreover, Kahneman and Tversky
(1979) find that when individuals are faced with decisions providing the same expected outcome,
people will prefer the outcome obtained with certainty over the outcome with less probability. This
phenomenon is referred to as the certainty effect and differs from what has been proposed by
traditional utility theory. This tendency combined with the theory of loss-aversion contributes to
individuals seeking risk when options involve sure losses and risk avoidance when there is a choice
of assured gains (Ibid). This pattern is referred to as the reflection effect (Ibid). Additionally,
Kahneman and Tversky (1979) find that individuals tend to simplify decisions when evaluating
different alternatives by ignoring information that is shared by the different options. This results in
inconsistent preferences when people are presented with different options providing the same

outcome, but introduced in different forms. This tendency is also called the isolation effect (Ibid).
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Abovementioned decision patterns combined with the notion that people make decisions based on
their relative change in wealth and not absolute change result in the s-shaped value function seen

below.

Figure 2.4: Value Function

VALUE

LOSSES GAINS

Source: Kahneman and Tversky (1979)

As evident from the figure above, the value function is concave for gains while it is both convex and
steeper for losses indicating a loss-aversion. In summary, prospect theory suggests that prices may

deviate from the fundamental value potentially resulting in market anomalies.

2.2.2 Anchoring and adjustment

According to Kahneman and Tversky (1974), many decisions about uncertain future events, e.g.
investments, are often based on a number of heuristic principles to reduce the complexity of
estimating probabilities and values. Heuristics are mental shortcuts and rule-of-thumb strategies used
for decision making and problem solving. Kahneman and Tversky (1974) describes three heuristic
principles used to make decisions about uncertain events, of which anchoring and adjustment is one
of the heuristics introduced. They find that people often make decisions based on an initial value
which is then adjusted to reach the final result. Thus, different initial values will result in biased
decisions. This phenomenon is also referred to as anchoring (Kahneman & Tversky, 1974).
Moreover, they found that the adjustments often were insufficient. These findings imply that investors
will anchor their estimates to past information while at the same time insufficiently adjust their views

when new information is published. Consequently, investors will make systematic and predictable
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errors. This is in contrast to the EMH which assumes that all market participants agree on the effect
of available information on the stock price.

2.2.3 The disposition effect

Based on the theories of loss aversion described previously, Shefrin and Statman (1985) introduced
the disposition effect. Shefrin and Statman (1985) found a general disposition among investors to
realize gains too soon and hold on to losers too long. The disposition effect is partly explained by the
regret aversion bias, which describes how investors may resist to realize a loss because realizing a
loss would imply that you have to admit you were wrong and made a mistake (Shefrin & Statman,
1985). Additionally, the longing for pride and the avoidance of potential regret results in investors
realising gains too soon (Ibid).

Selling winners too soon may create a downward pressure on stock prices slowing down the upward
adjustment of the stock price when new information is made available (Hurst, Ooi, & Pedersen,
2013). On the other hand, holding on to losers too long may keep stock prices inflated and prevent

them from decreasing as fast as depicted by efficient market theory (Ibid).

2.2.4 Herding

Herding behaviour is a phenomenon where investors tend to imitate the actions of other individuals
instead of acting based on their own opinions and analysis (Bikhchandani, Hirshleifer, & Welch,
1992). In financial markets investors may decide to invest in stocks due to herding. Hence, herding
behaviour can mislead investors and result in radical shifts in equilibrium (Ibid). Various drivers of
herding behaviour have been put forward in the literature, of which information-based herding
introduced by Bikhchandani et al. (1992) is widely recognized. They argue that herding behaviour
can be explained by information cascades, where investors imitate others as they lack confidence in
their own information and consequently discard their own signals. Information-based herding is more
likely to occur when there is a high degree of uncertainty about the information available and when
it is highly complex (Ibid). Another driver of herding behaviour is reputation-based herding
(Scharfstein & Stein (1990) and Graham (1999)). Scharfstein & Stein (1990) argue that investors may
imitate trades made by others to signal that their decisions do not deviate too significantly from peers.
The rationale is that incurring losses with a group of other individuals will not damage the investor’s

reputation to the same degree as if trades were based on own estimates that deviate from that of peers.
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2.2.5 Representativeness

Another heuristic principle presented by Kahneman and Tversky (1974) is representativeness.
Representativeness refers to the tendency of estimating and judging decisions based on stereotypes
and the degree to which it resembles past events. They find that people tend to put more weight on
representativeness than on relevant information about prior probabilities, or base rates, of the outcome
(Kahneman & Tversky, 1974). In other words, people neglect statistical estimates of how common
the event is in general and thereby also ignore the phenomenon of regression towards the mean. They
also argue that people are insensitive to the size of the sample when making decisions. Hence, people
tend to base their beliefs on too small a sample and thereby disregard the notion of potential
distribution errors when using small samples.

The representativeness heuristic may lead to serious errors since relevant elements necessary to
estimate probabilities may be excluded when decisions are based on representativeness. In terms of
financial markets this may occur when investors go long in companies which recently experienced a

share price appreciation and conversely short stocks that have dropped in price.

2.2.6 Implications

To summarize, behavioural finance theories describe how cognitive errors can impact the actions
taken by investors. In contrast to traditional finance theories, investors are considered human beings
and not always 100% rational as they are influenced by e.g. heuristics and limits to self-control. In
terms of this thesis, these findings imply that market anomalies such as the momentum and January
Effect can to some degree be explained by behavioural finance theories. According to behavioural
finance, irrational decisions as a consequence of e.g. anchoring and herding, can result in persistent
mispricing where stock prices deviate from the fundamental value depicted by traditional finance.
Consequently, these persistent market anomalies suggest that investors may be able to generate
positive returns by leveraging technical trading strategies that examine historical data and by taking
into consideration the implications of behavioural finance theories. Examples of such strategies are

the momentum investment strategies examined in this thesis.
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3. Literature review

The following chapter aims to create an overview of the previous research and studies of momentum
and seasonal anomalies present in equity markets. The chapter is divided into three sections focusing
on the momentum and the January Effect. The first section describes the concept of momentum
strategies and goes through historical empirical findings to give the reader an understanding of the
concept of momentum as well as proposed explanations for the profits to be found applying this
strategy. Furthermore, we present literature focusing on optimization of momentum strategies and
momentum studies including the Nordics. In the second section we review literature focusing on the
concept of seasonal anomalies and the January Effect. The third section will explore and combine
previous studies and findings of both concepts to explain the connection between the two market

anomalies.

3.1 The Momentum Effect
3.1.1 Profitability and explanation of momentum strategies

“If stock prices either overreact or underreact to information, then profitable trading strategies

that select stocks based on their past returns will exist.”

This is the rationale used by Jegadeesh and Titman (1993) in the first study to present the concept of
momentum, in which they examine a variety of strategies that buy stocks with high historical returns
while simultaneously selling stocks that have realised poor returns over the same time period. More
specifically, the strategies take a long position in past “winners” and a short position in past “losers”.
Jegadeesh and Titman (1993) define “winners” as the historically top performing decile of stocks
whereas losers are defined as the bottom decile. The different strategies investigated differentiate in
their lookback- and holding-period; each strategy holds a different combination of 3-, 6-, 9- and 12-
months lookback- and holding-periods, resulting in a total of 16 unique strategies. Jegadeesh and
Titman (1993) apply monthly returns of NYSE and AMEX stocks based on a sample period from
1965 — 1989 as the base for analysis. Findings document that these strategies on average yield
significant and abnormal returns of about one percent per month for the following year (annual returns
of 12.01%). However, they find that some of the abnormal returns which occurred in the first year
after portfolio formation disappeared in the following two years. Through the authors’ own
interpretation of their findings, they provide a plausible reason for the observed short-term abnormal

returns as well as the long-term reversal of returns. Jegadeesh and Titman (1993) argue that the market
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underreacts to information about the short-term prospects of the firm, while overreacting to long-term
prospects of the firm. This interpretation is consistent with more recent theory of trend life cycles as

proposed by Hurst, Ooi and Pedersen (2013).

Following the initial studies of momentum strategies, the results and their profitability were generally
accepted by academics, portfolio managers and stock analysists alike, however the source of the
profits and the interpretation of the evidence was still widely debated (Jegadeesh and Titman, 2001).
Some scholars argued that the results proved as a strong indication of “market inefficiency” (e.g.
Barberis, Schleifer & Vishny, 1998; Hong and Stein, 1999) while others pinned the returns of the
strategies as compensation for risk or a product of data mining (e.g. Conrad and Kaul, 1998; Fama
and French, 1996).

Chan, Jegadeesh & Lakonishok (1996) applied the 6-month/6-month strategy, which was widely
regarded as the best momentum strategy, to test the hypothesis of being able to predict future returns
based on firms’ past-earnings announcements. They find compelling results that for the first 6 months
the returns surrounding the earnings announcement days are able to account for a large part of the
spread between “winners” and “losers” in the momentum portfolio. This would imply that momentum
profits seem to be, at least partially, driven by underreactions to firm-specific information, consistent
with the conclusion made by Jegadeesh and Titman (1993). This view would later gain further support
by the findings of Grundy and Martin (2001). Similarly, Barberis et al. (1998) report that it is the
tendency for investors to stick with their original beliefs and past information, that results in the slow
reaction to new information and stocks trading below their intrinsic value and as of such the

momentum effect.

In their paper from 1996 on multifactor explanations of asset pricing anomalies, Fama and French
would try to explain the profits of momentum strategies and other anomalies by applying the Fama-
French three-factor model (Fama and French, 1993). If the profits were to be explained by the model
it would pin the profitability of momentum strategies as a compensation for risk and would imply
that the “winner” portfolio contains more risk than the “loser” portfolio. The risk factors of the model
as explained in the previous chapter are beta (market risk), market capitalization (size) and book-to-
market values (value). Fama and French hypothesized that the “winner” portfolio would consist of

stocks with high beta values, small market capitalizations and high book-to-market values. However,
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Fama and French fail to account for the profitability of momentum strategies using the three-factor
Model calling it “the main embarrassment of the model”, and instead argue that data mining appears

to be the most likely explanation of the momentum effect.

In order to rule out the possibility of data mining bias Rouwenhorst (1998) was the first to conduct
an analysis of momentum strategies in a market other than the American market. Investigating the
momentum effect using sample data for 2,190 different companies across 12 European countries
during the period of 1980 to 1995. Through applying the same methodology as Jegadeesh and Titman,
all countries except Sweden were shown to produce significant abnormal positive returns. The
strongest momentum effect was found in Spain, followed by the Netherlands, Belgium and Denmark.
Furthermore, Jegadeesh and Titman (2001) and Chan, Tong & Hameed (2000) would re-examine
their previous studies to investigate and de-myth some of the criticism surrounding momentum
strategies. Jegadeesh and Titman (2001) extended their initial 6-month/6-month strategy from their
original study, with 8 more years in the sample period, and found remarkably similar results to their
first study in 1993, with the strategy still proving to be profitable. Chan et al. (2000) applied the
momentum strategies to global equity market indices. They too found momentum strategies to remain

profitable.

Other authors have tried to rationalize momentum using different approaches. Lee and Swaminathan
(2000) find a correlation between higher trading volumes and momentum return, where stocks with
high (low) past trading volumes generate lower (higher) future returns. While Chordia and
Shivakumar (2002) test for macroeconomic variables that can capture momentum payoffs and find
that the original momentum strategies only generate positive payoffs during expansionary time-
periods, while generating negative returns during economic downturns. The findings of the latter
study support the risk-based hypotheses for momentum profits. Sagi and Seasholes (2007) point out
that firm specific attributes such as dividends, credit ratings, turnover, firm expansion, idiosyncratic

volatility and capital investments are deciding factors in determining momentum profits.

In 2008 Fama and French would revisit their studies of momentum and other market anomalies, this
time examining separate sorts of microcaps, small stocks and big stocks on each anomaly variable,
using data for NYSE Amex and Nasdaq stocks in the period of 1963-2005. In terms of the

methodology for examining the momentum variable, the paper forms portfolios based on 12-month
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historical returns, skipping the most recent month. While Fama and French does not succeed in
explaining the momentum profits with the CAPM or the three-factor model, the findings document a
size effect, suggesting that the momentum effect is only evident in small and micro-sized portfolios.
Interestingly, the documentation of a size effect would appear again in the papers of O’Brien,
Brailsford & Gaunt (2010) and Alhenawi (2015), however, contrary to the findings of Fama and
French (2008), these papers showed that the momentum effect was larger in bigger firms. Alhenawi
(2015) would examine the interaction of momentum and the size effect, reporting that in markets
experiencing bull-like trends, firms would grow rapidly and as a result it is possible that both the
effect of momentum and size is a result of general upwards growth in the market. Booth et al. (2016)
document findings consistent with those of Fama and French (2008), and demonstrate that firm size,
as a proxy for risk, captures the momentum effect, finding significant momentum returns only in the
case of small-cap stocks. More recently Han and Li (2017) have found that significant momentum
profits only arrive when investors feel optimistic, supporting behavioural explanations of momentum,
while Filippou, Gozluklu & Taylor (2018) provide evidence in support of rational explanations by

linking performance of momentum portfolios to political risk.

To summarize, a large part of the academic literature agrees on the profitability of momentum
strategies, however, there is still a fragmented view on the sources of the profits, split into two large
schools of thoughts. The first being rational- or risk-based explanations and the second being
behavioural explanations or explanations suggesting market inefficiency. Within these schools of
thoughts previous studies have found contradicting evidence for both hypotheses, thus demanding

further research on the topic.

3.1.2 Optimization of momentum strategies

While the original momentum strategy suggested by Jegadeesh and Titman (1993) saw much use
throughout the early 2000s, the strategy showed poor performance during the economic downturn of
2007-2010 (e.g. Daniel and Moskowitz, 2016; Fan, Li and Liu, 2018). As of such, literature regarding
momentum would shift its focus to optimization of the strategy to perform better, especially during
times of increased volatility (Singh & Walia, 2020). Some of these optimizations include those of
Blitz, Huij, and Martens (2011) who found that “Residual Momentum” performs better than the
traditional momentum strategy during times of economic crisis. The difference between residual

momentum and regular momentum lies in the stock selection process. In the residual momentum
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strategy, stocks are selected based on their stock return after adjusting for the Fama-French factors,
as opposed to the traditional strategy where stocks are selected based on their total return. The
profitability of residual momentum and its superiority to the original strategy in times of financial
crisis is also supported by more recent research such as Chang, Ko, Nakano and Rhee (2018) and Lin
(2019).

Novy-Marx (2012) was the first to publish a paper on intermediate-term momentum which postulates
that the momentum effect is driven by firms’ performance 12 to 7 months prior to portfolio formation,
and not due to a tendency of recent “winners” and “losers” to keep rising and falling. Novy-Marx
finds that while strategies based on recent historical performance generate positive returns, the
profitability of those based on an intermediate-term horizon generate even larger returns. While
initially examining a cross section of US equities the study is also extended to international equity
markets and finds similar results in these markets. Furthermore, Novy-Marx suggests that the
predictive power of recent historical returns have diminished over time, while those of intermediate-

term horizon have performed consistently and have become even more profitable over time.

More recently, scholars have gained an increased interest in time-series momentum, also referred to
as absolute momentum, first suggested and tested by Asness, Moskowitz and Pedersen (2013), who
examined the momentum effect using time-series data instead of cross-sectional. Specifically, the
time-series momentum strategy chooses a position in every financial asset based on the past returns
of the individual financial asset. This means that instead of splitting the universe into top decile
winners and bottom decile losers, the time-series momentum strategy takes a long position in a given
asset if it has had positive historical returns and a short position if it has had negative returns. This
means that in theory the time-series momentum strategy can be a full long or short position, as
opposed to the original momentum strategy which by nature is a long-short strategy with zero capital
requirement. The profitability of absolute momentum has since been explored and confirmed by
numerous research studies such as He and Li (2015), Bird, Gao and Yeung (2017), Goyal and
Jegadeesh (2018) and He, Li and Li (2018). To account for the problem of poor performance during
times of economic downturns, some research studies have implemented different types of volatility
scaling in absolute momentum strategies, with Fan et al. (2018) determining that the strategy based

on dynamic volatility scaling generates the best returns.
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In summary, due to the poor performance of the original momentum strategy in the subprime crisis,
there was a shift in literature to focusing more on optimizing the strategies. Recently, the literature

has focused more on the idea and profitability of time-series momentum.

3.1.3 Momentum in the Nordics

In their paper on momentum around the world Chui, Titman and Wei (2010) try to examine how
cultural differences influence the return of momentum strategies. Chui et al. (2010) argue that
momentum profits are more likely to be persistent in countries with a higher individualism score
based on the cultural dimensions developed by Hofstede (2001). In line with their hypothesis, they
find that countries such as Denmark, Sweden and Finland, which all have a relatively high
individualism score of 74, 71 and 63 respectively, achieve significant momentum profits. Similarly
Gong, Liu and Liu (2015) examine 26 major international markets, including Sweden, Denmark and
Finland for intermediate and short-term momentum, using the methodology of Novy-Marx (2012)
and Fama and French (2008) respectively. They find that 12 countries have significant momentum
profits from both strategies tested, including Denmark, Sweden and Finland, using a sample from
1982-2012. However, contrasting studies do exist, as Rouwenhorst (1998) found significant
momentum profits for Denmark, but insignificant profits for Sweden, using a sample from 1978-
1995. Consistent with these findings Goyal and Wahal (2015) find no compelling evidence for
intermediate- or short-term momentum in either Denmark, Sweden or Finland, looking at a sample
from 1980-2010. To conclude, there is a fragmented view on momentum profits in Nordic countries
which demands further research.

Overall, momentum strategies have proved to be an efficient and one of the most consistent ways to
“beat the market” across all asset classes (Asness et al., 2013), with a wide range of strategies proven
successful through backtests in the American and European market, as well as the Asian-Pacific and
emerging financial markets. The source of the profits has divided the academic literature, ranging
from behavioural theories to compensation for risk and macroeconomic variables. Furthermore, there
still exists contradicting evidence regarding momentum profits in the Nordic countries which thus

demands further research.
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3.2 The January Effect

3.2.1 Initial observation and explanations for the January Effect

The efficient market hypothesis suggests that it is not possible to outperform the market once you
adjust appropriately for risks (Fama, 1970).

The turn-of-the-year effect otherwise referred to as the ‘January Effect’ is one of the most well
researched topics on capital market phenomena. The January Effect refers to the observation that
stock returns in January seems to be higher than returns in other months of the year. The first
observation and description of the effect was around 1942 by investment banker Sidney B. Wachtel
(Wachtel, 1942). However, a more fleshed out analysis did not exist until the study by Rozeff and
Kinney (1976) was published. Rozeff and Kinney (1976) provided the first empirical evidence of the
January Effect in the United States, documenting seasonal patterns on the New York Stock exchange
over the sample period 1904-1974. Specifically, the paper found the average returns in January to be
3.5% compared to 0.5% in the other months. Following this paper, the seasonal anomaly gained

increased attention from academics and practitioners.

Gultekin and Gultekin (1983) was the first study to examine and investigate seasonal anomalies
outside of the United States. They used data samples for 16 industrialized countries in Europe and
Asia-Pacific in the period 1959-1979 and documented a seasonal anomaly in most of their examined
countries, including Denmark and Sweden. For the countries with significant evidence, except for
Australia, the seasonal anomaly coincided with the end of the tax year. For all countries this was in
January, except for the UK which ends their tax year in April. Gultekin and Gultekin (1983) thus
conclude that they find evidence of a seasonal pattern in the stock returns of most major industrial
countries, manifesting in a significantly large mean return at the end of the tax year, i.e. the January
Effect.

Several other studies continued to confirm the January Effect in different sample periods and
countries. Ho (1990) examined 8 emerging markets in the Asia-Pacific region and found the January
Effect in six of them. While Lakonishok and Smidt (1988) confirmed the January Effect in the US
for a different sample period. And as the existence of the January Effect was generally accepted, the
initial wave of papers studying the rationale and explanations of the January Effect would soon

follow.
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Initially, studies such as Roll (1983) and Keim (1983) would attribute the existence of the January
Effect to the size effect, also referred to as the small-firm effect. This hypothesis would later be tested
and confirmed by Lakonishok and Smidt (1988). Furthermore, Reinganum (1983) pointed out that
the January returns were higher for small firms whose prices had declined in the previous year, and
the excess returns in the first five days were not observed for small “winners”. These findings implied
that stocks with negative returns over the previous year would have higher returns in January. Branch

and Chang (1990) found that this effect was further enhanced for stocks with low share prices.

The beforementioned research was motivated by a possible explanation of the January Effect based
on tax-loss selling. Tax-loss selling implies that stocks which have incurred losses for investors at the
latter months of the tax year will continue to decrease in price as investors sell them off to realize
capital losses. These stocks will then, following the new year, bounce back due to the absence of
selling pressure and possible repurchase from investors. The findings of Gultekin and Gultekin (1983)
are consistent with this hypothesis. Agrawal and Tandon (1994) further supports the tax-loss selling
hypothesis, finding results consistent with Gultekin and Gultekin (1983), confirming the tax-loss
selling hypothesis and January Effect for 18 different countries, except for the UK where they find a
similar effect in April.

While the tax-loss selling hypothesis is widely regarded as the most likely explanation for the January
Effect (Chen & Singal, 2004), the argument is not universally accepted. Thaler (1987) argues that
while tax-loss selling seem relevant in explaining the January Effect, it cannot be the entire
explanation. This is supported by the findings of Kato and Schallheim (1985) who find an observed
January Effect in Japan, where no capital gains tax or loss offset existed at the time. Another example
is Berges, McConnell and Schlarbaum (1984) who examine stocks in Canada, which had no capital
gains tax before 1972, yet documents a January Effect prior to 1972. Furthermore, Haug and Hirschey
(2006) find that there is no significant impact on the January Effect from large tax reforms such as
the Reform act in the US in 1986. A multitude of other studies find abnormally large returns in
January despite the tax year for individuals not ending in December (e.g. Brown, Keim, Kleidon and
Marsh, 1983; Fountas and Segredakis, 2002).

The second most popular explanation behind the January Effect is that of window dressing. Initially

proposed by Haugen and Lakonishok (1988), the window dressing argument is built upon the idea
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that fund managers will try to make their portfolio look as attractive as possible at the end of
December, which is the time where the detailed portfolio composition is reported to investors
(Lakonishok, Schleifer, Thaler and Vishny, 1991). Managers therefore try to accommodate this
ambition by selling their losing stocks at the end of the year and only keep the winning stocks, thereby
creating an illusion to investors of a strong performing portfolio with an abundance of stocks having
realized positive returns. The funds gained from selling the losing stock in December is then
reinvested into the same stock in January, thereby driving up the price. Lakonishok et al. (1991) find
that in every quarter, funds sell poorly performing stocks and that this pattern is accelerated in the
fourth quarter.

Chen and Singal (2004) test the hypothesis put forward by Lakonishok et al. (1991) and argue that if
window dressing is the main driver of the January Effect there should be seasonal anomalies present
in the other quarters. They therefore study the period of June through July and obtain findings which
suggest that window dressing is not the reason for the January Effect.

Other less popular explanations for the January Effect include the liquidity hypothesis (Ogden, 1990),
which argues that a substantial increase in business activity in December yields an increase in
liquidity in January and pushes up the price of stocks. However, the liquidity hypothesis has received
criticism for not explaining why the January Effect is primarily present in small stocks as an increase
in liquidity and profits at year end should affect the entire market. Anderson (2007) suggests that
phycological factors such as a change in mindset following Christmas and New Year’s cause
investors to act irrationally. This is consistent with the findings of Ciccone (2011) who argues that

investor optimism is at its peak during January.

3.2.2 Recent literature on the January Effect

More recent literature has had more contradicting results regarding the persistence of the January
Effect. Schwert (2003) examines the US market in the period from 1980 to 2001 and concludes that
the January Effect has weakened but is still existent. Klock and Bacon (2014) test the efficient market
hypothesis by backtesting a strategy of buying tax “losers” in December and selling the same stocks
in January, for the years 2010, 2011 and 2012. If the efficient market hypothesis holds, this strategy
should not yield above normal returns. Given their findings they conclude that the market is not
efficient with respect to year-end selling and the January Effect, and that the January Effect is still

present in today’s markets.
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Other studies (e.g. Marquering, Nisser and Valla, 2006; Perez 2018) find that the January Effect has
now disappeared from developed markets. Perez (2018) investigates whether the January Effect still
exists in modern day emerging and developed markets. He does this in a systematic and global way
by studying the performance of 106 indexes in 86 different countries and jurisdictions over a sample
period of 2002-2017. He finds that while the January Effect is still present in some emerging markets,
it seems to be decreasing over time or being non-existent especially in developed and advanced
markets, thereby implying that the market has adjusted to the January Effect. Patel (2016) examine
US and international stock returns from 1997-2014 and find evidence which suggests that the January
Effect does not exist anymore in US stock returns. Plastun, Gupta, Wohar and Sibande (2019) conduct
one of the most recent studies and sample periods testing the January Effect. Testing a century of data
from the US stock market in the period spanning from 1900-2018 and focusing on the evolution of
the January Effect, they find that the effect was most prominent during the 1950-1960s and that it has
disappeared from stock returns in more recent times.

Some studies still find evidence for the existence of the January Effect to varying degrees. Haug and
Hirschey (2006) find the January Effect to still be prevalent in US equities, which is consistent with
the findings of Jacobsen, Mamun and Visaltanachoti (2005). Li and Gong (2015) find the January
Effect to still persist in Japan and Gharaibeh (2017) found evidence for the January Effect in Morroco
and Jordan during the period 1988-2014.

To summarize, it is evident that the issue of the January Effect has attracted a lot of attention from
academics and practitioners alike, with the first observation of significantly higher returns in January
being presented several decades ago. The two most widely accepted explanations for the January
Effect include the tax-loss selling hypothesis and window dressing. Finally, in more recent literature
and sample periods there seem to be a trend in developed markets for the January Effect to dissipate,
implying that markets are becoming more efficient. However, there is some contradicting evidence
surrounding the persistence of the January Effect in different markets, which implies a need for
further research on the topic.

3.3 Momentum in January
This section will create a connection between the theories, empirical studies and evidence
surrounding momentum strategies and the January Effect. The characteristics of the phenomena have

been described in the previous sections in detail but will briefly be summarized in this section.
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The momentum strategy involves buying securities that have been rising while shorting those that
have been falling. Betting on the fact that the stocks that have historically performed well (poorly)
will continue their upwards (downwards) trend in the short-term. Due to its consistent performance
and profitability across all major asset classes, the momentum strategy (and its many branches of
alterations and modifications) has historically been and is still one of the most widely used investment
strategies by academics and practitioners around the world.

The January Effect is a seasonal anomaly that has been observed in the month of January, where
equities on average see a seasonal increase in stock prices compared to the other months. The effect
has predominantly been found in small-cap stocks. The two main explanations for the January Effect
is those of tax-loss selling and window dressing. Tax-loss selling suggests that investors will sell their
losing stocks at the end of the tax year to incur a capital loss, then reinvest those funds in January,
causing the prices of the stocks to rise. Window dressing implies that hedge fund managers will sell
off losing stocks in their portfolio to present a more attractive picture to investors, when the portfolio
is presented at the beginning of January. The stocks sold off will then be added back to the portfolio
later in January.

What does the existence of a January Effect imply for momentum strategies? Since investors are
buying winners and shorting losers the performance of the momentum strategy is based on the
winning stocks having positive returns and the losing stock having negative returns in the short-term.
If it is assumed that the January Effect is caused by tax-loss selling, then stocks that have performed
poorly in the months leading up to December will perform worse in December due to the downward
selling pressure caused by investors. This means that if the January Effect exists the momentum
strategy should perform better in December compared to other months. However, in January we
should see a reversal of momentum when these poor performing stocks are bought back causing their
stock price to increase. As of such, with the existence of a January Effect, the momentum strategy
should perform worse in January compared to the other months of the year due to losers

outperforming winners in that month.

The following section will discuss the findings of previous studies on the connection between

momentum and the January Effect, coupled with implications for profitability.
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Already in the initial study of momentum by Jegadeesh and Titman (1993) the aspect of seasonality
is mentioned and examined. In accordance with the previously mentioned hypothesis, Jegadeesh and
Titman (1993) find that the momentum strategies lead to consistent monetary losses in January. These
findings are backed up by Sias (2007) as well as Grundy and Martin (2001) who show that the
substantial loss of momentum profits in January is due to short selling of losers that tend to be
extremely small firms.

These findings are consistent with the existence of a January Effect, that stocks with negative returns
over the previous year have higher returns in January, that the tax-loss selling hypothesis is a valid
explanation for the January Effect, and that the January Effect is concentrated primarily in small

firms.

More recently Yao (2012) examined an even stronger connection between momentum and the
January Effect. His study shows that the abnormal returns of losers in January can completely explain
the successful returns of the long-term contrarian strategy, a strategy that buys losers and sell winners
in a 2 to 5-year period. Furthermore, he finds that the outperformance of the intermediate-term
momentum strategy, as suggested by Novy-Marx (2011), compared to the short-term momentum
strategy can be explained by the strategy betting less against the small firm size effect and as of such
suffer less substantial losses in January. Specifically, he finds that the short-term momentum strategy
go long in small firms but shorts extremely small firms, while the intermediate-term strategy buys
and sells slightly larger firms. More importantly he also finds that once the January influences are
controlled for, the short-term and intermediate-term strategies achieve approximately equal

momentum profits outside of January.

Zaremba (2015) examines the January Effect in the country level value and momentum strategies.
Eight distinct strategies in 78 different markets are examined in the period from 1995 to 2015 and
performance is tested for seasonal patterns. Zaremba (2015) finds that during the past 20 years value
strategies have performed well in January and poorly in December, while momentum strategies have
performed well in December and poorly in January. These observations are consistent with the
explanations of the January seasonality and January Effect being related to the tax-loss selling and
window dressing effects. However, due to a lack of statistical significance the null hypothesis of the

same returns in January and December was not rejected.
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In summary, previous authors have found that traditional momentum strategies experience
significantly worse returns in January and better returns in December compared to other months.
Most studies have attributed this to the existence of the January Effect, tax-loss selling and the small-
firm effect. However, more empirical and statistically significant evidence is required on the topic

and thus demands further research.

4. Empirical Methodology

With the two preceding chapters having presented various theories and literature deemed relevant for
the empirical study, the following chapter will present the research approach used to answer our
research questions. First, we describe the data used in the empirical analysis, including choice of
markets, variables, sample period, final data construction etc. Second, we describe the methodology
used for formation of relative-strength portfolios and construction of the three momentum strategies
analysed in this study. Third, we provide the approach for calculating stock returns, determining
statistical significance as well as application of the CAPM and the Three- and Four- factor models.

Finally, we discuss the methodology applied for determining the presence of the January Effect.

4.1 Data

In order to answer our research questions a rich set of data has been collected. Furthermore, due to
the scale of the study, secondary data has been applied in the empirical analysis. Using secondary
data give us the opportunity to conduct a longitudinal analysis, i.e. using concentrated samples over
a longer time period, thereby allowing us to test for the profitability of momentum investment
strategies and for the persistence of the January Effect. Moreover, secondary data has been used

extensively by previous existing literature for their empirical analysis.

4.1.1 Data Sources and collection

The data collection process can be divided into two steps. In the first step, S&P Capital 1Q, a
comprehensive market intelligence platform containing financial information about both private and
public companies, was used to collect monthly information on market capitalization and dividend-
and stock split- adjusted closing prices. Data was collected for companies that as of 31% of January
2021 were listed on the relevant stock exchanges. Please see section 4.2 for a more in-depth
explanation of the stock exchanges included in the analysis.
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In the second step, information about companies that had been delisted from the stock exchanges
examined during our sample period was collected as follows. Firstly, to identify the companies which
had been delisted we reviewed Nasdaq’s Nordic Surveillance Reports from 2006 to 2020. Once all
the delisted companies were identified, S&P Capital 1Q was used again to collect their historical data,
thus enabling us to conduct a more thorough empirical analysis and reduce survivorship bias. If we
were to not include delisted companies in our sample this could potentially distort the results of our
findings, as the sample would not provide a complete representation of the historical market situation
and equity universe. We refer to appendix 1 for a complete list of companies and their tickers included

in the data sample.

4.1.2 Data Variables

The following section presents the variables employed in the analysis. The data sample consists of
monthly dividend and stock split adjusted closing stock prices for each company included. In order
to gain a better understanding of the overall value of the stocks and make informed investment
decisions adjusted stock prices have been applied. Adjusted stock prices includes the impact of
dividends, stock splits, seasoned equity offerings, etc. Thus, using adjusted stock prices have allowed
us to conduct a more accurate analysis of historical performance as the impact of beforementioned

factors are excluded.

Moreover, for the purpose of portfolio formation and conducting sub-analyses we have collected the
market capitalization of each company. All market capitalizations have been converted to DKK
through the S&P Capital 1Q database applying the appropriate historical spot rate. This has been done
to easily compare the size of companies across multiple stock exchanges. The codes applied in the
S&P Capital 1Q excel plugin to collect historical data are as follows:

- Adjusted closing prices = 1Q_CLOSEPRICE_ADJ

- Market capitalization = 1IQ_MARKETCAP

4.1.3 Data Intervals

Our analysis has been conducted based on-end-of month adjusted stock prices. Using monthly data
points is in line with a large part of previous literature and allows us to compare our results with
previous findings. Alternatively, we could have used daily or weekly data points in our analysis, as

this would have given us a more comprehensive collection of data and consequently provide us with
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a basis for a more nuanced and exhaustive analysis. However, it can be argued that in practice
investors will most likely not develop an investment strategy based on daily or weekly rebalancing
of the portfolio due to transaction costs, time availability, etc., why an empirical analysis based on

monthly data points is deemed adequate by the authors of this study.

4.1.4 Data Adjustments

A number of selection criteria has been applied in our data collection strategy. In line with previous
studies, we have excluded listed mutual and investment funds from our data sample. These have been
excluded from our study due to their strong correlation with other stocks applied in our analysis.
Another important factor to consider when employing a momentum investment strategy is share
liquidity, i.e. how easily stocks can be bought or sold. Thus, the next criteria in our data collection
strategy was in relation to the share class included in the analysis. For each company we have included
only one share class, since they are often highly correlated. Previous studies have excluded Class A
shares in their analysis as these are argued to be less liquid than Class B shares. However, we found
that for some companies Class A shares had a higher trading volume than Class B shares. Hence, in
order to ensure that our data sample only includes shares with the highest liquidity, we have examined
the trading volume of each company’s stocks currently listed in the last full calendar year, i.e. 2020,
to identify the most liquid stocks. In terms of delisted companies, we examined each company’s last
year of trading to identify the share type with the highest liquidity. In summary, for companies with
multiple share classes and companies listed on more than one stock exchange, e.g. Nordea which is
listed in both Denmark, Sweden and Finland, the share with the highest trading volume was included

in the final data sample.

In addition to A- and B-shares, some companies have preference shares. Preference shares may be
defined as a hybrid of common stocks and bonds, since they have different rights than common
shares, e.g. preference shareholders receive dividends before common shareholders. Furthermore, in
most cases preference shares only comprise a small percentage of total shares outstanding, why they
are typically less liquid than common shares. As a result of these factors, preference shares have been
excluded from the data sample.
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4.2 Stock Exchanges

As was evident from the literature review several scholars have studied the profitability of momentum
investment strategies. However, we also identified a need for more studies focusing on both the
profitability of momentum strategies and the January Effect in the Nordic stock markets. Thus, our
data sample includes companies listed on Nasdagq Main Market and Nasdaq First North Growth
Market (NFNGM) in either Denmark, Sweden, Finland or Iceland. To our knowledge other scholars
have not included both the Main Market and NFNGM in their studies. Hence, we contribute to
existing literature by focusing on both markets in our analysis. The data sample does not include
companies listed on Spotlight Stock Market, as these companies are typically smaller growth
companies, why they are considered significantly more risky than mature companies. Moreover, due
to a lack of data availability in terms of delisted companies, the Spotlight Stock Market was also
excluded to reduce potential survivorship bias. Companies listed on the Oslo Stock Exchange were
also excluded from the data sample.

Focusing on several stock exchanges results in a considerably larger data sample, thereby enhancing
the probability of achieving statistically significant results in our analysis. Moreover, our analysis
will become more representative of the implications and profitability of momentum investment
strategies in practice, where investors in most cases will focus on multiple stock exchanges. In total

1,254 stocks have been included in the data sample. 2

4.3 Sample Period

As mentioned previously, our analysis is based on monthly stock prices in the time period 01.01.2006
—31.01.2021. We deliberately chose this time period for a number of reasons. First, in order to assure
a large number of data points were collected we chose an adequately long time period to improve the
credibility of our results. Second, we have identified a need for a study focusing on a more recent
time period to analyse the efficiency of stock markets, and consequently if the profitability of
momentum strategies and the January Effect has diminished compared to previous studies. Third,
during this time period companies experienced a significant downturn in stock prices in the financial
crisis of 2007-08, and by including this period we stress-test the profitability of our investment

strategies and analyse its implications for the January Effect.

2 For descriptive statistics on the data sample and portfolios, refer to section 4.6
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4.4 Formation of portfolios

In this section we will describe the portfolio formation strategy applied in the analysis. The formation

strategy can be divided into three distinct steps.

4.4.1 Exclusion based on market capitalization

In line with previous studies (see e.g. Jegadeesh and Titman, 2001) we sort out small companies in
the first step of our formation strategy. More specifically we exclude companies with a market
capitalization below a pre-determined level at the time of portfolio formation (referred to as point t
hereafter). The minimum pre-determined market capitalization is initially set at 100 DKK million,
and increases with a fixed growth rate each year to account for the general increase in total market
size during the period of analysis. The annual growth rate applied to the market capitalization
requirement is 5.11% (monthly growth rate of 0.416%) and is calculated as the compounded annual
growth rate (CAGR) of the total market capitalization of our total data sample from January 2007
(first month of portfolio formation) to January 2021 (last month of portfolio formation). Thus, in
January 2007 we apply a minimum required market capitalization of 100 DKK million and in January
2021 the minimum requirement has increased to ~200 DKK million.

The proposed growth rate for our minimum market capitalization requirement is calculated as

follows:

1

)168 ~1 (4.1)

Total Market Cap janz021

Monthly Growth Rate = (

Total Market Cap jan2007
Where 168 is the number of months between January 2007 and January 2021.

A minimum market capitalization is implemented for several reasons. First, by excluding small
companies our investment strategy is more in line with technical trading strategies implemented in
practice, where small companies typically are excluded. Second, small companies tend to have a
higher illiquidity risk, why a reasonably sized investment in these could cause a significant increase
in share price due to their size and illiquidity. Moreover, in terms of our shorting positions, including
illiquid stocks could prove difficult in practice as we might not be able to find anyone willing to lend

us the stocks needed to take the position.
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4.4.2 Identifying winners and losers

In the second step of our formation strategy, for every formation month t we rank the individual stock
returns over a pre-determined look-back period.® In line with previous studies we apply the decile
ranking method, where stocks are ranked in ascending order based on historical cumulative returns
and arranged into 10 equally large subgroups (P1 to P10). Stocks with the highest return in the specific
look-back period are included in the top decile (P10). These stocks are defined as the winners of the
specific look-back period. Similarly, stocks with the lowest return are grouped in the bottom decile
(P1) and defined as the losers. We only include companies where data is available for the entire look-
back period, i.e. from the beginning of the look-back period to the end. For each of the different
momentum strategies presented below, a long position is put in the winner portfolio and a short
position in the loser portfolio for a single month t in which the zero-cost portfolio is formed and held.
On average for every formation month t, across the sample period examined, ~52 stocks are included
in both the winner and loser portfolio respectively.* We deemed this number of firms as adequate,
why we found the decile ranking method sufficient for the purpose of this study. Furthermore, by
including a large number of firms in each portfolio we should be diversifying away all possible

idiosyncratic risk.

4.4.3 Portfolio weight

In the third and final step of our portfolio formation strategy the weight allocated to each stock
included in the portfolio is determined. Overall, two different approaches can be used to allocate
weights in the portfolio, either the equal weighted or the value weighted method. In an equal weighted
portfolio, we invest the same amount of money in each stock included, irrespective of the company’s
market capitalization. Hence, individual stock performance carries equal importance when
calculating the overall portfolio return. The equally weighted method favours small companies by
giving them the same weight as larger companies. This means that our portfolio may have a large
portion of the total money invested in smaller companies, which may prove difficult in practice. In
contrast, a value weighted portfolio distributes weights based on each company’s market
capitalization relative to the other companies included in the portfolio. Consequently, a value

weighted portfolio will invest more in larger companies. Thus, constructing a portfolio based on

3 See section 4.5 for more information regarding momentum strategies and look-back periods examined.
4 For more information regarding the descriptive statistics, please refer to section 4.6.
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market capitalization may result in a highly skewed weight distribution due to the significant size
differences.

There are both advantages and disadvantages associated with both approaches. Thus, for the purpose
of this study we have adopted both an equal- and an adjusted value weighted methodology. By
implementing a minimum market capitalization (step 1 in the formation strategy) we hope to mitigate
some of the practical issues of the equally weighted methodology. Furthermore, to reduce the
potential skewness associated with the value weighted methodology we have implemented a
maximum weight cap for equities in our portfolios. Specifically, if an equity makes out more than
10% of the total value weighted portfolio, the exceeding weight will be distributed evenly to all
companies throughout the portfolio. Figure 4.1 below graphically depicts the equally weighted and
adjusted value weighted methods applied in this study.

Figure 4.1: Equal and adjusted value weighting
The following figures are an illustrative example of the portfolio weighting methods applied in the analysis. The equally
weighted method evenly distributes invested capital to all companies in a portfolio, regardless of market capitalization.
The adjusted value weighting method initially sets a maximum weight cap at 10% for individual stocks in the portfolio.
The exceeding weight is then distributed evenly to all companies in the portfolio. As of such in the third figure we see
stocks with a weight slightly larger than 10% after the redistribution.

Equally weighted method

Value weight before adjustment Value weight after adjustment

200
20% 20%
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4.5 Momentum strategies

For the purpose of this study we test the profitability of various zero-cost momentum strategies. A
zero-cost strategy does as the name suggests, not entail any out-of-pocket requirements or upfront
expenses for the investor, however, this is under the assumption that we disregard costs of shorting
and transaction costs.> More specifically in a zero-cost momentum strategy the investor takes a long
position in past winners, i.e. P10 in this study, and a short position in past losers, i.e. P1. The capital
investment position taken in each portfolio is the same, which essentially means that the cash inflow
from shorting the loser portfolio is reinvested in the winner portfolio.

As of such, for this strategy to be profitable the P10 portfolio must perform better than the P1
portfolio. In other words, short-selling means speculating in the price of the stock decreasing. Since
the investor takes a short position in the P1 portfolio, the investor will achieve a higher (lower) return

if the value of these stocks decreases (increases) and vice versa for the P10 portfolio.

With the establishment of how the portfolios will be constructed in the analysis, this section will
outline the different investment strategies analysed to test the profitability of momentum investing
and the January Effect. We examine three distinct momentum strategies to increase both the scope
and reliability of our analysis. The first strategy examines long-term momentum as proposed by Fama
and French (2008). In this strategy stocks are selected based on the performance from the period t-12
to t-2. In other words, when the first portfolio is constructed in start of January 2007, the look-back
period where past stock performance is examined, will be from start of January 2006 to the end of
November 2006. In accordance with previous studies, we implement a one-month lag period between
the end of the look-back and start of the holding period. Implementing a one-month lag period may
reduce the potential impact of short-term reversals, the bid-ask bounce and lagged reaction effects.

In the literature review we outlined how previous studies are predominantly focused on the optimal
length of the look-back period over which historical returns are examined to construct the portfolio.
An example is the study by Jegadeesh & Titman (1993) who evaluate momentum profitability based
on look-back periods of 3, 6, 9 and 12 months. On the other hand, very few scholars have focused on
the optimal length of the lag period between the look-back and holding period. Novy-Marx (2012)
argues that implementing a lag period of six months between the look-back and holding period will

result in higher returns. In other words, stocks are selected based on the performance from the period

5 For more information regarding transaction costs and costs related to shorting, we refer to chapter 6.
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t-12 to t-7. Hence, in the second strategy we examine intermediate-term momentum as proposed by
Novy-Marx (2012). The first portfolios are constructed in January 2007, while the first look-back and
ranking period for this strategy will be from start of January 2006 to the end of June 2006.

Finally, we examine a short-term momentum strategy adapted from Jegadeesh and Titman (1993). In
this strategy stocks are selected based on the performance from the period t-6 to t-2. To keep the
strategies more comparable the first formation month for this strategy is still January 2007 and the

corresponding look-back period is from start of July 2006 to the end of November 2006.

The formation of the portfolios in abovementioned strategies all follow the methodology described
in section 4.4, why it is only the look-back period that differs between the strategies. In line with
previous studies (see e.g. Yao, 2012; Novy-Marx, 2012), the holding period in the strategies described
above will be fixed at one month to keep the strategies manageable and to avoid overlapping
portfolios. Moreover, this will allow us to easily conduct a split of January investing and non-January
investing in our analysis. At the end of each holding period the portfolio formation process described
above is repeated. As of such in the beginning of every formation month t, the long-short positions
from the previous month are closed, and the new portfolio for the coming month is constructed. Figure
4.2 below graphically illustrates the momentum strategies examined in this study.

Figure 4.2: Momentum strategies
The following figure is an illustrative example of the momentum investment strategies examined in the analysis. Each
strategy longs past winners and shorts past losers. The long-term strategy ranks the past performance of stock returns
based on a look-back period from t-12 to t-2, the intermediate-term strategy ranking period is from t-12 to t-7 and the
short-term strategy ranking period is from t-6 to t-2. Each strategy has a holding period of one month.

Month
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4.6 Descriptive statistics

Table 4.1 below presents descriptive statistics for the total sample and for the average portfolio at the
time of formation (t) across the sample period. Over the entire sample period we have included 1,254
unique companies in our analysis. This includes 1,002 currently listed companies and 252 which were
delisted during our sample period. Across our period of analysis, an additional 162 companies were
delisted, however due to a lack of data availability these are not included in the final data sample.
The numbers presented in Panel B illustrates averages at the time of formation t after excluding
companies with a market capitalization below the pre-determined level as explained in section 4.4.1.
On average we consider 518 firms at the time of each formation month resulting in ~52 companies
per decile. This also implies that on average our zero-cost momentum strategy includes 104
companies in each holding period. As evident from the avg. market cap and the median, our sample
is highly dispersed in terms of size with some very big companies driving up the average market cap.
The average total market capitalization at the time of formation was 8,895 DKK billion. To put this
in perspective to the current market situation, the total market capitalization of our sample as of
January 2021 is approximately 15,000 DKK billion.

Table 4.1: Descriptive statistics
Descriptive statistics for the sample period January 2007 — January 2021. Panel A shows descriptive statistics for the total
sample, whereas Panel B represents statistics for the average formation month t in the sample period after excluding
companies with a market capitalization below the pre-determined level.

Panel A Descriptive statistics
Total sample
Total number of firms across sample 1,254
Number of currently listed firms 1,002
Delisted firms 252
Panel B
Averages for time ¢
Number of firms considered at time ¢ 518
Number of firms in a decile portfolio 52
Total capitalization (DKK billion) 8,895
Avg. market cap (DKK million) 16,891
Median (DKK million) 1,412

Source: Own creation
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4.7 Stock returns
4.7.1 Look-back period returns

As mentioned earlier, to identify winners and losers, companies are ranked using the decile method
based on stock returns during the look-back period. The following formula is used to calculate

cumulative stock returns over the look-back period:

R; = Zilio (4 9y

Pi,o
R; = Return on stock i
P; 1 = Adjusted stock price of i in end of look — back period
P; o = Adjusted stock price of i in beginning of look — back period

This formula is similar to formula 2.1 with the only difference being that stock prices in formula 4.2

are adjusted for dividends and stock splits.

4.7.2 Portfolio return

Equally and adjusted value weighted portfolios

For the portfolios in the analysis that are constructed based on an equal weighted scheme, the monthly
portfolio return is calculated as the arithmetic mean of each company’s monthly return. Thus, the

formula for calculating monthly portfolio return is as follows:

1
Rp = n i=1Ri (4.3)

n = number of companies in portfolio

The calculation of return for the portfolios constructed based on the adjusted value weight scheme is
conducted as follows. First, individual weights for each stock are computed using the methodology
outlined in section 4.4.3. Next, these weights are multiplied with the respective monthly return of
each stock, and finally the sum of the products is calculated to get the monthly returns. As a formula
this is written as:

Rp =X Rixw; (4.4)

n = number of companies in portfolio
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EXxcess return
Throughout the analysis excess returns are used as a primary performance measure for our momentum
strategies. Whenever we refer to excess returns, we refer to the return of a portfolio in excess of the

risk-free interest rate. As of such the formula for excess return of a portfolio is as follows:

e = risk — free rate

For the monthly risk-free rate, historical data for the Swedish 1-month T-bill rate has been collected
from riksbank.se. The Swedish risk-free rate has been applied due to easily available data and has
been found adequate under the assumption that the risk-free rates for Nordic countries have been

relatively similar over the course of our sample period.

Zero-cost portfolios
To calculate the zero-cost portfolio return, i.e. a portfolio with a long position in P10 and a short

position in P1, the following formula is used:

Rp10-p1 = Rp1o — Rpy (4.6)

There is no differentiation between returns and excess returns for the zero-cost portfolios due to the
following equation’s display of equality. As of such we use the terms interchangeably for

momentum strategies throughout this study.

RB10-p1 = Rp1o-p1 = (Rp1o — Tf) — (Rpy — rf) = Rp1o — Rp1 (4.7)

Performance measures

Having established how monthly portfolio returns are calculated, we consolidate these to calculate
the average monthly excess return of the individual investment strategies (long-term, intermediate-
term and short-term) and relative strength portfolios (P1 to P10), throughout the sample period
analysed. The most widely used measure of average is the arithmetic mean. Thus, to calculate average
portfolio return the sum of all the monthly returns is divided by the total number of months in the

sample period, i.e. 169 observations.
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Furthermore, the monthly standard deviation of excess returns is calculated using the following

N -
SD(RE) = |H=EE (48)

x; = Excess return for month i

formula:

N = number of observations
X = Average monthly excess return
While the annualized Sharpe ratio is calculated as follows:

Re
Rp

SRannualizea = SD(RS) * V12 (4.9)

The first term calculates the monthly Sharpe ratio by dividing the average monthly excess return with

its standard deviation. The second term annualizes the ratio.

4.7.3 Returns for delisted companies

In terms of measuring returns for companies which are delisted during the holding period the
following is assumed. For companies delisted due to bankruptcy we assume a return of -100% and
for companies delisted due to other reasons return is assumed to be 0%. In other words, when
companies are delisted for other reasons than bankruptcy, we receive cash equivalent to the amount
invested in the beginning of the holding period. Thus, the cause of each delisting has been examined
using the Nasdaq Nordic Surveillance reports in order to determine their effect on the estimated
return. Of the 252 delisted companies included in the analysis 41 of these were delisted due to

bankruptcy.

4.8 Statistical tests
In this section, the various statistical methods used to test the credibility and significance of our results

will be covered.
Throughout the analysis several two-sided t-tests have been conducted to test if our results are

statistically significant. Two-sided tests have been chosen as opposed to one-sided tests for the
following reasons. First, to increase the credibility of statistical significance. Second, as the excess
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returns for loser portfolios generally hover around zero, achieving both negative and positive values,
a two-tailed test was deemed more appropriate.

One-sample t-tests are used throughout the study to test whether a given mean is statistically different
from a specified value. Unless otherwise specified, the one-sample t-tests tests against the null

hypothesis that the mean is equal to 0.

The following formula calculates the t-statistic for a one-sample t-test:

t =Xk (4.10)

VN

SD = Sample standard deviation
X = Sample mean

Uo = Specified value for null hypothesis (equal to 0 in most cases)

Two-sample t-tests assuming unequal variances, otherwise known as Welch’s t-tests, are applied to
test whether the mean returns of our proposed strategies are significantly different from each other.
For the two-sample t-tests the t-statistic is defined by the following formula:

t =% (411)

5D§+5D§
N1 N2

N; = number of observations for a given sample

SD; = Sample standard deviation

X; = Sample mean

4.8.1 Regression methodology

Coupled with our one- and two-sample t-tests we also perform a range of regression analyses
throughout the study. These regressions are used in accordance with the CAPM and three- and four-

factor models. All regressions are computed in excel using the ordinary least squares (OLS) method.

The ordinary least squares regression model is defined as follows:
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y=a+fyxxy+Pyrxy+ o+ fixx;+e (412)
y = Dependent variable
p: = Regression coef ficients
a = Intercept

e = Error term

For each estimated regression coefficient and for the intercept an associated test-statistic is computed
that follows a t-distribution, like the previous one-sample and two-sample t-tests. This t-statistic is
used when evaluating the statistical significance of each regression coefficient. The test statistic for
the OLS method is defined as the coefficient divided by its standard error. Unless otherwise stated,

the null hypothesis for the OLS regressions is that the regression coefficients are equal to zero.

4.8.2 Assumptions
In accordance with the application of statistical t-tests and regression methodology we assume the

following assumptions hold about our data sample:

Linearity

Random sampling of observations

Conditional mean equal to zero

No linear relationship between independent variables

Homoscedasticity

o o~ w N PF

Normality

The OLS methodology has been extensively used by other studies, why we deem the test of these
assumptions as outside the scope of this paper. However, we realise that due to the nature of stock

data some assumptions such as homoscedasticity and normality may not hold.

4.9 Market Index and factor models

To gain a better understanding of the profitability of the momentum strategies outlined in section 4.5,
we regress the returns obtained from these with a chosen market index. The purpose of comparing
the momentum returns we obtain with a market index is to examine whether our returns can be

explained by the systematic risk of the market. In other words, we test the hypothesis of whether the
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momentum strategies produce significant profits by systematically picking high-risk stocks. If we
observe momentum returns being positive and statistically significant after accounting for the market
risk, it implies that the efficient market hypothesis and CAPM first introduced by Fama (1970) does

not explain the momentum effect.

For the purpose of this study the MSCI (Morgan Stanley Capital International) Nordic Countries
Index will be used as a benchmark for market performance. The index includes companies listed in
Denmark, Sweden, Norway and Finland and captures approximately 85% of the free-float adjusted
market capitalization in each country. The index is value-weighted and includes 79 constituents of
which approximately 8% of these are from Norway® (MSCI, 2021). Moreover, the index is adjusted
for dividend payments allowing us to make a more accurate comparison of the obtained momentum
returns versus market returns. Based on these factors we find the MSCI Nordic Countries Index

suitable for this study.

Much like the market index, we employ the use of other risk factors for the three- and four-factor
models, as proposed by Fama & French (1996) and Carhart (1997) respectively. For a more in-depth
explanation of these models we refer to section 2.3. The other risk factors applied in the three-factor
model, aside from market risk, are those of SMB (small-minus-big) and HML (high-minus-low).
These factors represent the risk associated with stocks of different size and book-to-market values.
The factors predict that more risk is associated with stocks that are small and stocks that have high-
book-to-market values. The final factor that is applied in the four-factor model controls for

momentum (winners-minus-losers).

The monthly values for these factors across our sample period, have been collected from the Kevin
R. French website. It should be noted that these factors have been computed using stocks from
multiple countries in Europe, and not just the countries analysed in this study. A list of countries used

to compute these factors can be found in appendix 2.

6 As of March 31, 2021
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4.10 Market dependent beta
To examine whether the market betas of our strategies vary with market conditions, we apply the
following regression.

Rf = a+ B*P D[R] + B2 (1 — D[R] + & (4.13)
R® = Excess return of strategy
a = Intercept
pYP = Beta in up markets
B°wn = Beta in down markets
Ry, = Excess return of market
D = Dummy variable

e = Error term

Down markets are defined as all the months where the market experience negative excess returns,
and up markets are defined as months with positive excess returns. As of such, D is a dummy variable
equal to one if the excess returns of the MSCI index in month t is positive, and otherwise equal to

ZEero.

4.11 January Effect
4.11.1 Marginal strategies

For the purpose of determining the degree to which the January Effect is present in the Nordic stock
markets and determine its impact on the profitability of the momentum strategies we employ the
marginal strategy method as depicted by Yao (2012). In the marginal strategy, you still take a long
position in past winners and a short position in past losers and stocks are also still ranked using the
decile approach. The marginal strategy differs from the traditional momentum strategy where
performance is evaluated based on performance in month t-x, where x is between 1 to 12. Thus, stocks
are ranked based on the performance in a single month. To understand the January Effect better we
will conduct an analysis using marginal strategies that only includes January investing, and an
analysis that excludes January investing. In the analysis we will also apply both the equal- and

adjusted value-weighted methodology.
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In summation, the portfolio formation of marginal strategies is equivalent to the process described in
section 4.4 with the only difference being in terms of the look-back period, where in the previous

formation strategies we would rank stocks based on performance in more than one month.

4.12 Software

For the purpose of this study all portfolio formation, portfolio return calculations, regressions and
statistical tests have been conducted in excel. For gathering of data, the S&P Capital 1Q excel plugin
has been applied, which pulls adjusted closing prices and market capitalization from the Capital 1Q

database, given an equity’s ticker and a given date.

5. Empirical Results

The following chapter will present the results of our analysis in accordance with the following
structure. First, we focus on the overall momentum returns for the three strategies outlined in section
4.5. Second, we analyse the momentum returns of size sub-samples to examine the implications of
size and the small-firm effect on momentum. Finally, we investigate the degree to which the January

Effect is present in the Nordic stock market, as well as its implications for our momentum strategies.

Throughout this chapter we will present inferential statistics to assess whether our results can be used
to draw conclusions based on our data sample. With 169 observations, i.e. total formation periods in
our analysis, and the application of two-sided t-tests a t-statistic of 2.576 implies a 1% significance
level, whereas t-statistics of 1.960 and 1.645 implies significance levels at 5% and 10% respectively.

5.1 Overall momentum returns

This section examines whether momentum strategies have been profitable in the Nordic stock markets
(excluding Norway) for the sample period covering January 2007 to January 2021. Table 5.1 below
presents the average monthly excess returns, the standard deviation of excess returns and the
annualized Sharpe ratios of relative-strength portfolios formed from the past performance of stocks
12-to-2 months, 12-to-7 months, and 6-to-2 months prior to portfolio formation. The three different
historical performance horizons correspond respectively to the long-term, intermediate-term and
short-term momentum strategies analysed in this study. For each strategy and for every formation

month t, stocks are ranked based on their historical cumulative returns and are distributed into decile
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portfolios. The first decile portfolio (P1) contains the worst performing stocks, while the tenth decile
portfolio (P10) contains the best performing stocks of the same period. The return of each momentum
(winner-minus-loser) strategy is presented in the second to last row of every panel (P10-P1). In Panel
A results for the equal weighted portfolios are presented, whereas Panel B presents results based on
an adjusted value weighting method’. Each presented t-statistic is a two-sided test against the null
hypothesis that past winners do not outperform past losers, i.e., that the excess returns of each

momentum strategy is not significantly different from zero.

In total, three different sets of strategies with two different weighting methods have been formed and
examined to test for significant momentum returns. As is evident from table 5.1 below, there is a clear
pattern throughout all strategies that higher decile portfolios consistently outperform lower decile
portfolios both in terms of mean returns but also in terms of the annualized Sharpe ratio. As of such
for every different ranking strategy, winners (P10) outperform losers (P1) by a large margin resulting
in positive excess returns for all momentum strategies. As implied by the t-tests, these returns are all
statistically significant at the 1% level, thereby indicating that the profitability of the momentum

strategies is not caused by simple luck or due to chance.

The largest mean return and Sharpe ratio is realised by the equally weighted short-term momentum
strategy (6-2 strategy), with average monthly excess return of 2.0 percent and an annualized Sharpe
ratio of 1.4. If we examine this strategy in the context of the other equally weighted strategies we
observe a sizeable (0.57%), but not statistically significant, difference in excess returns compared to
the intermediate-term strategy (12-7 strategy) (t-stat = 1.61). When comparing the short- and long-
term strategy (12-2 strategy) the difference in returns is close to zero, and also not statistically
significant (t-stat = 0.26). Finally, comparing the equally weighted 12-2 and 12-7 strategies we find
a large difference in average monthly excess returns (0.51%), which is statistically significant at the
10% level (t-stat = 1.91).

" For more information on the applied methodology for adjusted value weighting, we refer to section 4.4.3
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Table 5.1: Overall momentum returns
Average monthly excess returns (in percent), standard deviation of excess returns (in percent) and annualized Sharpe
ratios of relative-strength portfolios created based on the historical performance of stocks in the Nordic markets. The t-
stats are two-sided and tests whether excess returns of buying past winners and selling past losers is significantly different
from zero. P1 is defined as losers while P10 is defined as winners. P10-P1 represents the respective momentum strategy.
The sample period spans from January 2007 to January 2021. The portfolios in Panel A are formed based on the equal
weighted scheme, whereas portfolios in Panel B are based on an adjusted value weight scheme.

Long-term momentum (12-2) Intermediate-term momentum (12-7) Short-term momentum (6-2)
Mean SD (%) SR Mean SD (%) SR Mean SD (%) SR

Panel A: equal weight
P1 -0.39 7.96 -0.17 -0.17 6.98 -0.09 -0.51 7.71 -0.23
P2 0.07 6.09 0.04 0.09 5.94 0.05 0.32 6.10 0.18
P3 0.35 5.64 0.21 0.63 5.50 0.40 0.58 5.53 0.36
P4 0.62 5.22 0.41 0.73 5.49 0.46 0.60 5.27 0.39
P5 0.71 5.32 0.46 0.80 5.14 0.54 0.75 5.14 0.50
P6 0.99 4.92 0.69 0.73 4.96 0.51 0.80 5.05 0.55
p7 0.99 4.98 0.69 1.01 5.24 0.66 1.06 5.05 0.73
P8 1.18 5.10 0.80 0.98 5.12 0.67 111 4.98 0.77
P9 1.15 5.30 0.75 117 5.34 0.76 1.06 5.20 0.71
P10 1.55 5.47 0.98 1.26 5.83 0.75 1.50 5.64 0.92
P10- P1 1.94 5.47 1.23 1.43 4.20 1.18 2.00 4.96 1.40
t-Stat. [4.62] [4.43] [5.25]
Panel B: Adj. value weight
P1 -0.25 8.07 -0.11 0.03 6.87 0.01 -0.23 7.57 -0.10
P2 0.37 6.23 0.21 0.06 6.05 0.04 0.48 6.30 0.26
P3 0.51 6.06 0.29 0.65 5.79 0.39 0.74 5.84 0.44
P4 0.55 5.67 0.34 0.73 5.82 0.44 0.82 5.35 0.53
P5 0.70 5.40 0.45 0.81 5.13 0.55 0.73 5.25 0.48
P6 1.10 497 0.76 0.72 4.72 0.53 0.79 5.27 0.52
P7 0.79 4.95 0.55 0.91 5.29 0.60 0.89 5.02 0.61
P8 0.99 5.01 0.69 0.92 5.04 0.63 0.91 4.88 0.65
P9 1.12 5.21 0.74 1.14 5.38 0.74 1.03 4.99 0.72
P10 1.40 5.53 0.88 1.38 5.83 0.82 1.22 5.61 0.75
P10- P1 1.65 6.48 0.88 1.35 5.05 0.93 1.45 5.56 0.90
t-Stat. [3.31] [3.48] [3.38]

Source: Own creation

The returns for the adjusted value weighted strategies tell a similar story. Here the average return of
1.65 percent generated by the 12-2 strategy is higher than the other strategies, however the differences
in returns are less prominent than in the equal weighted method and as of such no statistical
significance was found between these. Since we in both cases cannot reject the null hypothesis that
the short-, intermediate- and long-term momentum strategies produce identical returns, our
observations are in contrast to the findings of e.g. Novy-Marx (2012) who found that the intermediate-

term strategy produce significantly higher returns than the short-term strategy.
While we do not find statistical significance to draw any conclusions that one strategy significantly

outperforms the others, figure 5.1 below presents the indexed cumulative returns for the three equally

weighted momentum strategies and the MSCI Nordic index. From this figure it is evident that in the
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beginning of the sample period the three strategies obtain somewhat similar returns, whereas from
the middle of our sample period the long- and short-term strategies perform considerably better than
the intermediate-term strategy. The figure also illustrates that the short-term strategy performs
slightly better than the long-term strategy as depicted previously. All strategies heavily outperform
the market across our sample period. When comparing the strategies with the market index it is
important to bear in mind that the momentum strategies shown are equal weighted whereas the market
index is value weighted.

It should be noted that while all the strategies performed poorly during the financial crisis, the graph
does not depict this well. As of such, for more information regarding the performance of momentum
strategies during the financial crisis we refer to the next section.

Figure 5.1: Cumulative returns of equal-weighted momentum strategies
Indexed cumulative returns of the three equally weighted momentum strategies and the value weighted MSCI Nordic
index from 01.01.2007 to 31.01.2021.
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If we return to table 5.1 and examine the source of profits in the zero-cost portfolios, we can deduce
that the winner and loser portfolios (P10 and P1) of the 12-2 and 6-2 strategies are relatively similar
in both returns and standard deviation for both equal weighting and value weighting. However, in
particular for the equal weighted 12-7 strategy we see less negative returns for the loser portfolio and

smaller positive returns for the winner portfolio which ultimately results in less excess return for the
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strategy overall. In general, it holds true across all strategies that the past winners generate high
returns, whereas the past losers generate mostly negative returns. These observations should be
encouraging for an investor pursuing momentum strategies, since the investor should be able to
generate higher returns by shorting losers and buying winners compared to a strategy merely focusing
on buying past winners. Furthermore, since all the strategies are zero-cost based the investor will not
have to take money out-of-pocket disregarding margin requirements and transaction costs.

When comparing the different weighting methods, we find that the returns and Sharpe ratios are lower
for the value weighted zero-cost portfolios compared to the equally weighted. The largest disparity
is found between the short-term momentum returns, where the monthly mean return for the equally
weighted portfolio is 2.0 percent and the value weighted method generates a 1.45 percent average
monthly return. The higher return of the equally weighted methods suggests that momentum profits
are, at least partially, driven by smaller companies, since the value weighted portfolios are more
heavily invested in the large companies included in the portfolio. This observation is most prominent
in the 12-2 and 6-2 strategies, while the difference between the 12-7 weighting methods is relatively
small and insignificant. Similarly, when comparing Sharpe ratios across the weighting methods, all
value weighted strategies realise very similar results, with Sharpe ratios ranging from 0.88 to 0.93.
However, for equal weighting the Sharpe ratios of each strategy is markedly higher ranging from 1.18
to 1.43, with the short-term strategy observed to have the largest Sharpe ratio compared to the other
strategies. These two observations imply that small firms as a driver for momentum profits may be
present in all strategies, but is more prominent in the long- and especially the short-term strategies,

while the intermediate-term strategy profits may not be driven as heavily by small companies.
To gain a further understanding of average company size and its implications for our proposed

strategies, table 5.2 presents the average market capitalizations and medians for companies in every

constructed decile portfolio.

58



Copenhagen Business School Master’s Thesis 17.05.2021

Table 5.2 and figure 5.2: Average market capitalizations and medians
Average market capitalizations and medians for constructed relative-strength portfolios across the entire sample period.
P1 is the decile of stocks with the lowest past returns, and P10 is the decile of stocks with the highest returns in the same
period. Values are presented in DKK million. The red bar chart represents the 12-2 strategy, the blue represents the 12-7
and the grey represents the 6-2.

Long-term momentum (12-2) Intermediate-term momentum (12-7) Short-term momentum (6-2)

Avg. market cap Median Avg. market cap Median Avg. market cap Median
P1 5,110 541 5,333 595 5,989 638
P2 9,968 1,033 10,950 1,097 12,085 1,131
P3 16,401 1,532 17,478 1,455 16,454 1,426
P4 20,894 1,857 19,058 1,746 18,902 1,668
P5 20,277 2,105 21,303 2,202 19,731 1,985
P6 23,127 2,629 22,065 2,554 22,167 2,449
P7 23,095 2,925 22,393 2,646 22,106 2,636
P8 21,602 2,808 22,575 2,763 21,255 2,577
P9 19,048 2,411 19,158 2,524 17,891 2,351
P10 9,358 1,160 9,409 1,155 8,940 1,099

Average market capitalizations

25,000

20,000
15,000
10,000
N
P1 P2 P3 P4 PS5 P6 pP7 P8 P9 P10

Source: Own creation

The average values for market capitalization and medians of companies in their respective portfolio
provide us with further confirmation that the average company for winner and loser portfolios are
predominantly small. If we look at figure 5.2, we see that all three strategies follow a similar
distribution of market capitalization, with the larger companies being more concentrated in the middle
portfolios. In table 5.2 we also observe a large discrepancy between median and average market cap
for every portfolio, this indicates that each portfolio holds few very large companies which cause the
average market cap to inflate, however, the distribution of medians across portfolios is relatively

similar to that of average market capitalization. Furthermore, the fact that we see the smallest
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companies having the lowest average returns, implies a negative relation between size and expected

return and thus suggests that size as a risk factor will not be able to explain the momentum effect.

An interesting observation is that while companies in P10 and P1 are both on average smaller than
companies in portfolio P2 to P9, the losers portfolio appears to contain firms that on average are
nearly half the size of the companies in P10. This indicates that momentum profits are not only driven
by smaller firms but by small firms outperforming even smaller firms. This finding is consistent with
the findings of e.g. Jegadeesh and Titman (1993), Rouwenhorst (1998), Fama and French (2008) and
Booth et. al. (2016) among others, who all found the momentum effect to be concentrated in small
firms. However, an interesting and important note to consider when examining these results is that
the momentum strategies themselves are self-fulfilling in having the average winner be larger than
the average loser. To understand this, we can consider two firms having the same size at time t-12,
one firm performs well over the next year (Firm A) while the other firm performs poorly (Firm B).
Following the strategy, we will long Firm A and short Firm B at time t when we construct our
portfolio, however as performance persists Firm A will now be larger than Firm B at the time of
investment. The size differential may thus be due to how the strategy itself is constructed. Section 5.2
will go more in depth with the aspect of size and its implications for momentum strategies and test
the hypothesis of a small firm effect as a driver for momentum.

To summarize this section, by examining a sample period covering January 2007 to January 2021 we
determined that zero-cost momentum strategies have been profitable in the Nordic market across this
time period, and as of such that past winners consistently outperform past losers regardless of the
momentum strategy chosen. We tested for significant differences between the strategies but were
unable to make a conclusion based on statistical evidence, though the best performing strategy in
terms of returns and Sharpe ratio was the equally weighted short-term strategy. Moreover, we found
that the equally weighted strategies outperformed the value weighted strategies in all cases, thereby
indicating that momentum profits are predominantly present in small firms. We further tested this
hypothesis by examining the average market cap of each portfolio and found that the firms of the
bottom decile portfolio on average are smaller than the firms in the winner decile. Furthermore, we
found that both winner and loser portfolios on average are smaller than the rest of the sample

portfolios. This raises the questions of whether momentum profits are limited to smaller stocks and
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is driven by small stocks outperforming even smaller stocks. The answer to these questions will be

covered in section 5.2.

5.1.1 Risk adjusted returns

In the previous section we confirmed the profitability of our momentum strategies across our sample
period. The following sections will introduce the aspect of risk by applying the CAPM and Fama-
French 3 Factor model to determine whether these profits can be explained and attributed to these
types of risk, or if the strategies generate a positive abnormal return (o) despite introducing these

factors.

Standard deviation

First, we examine table 5.1 in terms of the standard deviation of the decile portfolios. Looking at the
standard deviations it is evident that they follow almost a U-shape. This finding is also presented in
figure 5.3, which illustrates the standard deviation of the deciles in the equally weighted long-term
strategy. The U-shape infers that on average companies in the most extreme portfolios, i.e., P1 and
P10, have a higher standard deviation of return than companies in the mid deciles. This finding is in
line with the study by Rouwenhorst (1998) reviewed in chapter 3, who also found that the standard
deviation of the decile portfolios follows this shape. The U-shape of the standard deviation of returns
is easily explained by the fact that stocks with a higher standard deviation are more likely of realising
extreme returns. As of such, our strategies pick and sort these stocks into our extreme portfolios more
often. While this explains the shape of figure 5.3, it fails to account for why we observe high standard
deviations being associated with both high and low returns, as per the excess returns of P10 and P1
observed in table 5.1. We will attempt to provide an explanation for this by examining our returns in
a CAPM context.
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Figure 5.3: Standard deviations for P1 to P10
Standard deviations for relative-strength portfolios of the equal-weighted long-term momentum strategy (12-2). Due to
similarity of results the corresponding figures for the remaining strategies have not been posted, but can be deduced from
the values of table 5.1

Pl P2 P3 P4 PS5 P6 P7 P8 P9 PIO

Source: Own creation

If we take a closer look at the standard deviation of the excess return of our winner-minus-loser
strategies we see that they range between 4.20 to 5.47 for equally weighted strategies and 5.05 to 6.48
for value weighted strategies per month. This level of volatility is in most cases worse or similar to
the volatility of a long position in a middle decile portfolio (i.e., P4 to P7), which indicates that the
momentum strategy portfolios may not be extremely well-diversified. It should be noted however,
that if we compare excess return per level of volatility (Sharpe ratio) the momentum strategies

strongly outperform the middle deciles in every case.

CAPM

This section will apply the CAPM to determine whether our observed momentum profits can be
explained and attributed to market exposure. As of such the systematic risk of the market will be the
first risk-factor introduced to help explain our excess return. Table 5.3 presents the estimated market
betas and alpha values for each relative-strength portfolio. These values have been computed using
monthly returns of the portfolios in the sample period, covering January 2007 to January 2021,

relative to the MSCI Nordic index during the same period.

Much like how the standard deviation is a measure of risk, the market beta measures the level of

systematic risk each portfolio is subject to, or in other words, their correlation with the market. It
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should be noted that the market betas do not capture idiosyncratic risk, however, due to the number
of firms in each portfolio, much of the idiosyncratic risk should have been diversified away. As of
such by introducing the market as a risk factor, we test the hypothesis of whether the momentum

strategies produce significant profits by systematically picking high-risk stocks.

Table 5.3: Portfolio market p and abnormal returns o

Market betas and CAPM alphas (in percent) for the relative-strength portfolios. The reported values for each portfolio
have been computed relative to The Morgan Stanley Capital International (MSCI) Nordic index, using the CAPM and
monthly excess returns from January 2007 to January 2021. The MSCI Nordic index includes large cap stocks from the
countries of Denmark, Sweden, Finland, and Norway and captures 85% of the total market value of these countries. The
index is value-weighted and adjusted for dividends and stock splits. t-statistics are two-sided and presented in square
brackets. t-Stat (B) tests whether beta is significantly different from 1 for all relative-strength portfolios except for the
zero-cost portfolio (P10-P1) where the null hypothesis is 0. Similarly, t-Stat o tests whether alpha is significantly different
from 0.

Long-term momentum (12-2) Intermediate-term momentum (12-7) Short-term momentum (6-2)
Market §  t-Stat. (B)  acapm  t-Stat. (0) Market B t-Stat. (B)  acapm  t-Stat. (o) Market f  t-Stat. (B)  acapm  t-Stat. (o)

Panel A: equal weight

P1 1.33 [4.07] -1.21 [-3.15] 1.14 [1.81] -0.87 [-2.48] 1.33 [4.31] -1.32 [-3.72]
p2 1.03 [0.47] -0.57 [-1.95] 1.05 [0.85] -0.55 [-2.12] 1.08 [1.41] -0.35 [-1.31]
P3 1.05 [1.06] -0.30 [-1.39] 1.01 [0.29] 0.00 [0.01] 1.00 [-0.05] -0.04 [-0.18]
P4 0.97 [-0.63] 0.01 [0.07] 1.02 [0.54] 0.10 [0.48] 0.96 [-0.92] 0.00 [0.02]
P5 0.97 [-0.57] 0.11 [0.52] 0.93 [-1.54] 0.23 [1.08] 0.96 [-0.97] 0.15 [0.80]
P6 0.91 [-2.25] 0.43 [2.20] 0.91 [-2.08] 0.17 [0.86] 0.93 [-1.63] 0.23 [1.13]
p7 0.92 [-1.93] 0.43 [2.18] 0.98 [-0.44] 0.40 [2.03] 0.92 [-1.86] 0.49 [2.40]
P8 0.92 [-1.77] 0.61 [2.87] 0.93 [-1.53] 0.41 [1.96] 0.90 [-2.26] 0.56 [2.70]
P9 0.96 [-0.92] 0.56 [2.52] 0.98 [-0.44] 0.56 [2.64] 0.96 [-0.86] 0.47 [2.31]
P10 0.89 [-1.82] 1.00 [3.64] 1.00 [0.03] 0.64 [2.38] 0.91 [-1.42] 0.93 [3.25]
P10 - P1 -0.44 [-5.25] 221 [5.61] -0.13 [-1.94] 152 [4.69] -0.41 [-5.46] 2.26 [6.34]
Panel B: Adj. value weight

P1 1.32 [3.77] -1.07 [-2.66] 117 [2.44] -0.69 [-2.13] 1.34 [4.78] -1.05 [-3.17]
P2 1.15 [2.86] -0.34 [-1.38] 1.10 [1.86] -0.62 [-2.48] 1.18 [3.64] -0.25 [-1.06]
P3 1.18 [4.50] -0.22 [-1.13] 111 [2.51] -0.04 [-0.18] 1.13 [3.08] 0.04 [0.21]
P4 1.10 [2.45] -0.13 [-0.68] 112 [3.05] 0.04 [0.19] 1.05 [1.53] 0.17 [1.02]
P5 1.05 [1.33] 0.05 [0.30] 1.00 [0.02] 0.19 [1.16] 1.02 [0.59] 0.10 [0.60]
P6 0.97 [-0.94] 0.50 [3.11] 0.92 [-2.43] 0.15 [1.01] 1.03 [0.73] 0.15 [0.90]
p7 0.96 [-1.26] 0.20 [1.20] 1.03 [0.83] 0.28 [1.64] 0.95 [-1.38] 0.31 [1.64]
P8 0.98 [-0.70] 0.39 [2.44] 0.97 [-0.81] 0.32 [1.87] 0.93 [-1.98] 0.34 [1.96]
P9 0.95 [-1.05] 0.53 [2.53] 1.04 [1.01] 0.50 [2.77] 0.94 [-1.45] 0.45 [2.51]
P10 0.91 [-1.58] 0.84 [3.04] 1.02 [0.42] 0.75 [2.89] 0.93 [-1.22] 0.65 [2.34]
P10-P1 -0.42 [-4.06] 191 [3.96] -0.14 [-1.75] 1.44 [3.70] -0.41 [-4.74] 1.70 [4.18]

Source: Own creation

Examining the market betas for the relative-strength portfolios we see that they range from 0.89 to
1.34 across all strategies. While most of these portfolio betas are close to 1.0, we see a tendency for
all of the lower deciles i.e. P1, P2, P3, to have slightly higher market betas than their higher decile
counterparts. This indicates that the lower decile portfolios contain more risky stocks than the upper
decile. This is especially true for the loser portfolios which exhibit the highest beta values, ranging

from 1.14 to 1.34. This is consistent with findings of e.g. Jegadeesh and Titman (1993) who also
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found beta values of loser portfolios to be significantly higher than the other deciles. This seems
consistent with our previous discussion of a U-shaped volatility curve, coupled with our finding of
the loser portfolio containing smaller than average firms. Furthermore, the beta value of the loser
portfolio for the intermediate term momentum strategy is considerably lower than the other two
strategies, which is consistent with the less negative returns and smaller standard deviation of the
strategy, which can be observed in Table 5.1.

If we bring our attention to the zero-cost portfolios we see negative beta values across the board, this
is of course caused by the larger betas of the loser portfolios compared to the winner portfolios. The
beta values for the 12-2 and 6-2 strategies are very similar at around -0.4 for each strategy, significant
at the 1% level, which indicates that these strategies are not completely market neutral, and thus does
not hedge systematic risk. The 12-7 strategy, however, does not have a market beta significantly

different from 0 and should work as hedge against the market.

If we were to have our excess returns be fully explained by a negative beta, the market would need
negative excess returns on average over the past 15 years, which is empirically untrue. The average
monthly excess market return of the MSCI Nordic index for our sample period is 0.62 percent. For
the beta to fully explain the momentum returns of around 1.5 to 2 percent per month, the market beta
of the winner portfolio would have to exceed the beta of the loser portfolio by 2.5 to 3. As of such
we can conclude that the market beta does not explain all of our excess returns. This amount of return

that cannot be explained by beta is referred to as abnormal returns, otherwise known as alpha (o).

The alpha values represent the amount of excess return that cannot be explained by the market risk
factor, as of such a positive and significant alpha for our zero-cost portfolios is an indicator of the
momentum effect. As we can see from table 5.3, all alpha values for our zero-cost portfolios are
positive and statistically significant at the 1% significance level. The highest level of alpha is realized
by the equally weighted long-term and short-term strategies at 2.21 and 2.26 percent, respectively.
While the corresponding equally weighted intermediate-term momentum strategy realises an alpha
of 1.52 percent. The dispersions and relative differences between these alpha values, across all
strategies and weighting methods, closely resemble the previously posted excess returns of table 5.1.
As of such we see no significant difference between the short-term and long-term strategy in the

equally weighted method, but a larger difference in the value weighted method. Furthermore, we still
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see that the intermediate-term strategy realises smaller returns than its counterparts across both
weighting methods, and the largest disparity between alphas to be between the weighting methods of

the short-term strategy.

It is interesting to note that the alpha values of the zero-cost portfolios are slightly higher than the
excess returns observed in our initial analysis. This is caused by the negative market beta and stands
as a further sentiment of the inability for the CAPM and the market risk factor to fully explain the

momentum effect.

Figure 5.4: Abnormal returns (a) to relative-strength portfolios
Illustrative overview of the average monthly abnormal returns to equally weighted and adjusted value weighted relative-
strength portfolios. Computed using the CAPM and average monthly excess returns relative to the MSCI Nordic Index.
The X-axis holds the different portfolios P1 to P10, where P1 is past losers and P10 is past winners. The Y -axis holds the
values for alpha. The figure differs between the long-term (solid red), intermediate-term (dashed blue) and short-term
(dotted grey) momentum strategies. The sample period covers January 2007 to January 2021. Panel A depicts equal-
weighted strategies, while Panel B depicts adjusted value weighted strategies.
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Source: Own creation

If we bring our attention to the decile portfolios, we see that all winner and loser portfolios realise
statistically significant alpha values. An important observation to make is the almost linear
relationship between the relative-strength portfolios and abnormal returns present across all strategies
and both weighting methods. By plotting P1 to P10 against abnormal returns, figure 5.4 illustrates
this notion graphically. The figure depicts a steeper curve for the 12-2 and 6-2 strategies compared
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to the 12-7 strategy. Though much of this steepness stems from the larger concentrations in the tail
end of the distributions.

For most strategies, a larger source of abnormal returns seems to stem from the short side, this is
especially true for the short-term strategy, where we see for the value-weighted method 1.05 percent
of abnormal returns coming from the short side while only 0.65 percent comes from the long-side.
The reason for this is that the loser portfolios have a larger absolute value of expected abnormal
returns compared to the winner portfolios. This implies that the momentum effect is driven more by
the underperformance of losers, compared to the outperformance of winners. This is consistent with
the findings of e.g. Hong et. al. (2000) who found similar results. The only exception to this seems to
be the value weighted 12-7 strategy where both the winner and loser portfolio contribute roughly

evenly to the abnormal returns. This is consistent with the findings of e.g. Novy-Marx (2012).

To summarize this section, we first conclude that even after adjusting for systematic risk the
momentum strategies continue to realise positive abnormal returns not explained by the CAPM.
Second, we show that there is a close to linear relationship between our decile portfolios and expected
abnormal returns. Finally, we conclude that in most cases a larger part of momentum profits stem

from the underperformance of losers instead of the outperformance of winners.

Market dependent betas

In the previous section we found that both the short-term and long-term strategies have a negative
correlation with the market that is statistically significant. This would suggest that these strategies
generate stronger profits in market downturns, which is contradictory to our own findings as well as
previous literature that found the momentum strategy to perform poorly during the subprime crisis of
2007-2010 (see appendix 3 for graph on trailing Sharpe ratio). To address this finding, we examine
whether the market betas of our strategies vary with market conditions. For varying market betas to
explain our positive returns it would require that losers have a higher beta than winners in down
markets and a lower beta in up markets. Down markets are defined as the months where the market

experiences negative returns, while up markets are defined as months with positive returns.
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Table 5.4: Market dependent betas and abnormal returns
Alpha and beta values for the relative-strength portfolios. The reported alpha and beta values for each portfolio have been
computed relative to The Morgan Stanley Capital International (MSCI) Nordic index, using monthly excess returns from
January 2007 to January 2021 and the following regression:

Rf = a + BYPDi[RE] + B (1 — D) [RG] + e,

Where D is a dummy variable equal to one if the excess returns of the MSCI index in month t is positive and equal to
zero otherwise. Ry, is the excess return of the MSCI index. t-statistics are two-sided and presented in square brackets. t-
Stats for up and down-market beta tests whether the beta value is significantly different from 1 for P1 and P10, whereas
for P10-P1 we test if they are significantly different from 0. Lastly, t-Stat o tests whether alpha is significantly different
from 0.
Portfolio o t-Stat. (o)) pHP t-Stat. (B*) plown t-Stat. (B%"™) Adj. R?
Panel A: equal weight

Long-term (12-2)

P1 -2.36 [-4.38] 1.68 [4.79] 1.01 [0.08] 0.63
P10 1.16 [2.96] 0.84 [-1.51] 0.94 [-0.60] 0.58
P10 - P1 3.52 [6.43] -0.84 [-5.79] -0.07 [-0.51] 0.20
Intermediate-term (12-7)

P1 -1.47 [-2.94] 1.32 [2.40] 0.97 [-0.27] 0.59
P10 0.86 [2.23] 0.93 [-0.64] 1.06 [0.66] 0.65
P10 - P1 2.34 [5.12] -0.39 [-3.19] 0.10 [0.86] 0.06
Short-term (6-2)

P1 -2.38 [-4.79] 1.65 [4.93] 1.03 [0.22] 0.67
P10 0.99 [2.39] 0.90 [-0.94] 0.93 [-0.69] 0.57
P10 - P1 3.37 [6.79] -0.75 [-5.73] -0.10 [-0.79] 0.20

Panel B: adj. value weight

Long-term (12-2)

P1 -2.50 [-4.49] 1.76 [5.16] 0.92 [-0.58] 0.62
P10 1.07 [2.71] 0.84 [-1.56] 0.97 [-0.27] 0.59
P10 - P1 3.57 [5.35] -0.93 [-5.23] 0.05 [0.33] 0.15
Intermediate-term (12-7)

P1 -1.24 [-2.68] 1.34 [2.74] 1.01 [0.13] 0.64
P10 1.13 [3.05] 0.91 [-0.95] 113 [1.41] 0.68
P10 - P1 2.37 [4.30] -0.43 [-2.94] 0.12 [0.84] 0.05
Short-term (6-2)

P1 -1.91 [-4.09] 1.60 [4.85] 1.10 [0.81] 0.69
P10 0.57 [1.43] 0.95 [-0.45] 0.91 [-0.95] 0.60
P10 - P1 2.48 [4.30] -0.65 [-4.24] -0.19 [-1.31] 0.14

Source: Own creation

The findings from table 5.4 show that market dependent betas do not explain our abnormal returns.
Although we do see that the betas vary on market conditions, the alpha values have actually increased,
compared to our previous regression. Losers still exhibit a higher and more statistically significant
beta than winners in the up markets, with up market betas ranging from 1.32 to 1.76 for loser
portfolios and 0.84 to 0.95 for winner portfolios. We see almost identical betas for losers and winners
in the down market all with values close to 1.0. Interestingly this implies that our strategies are market
neutral in down markets. However, due to the significant alphas for every strategy we can conclude

that we cannot explain the momentum profits with market dependent betas.
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Through a further examination of the monthly data returns for our strategies we observe that the worst
performing month for all strategies is in April 2009, with strategies experiencing up to -47% returns
for that month. This is the month where the financial market transitioned from the financial crisis,
and achieved positive returns throughout the whole market, as the MSCI index achieved market
returns of +20% for that month. The negative beta for our strategy in up markets, implies that for
times where the market is growing heavily our strategies will experience negative returns. This is
consistent with what we see in April 2009. The reasoning for these strong negative returns can be
found in losers gaining a reversal of returns at a faster rate than winners, which causes the losers to
considerably outperform winners in the months following a crisis. This explains the high beta for the
loser portfolios in up markets, and as of such the negative beta for our strategies. This finding is
illustrated in figure 5.5 below, which clearly illustrates the substantially negative momentum return
in April 2009, where the loser portfolio obtained returns of ~52% whereas the winning portfolio only

achieved a return of ~8%.

Figure 5.5: Cumulative return for equal weighted 12-2 strategy
Indexed cumulative return for the long-term momentum strategy from 01.01.2007 to 31.12.2012. 12-2 EW P1 is defined
as losers while 12-2 EW P10 is defined as winners. 12-2 EW represents the cumulative return for the long-term zero-cost
momentum strategy.

e ]2-2 EW P1
150 —]2-2 EW P10

—]2-2 EW

Source: Own creation

Three factor and four factor regressions
In the previous sections we observed positive and significant alpha values for all strategies across
both weighting methods after adjusting for systematic risk and market dependent betas. This section

will add on several risk factors other than the market risk captured in the CAPM model to try and
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explain the abnormal momentum profits. Following the methodology of Fama and French, the other
risk factors of the three-factor model include those of size (Small-minus-big) and value (High-minus-
low). Coupled with this we will conduct a separate regression where we include a fourth momentum

factor (Winners-minus-losers).

Table 5.5: Momentum strategy factor loadings
Results of regressions on long-, intermediate-, and short-term momentum strategies and the risk factors MKT (market
excess returns), SMB (size), HML (book-to-market value) and MOM (winners-minus-losers). Alpha values are posted in
percent, while t-statistics are in square brackets. The MKT factor is the excess return of the MSCI Nordic index, while
the remaining factors have been obtained from the Kenneth R. French website, computed based on stocks from multiple
European countries®. The sample period covers January 2007 to January 2021. Panel A depicts equal-weighted strategies,
while Panel B depicts adjusted value weighed strategies. Refer to appendix 4 for regressions on winner and loser

portfolios.
Panel A: Equal weight

Independent y = Long-term momentum (12-2) y = Intermediate-term momentum (12-7) y = Short-term momentum (6-2)

variable (1A (2A) (3A) (4A) (5A) (6A) (7TA) (8A) (9A) (10A) (11A) (12A)
Alpha 1.94 221 2.00 1.36 1.43 1.52 1.40 0.94 2.00 2.26 2.18 1.64
[4.62] [5.61] [5.26] [4.32] [4.43] [4.69] [4.38] [3.32] [5.25] [6.34] [6.08] [5.25]

MKT -0.44 -0.31 -0.09 -0.13 -0.06 0.11 -0.41 -0.36 -0.17
[-5.25] [-3.71] [-1.20] [-1.94] [-0.78] [1.62] [-5.46] [-4.49] [-2.35]

SMB -0.40 -0.35 -0.33 -0.29 -0.26 -0.22
[-2.05] [-2.22] [-1.98] [-2.03] [-1.39] [1.37]

HML -0.62 0.11 -0.38 0.14 -0.26 0.34
[-4.11] [0.73] [-2.95]  [1.07] [-1.83] [2.38]

MOM 0.93 0.66 0.77
[9.53] [7.44] [7.91]

Adj. R2 0.137 0.219 0.494 0.016 0.070 0.300 0.146 0.161 0.389

Panel B: Adj. value weight

Independent y = Long-term momentum (12-2) y = Intermediate-term momentum (12-7) y = Short-term momentum (6-2)

variable (1B) (2B) (3B) (4B) (5B) (6B) (7B) (8B) 9B) (10B) (11B) (12B)
Alpha 1.65 191 157 0.71 1.35 1.44 1.23 0.65 1.45 1.70 1.55 0.94
[3.31] [3.96] [3.40] [1.99] [3.48] [3.70] [3.23] [1.97] [3.38] [4.18] [3.80] [2.63]

MKT -0.42 -0.25 0.05 -0.14 -0.04 0.17 -0.41 -0.34 -0.12
[-4.06] [-2.45] [0.62] [175] [-0.41] [2.22] [-474] [-3.76] [-1.52]

SMB -0.21 -0.15 -0.23 -0.18 -0.06 -0.01
[-0.89] [-0.81] [-1.15]  [-1.09] [-0.27]  [-0.04]

HML -0.87 0.10 -0.57 0.09 -0.36 0.34
[-4.71]  [0.62] [-3.72] [0.58] [-2.21]  [2.06]

MOM 1.24 0.84 0.89
[11.07] [8.10] [8.02]

Adj. R2 0.084 0.184 0.530 0.012 0.081 0.340 0.113 0.128 0.370

Source: Own creation

8 See appendix 2 for a complete list of countries

69



Copenhagen Business School Master’s Thesis 17.05.2021

Table 5.5 shows all regressions for the zero-cost portfolios. The first column in each strategy presents
the previously reported mean average returns in table 5.1. The second column presents the alpha and
market betas for our previously conducted CAPM regressions. The third and fourth columns present

the three- and four-factor regression results.

From the first two specifications in each strategy, we derived the following two conclusions:
momentum strategies have been profitable in the Nordic market during the years 2007-2021 and
continues to produce abnormal returns after adjusting for systematic risk. If we observe column three,
we see alpha values ranging from 1.23 to 2.18 percent with high associated t-statistics. This shows
that alpha is still significant and positive for all strategies after adjusting for the SMB (size) and HML
(\Value) factors. As of such we can conclude that the three-factor model does not explain the
momentum effect, which is in line with previous studies of Jegadeesh and Titman (1993) and Fama
and French (1996), who refer to it as the “main embarrassment of the three-factor model”. However,
we do see that the alpha values decrease as more factors are added to the model as well as an increase
in the adjusted R?, which indicates that the three-factor and four-factor models are able to explain a

larger part of the abnormal momentum profits than the CAPM could.

Taking a closer look at the risk factors in column three we see that for the short-term (specification
11A and 11B) and long-term strategies (specification 3A and 3B) the beta coefficient of the market
is still significant and negative, ranging from -0.25 to -0.36. While the intermediate-term strategy (7A
and 7B) retains a completely insignificant exposure to the market, with a beta of -0.06 and -0.04. We
also observe a negative factor loading on the SMB factor for all strategies, this indicates much like
our previous findings that the loser portfolios on average contains smaller companies than the winner
portfolios, as the loser portfolios have a higher SMB factor-loading than their winner counterpart.
This is also consistent with why we see larger negative coefficients to size in the equally weighted
methods compared to the value weighted method. It should be noted that the size factor only is
significant at the 5% significance level in the 12-2 and 12-7 equally weighted strategies (3A and 7A),
while none of the value weighted strategies show any significant correlation with size. Our finding
of a non-significant loading on SMB for the short-term strategy (11A) is somewhat surprising,
considering that we saw the largest disparity of excess returns between the equally weighted and

value weighted short-term strategy.
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For the HML factors we also see large negative coefficients which are statistically significant at the
5% level across all strategies, except the equally weighted short-term strategy (11A) which holds an
HML-coefficient of -0.26 (t-stat = 1.83). This heavy negative factor loading on HML is in line with
findings of previous studies (e.g. Fama and French, 2008; Novy-Marx, 2012), and indicates that our
loser portfolios are more tilted towards containing stocks with a higher book-to-market value than
our winner portfolios. Intuitively, this makes sense as losers have seen a decrease in market value,
which all things equal will increase their book-to-market value, compared to winners who have

experienced an increase in market value and as of such a lower B/M value.

Once we include the fourth factor, i.e. momentum, we see that the alphas relative to the model are
much smaller. Including the MOM factor as an explanatory variable reduces the alphas remarkably,
as the strategies, not surprisingly, load heavily and significantly on the factor. Furthermore, by
introducing the MOM factor we reduce the negative loadings on the other three factors: MKT, SMB
and HML and see a remarkable increase in adjusted R? for all strategies. This shows that the four-
factor model explains more of our abnormal returns compared to the three-factor model and CAPM.
Nevertheless, it is interesting to note that even after introducing the MOM factor we still see
significant positive alphas for all equally weighted strategies (4A, 8A and 12A) and for the short-
term value-weighted strategy (12B), ranging from 0.94 to 1.64 percent. The alphas for the long-term
and intermediate-term value weighted strategy (4B and 8B) are slightly smaller at 0.71 and 0.65

percent respectively and significant at the 10% significance level.

The positive and significant alpha values observed in the four-factor model, may be a result of the
factors being computed based on other European countries not included in our sample. Furthermore,
if we examine the methodology of the construction of the Fama and French momentum factor, we
see that winner and loser portfolios are constructed using different breakpoints than in our portfolio
formation. The Kevin French website defines the winner and loser portfolios used to construct the
momentum factor as the top and bottom 30% of stocks based on t-12 to t-2 months past performance.
As of such, we see that our investment strategy is notably more extreme in its stock selection and
portfolio construction, which could explain the inability of the four-factor model to explain our

returns.
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To test this hypothesis, the winner and loser portfolios have been constructed based on the 30" and
70" percentile of the 12-2 month lagged returns of stocks in our sample. To keep the test more in line

with Fama and French we furthermore apply the adjusted value weighted strategy.

Table 5.6: Fama-French Momentum
Results of regressions on the adjusted value weighted 12-2 strategy and the risk factors MKT, SMB, HML and MOM.
Alpha values are posted in percent, while t-statistics are in square brackets. The winner and loser portfolios have been
constructed based on the 30™ and 70™ percentile of the 12-2 month lagged returns of stocks in our sample.

Independent y = Long-term momentum (12-2)
variable (1) (2) (3) (4)
Alpha 0.70 0.84 0.70 0.18

[2.53] [3.20] [2.71] [0.96]

MKT -0.24 -0.16 0.02
[-427]  [-283]  [0.50]

SMB -0.18 -0.14
[-1.35]  [-1.48]

HML -0.40 0.19
[-389]  [2.21]

MOM 0.75
[12.96]
Adj. R2 0.099 0.179 0.594

Source: Own creation

Table 5.6 presents the results of a less extreme momentum strategy, more in line with the
methodology applied by Fama and French. Looking at specification 1, we can see that this strategy
still realises significant and positive monthly average excess returns of 0.70 percent. This is
considerably lower compared to the return obtained previously using our “original” 12-2 strategy.
We see that even after introducing the risk factors of specification 2 and 3, we still observe a
significant and positive alpha, indicating that momentum profits are still obtainable when using a less
aggressive strategy and that the three-factor model is still unable to explain the profits. Finally, we
see that once we control for momentum in specification 4 our alpha is small and insignificant, coupled
with a high adjusted R? and a strongly significant factor loading on the MOM factor. As of such, we
can conclude that the four-factor model fully explains the abnormal returns of the less extreme Fama
French Momentum strategy.
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To summarize this section, we find that the CAPM and three-factor model were unable to fully
explain the profits realised by the momentum strategies analysed in this study. Furthermore, we find
that after controlling for momentum in a four-factor model we still achieved significant abnormal
returns. It should be noted however, that the results might be explained by an alternate asset pricing
model with different specifications and incorporations of risk factors and risk premia. In line with
this, using a less extreme momentum strategy, we find that the four-factor model fully explains the

abnormal momentum profits.

5.2 Size sub-sample
Following up on the previous observation in section 5.1, this section will examine the influence of

firm size on momentum returns to determine whether momentum profits are limited to small firms.

Table 5.7: Size sub-samples
Descriptive statistics for sub-samples based on size, across the sample period January 2007 — January 2021. Companies
with a market capitalization below the predetermined minimum market capitalization, as explained in section 4.4, are
excluded from the sample. The numbers in the table presented are averages from across the whole sample period. This
means that the numbers represent what an average formation month t looks like, and not the current market situation. To
put in perspective, the total market capitalization of our total sample as of January 2021 is approximately 15,000 DKK
billion.

Size sub-samples

Small Large Total sample
Number of firms 259 259 518
% of firms 50% 50% 100%
Total capitalization (DKK billion) 146 8,749 8,895
% of total capitalization 2% 98% 100%
Avg. market cap (DKK million) 547 33,267 16,891
Median (DKK million) 442 7,135 1,412

Source: Own creation

To determine the effect of firm size we have divided our total sample into sub-samples based on the
median of total average market capitalization across the whole sample period. The sample is split into
two groups: a small group consisting of the lower half of the total sample and a large group consisting
of the upper half. Table 5.7 above clearly illustrates the substantial skewness and dispersion of firm
size in our data sample. The small sub-sample includes 50% of the companies in the total sample, yet
it only accounts for 2% of the total market capitalization. Additionally, we can see that the average

company in the large sample is 60 times larger than the average company in the small group based

73



Copenhagen Business School Master’s Thesis 17.05.2021

on market capitalization. As of such we find our method of dividing our total sample as an adequate

solution for testing the influence of firm size.

Table 5.8 below presents the average monthly excess returns, the standard deviation of excess returns,
the annualized Sharpe ratios as well as the market beta and CAPM alpha values, for the small and
large size sub-samples. Only results for the equal weighted portfolios are presented below, due to the
equal- and value weighted portfolios obtaining similar results. For the value-weighted results we refer

to appendix 5.

Table 5.8: Size sub-sample momentum returns
Average monthly excess returns (in percent), standard deviation of excess returns (in percent), annualized Sharpe ratios,
market betas and CAPM alphas (in percent) of equal weighted winner and loser portfolios created based on the historical
performance of stocks in the Nordic markets. The small sub-sample presents the lower half of our full sample based on
market capitalization, the large sub-sample presents the upper half. P1 is defined as losers while P10 is defined as winners.
P10-P1 represents the respective momentum strategy. The t-stats are two-sided and tests whether excess returns, beta and
alpha of P10-P1 are significantly different from zero. The sample period spans from January 2007 to January 2021.

Small Large

Mean  SD (%) SR Bumarket OcaPM Mean  SD (%) SR Bumarket OcaPM
Long-term (12-2)
P1 -0.56 8.86 -0.22 1.34 -1.39 0.23 7.92 0.10 1.39 -0.63
P10 1.65 6.39 0.89 0.93 1.07 1.50 5.58 0.93 0.91 0.94
P10-P1 2.20 6.46 1.18 -0.40 2.45 1.27 6.02 0.73 -0.48 1.57
t-Stat. [4.44] [-3.96] [5.11] [2.74] [5.25] [3.61]
Intermediate-term (12-7)
P1 -0.31 7.98 -0.13 1.17 -1.03 0.53 6.69 0.28 1.14 -0.17
P10 1.02 6.32 0.56 0.95 043 1.44 6.04 0.83 1.06 0.78
P10 - P1 133 5.14 0.90 -0.21 146 0.90 4.92 0.64 -0.08 0.96
t-Stat. [3.37] [-2571  [3.73] [2.39] [-101]  [250]
Short-term (6-2)
P1 -0.88 8.56 -0.36 129 -1.68 0.47 7.92 0.21 1.45 -0.42
P10 131 6.42 0.71 0.95 0.73 1.44 5.58 0.90 0.94 0.87
P10-P1 219 6.19 123 -0.34 241 0.97 5.40 0.62 -0.51 1.29
t-Stat. [4.61] [-345]  [5.17] [2.33] [-6.43]  [3.42]

Source: Own creation

If we examine the mean excess return of each strategy, we see that all strategies obtain positive and
statistically significant returns in both sub-samples, ranging from 0.90 to 2.20 percent. However, if
we compare the returns of the zero-cost strategies across sub-samples, we find a notable difference

in performance, with the small sample outperforming the large sample for all strategies. The largest
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difference in return is observed in the short-term strategy where the small sample realises an average
excess return of 2.19 percent and the large sample an average return of 0.97 percent. This difference
is statistically significant at the 1% level (t-stat = 2.70). For the remaining two strategies, the
difference in excess return between the small and large sample in the long-term (0.93%) is significant
at the 5% level (t-stat = 2.02), while the intermediate-term strategy shows no substantial difference
between its small and large sample (t-stat = 0.96).

The difference in returns between small and large is consistent with our findings in the previous
section, where we found that equally weighted methods outperform value weighted methods across
all strategies. Furthermore, we also previously found the largest disparity of returns in the short-term
strategy, giving us a stronger indication that the small firm effect is more concentrated in the short-
term. Similar results are found when considering each strategy’s Sharpe ratio, with notably larger

Sharpe ratios for the small sample.

If we examine the large sample on its own, we observe that the zero-cost portfolios (P10-P1) realise
returns and Sharpe ratios smaller than the corresponding winner portfolio (P10) of each respective
strategy. The momentum strategies realise returns in the range of 0.90 to 1.27 percent, whereas the
winner portfolios realise returns in the range of 1.44 to 1.50 percent. The lower returns of the zero-
cost portfolios can be explained by the observation that no loser portfolio (P1) in the large sample
realises negative returns. However, once we account for market exposure, each zero-cost portfolio
generates a positive and statistically significant alpha that is higher than the alpha generated for the
winner portfolios. This indicates that albeit comparatively smaller, the momentum effect still exists

in large companies.

If we consider the source of profits for each strategy, we can compare the difference in performance
of the P1 and P10 deciles in the small and large sample respectively. Comparing the P10 deciles we
observe a relatively similar performance across the board, except for the intermediate-term strategy
with a notable difference in mean returns (0.42%). Examining the mean returns of the P1 deciles we
observe a sizeable discrepancy in performance between the small and large samples. The loser
portfolios in the small sample realise returns between -0.88 and -0.31 percent compared to returns

between 0.23 to 0.53 percent in the large sample.
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Moreover, we observe that beta values for every portfolio are close to what we observed in Table 5.3,
with significantly negative betas between -0.34 to -0.51 for the long- and short-term strategies, while
the beta for the intermediate-term strategy is now significantly negative in the small sample (-0.21)
but still market neutral in the large sample (-0.08). We find higher alpha values across the board for
the small sample compared to the large sample. If we observe the source of the alpha, we see that for
the small sample the majority stems from the short side, in contrast to the large sample, where a larger
part of the alpha derives from the long side. These findings suggest that the difference in alpha and
momentum returns observed between small and large firms, are driven by the underperformance of

the loser portfolios in the small sample compared to the large sample.

Table 5.9: Average market capitalizations and medians — Sub-sample
Average market capitalizations and medians for constructed relative-strength portfolios across the entire sample period.
P1 is the decile of stocks with the lowest past returns, and P10 is the decile of stocks with the highest returns in the same
period. Panel A presents the small sub-sample, panel B presents the large sub-sample. Values are presented in DKK
million.

Long-term momentum (12-2) Intermediate-term momentum (12-7) Short-term momentum (6-2)

Avg. market cap Median Avg. market cap Median Avg. market cap Median
Panel A: small
P1 438 330 450 343 446 342
p2 495 391 501 394 497 400
P3 521 422 531 420 528 434
P4 534 433 551 456 538 438
P5 570 478 569 470 555 470
P6 575 488 572 479 551 464
P7 579 486 585 508 577 495
P8 606 526 595 514 572 482
P9 588 507 590 509 578 494
P10 560 473 546 460 539 452
Panel B: large
P1 19,769 4,973 19,393 4,715 21,487 4,926
P2 31,748 7,231 32,385 7,643 29,898 7,175
P3 36,672 8,597 37,653 9,222 36,034 8,751
P4 40,478 9,735 37,710 9,275 38,697 9,010
P5 36,599 10,100 38,848 9,855 36,459 9,333
P6 37,763 10,007 37,527 10,084 38,096 9,659
p7 37,773 10,225 38,629 10,371 36,584 10,030
P8 35,691 9,713 36,081 9,139 35,232 8,908
P9 34,339 8,789 33,667 8,421 32,232 8,234
P10 21,863 5,711 22,237 6,320 21,307 5,488

Source: Own creation

Table 5.9 presents the average market cap and median for our relative strength portfolios for each of
the two sub-samples. Compared to our total sample, we can see that the small sub-sample is more
size-neutral across the different portfolios. While for the large sub-sample we find a relatively similar

distribution of average market capitalization as we did in our previous analysis (refer to table 5.2). It
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IS interesting to note that for the small sample, the smallest companies are no longer concentrated in
both extremes (P1 and P10), but rather in the lower decile portfolios (P1, P2 and P3). Furthermore,

we still observe winners on average being larger than losers in both cases.

Figure 5.6 Average market capitalizations — Sub-sample
Illustrative overview of average market capitalizations for constructed relative-strength portfolios across the entire sample
period. Values are presented in DKK million. The red bar chart represents the 12-2 strategy, the blue represents the 12-
7 and the grey represents the 6-2.
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In summation, considering our findings in this section in conjunction with the ones in the previous
section, we can conclude that we find significant and positive momentum profits for small as well as
large companies. However, we find significantly higher momentum returns in our small sample
compared to large sample and can thus conclude that momentum profits are more concentrated in
smaller firms. Furthermore, we find that the disparity in momentum profits between the two samples
is caused by the underperformance of losers in the short side of the small sample.

Factor regressions

The following section will apply the same methodology as section 5.5.1 and examine the small and
large sub-samples in the context of the three- and four-factor models. It should be noted that the
posted findings are for the equally weighted method only, and we refer to appendix 6 for the

corresponding value weighted results.
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Table 5.10: Momentum strategy factor loadings — Sub-sample
Results of regressions on long-, intermediate-, and short-term momentum strategies and the risk factors MKT (market
excess returns), SMB (size), HML (book-to-market value) and MOM (winners-minus-losers). Alpha values are posted in
percent, while t-statistics are in square brackets. The MKT factor is the excess return of the MSCI Nordic index, while
the remaining factors have been obtained from the Kenneth R. French website, computed based on stocks from multiple
European countries®. The sample period covers January 2007 to January 2021. Panel A depicts results from the small sub-
sample, while Panel B depicts the large sub-sample. Refer to appendix 6 for regressions on value weighted results.

Panel A: Small
Independent y = Long-term momentum (12-2) y = Intermediate-term momentum (12-7) y = Short-term momentum (6-2)
variable (1A) (2A) (3A) (4A) (5A) (6A) (7TA) (8A) (9A) (10A) (11A) (12A)
Alpha 2.20 2.45 2.32 171 1.33 1.46 1.37 0.97 2.19 241 2.38 1.86
[444] [511] [482] [3.86] [337] [3.73] [349] [2.57] [461] [517] [5.08]  [4.20]
MKT -0.40 -0.32 -0.10 -0.21 -0.15 -0.01 -0.34 -0.29 -0.11
[-396] [-2.95] [-0.98] [-257] [-1.70] [-0.09] [-3.45] [-2.79] [-1.06]
SMB -0.37 -0.32 -0.32 -0.28 -0.47 -0.43
[-1.49] [-1.44] [-1.55] [-1.50] [-1.96] [-1.94]
HML -0.42 0.27 -0.31 0.15 -0.20 0.39
[-2.20] [1.35] [-1.95] [0.85] [-1.071 [1.89]
MOM 0.89 0.58 0.75
[6.45] [4.93] [5.42]
Adj. R2 0.086 0.120 0.298 0.038 0.070 0.190 0.067 0.092 0.230
Panel B: Large
Independent y = Long-term momentum (12-2) y = Intermediate-term momentum (12-7) y = Short-term momentum (6-2)
variable (1B) (2B) (3B) (4B) (5B) (6B) (7B) (8B) (9B) (10B) (11B) (12B)
Alpha 1.27 1.57 1.22 0.47 0.90 0.96 0.68 0.10 0.97 1.29 1.09 0.50
[2.74] [3.61] [2.97] [1.44] [2.39] [2.50] [1.85] [0.32] [2.33] [3.42] [2.93] [1.58]
MKT -0.48 -0.33 -0.06 -0.08 0.05 0.25 -0.51 -0.42 -0.21
[-5.25] [-3.60] [-0.84] [-1.01] [061] [3.51] [-6.43] [-5.08] [-2.91]
SMB -0.06 0.00 -0.13 -0.09 -0.11 -0.06
[-0.27]  [0.01] [-0.70]  [-0.56] [-0.58]  [-0.40]
HML -0.84 0.02 -0.70 -0.05 -0.50 0.17
[-5.10] [0.12] [-4.81] [-0.34] [-3.36] [1.19]
MOM 1.10 0.83 0.86
[10.87] [8.56] [8.70]
Adj. R2 0.141 0.259 0.569 0.006 0.129 0.398 0.199 0.250 0.487

Source: Own creation

Consistent with previously posted regressions, Table 5.10 presents all regressions for sub-sample
zero-costs portfolios. The first column in each strategy presents the mean average returns, the second
column presents the alpha and market betas for CAPM regressions, and the third and fourth columns

present the three- and four-factor regression results.

9 See appendix 2 for a complete list of countries
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If we observe column three we see that all strategies, except the 12-7 strategy for the large sample
(specification 7B), produce positive alphas all significant at the 1% significance level, in the range of
1.09 to 2.38 percent. As of such we conclude that even after risk-adjusting for size and value we get
a significant alpha and a momentum effect in both the small and large sample. In line with our
regression on the full sample, we still observe decreasing alpha values and increasing adjusted R? as
we add more factors to the model, indicating that the three-factor and four-factor models are able to

explain a larger part of the abnormal momentum profits than the CAPM.

Focusing on the specific risk factors we do not see a significant loading on the SMB factor, for any
of the strategies except the short-term strategy (specification 11A) in the small sample (t-stat = 1.96).
This is to be somewhat expected, due to the fact that our samples should be more size-neutral after
splitting our full sample by the median. This brings us back to the question of whether or not
momentum is driven by small firms outcompeting even smaller firms. Since we do not observe a
significant negative SMB factor loading, i.e that loser portfolios are more tilted towards containing
smaller firms compared to the winner portfolios, we are more inclined to reject the previously stated

hypothesis.

For the short-term (specification 11A and 11B) and long-term strategies (specification 3A and 3B)
the beta coefficient of the market is significant and negative, ranging from -0.29 to -0.42. While the
intermediate-term strategy (7A and 7B) retains a completely insignificant exposure to the market,
with a beta of -0.15 and -0.05. For the HML factors we see large negative coefficients which are
statistically significant at the 5% level across all strategies, except the small sample short-term
strategy (11A) which holds an HML-coefficient of -0.20 (t-stat = -1.07). These results are almost
identical to our previous regressions in table 5.5. Once we control for momentum in column four, we
find significant alphas in our small sample, but small and insignificant alphas in the large sample.
Much like in our previous regressions we deduce that the cause of significant alpha values in the four-
factor model are caused by our more extreme momentum strategy, compared to the Fama and French

type strategy used to compute the MOM factor.
To summarize, we conclude that despite our initial hypothesis, we found significant momentum

profits in both our small and large sample, even after accounting for common risk factors.

Furthermore, we found that the small sample significantly outperformed the large sample in all cases.
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We thus conclude that the momentum effect exists in both small and large firms but are significantly
more concentrated in smaller firms. Finally, we conclude that the difference between the source of
profits for strategies in the large vs. the small sample could be found in the short side for the small
sample. Further indicating that the stronger momentum effect found in the small firms are driven by

the underperformance of losers compared to the overperformance of winners.

5.3 January Effect

While the characteristics of the January Effect have been described in detail in section 3.4, we provide
a short description to facilitate the discussion of this upcoming section. The January Effect is a
seasonal anomaly observed in the month of January, where equities on average see a larger increase
in stock prices compared to other months. The effect has predominantly been found in small-cap
stocks. The main theory behind the cause of the January Effect is tax-loss selling, stating that investors
will sell losing stocks in December to realise a capital loss, and then proceed to buy them back in
January. As of such, in theory we should see a reversal of momentum in January, caused by the
upwards buying pressure on losers, which consequently lead to a negative return for our momentum

strategies.

5.3.1 January returns

To determine the impact of the January Effect on monthly returns we distinguish between non-
January and January returns. Non-January reflects the returns from investing in all months other than
January. And naturally, January returns reflect returns realised only from January investing. The
decomposition of profits will allow us to analyse the performance of each individual strategy in- and
out-side of January, while simultaneously comparing each strategy’s performance in January to each
other.

Table 5.11: Stock returns in January
Panel A depicts average monthly excess returns (in percent), standard deviation of excess returns (in percent) and
annualized Sharpe ratios of an equal weighted portfolio of all stocks in our data sample across our sample period from
January 2007 to January 2021. Panel B presents the same measures for the value weighted MSCI Nordic index across our
sample period. Overall cover returns for the entire calendar year. January cover returns only in January. Non-January
cover returns in any month other than January.
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Panel A: Own sample

Equal weight Overall January Non-January
Mean 0.72 3.03 0.50
SD 5.29 5.08 5.27
SR 0.47 2.06 0.33
Panel B: MSCI
MSCI: Value weight ~ Overall January Non-January
Mean 0.62 0.59 0.62
SD 4.68 5.24 4.64
SR 0.46 0.39 0.46

Source: Own creation

The first row and column in Panel A of table 5.11 represents, for our intents and purposes, the average
monthly excess returns if one were to invest an equal amount in every stock available on the Nordic
market for the past 14 years, using monthly rebalancing.'® When we observe the mean return values
for January, we see a much higher value compared to that of non-January investing, with January
investing realising average monthly excess returns of 3.03 percent (t-stat = 2.31) while investing
outside of January only realises 0.50 percent monthly return. To examine whether this result is a cause
of significant outliers in our January observations, we apply a two-sample t-test to test against the
null hypothesis that the mean excess returns of January investing and non-January investing in Panel
A of table 5.11 are identical (t-Stat. = 1.78). Due to the low number of observations in January (n =
15), we get a relatively low t-stat compared to the magnitude of difference between non-January and
January returns. However, we can still conclude with a significance level of 10%, that investing in
January using equal weights yields significantly higher returns than investing outside of January. This

implies the presence of a January Effect in the Nordic Markets.

Panel B of table 5.11 applies the same methodology as Panel A but for the value weighted MSCI
Nordic index. In Panel B we see no statistically significant difference in mean returns between
January and non-January investing. While the MSCI Nordic index covers 85% of the total market
value of the Stock exchanges in the Nordics, a large part of the total market capitalization is made up

10 This is disregarding transaction costs, stocks below our minimum market cap requirement and missing data from our
data sample.
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of a few large companies. This indicates that the January Effect may only be present in small-cap
stocks. This is supported by a number of academics, who argue that the January Effect exists primarily

in small companies (e.g. Roll 1983).

5.3.2 Marginal strategies

To further examine the degree to which the January Effect is present in the Nordic stock markets we
employ the marginal strategy method, adopted from Novy-Marx (2012) and Yao (2012). This method
lets us examine the autocorrelation of returns for our zero-cost portfolios, as well as help us gain a
better understanding of the apparent success of our strategies. The marginal strategies, much like our
previously applied momentum strategies, long past winners and short past losers. However, they
differ from momentum strategies in the way stocks are ranked based on previous performance. In
every formation month t, each marginal strategy longs winners and shorts losers based on past
performance in a single month, this month being 1 to 12 months “lagged” behind month t. These
stocks are then held throughout formation month t, like in our previous strategies. For example, for
6-month lagged returns, portfolios are formed in the beginning of month t, based on winners and
losers in month t-6. In total, we end up with 12 distinct marginal strategies. In line with how we
defined our previous momentum strategies as 12-2, 12-7 and 6-2 based on their lookback periods, we

can define our marginal strategies in a similar fashion as 12-12, 11-11, 10-10 etc.

The upper panel of figure 5.7 presents the average monthly returns of our 12 winner-minus-loser
marginal strategies. These strategies essentially represent the autocorrelation of returns, for month t.
To understand this, we take an example: If we look at the t-1 marginal strategy in January 2007, we
long the winners and short the losers of December 2006, likewise the t-2 marginal strategy will create
a portfolio based on November 2006 winners and losers. A month passes, we are now in February
2007, the t-1 strategy will now buy the winners and sell the losers of January 2007, while the t-2
strategy will buy the same winners and the same losers of December 2006 as the t-1 strategy did the
month prior. As of such we can see that throughout the investment periods, the t-2 strategy will long
and short the same companies as the t-1 strategy, just lagging one month behind. The same holds true
for the remaining strategies and their respective lag periods, i.e. t-3 to t-12. To summarize, we invest
in the same companies for all strategies, but at different points in time, as of such the marginal

strategies serve as an indicator of the autocorrelation of returns for month t.
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Figure 5.7: Marginal strategies
Average monthly excess returns of P10-P1 portfolios for marginal strategies. The upper panel presents overall returns
where the investment period covers any calendar month, the middle panel only includes investments in January while the
bottom panel includes investments from any month other than January. Blue bars present the returns for equally weighted
portfolios and grey bars present results for adjusted value weighted portfolios.
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Looking at the upper panel of figure 5.7 we find that the P10-P1 marginal strategies predominantly
generate positive returns. This indicates a positive autocorrelation associated with past winners
continuing to outperform past losers. This observation is also consistent with findings obtained
previously in this chapter, where we found significantly positive returns for all our momentum
strategies, regardless of their different lookback periods. Moreover, when looking at the upper panel,
we see that the prior 6-to-2 months demonstrate a slightly higher return autocorrelation compared to
month 12-to-7. The highest autocorrelation is observed in the second and third lagged month returns.
These findings suggest that short-term past performance contributes slightly more to momentum
return than intermediate-term past performance. This is consistent with the findings of section 5.1,
where we observe higher excess and abnormal returns for our short-term strategy compared to the
intermediate-term strategy. These observations contradict those of Yao (2012) and Novy-Marx
(2012), who found that intermediate-term past performance contributes more to momentum returns

than short-term.

Furthermore, we see that the only month showing negative autocorrelation for the overall result is t-
1 for the value-weighted strategy. This is in line with the one-month reversal observed by e.g.
Jegadeesh (1990), who states that strong winners from the prior month are more likely to have close
prices at the ask-price rather than the bid-price, and as of such tend to underperform losers from the
previous month, who are more likely to have close prices at the bid. This is also the reason why we
skip the latest month in each of our momentum strategies. It should be noted however, that by
examining the t-statistics in Table 5.12 for the 1-month lag returns of the overall returns, we can see
that neither the returns of the equally weighted nor the value weighted strategy are significantly
different from zero. As of such we cannot conclude with a relevant significance level that we observe

the 1-month reversal in our overall results.
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Table 5.12: Marginal strategies
Average monthly excess returns (in percent) of P10-P1 portfolios for marginal strategies. The t-stat tests whether excess
returns of buying past winners and selling past losers, are significantly different from zero. The portfolios in Panel A are
formed based on the equal-weighted scheme, whereas portfolios in Panel B are based on an adjusted value-weighted
scheme. The values of this table corresponds with the values presented in figure 5.7.

Panel A: Equal weight

Lag -1 2 3 -4 5 -6 7 -8 9 -10 -11 12
Overall 0.47 1.41 1.34 0.47 1.04 0.60 0.47 057 0.79 0.23 0.56 0.97
[176] [462] [529] [1.68] [429] [229] [L70] [211] [3.35] [0.86] [256]  [4.36]
January 329 079 039  -132 1.74 062 -112 018  -055 012  -126 1.42
[-301] [-059] [032] [-1.39] [L27] [0.67] [095] [-016] [111] [-0.15] [-150]  [1.48]
Non January 0.81 1.62 152 0.63 0.97 0.59 0.62 0.64 0.94 0.26 071 0.90

[313] [5.28] [6.02] [214] [411] [215] [219] [231] [3.71] [0.93] [3.19]  [3.95]

Panel B: Adj. value weight

Lag -1 2 3 -4 5 -6 7 -8 9 -10 -11 -12
Overall -0.02 0.83 1.36 0.25 111 0.19 0.50 0.21 0.73 0.33 0.82 0.46
[0.06] [239] [459] [0.75] [3.85] [0.60] [L76] [0.65] [232] [1.15] [3.37] [1.62]
January 336 262  -139  -147 070  -105  -110  -020  -144  -037 031  -0.50
[-245] [-1.87] [-1.26] [-1.00] [052] [097] [143] [0.14] [-1.29] [-0.38] [-0.33] [-0.58]
Non January 0.29 1.16 1.63 0.39 112 0.30 0.67 0.25 0.96 0.40 0.90 053

[091] [333] [538] [L17] [384] [0.90] [222] [077] [296] [L34] [358] [L.76]

Source: Own creation

The mid and bottom panels of figure 5.7 present the returns of marginal strategies for January and
non-January respectively. Non-January is identical to the Overall results after excluding returns from
January. Naturally, January results consist of returns obtained only from investing in January. When
looking at the January results we observe a clear pattern of negative autocorrelation returns. This
pattern is not observed in any of the other 11 months.!' Specifically, we observe negative
autocorrelations between all returns obtained in January and their own lagged performance except for
portfolios formed based on returns in month t-5, t-6 and t-12 respectively. Comparatively, Yao (2012)
observed negative autocorrelations for all lag periods except for t-12. Thus, our results are to some
degree in line with the findings of Yao (2012). The positive returns in month t-12 may be explained
by seasonality, as the strategy buys the past winners and shorts past losers of the preceding January,
and as of such it would seem reasonable to believe that some stocks consistently achieve positive
returns in January due to a seasonal aspect, which may cause the positive returns for the t-12 strategy.
Regarding the returns from the January t-5 (EW &VW) and t-6 (EW) marginal strategy, we observe
that longing winners and shorting losers of the preceding July and August respectively, results in

positive returns in January. Since the return autocorrelations for January are based on observations

11 Refer to appendix 7 for marginal strategy returns in months other than January.
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from January 2007 to January 2021, the sample includes relatively few observations, why our results
are highly sensitive to outliers. Consequently, we see that the majority of the marginal strategy returns
of January are not statistically significant. However, we still observe a clear pattern in the January
observations compared to other months, which gives further support and justification of our
hypothesis that the January Effect is present in the Nordic stock markets and implies that momentum
strategies experience negative returns in January. Furthermore, we see in the bottom panel of figure
5.7 that marginal strategies for non-January generally realises higher returns as the impact of negative
January returns have been eliminated. These hypotheses will be further examined in the following

section.

5.3.3 January Effect and momentum strategies

The results obtained in the preceding sections implied that the January Effect is present in the Nordic
stock markets and that momentum strategies on average experience negative returns in January. This
section will further examine these hypotheses and the impact of the January Effect on the three
momentum investment strategies examined in this thesis.

Table 5.13: January returns
Average monthly excess returns (in percent) of relative-strength portfolios created based on the historical performance of
stocks in the Nordic markets. Overall cover returns for the entire calendar year. January cover returns only in January.
Non-January cover returns in any month other than January. The t-stats are two-sided and tests whether excess returns of
buying past winners and selling past losers is significantly different from zero. The sample period spans from January
2007 to January 2021. The portfolios in Panel A are formed based on the equal weighted scheme, whereas portfolios in
Panel B are based on an adjusted value weight scheme.

Long-term momentum (12-2) Intermediate-term momentum (12-7) Short-term momentum (6-2)

Overall January Non-january Overall January Non-january Overall January Non-january
Panel A: equal weight
P1 -0.39 4.50 -0.87 -0.17 457 -0.64 -0.51 3.58 -0.91
p2 0.07 4.24 -0.34 0.09 3.03 -0.21 0.32 343 0.03
P3 0.35 2.28 0.16 0.63 2.90 0.41 0.58 3.39 0.31
P4 0.62 2.50 0.43 0.73 2.54 0.56 0.60 2.82 0.37
P5 0.71 2.79 0.51 0.80 2.77 0.62 0.75 2.34 0.58
P6 0.99 2.58 0.83 0.73 2.15 0.58 0.80 2.64 0.62
p7 0.99 2.78 0.82 1.01 2.61 0.85 1.06 2.86 0.88
P8 1.18 2.10 1.09 0.98 2.27 0.86 111 2.00 1.02
P9 1.15 2.31 1.03 117 2.64 1.02 1.06 2.01 0.97
P10 1.55 4.19 1.29 1.26 4.37 0.95 1.50 4.84 117
P10-P1 1.94 -0.30 2.16 1.43 -0.19 1.59 2.00 1.26 2.08
t-Stat. [4.62] [-0.21] [4.91] [4.43] [-0.19] [4.66] [5.25] [0.72] [5.33]
Panel B: Adj. value weight
P1 -0.25 3.83 -0.62 0.03 2.80 -0.24 -0.23 3.33 -0.55
P2 0.37 2.36 0.16 0.06 1.60 -0.09 0.48 2.26 0.31
P3 0.51 1.92 0.38 0.65 1.95 0.52 0.74 2.23 0.59
P4 0.55 1.64 0.43 0.73 1.19 0.69 0.82 1.80 0.72
P5 0.70 1.79 0.58 0.81 1.40 0.75 0.73 191 0.61
P6 1.10 1.62 1.03 0.72 1.92 0.60 0.79 2.13 0.65
p7 0.79 1.33 0.72 0.91 1.32 0.87 0.89 1.75 0.79
P8 0.99 0.30 1.04 0.92 1.62 0.85 0.91 0.30 0.95
P9 112 1.22 1.10 1.14 1.57 1.10 1.03 0.56 1.07
P10 1.40 1.94 1.33 1.38 2.83 124 1.22 1.62 1.16
P10 - P1 1.65 -1.89 1.95 1.35 0.04 1.48 1.45 -1.71 1.71
t-Stat. [3.31] [-1.08] [3.78] [3.48] [0.04] [3.55] [3.38] [-0.86] [4.01]
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Table 5.13 presents the average monthly excess returns of our momentum strategies and constructed
relative strength portfolios. The first column of each strategy is a repost of previous results from table
5.1, while the second column presents the average excess returns of January investing, and the final

column presents the excess returns associated with non-January investing.

For all zero-cost strategies we observe a large discrepancy in returns when comparing January and
non-January investing, with non-January outperforming January in every case. Every January
momentum strategy, except for the equally weighted short-term strategy, realises returns that are
negative or close to zero. The value weighted 12-2 strategy performs the worst in January, with
average monthly excess returns of -1.89 percent, while the 6-2 strategy performs the best with returns
of 1.26 percent. Comparatively non-January strategies realise average monthly returns ranging from
1.48 to 2.16 percent. These results are in line with our hypothesis of a proposed January Effect in the
Nordic market and consequently poor performance of momentum strategies in January. These results
are also consistent with the results of multiple previous studies (e.g. Jegadeesh and Titman, 1993;
Grundy and Martin, 2001) who all found momentum strategies to realise significant losses in January.
It should be noted however, that while we do observe that momentum strategies underperform in
January compared to other months, we do not obtain statistically significant results for
underperformance in all strategies. t-statistics for every zero-cost strategy, testing against the null that
January returns and Non-January returns for momentum strategies are identical, are posted below in
table 5.14.

Table 5.14: Two-sample t-tests
Results from two-sample t-tests testing against the null that January returns and Non-January returns of long-,
intermediate- and short-term momentum strategies are identical. t-statistics are presented in square brackets.

t-Stat. (Jan vs. Non-Jan) Long-term (12-2) Intermediate-term (12-7) Short-term (6-2)
Equal weight [1.68] [1.52] [0.59]
Adj. value weight [2.14] [1.06] [2.23]

Source: Own creation

We can reject the null hypothesis that momentum returns in January are identical to momentum
returns outside of January at a 5% significance level for the long- and short-term value weighted
strategies. We can also reject the null at a 10% significance level for the equally weighted long-term
strategy. However, we do not find statistical significance for the remaining three strategies.
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If we bring our attention to the equally weighted relative-strength portfolios in table 5.13 (Panel A:
P1 to P10) we see that January portfolios outperform non-January portfolios across all strategies, with
January portfolios realising average monthly returns ranging from 2.00 to 4.84 percent while non-
January obtain returns ranging from -0.91 to 2.16 percent. Comparatively the value weighted
portfolios in January also generally outperform their non-January counterpart across all strategies,
with returns ranging from 0.30 to 3.83 percent in January compared to a range of -0.62 to 1.33 percent
in Non-January. We also see that the equally weighted portfolios in most cases generate higher returns
than value weighted in January. This is consistent with our finding of section 5.3.1 that small stocks

on average experience a larger increase in stock prices in January compared to large stocks.

If we compare the equally weighted to the value weighted method in table 5.13, it is interesting to
note that we observe the largest negative return to our zero-cost portfolios in the value weighted
scheme. This is despite the fact, that we previously observed the January Effect to primarily exist in
small-cap stocks. If we look at the distribution of returns for relative strength portfolios across
strategy in the equally weighted method, we see that for January, returns are more concentrated in
both extremes (i.e. P1 and P10), as opposed to non-January where we see a more linear relation
between decile portfolios and monthly returns. This is in contrast to the theory of tax-loss selling,
which states that due to a reinvestment of funds from investors, past losers will experience upwards
buying pressure and consequently an increase in price. As of such, we would expect to see a larger

part of January returns being concentrated in P1 for the equally weighted strategy.

A plausible explanation for why we observe the largest negative return to our zero-cost portfolios in
the value weighted scheme may be that the driving forces of the January Effect are two-fold. First,
we see that in January small companies experience a larger increase in share price compared to larger
companies, we observe this in table 5.11, and in table 5.13, this implies that the first major driver of
the January effect is the small-firm effect, as suggested by e.g. Roll (1983). Second, we see that
increasing the weights of larger companies in our portfolio, as per Panel B of table 5.13, realises more
negative momentum returns, caused by a larger decrease in P10 as compared to P1 going from equal
weight to value weight. This implies that the second driving force of the January Effect is one that
favours past losers. In summation, we see that small companies benefit from the January Effect in
January, however once we reduce the influence of small companies, we find the January Effect being

profound in losers.
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Table 5.15 and figure 5.8: Market cap January and Non-January
Average market capitalizations and medians for constructed relative-strength portfolios across the entire sample period,
split by January and non-January. Values are presented in DKK million. The red bar chart represents the 12-2 strategy,
the blue represents the 12-7 and the grey represents the 6-2.

Long-term momentum (12-2) Intermediate-term momentum (12-7) Short-term momentum (6-2)
January Non-January January Non-January January Non-January
Avg. MC  Median Avg. MC  Median Avg. MC  Median Avg. MC  Median Avg. MC  Median Avg. MC  Median
P1 4,646 478 5,155 547 5,174 664 5,348 588 5,954 615 5,992 640
P2 8,313 980 10,130 1,038 11,911 1,178 10,856 1,089 11,778 1,096 12,115 1,135
P3 13,905 1,323 16,644 1,552 24,553 1,368 16,789 1,464 13,334 1,409 16,757 1,428
P4 18,137 2,058 21,162 1,838 19,216 1,749 19,043 1,746 17,518 1,518 19,037 1,682
P5 23,918 2,148 19,923 2,101 20,391 2,258 21,391 2,197 20,680 1,958 19,638 1,987
P6 25,377 2,508 22,908 2,641 23,246 2,283 21,950 2,581 21,670 2,528 22,215 2,441
P7 21,517 2,817 23,249 2,936 22,000 2,953 22,431 2,616 21,700 2,473 22,146 2,652
P8 20,521 3,377 21,708 2,752 22,700 2,325 22,563 2,806 20,100 3,168 21,368 2,520
P9 20,931 3,202 18,865 2,334 15,745 1,781 19,490 2,596 21,317 3,079 17,558 2,280
P10 12,892 1,144 9,014 1,162 6,371 1,081 9,705 1,162 12,126 1,144 8,630 1,095
January Non-January
30.000 30.000
25,000 25,000
20,000 20,000
15,000 15,000
10,000 10,000
0 II 0
PI P2 P P4 P5 P6 P7 P8 P9 PIO P1 P2 P3 P4 Ps P6 P7 = P9 PIO

Source: Own creation

To gain a further understanding of our results, table 5.15 presents the average market cap for
companies in each strategy split into January and Non-January investing. We see that the distribution
of market cap slightly differs across January and non-January investing, however, once we consider
the median, we see a relatively similar size distribution across all strategies and months. This indicates
like our previous results, that the smallest companies are still located in P1, and that the companies
in the extreme deciles are smaller than the average company in the sample. It is important to note,
after considering this finding, that the two prementioned forces of the January effect are self-
enforcing as the loser portfolio on average is considered to contain the smallest firms of the sample.

To summarize, we conclude that the January Effect has an observed negative impact on excess returns
for each of the proposed momentum strategies of this study. Moreover, we propose in accordance
with previous studies that the January effect is more profound in smaller companies and in past losers.

The next section will apply our size sub-samples to further examine this hypothesis.
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5.3.4 January Effect and size sub-samples

In the following section we look further into the hypothesis that smaller companies obtain higher
returns in the month of January compared to non-January months, as well as our proposed driving
forces of the January Effect.

Table 5.16: Sub-sample returns in January
Panel A depicts average monthly excess returns (in percent), standard deviation of excess returns (in percent) and
annualized Sharpe ratios of an equal weighted portfolio of all stocks in our small sub-sample from January 2007 to January
2021. Panel B presents the same measures for the large sub-sample. Overall cover returns for the entire calendar year.
January cover returns only in January. Non-January cover returns in any month other than January.

Panel A: Small sub-sample

Small: equal weight ~ Owerall January Non-January
Mean 0.54 4.41 0.17
SD 5.28 5.10 5.16
SR 0.36 3.00 0.11
Panel B: Large sub-sample
Large: equal weight ~ Ovwerall January Non-January
Mean 0.90 1.63 0.83
SD 5.53 5.36 5.56
SR 0.56 1.06 0.52

Source: Own creation

Table 5.16 presents the average monthly excess returns, the standard deviation of excess returns and
annualized Sharpe ratios of two equal-weighted portfolios containing all stocks of our small and large
sub-sample respectively. As is evident from the table, we observe a notable difference in January
excess returns when comparing the small and large sub-sample, with the small sample obtaining
returns of 4.41 percent whereas the large sample realises returns of 1.63 percent. Testing against the
null that the difference in January returns (2.78%) is equal to zero we obtain a significant result at the
1% significance level (t-stat = 4.37). Looking at Panel A we see that returns for our small sample are
driven heavily by the returns obtained in January. Testing the difference in January and non-January
returns in the small sample we get a very significant result at the 1% level (t-stat = 3.04). When
looking at the large sub-sample in Panel B we also observe a sizeable difference between January and
non-January returns. However, we do not find the difference in returns (0.80%) to be statistically
significant from zero. These results coupled with the fact that we do not find a significant difference
in January and non-January returns for the large sample, provides further evidence of the small-firm

effect as a main driver of the January Effect.

90



Copenhagen Business School Master’s Thesis 17.05.2021

Table 5.17: January momentum returns size sub-sample
Average monthly excess returns (in percent) of relative-strength portfolios created based on the historical performance of
stocks in the Nordic markets. Overall cover returns for the entire calendar year. January cover returns only in January.
Non-January cover returns in any month other than January. The t-stats are two-sided and tests whether excess returns of
buying past winners and selling past losers is significantly different from zero. The sample period spans from January
2007 to January 2021. Panel A presents the small sub-sample, panel B presents the large sub-sample. Refer to appendix
8 for average market capitalizations and medians for the small and large sub-sample, split by January and non-January.

Long-term momentum (12-2) Intermediate-term momentum (12-7) Short-term momentum (6-2)
Overall January Non-january Overall January Non-january Overall January Non-january

Panel A: small

P1 -0.56 5.48 -1.15 -0.31 5.95 -0.92 -0.88 4.46 -1.40
p2 -0.48 5.44 -1.06 -0.30 4.72 -0.79 -0.24 481 -0.73
P3 -0.06 4.29 -0.48 -0.03 417 -0.44 0.22 3.63 -0.10
P4 0.23 3.20 -0.06 0.78 3.61 0.50 0.21 3.48 -0.13
P5 0.77 3.40 0.51 0.56 4.47 0.18 0.64 4.50 0.26
P6 0.46 3.79 0.14 0.72 3.12 0.48 0.77 3.73 0.48
p7 1.06 3.50 0.82 0.74 3.03 0.52 1.00 3.36 0.78
P8 121 3.73 0.96 1.00 4.43 0.66 131 4.60 1.00
P9 117 4.78 0.82 1.26 4.34 0.96 1.26 4.42 0.95
P10 1.65 6.48 117 1.02 6.22 0.52 131 7.07 0.76
P10 - P1 2.20 1.00 2.32 1.33 0.27 143 2.19 2.61 2.16
t-Stat. [4.44] [0.51] [4.50] [3.37] [0.21] [3.43] [4.61] [1.02] [4.59]
Panel B: large

P1 0.23 1.63 0.10 0.53 3.08 0.29 0.47 2.17 0.33
p2 0.58 2.57 0.38 0.55 0.79 0.53 0.74 221 0.60
P3 0.74 1.78 0.64 0.71 1.40 0.63 0.74 2.30 0.59
P4 0.84 2.06 0.71 071 1.12 0.67 0.75 1.63 0.65
P5 1.00 2.23 0.88 0.91 1.56 0.85 0.93 1.03 0.90
P6 111 1.25 1.07 0.99 1.93 0.88 0.92 214 0.79
p7 0.78 1.35 0.71 1.02 1.55 0.96 0.96 1.40 0.90
P8 1.10 0.78 111 1.10 0.85 111 1.03 0.44 1.08
P9 1.13 0.83 1.16 1.01 1.53 0.96 0.94 0.90 0.92
P10 1.50 1.19 151 1.44 1.53 1.42 1.44 1.47 1.43
P10 - P1 1.27 -0.44 141 0.90 -1.55 1.13 0.97 -0.70 1.10
t-Stat. [2.74] [-0.26] [2.92] [2.39] [-1.09] [2.89] [2.33] [-0.45] [2.54]

Source: Own creation

Table 5.17 presents monthly average excess returns of our sub-sample momentum strategies, split on
January and non-January returns. In line with the small-firm effect, and the findings of table 5.16, we
find that the small sample relative-strength portfolios perform better than the large sample portfolios,
evident across all strategies. Small sized portfolios realise monthly returns ranging from 3.03 to 7.07
percent while large portfolios realise monthly returns ranging from 0.44 to 3.08 percent. If we turn
our attention to the momentum strategies and their January returns, we see that non-January continues
to outperform January in all strategies except for the small sample short-term strategy, which
surprisingly yields average returns of 2.61 percent, however when we examine the standard deviation
of returns for this strategy (9.55%) we can deduce that this is caused by significant outliers. It should
be noted again that the January momentum results are not statistically significant from zero, as they

all realise t-statistics below the critical values.
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We find similar results to table 5.13 once we examine the momentum effect across the small and
large samples. We observe the large sample strategies realise negative returns in January, which
indicates that the January Effect is not limited to just small firms. This is a sentiment to our second
proposed driver for the January Effect, i.e. that past losers realise higher returns in January regardless

of size.

To summarize, we find that small firms on average tend to realise higher returns in January, and that
this effect is especially profound in small losers and small winners. Furthermore, we find an observed
January Effect in losers which consequently results in lower momentum returns for the zero-cost
strategies analysed in this study. However, due to non-relevant levels of significance we cannot reject
the null hypothesis and cannot conclude that the January Effect causes significant negative returns
for our momentum strategies. Finally, based on these results we draw the conclusion that the driving
forces of the observed January Effect are two-fold. The first force is predominant in small companies,
while the second force is found in past losers regardless of size. Chapter 7 will further discuss the

findings of this chapter and relate these to applicable explanations and theories.

6. Implementation issues

In the preceding chapter we presented and analysed the results obtained. Here we found that both the
short-, intermediate- and long-term momentum investment strategies obtained positive and
statistically significant monthly returns. Thus, on paper these momentum strategies appear to be
profitable. However, in practice we may find that these strategies are not as profitable as depicted
above. Two important factors were neglected in the analysis, namely the impact of transaction costs
on profitability and potential constraints on short-selling in practice. Hence, the following chapter

will discuss the impact of beforementioned factors on the profitability of our momentum strategies.

6.1 Transaction costs

In the literature review, we found that not all previous studies consider the impact of transaction costs.
However, we believe that in order to reflect returns obtainable in practice we should estimate the
impact of transaction costs on our strategies. We may find that the individual momentum strategies
are significantly profitable on paper, i.e. without transaction costs, however when transactions costs

are included these strategies may not “survive” (remain profitable). Thus, we increase the credibility

92



Copenhagen Business School Master’s Thesis 17.05.2021

of our backtests by providing a more realistic view, and will consequently cater this study more
towards both practitioners and academics.

To adjust a backtest, we must first have an estimate of expected transaction costs. To create an
estimate for these it is important to first understand the various components. First, part of the costs
can be attributed to commissions and other types of direct costs to the broker for executing the
transaction. Second, the costs of short-selling are typically higher than simply buying a share due to
the costs of borrowing the securities to be sold. Third, the bid-ask spread, i.e. the difference between
the bid and ask price. The bid-ask spread represents a transaction cost, since if you buy a stock and
immediately sell it again you lose money equivalent to the spread. For illiquid stocks the bid-ask
spread will be higher and represent a larger cost to the investor. Fourth, an indirect cost of trading is
market impact costs. If an investor invests a substantial amount of money in a company it will push
share prices up, whereas selling shares will push prices down. This is referred to as market impact
costs and are often neglected by private investors in particular.

Adjusting a backtest for transaction costs is especially important when the investment strategy is
based on frequent transactions. Hence, to get a better understanding of the impact of transaction costs
we conduct a sensitivity analysis in which we apply different rates for transaction costs. For the
purpose of this study, we have applied the following rates; 0.10%, 0.50%, 1.00% and 2.00%. Given
these rates we adjust our returns as follows. Whenever a trade occurs, we calculate expected
transaction costs and subtract these from returns. Thus, at the end of each holding period as we
rebalance our portfolio we first calculate the return on the portfolio. Next, depending on the stocks to
be included in the new portfolio and the change in value of each stock during the holding period we
compute the required rebalancing such that the new portfolio is equally weighted. Based on the
changes of positions in each individual stock we calculate transaction costs and subtract these from
the portfolio return. Table 6.1 below presents the impact of adjusting our analysis for

beforementioned rates.
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Table 6.1: Sensitivity analysis of transaction costs
This table presents average monthly excess returns of the equal-weighted short-, intermediate- and long-term momentum
investment strategies after transaction costs. t-statistics are two-sided and presented in square brackets. The t-stat is two-
sided and tests whether excess returns of buying past winners and selling past losers after transaction costs, is significantly

different from zero.

Transaction costs

0.00% 0.10% 0.50% 1.00% 2.00%
Long-term strategy (12-2) 194 1.83 1.37 0.80 -0.33
[4.62] [4.34] [3.26] [1.91] [-0.79]
Intermediate-term strategy (12-7) 1.43 1.29 0.71 -0.02 -1.48
[4.43] [3.99] [2.19] [-0.07] [-4.60]
Short-term strategy (6-2) 2.00 1.84 1.21 0.41 -1.17
[5.25] [4.83] [3.17] [1.09] [-3.09]

Source: Own creation

If we examine the table above, we find that all strategies remain profitable and statistically significant
at the 1% significance level after accounting for transaction costs of 0.10%. When transaction costs
are raised to 0.50% the intermediate-term strategy is significant at the 5% level whereas the other
strategies are significant at the 1% level. When transaction costs are raised to 1.00% only the long-
term and short-term strategy remains profitable, however only the long-term strategy is significant at
the 10% level. With this being said, we find that transaction costs of 1.00% or more is rather
conservative considering that Jegadeesh and Titman (1993) assumed transaction costs of 0.50% in
their study, which at the time was considered conservative, and since then transaction costs have
declined. The purpose of testing our results with transaction costs of 1.00% and 2.00% is to test the

robustness of the strategies.

The average monthly excess market return was 0.62 percent during the time period analysed in this
study. Thus, each of the three momentum strategies examined obtained higher returns than the market
index when applying transaction costs of 0.50%. This finding further illustrates the robustness and
profitability of our momentum investment strategies. Moreover, the observation that the momentum
strategies are profitable even after adjusting for transaction costs further contradicts the efficient
market hypothesis.

Another interesting finding in table 6.1 is that the short-term and intermediate-term strategy appears

to be more sensitive to transaction costs than the long-term strategy. This is evident from the relative
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drop in returns, where the returns of the 6-2 and 12-7 strategies decrease more in comparison to the
long-term strategy. Thus, when adjusting for transaction costs the long-term strategy provides a
higher return than the short-term strategy, whereas previously the short-term strategy provided a
slightly higher return than the other strategies. This observation suggests that there is less rebalancing
in the long-term strategy. We can rationalise this from the following example. First, consider a stock
that in a single month experiences extreme returns, say +500%, but relatively normal returns in every
other month. This stock is likely to be included in every strategy for every month where the look-
back period covers the extreme returns. As of such, for strategies with longer look-back periods (i.e.
the 12-2 strategy) this particular stock will be a part of the winner portfolio for more months in a row
than for strategies with shorter look-back periods (i.e. the 6-2 and 12-7 strategy). This means that less

rebalancing will be required in the 12-2 strategy compared to the other strategies.

To summarize, we find that even after adjusting for reasonable transaction costs of 0.5%, our

momentum investment strategies still remain profitable.

6.2 Short-selling implications

In practice the investor may experience implementation issues and other difficulties affecting the
profitability of the strategies examined in this thesis. As mentioned previously, in a short sale the
investor borrows stocks, typically from a broker who has borrowed the shares from a stock lender,
and then subsequently sells the shares at the current market price. Later the investor must buy back
the shares and return them to the broker to close the short position. Thus, to open a short position, the
investor must initially find a broker who is willing to lend the investor the stocks. On the Nordic stock
markets this may prove to be difficult as there is only a limited number of stocks which can be reliably
shorted. If we use Nordnet, one of the largest brokers in the Nordics as an example, we can see that
only the larger and more liquid companies can be shorted. Thus, if we were to implement our
strategies in practice this would have a great impact on the feasibility of our proposed zero-cost
strategies. In other words, in practice we may not be able to take a short position in the past losers.
Consequently, this will have a substantial impact on the profitability of our investment strategies, as
we found in section 5.1 that the market cap of the past losers on average were significantly lower than
the rest of the sample. Moreover, we found that a large part of the momentum profits was generated

from our short positions in these smaller companies.
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Another implication neglected in the analysis is that to open a short position the investor must have
a margin account. Brokers typically have a minimum margin value requirement, i.e. maintenance
margin or security margin, which the investor must fulfil at all times when the position is open. Thus,
if the stock price increases the investor must deposit more cash into the margin account to avoid the
position being closed by the broker. At Nordnet the maintenance margin varies from 15-100% of the
equity value (Nordnet, 2021). When the investor opens a short position he/she must also pay a lending

fee and interest on the margin loan.

Other important risk factors an investor should keep in mind when opening a short position are the
risks of a short squeeze, risk that the security is recalled and the potential unlimited downside. A short
squeeze arises when investors are forced to close their short position by buying back the shares as a
result of a jump in the stock price. Thus, if many investors do this simultaneously it will push up the
stock price. This may create an upward going spiral as the buying back of shares results in higher
prices forcing more investors to close their short position to avoid margin calls (Pedersen, 2015).
Second, investors may risk that the shares are recalled by the stock lender. If that is the case the
investor must buy the shares at the current share price and potentially incur high loses. Finally,
investors must be aware of the skewed potential payoff associated with short positions. In theory
there are no limits as to how much the stock price can increase, whereas the stock price can only drop
by 100%. In other words, there is an unlimited downside of potential losses whereas potential profit
is limited to 100%.

To summarize, we outline multiple difficulties associated with shorting that in practice may lead to
the unprofitability of our momentum strategies. However, a thorough analysis of the practical

implications for the investment strategies examined remains beyond the scope of this thesis.

7. Discussion

In chapter 5 and 6 we present the findings from our empirical analysis of long-, intermediate- and
short-term momentum strategies and the extent to which the January Effect is present in the Nordic
stock Markets. In this chapter we discuss the findings of the previous chapters and relate these to

applicable explanations and theories.
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7.1 Data snooping

As stated previously, in efficient markets assets reflect all information available, why investors should
not be able to earn abnormal risk-adjusted returns using momentum investment strategies. Thus, some
scholars have argued that observed abnormal momentum returns are a cause of data snooping bias.
Generally, data snooping is an important element to consider when conducting financial studies such
as an analysis of investment strategies which are based on large samples of data (Parmler & Gonzalez,
2007). Data snooping is a form of statistical bias occurring when the researcher adjusts his/her data
sample after looking at the data for the purpose of achieving a specific result or fit the results to a
particular theory. Data snooping can also refer to neglecting or leaving out data on purpose to obtain
a desired result. For the purpose of this study we included delisted companies in the analysis namely
to avoid data snooping and the survivorship bias. During our sample period 414 companies were
delisted for various reasons. Due to a lack of data availability 162 of these companies were not
included in our final data sample. Hence, some may argue that the results obtained in our analysis are
biased. While we do acknowledge that our data sample is incomplete, due to its scale and the total
number of companies included in the sample (1254), we argue than an inclusion of 162 delisted
companies would not change the conclusions drawn in this paper. Moreover, since our results are in

line with many of the previous studies, we consider our results to be robust.

7.2 Momentum explained based on behavioural finance

Our empirical analysis in chapter 5 showed that the common risk factors of market exposure, size
and value were not able to fully explain the significant momentum returns obtained in the three
strategies examined. In an attempt to rationalise our findings, this section will draw upon the

explanations and theories of behavioural finance.

Previous literature has argued that momentum returns can be explained by the notion of under- and
overreaction caused by irrational behaviour of investors. The under- and overreaction trend cycle can
be explained as follows. A positive company announcement such as improved earnings, a successful
acquisition, etc. may cause the fundamental value of the company to increase, however the market
initially underreacts to this positive change in fundamental value. As a result of the initial
underreaction the stock price continues to rise for a period of time until the stock price reflects the
company’s true fundamental value (Hurst, Ooi, & Pedersen, 2013). A trend-following investor, i.e.

an investor using momentum strategies, will invest due to the initial price increase and thereafter
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profit from the continued increase until prices reach equilibrium. Other factors may result in a price
drift and result in the stock price moving past the fundamental value, leading to an overreaction. In

the following sections we will discuss various drivers of under- and overreaction.

7.2.1 Underreaction

Underreaction to company announcements

An argument for underreaction is the behavioural propensity of anchoring and insufficiently adjusting
one’s views. As outlined in section 2.2.2 people anchor their views to past information and
additionally make insufficient adjustments to new information. This behavioural tendency may cause
investors to underreact to positive company announcements such as improved earnings.

In the analysis of momentum returns adjusted for firm size (section 5.2), we found that momentum
returns were considerably higher among smaller firms compared to larger firms. As of such one could
argue that underreaction is more profound in smaller firms. An argument for why we may see this, is
that news supposedly travels slower for smaller firms, as they typically receive less analyst coverage
than bigger firms. This argument is also in line with the findings of Hong and Stein (1999) who found
a considerably longer price drift for companies with small amounts of analyst coverage. Thus, it can
be argued that companies may underreact due to low paced distribution of information.

The observation of underreaction to company news and earnings announcements leading to
momentum returns is also researched by Jegadeesh and Titman (1993) who examined the pattern
between earnings announcements and momentum returns. They found that for the first 6 months
surrounding the earnings announcement days, returns for past winners outperform past losers by more
than 0.7% on average. This implies that momentum profits seem to be, at least partially, driven by
underreactions to firm-specific company announcements. This finding may explain why we observe

momentum returns in our analysis.

The impact of the disposition effect

Another factor which may lead to an initial underreaction to news and consequently positive
momentum returns is the disposition effect. As explained in section 2.2.3, Shefrin and Statman (1985)
found a general disposition among investors to realize gains too soon and hold on to losers too long.
Thus, according to the disposition effect when positive company announcements are released

investors tend to sell winners too soon, whereas when news affect the stock price negatively investors
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tend to hold on too long. These behavioural patterns may create downward pressure on stock prices
in case of good news and inflated stock prices when bad news are published. Thus, the stock price
underreacts to news and as a result does not reflect the fundamental value of the company. As
suggested by Frazzini (2006) this underreaction caused by the disposition effect results in price
predictability and post-announcement drift. This initial underreaction and subsequent post-
announcement drift is illustrated in figure 7.1 below. As evident from the figure below, investors
using the zero-cost momentum investment strategy can take advantage of the unrealized capital gains

and losses due to the slow and insufficient adjustments to company announcements.

Figure 7.1: Underreaction to news
Figure A illustrates how a stock may underreact to positive news and the subsequent positive price drift. Figure B
demonstrates how a stock may underreact to negative news and the following negative price drift. News are announced
at time 0.

Stock price Stock price

14 . . i 14 . . .

Figure A: Underreaction to positive news Figure B: Underreaction to negative news
12 12
,""' IL\\
10 10
8 8
2 -1 0 1 2 Time 2 -1 0 1 2 Time

Fundamental value =~ ------ Stock price Fundamental value ~ ------ Stock price

Source: Own creation

In chapter 5 we found that a larger part of the abnormal profits to our momentum strategies stem from
the short-side and the underperformance of small losers. This indicates that for small firms the
underreaction to negative news is greater than the corresponding underreaction to positive news. This
is also in accordance with loss-aversion theory as suggested by Kahneman and Tversky (1974), which
states that investors value losses and gains differently. As of such, investors are more likely to hold
onto losers for too long than they are realising gains too soon, which causes a larger underreaction to

negative news than positive news.
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7.2.2 Overreaction

As we saw in the previous section a number of behavioural factors may result in an initial
underreaction to announcements causing stock prices to drift for a period of time after the
announcement. In addition to this, there are a number of other factors which may cause stock prices

to increase beyond its intrinsic value, i.e. an overreaction of stock prices.

Overreaction caused by herding behaviour

It can be argued that herding behaviour may lead to trend continuation and consequently result in
stock prices overreacting. As outlined previously, herding behaviour is a phenomenon where
investors tend to imitate the actions of other individuals instead of acting based on their own opinions
and analysis. As momentum investors start to invest during the post-announcement drift to profit
from trend continuation it will push the stock price towards its fundamental value. However, other
investors may choose to ignore their own private signals and follow the trend with no regards to the
intrinsic value. This behaviour push prices above its fundamental value and thereby lead to higher
momentum returns.

The herding behaviour is not only seen among investors, but it has also been documented among
equity research analysts, who provide research coverage of public companies (Welch, 2000). These
analysts may also engage in herding behaviour and follow the crowd, i.e. come up with the same
recommendations about whether to buy, sell or hold. This irrational behaviour by equity analysts may

lead to incorrect research coverage potentially resulting in overreaction.

Representativeness

Another argument why stock prices may overreact can be explained by the heuristic principle of
representativeness. Representativeness is the tendency of estimating and judging decisions based on
stereotypes and the degree to which it resembles past events. In terms of stock price overreaction to
company announcements, the representativeness heuristic implies that investors will look at recent
trends and consider these as representative for the fundamental value. Thus, investors will take a long
position in stocks which have increased in value and vice versa for stocks which have dropped in
value. Consequently, this behaviour causes the post-announcement drift to continue and exceed

beyond the fundamental value resulting in overreaction.
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7.2.3 Critique of behavioural finance explanations

From the perspective of traditional finance, using behavioural finance theories to explain momentum
returns would contradict traditional finance theories such as the efficient market hypothesis, which
argues that all market participants are able to efficiently incorporate new information when it is
published and agree on its impact on the stock price. However, we still find our results more in line
with behavioural finance due to the inability of the CAPM and our applied three-factor model to
explain the abnormal positive returns of our strategies.

With this being said, several researchers have documented a long-term price reversal in the stock
markets (see e.g. De Bondt and Thaler, 1985; Jegadeesh and Titman, 2001). This indicates that
behavioural theories can be used to rationalise short-term stock market behaviour and the momentum
returns obtained, however fall short in explaining long-term behaviour. This also implies that markets
are inefficient in the short-term, whereas in the long-term markets are efficient and market behaviour
in the long term is better explained by the traditional finance theories outlined in chapter 2. Thus, a
natural extension to this study on momentum returns would be to investigate the profitability of long-

term momentum strategies based on our data sample.

7.3 Explanations for the January Effect

Reflecting upon the findings obtained in the analysis, we found that the January Effect is present in
the Nordic stock markets and that it is more profound among smaller firms. These finding are
consistent with those documented by Roll (1983), Kleim (1983) and Lakonishok and Smidt (1988).
On the other hand, Patel (2016) and Perez (2018) document that the January Effect has disappeared

suggesting that the markets have become efficient in accordance with the efficient market hypothesis.

The sources of the January Effect have been widely debated, however the two most accepted
explanations are tax-loss selling and window dressing. The tax-loss selling hypothesis argues that
investors sell stocks before year-end, which have realised losses during the previous year to incur
capital losses resulting in lower taxes on capital gains. Subsequently, prices revert in January due to
the reduced selling pressure and potential repurchase from investors. This phenomenon may explain
why we observe notably higher returns for both small and large losers in January compared to non-
January months in our sample.

On the other hand, if markets are said to be efficient as argued by Fama (1970), the tax-loss selling

hypothesis cannot explain the argument. Thus, other scholars argue that tax-loss selling cannot
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provide the whole explanation. It is beyond the scope of this thesis to test the tax-loss selling
hypothesis. However, considering the results documented by previous scholars and our findings it
could be interesting to test if we also observe tax-loss selling behaviour and if this could also provide

an explanation for our results.

Another potential explanation why we observe a January Effect in the Nordic stock markets may be
explained by the phenomenon of window dressing. The window dressing hypothesis suggests that
portfolio managers will try to make their portfolio look as profitable as possible before year end where
these are reported to investors. Portfolio managers may therefore sell poorly performing stocks and
companies deemed too risky for some investors to make the portfolio appear attractive. In other
words, portfolio managers want to avoid disclosing that they have invested in losing stocks, thereby
creating the impression that the portfolio managers performed well. One may also argue that the
window dressing behaviour can be explained by the herding behaviour, described in section 2.2.5,
where investors tend to imitate other people. Portfolio managers may sell off poorly performing as
well as small and risky stocks to signal that their investment decisions do not deviate too significantly
from peers. This behaviour creates a downward price pressure in December due to the divestment of
aforementioned stocks, whereas in January these stocks are reacquired pushing up prices. To
summarize, this phenomenon may explain why we observe a small firm effect in January, since small
firms in general are considered more risky than larger firms and explain why we find that losers
perform notably better in January compared to non-January. However, since the tax-loss selling and
window dressing phenomenon depicts similar results it may be difficult to conclude which
phenomenon is a better explanation of our results, as it can prove challenging to control for either
factor when examining the January Effect. To test if window dressing can explain our results we
could test for seasonal anomalies in the other quarters where portfolio managers are evaluated,

however this is beyond the scope of this thesis.

An alternative, and less popular, argument for why we observe a small firm effect in January may be
explained by psychological factors. It can be argued that people tend to become more optimistic in
the month of January due to the new year, new mindset phenomenon (Ciccone, 2011). Investor
optimism is argued to be at its peak during January, thereby potentially explaining why we observe a
small firm effect in January. In other words, investors are less risk averse why they are more prone

to invest in smaller and more risky firms compared to non-January months.
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8. Conclusion

The purpose of this study was to test the profitability of long-, intermediate- and short-term
momentum investment strategies as well as determine the degree to which the January Effect exists

in the Nordic stock markets.

By examining a sample period covering January 2007 to January 2021, this study concludes that the
three distinct zero-cost strategies which longs and shorts stocks based on historical performance of
12-to-2 months, 12-to-7 months, and 6-to-2 months prior to portfolio formation respectively,
generated significant excess returns in the Nordic stock market across this period. The study
documents that each strategy realised average monthly excess returns of approximately 1.5 to 2.0
percent. As of such, in line with previous literature, this study provides further evidence of the
profitability of strategies betting on past winners consistently outperforming past losers. Furthermore,
through the application of statistical tests, this study finds no significant difference in performance
between each of the three proposed momentum strategies. However, a notable difference in
performance is observed comparing the long- and short-term strategies to the intermediate-term

strategy.

Furthermore, this study conducts a thorough examination of the size implications associated with
momentum strategies through the application of small and large sub-samples constructed based on
the median of total market capitalization, as well as equally- and adjusted value weighting methods.
The study concludes that the momentum effect is found in both large and small firms, although a
stronger effect is found in smaller firms. This is documented through significantly positive
momentum profits in both the small and large sub-sample, and a significant difference in returns
comparing strategies of the small sample with strategies of the large sample. Furthermore, the study
finds that the disparity in momentum profits between the two samples is caused by the
underperformance of losers in the short side of the small sample. It is also documented that the loser
portfolios of each strategy contain smaller companies than the winner portfolios, and that the winner

and loser portfolios contain smaller than average companies.
Through application of the CAPM and the Fama-French three-factor model, using common risk

factors of: market exposure, size and value, the study concludes that neither of these asset pricing

models succeed in explaining the abnormal profits realised in each of the three momentum strategies.
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These findings are consistent across both size sub-samples as well as the overall sample. As of such,
the documented findings show inconsistency with the market efficiency hypothesis. Additionally, the
study finds, using a four-factor model after controlling for momentum that some strategies still realise
significant abnormal returns. These returns become small and insignificant through the application

of a less extreme momentum strategy more in line with the methodology applied by Fama and French.

To determine the presence of the January Effect in the Nordic stock markets, as well as its impact
and implications for the proposed momentum strategies, a decomposition of overall profits was
conducted to distinguish between January and non-January returns. Based on this analysis, this study
concludes that a perceived and statistically significant January effect has been observed in the Nordic
stock markets for the sample period covering January 2007 to January 2021. Furthermore, it is
concluded that the January Effect has had a negative impact on excess returns for each of the proposed
momentum strategies of this study. However, due to non-relevant levels of significance the study
cannot reject the null hypothesis that the January Effect causes insignificant negative returns for our
momentum strategies. Moreover, it is documented that small firms on average tend to realise higher
returns in January, and that this effect is especially profound in small losers and small winners.
Finally, the study proposes two driving forces for the January Effect, the first force being predominant
in small companies, while the second force is found in past losers regardless of size.

To determine the practical implications and