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This thesis examines the performance of conventional factor-investing strategies in the four
largest national stock markets in Europe from the 2010-decade until the end of 2021. The
key motivation is to compare the performance of factor-investing strategies in an
environment where the central bank has set its key policy rates at unprecedented low levels
alongside an injection of an abundant amount of liquidity into the economy via various asset
purchase programs. It is important to expand the knowledge of whether any of these well-
acknowledged risk factors have impaired, diluted, or reversed during the dovish monetary
policy era set forth by the ECB. Seven factors examined in this study are market, size, value,
profitability, investment, momentum, and volatility factors. Factor portfolios are re-formed
at the end of April at 1- and 3-year frequencies.

The key findings of this thesis indicate that growth and momentum factor-investing
strategies both in small- and large-cap segments yielded the most superior returns during an
era that was heavily characterized by various stimulus measures set by the ECB. Substantial
stimulus measures reversed the performance of certain factors, such as value and investment.
The findings partly evidence a shift in market participants’ perception of risk when the cost
of cash reduced to ultra-low levels and more funds were directed into assets with growth and
momentum features. Risk-adjusted performance measures also revealed that the volatility of
the underlying stocks in the best-performing portfolios was rather subdued, reinforcing the
potential shift in the perception of risks by market participants. Moreover, the analysis of
matching portfolios uncovered that a stock with high momentum features has been
simultaneously attributable to a high growth characteristic, revealing the interlinkage
between growth behind the momentum. The same phenomenon is visible for growth stocks
where a strong co-movement was observed with the high profitability stocks.

Finally, the full sample were decomposed into country specific factor portfolios in order to
check the robustness of the findings based on the full sample. The cross-country analysis
revealed that especially the small-cap momentum, growth and robust profitability factors
outperformed significantly against the market portfolio whereas loser, weak profitability and
high-beta factors underperformed in the same terms.
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Greek characters

a A unit of measurement of the abnormal rate of return
B A unit of measurement of the systematic risk
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Abbreviations
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1. INTRODUCTION

Factor investing can be traced back to the early findings of the arbitrage pricing theory
developed by Ross (1976), who suggests that the returns of securities can be explained by
various macroeconomic factors. The development of arbitrage pricing theory was substantial
as the key ideology behind it contradicted with the key principles of the CAPM model
developed by Sharpe (1964), Lintner (1965), and Black et al. (1972). In contrast to CAPM,
arbitrage pricing theory relaxes its premises concerning the assumption that the markets
would be fully efficient. Hence, factors can be salient instruments (regardless of being
macroeconomic-based, related to a firm’s fundamentals or market-based metrics) in
explaining the variation in average stock returns as well as in identifying latent pricing
anomalies (i.e., securities that are temporarily drifting from their true value). In essence, the
key issue in factor investing is to find certain characteristics that have yielded better risk-
adjusted returns relative to the market portfolio. If such factors can be identified prevailing
systematically in the market, the stock portfolios with a strong tilt towards stocks that are
attributable to those factors can conceivably earn higher average returns than the market
portfolio. (Bender et al., 2015)

1.1. Background and motivation for the research

The motivation for writing this thesis is largely a result of two sources. The first one is the
findings by Blitz (2021) with regards to major drawdowns of multiple conventional factor-
investing strategies. He discovered that from July 2018 to August 2020 the success of factor-
investing strategies in the developed markets was merely concentrated on the largest growth
stocks. The findings were substantial given that the only way to outperform the market
portfolio by following the conventional factor-investing strategies, excluding the large
growth stocks, was to set an implicit exposure to these large growth stocks via other factors.
Another important finding by Blitz (2021) was that both small and micro-cap segments
underperformed relative to the market portfolio in all major factor-investing categories.
Motivated by Blitz’s results, the purpose of this thesis is to unravel whether a similar factor-

investing performance can be found in the European stock market, except over the sample



period ranging from May 2010 until December 2021. Moreover, besides the conventional
factor-investing strategies examined in the quant crisis, the performance of the low-volatility
factor strategy is added in the scope of this thesis as motivated by the evidence of low-

volatility risk premium (Blitz and van Vliet, 2007).

The second source of motivation is resulting from the monetary policy decisions set forth by
major central banks in developed countries as the imposed decisions have been extremely
dovish throughout the 2010-decade. In particular, the second half of the 2010-decade until
the end of 2021 has been a mix of all-time low-interest rates together with heavy quantitative
easing operations via various Asset purchase programmes (APPs). As the European stock
market is at the center of this thesis, the monetary policy decisions set forth by the ECB play
a key role in the examination of the behavior of the conventional factor-investing strategies.
The main objective is to reveal whether the commonly used factor-investing strategies have
been reversed, impaired, or diluted on the back of the extremely loose monetary policy

environment created by the ECB.

The post quantitative easing (PQE) world may have changed the foundation on which the
factor-investing strategies were once built. The old pearls of wisdom written in the world
before quantitative easing (BQE) may require revision. Dovish central bank actions have
turned into loose monetary policy decisions which, in turn, have assuredly changed the main
drivers of factor-investing strategies to a certain degree. It is fair to argue that when a central
bank lowers its key interest rates, the discount rate, which is a key component to bring firms’
future cash flows into the present, manifestly raises the value of growth companies. These
companies’ valuation levels are most dependent on the future growth, all other things being

equal. (Stevenson, 2020)

“When interest rates are high, value stocks are priced higher than growth stocks
since a lower share of their earnings is deeply discounted in the future.
Conversely, growth stocks are generally favoured in a low-interest rate regime,

where such a discount is very low.” (Stagnol et al., 2021)

The second fair argument is that the launch of massive APPs set by the ECB has boosted the

growth companies’ valuation levels to record highs. As the main purpose of APPs is to



provide liquidity for firms to ensure their survival during the economic slowdowns, the
indirect effect of APPs is that the excess liquidity is also floating into various asset classes,
pushing their prices upwards. As the key monetary policy rates remain at all-time lows
contemporaneously with the extreme stimulus measures through APPs, fixed income
investors have suffered from immense sell-off waves that are sweeping over the global bond
markets largely altering the global bond market landscape. Therefore, it may not be a naive
belief that a large portion of the excess liquidity is easily channelled into stock markets given
that the global bond market has barely been offering any returns for market participants. The
third argument is that it is plausible that within the stock markets, excess liquidity can have
a strong tilt towards growth stocks, as the future cash flows of growth companies have
become more lucrative due to extremely low discount rates shifting the perception of risk by

various market participants.

1.2.  Research objectives and questions

The main objective of this thesis is to examine the performance of the factors employed in
the five-factor model as suggested by Fama and French (2015), supplemented with
momentum and low-volatility factors as suggested by Carhart (1997) and Blitz and van Vliet
(2007), respectively. The purpose is to reveal how these seven factors have performed in
European stock markets during an era of heavy revitalization set by the ECB. It is vital to
expand knowledge of how these conventional factor-investing strategies have performed in
an environment where the central bank has artificially generated stimulus measures that have
shaped the way how market participants behave. Hence, the sample period for this thesis is
set to begin from May 2010 until the end of 2021. This period can be characterized by
substantial stimulus measures, as well as by numerous academic papers suggesting a reversal
in behavior of many conventional factor-investing strategies. The research questions are

listed below.

Question 1. How have the conventional factors performed in an environment where the

interest rates are at all-time lows and the amount of money supply is abundant?
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Sub-Question 1.2. Have the stimulus measures set by the ECB led to a shake-
up or impairment of the performance of the well-known risk factor premiums

in academia?

Sub-Question 1.3. Is there a strong correlation between the returns of the
conventional factor-investing strategies amid the times of heavy revitalization
set by the ECB?

Question 2. Which factor portfolios have yielded the best risk-adjusted returns?

Question 3. Has the performance of any factor-investing portfolio been a disguise for the

performance of any other factor-investing portfolio?

This thesis pursues answers to these research questions by forming the factor-investing
portfolios from all the stocks listed in Germany, the United Kingdom, France, and
Switzerland as those countries should provide a comprehensive view of the overall

development of the European stock market.

1.3. Limitations of the research

As Thomson Reuters Datastream is the primary source of retrieving the equity data for this
thesis, the quality of the data is limited to the thoroughness of the equity data provided by
the Datastream. There is evidence indicating errors and quality issues concerning the quality
of Datastream’s data as noted by (Briuckner, 2013; and Ince and Porter, 2006). Hence, the
findings of this thesis are limited to the Datastream’s data integrity when using and analyzing
the collected data from Datastream. Hence, the results should be interpreted with the notion
that there might be pitfalls to some extent, albeit firms’ fundamental data is verified by
random inspection. Each country’s data is also compared to the corresponding country
indices. Briuckner (2013) notes that the quality of Datastream’s data improves from 1990
onwards as the occurrence of errors became rarer thereafter, but a caution for handling the

data is still recommended.

The second limitation of this thesis is related to the investable stock universe as the eligible
number of stocks to be allotted into factor portfolios is reduced after the accounting and

market cap filters are applied over the dataset. As the object of this thesis is to form a
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comprehensive view of the performance of factor-investing strategies in Europe by choosing
the four largest stock exchanges in Europe, it is not an exhaustive view of the overall
development of the European stock market given the absence of many national stock
exchanges from Europe. Hence, the results of the performance of factor-investing strategies
are limited to stocks quoted in the four largest stock markets in Europe. Albeit the transaction
costs emerging upon each portfolio re-formation point are taken into consideration, the
applied calculation methodology of the corresponding transaction costs may not be a true
reflection of the real-life transaction costs. Hence, the realized returns of the corresponding
factor portfolios may have been different than indicated by the findings of this thesis. The
main purpose of taking the transaction costs into account is to reinforce the credibility of the

obtained results.

1.4. Structure of the research

The structure of the remainder of this thesis is as follows: Section 2 describes the monetary
policy decisions set forth by the ECB during the 2010-decade until the end of 2021 and
presents the magnitude of the growth of the ECB’s balance sheet against the development of
the market portfolio. The European macroeconomic environment is complemented by the
development of the ECB’s key policy rates as well as how inflation has progressed during
the sample period. Section 2 also describes the overall perception of factor-investing
methods in the light of existing literature. Section 3 introduces the data and methodology in

detail, whereas empirical findings are presented in Section 4. Section 5 concludes the thesis.
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2. LITERATURE REVIEW AND PREVIOUS FINDINGS

2.1. Influence of macroeconomic factors on stock returns

It is not a surprise that extraordinary changes in the macroeconomic landscape through
various macroeconomic factors (i.e., key policy rates, money supply, inflation, employment
rate, etc.) are causing an asset re-allocation by market participants. Amenc et al. (2019) argue
that the returns of the factor-investing strategies are cyclical and subject to changes in
macroeconomic conditions. The authors point out that the expectations of the future
development of the overall economy play out through macroeconomic state variables.
Hence, identifying the changes in macroeconomic state variables at the right time and re-
allocating the weights of factor portfolios accordingly should enhance the overall returns of
the factor portfolios. There is also evidence that a fully diversified factor portfolio may not
be an adequate tool to address fully the macroeconomic conditionality given that even the
mix of the lowest correlating factors may not fully protect the factor portfolios from the rapid
changes in macroeconomic state variables. Peir6 (2016) examines the extent of the impact
of macroeconomic factors on the largest stock markets in Europe including France,
Germany, and the United Kingdom. He argues that nearly 30 percent of the stock returns in
the above-mentioned countries are due to the changes in the level of production and the
development of long-term interest rates. Based on his findings, the change in interest rates
has been historically the key driver of the stock returns, but towards the end of the employed
sample period, the future level of production has become more vital in explaining the stock
price movements. The findings sound practical in the context of the European stock market
during the employed observation period of this thesis, given the ultralow interest rate regime
in Europe mainly due to the development of key policy rates set by the ECB.

2.2. ECB’s monetary policy decisions during the observation period

In July 2012, Mario Draghi, the president of the ECB at the time, declared the following:
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“Within our mandate, the ECB is ready to do whatever it takes to preserve the

euro. And believe me, it will be enough.” (Draghi, 2012)

Nearly 10 years have passed since he uttered those famous words. Mario Draghi indeed
shaped the way how the ECB operates today. It can be argued that the ECB’s monetary
policy decisions during Draghi’s reign have certainly been enough in terms of avoiding the
collapse of the Euro area. National credit spreads tightened right after the introduction of
Outright Monetary Transactions (OMTs), which were never even carried out. The
reformation of the ECB’s communications methods by introducing forward guidance has
helped the market participants to better anticipate the ECB’s forthcoming decisions, thereby
having increased the general confidence in the Euro area. In addition, punctual management
of the key policy rates, as well as the introduction of new quantitative easing programs in
mid-2014, maintained the inflation level close to the ECB’s target without the fear of
deflation. However, the inflation spiked (Figure 2) towards the end of sample period due to
numerous of reasons e.g., abundant amount of fresh liquidity pumped into the market, global

supply chain bottlenecks and restrictive measures caused by Covid-19.

Since the outbreak of Covid-19, Christine Lagarde, the current president of the ECB,

followed her predecessor’s footprints by pronouncing aloud:

“Extraordinary times require extraordinary action. There are no limits to our
commitment to the euro. We are determined to use the full potential of our

tools, within our mandate.” (Lagarde, 2020)

In March 2020, the ECB proceeded as promised by Lagarde and introduced new asset
purchase program called Pandemic Emergency Purchase Programme (PEPP) with a total
envelope of €750 billion. After the inception of the newest APP, the amount of liquidity
injected into the Eurozone has increased incrementally from €750 billion to €1,850 billion.
Meanwhile, the other ongoing APPs have increased their overall envelope to some extent
(European Central Bank, 2022c). Figure 1 sheds a light on the co-movement between the

ECB’s balance sheet and the development of the market portfolio. The correlation coefficient



14

between the cumulative growth of the ECB’s balance sheet and the market portfolio is 0.93,
being statistically significant at the 1% level, thereby highlighting the fact that excess

liquidity is assuredly channelled towards the European stock markets to some extent.

To ensure price stability and to support the monetary policy transmission mechanism in the
Eurozone, the ECB introduced the current APPs in the middle of 2014. The current programs
under the ongoing APP are as follows: Corporate Sector Purchase Programme (CSPP),
Public Sector Purchase Programme (PSPP), Asset-Backed Securities Purchase Programme
(ABSPP), and Third Covered Bond Purchase Programme (CBPP3). As Figure 1 reveals, the
slope of the return graph of the market portfolio increased sharply after the introduction of
the current APPs. During the first years of the observation period, the ECB’s monetary
policy decisions were more hawkish in comparison to the second half of the observation
period. The ECB launched its first-ever APP in July 2009 in the form of First Covered Bond
Purchase Programme (CBPP1). The program was terminated at the end of June 2010 once
the total envelope had reached the size of €60bn. A year and three months after the CBPP1
was terminated, the ECB launched a second version of it by introducing Second Covered
Bond Purchase Programme (CBPP2), but the total size of the second program reached only
a quarter (€16.4bn) the size of the first program. Alongside the CBPPs, the ECB established
another APP called SMP in May 2010. Slightly over €200bn of new liquidity was allocated
through SMP by the end of 2012, when the SMP was switched off due to an introduction of
the OMT programme. To maintain unchanged liquidity conditions after switching off the
SMP in 2012, the ECB continued pumping the liquidity into the Eurozone via weekly
liquidity absorbing operations. SMP was switched off completely by the end of mid-2014 as
the weekly liquidity absorbing operations ceased by sterilizing the liquidity pumped into
Eurozone. The effect of sterilization is visible in Figure 1 as the total size of the ECB’s
balance sheet reverted to the levels of 2010 by the middle of 2014 whereas the ECB’s total
assets have only kept trending upwards after the introduction of the current APPs, without
involving any indication of sterilization of the monetary effects caused by the ongoing
APPS. (European Central Bank, 2022a)
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Figure 1 Development of the ECB's balance sheet versus the development of market portfolio
during the observation period (European Central Bank, 2022a)

Figure 2 illustrates the development of the ECB’s key interest rates. By altering these key
policy rates and the magnitude of the ongoing APPs, the ECB pursues to steer Eurozone’s
inflation close to its target level. Key interest rates have been historically the primary tool in
the ECB’s monetary policy toolkit. However, as can be seen from Figure 2, approximately
at the same time when the ECB launched the current ongoing APPs, the key policy rates
have remained in a rather flat range around a 50-basis point level. In hindsight, it is evident
that the dovish monetary policy decisions laid down by the ECB have been among the key
drivers of the flashy development in the European stock markets. As Figures 1 and 2 indicate,
the market portfolio’s development has been almost directly proportional to the degree of

guantitative easing and the low level of key policy rates. (European Central Bank, 2022Db)
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Figure 2 Development of the ECB's key interest rates and the market portfolio with the
annual rate of change of inflation in the Eurozone

2.3.  Snapshot of the historical performance of factor-investing

Financial literature is abundant with studies regarding the performance of various factor-
investing strategies. A factor-investing strategy, in simple terms, combines certain stocks
that are attributable to similar characteristics in explaining their returns and risk profile.
Throughout the history of financial literature, academic papers have revealed multiple
factors that have earned long-term risk premiums. The reason why factor-investing has
become remarkably popular is the existence of as many factors as the human brain can
produce. Unfortunately, the alleged outperformance of many discovered factors may be
guilty of widespread p-hacking. Hou et al. (2020) concluded that almost two-thirds of
discovered factor-investing strategies are statistically insignificant at the 5% significance
level. Factors have been highly cyclical after their discovery and the overall performance of
factor-investing strategies tends to be tied to the changes in the macroeconomic landscape.
Hence, monetary policy decisions set forth by the ECB are playing a key role in
understanding the performance of various factor-investing strategies covered in this thesis.
Correlation between various factors can also be rather low and thus, the key drivers
explaining the performance of factors may be dissimilar. A low correlation between the
factors can also bring diversification benefits helping to offset the underperformance of
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certain factors by having an exposure simultaneously to outperforming factors. (Bender et
al., 2015)

2.3.1 Size factor

There is evidence of the size effect stating that small-cap firms have yielded higher risk-
adjusted returns throughout their history. Banz (1981) was one of the forerunners studying
the relationship between portfolio returns and the corresponding market equity of the firms
within the portfolio. He remarked that the CAPM model may be incorrectly specified. His
conclusion stems from the fact that small-caps have yielded returns that are relatively too
high in comparison to their underlying beta coefficients while the reverse applies for large-
caps. He further pointed out that the size effect is not a linear function relative to portfolio’s
returns as the returns of mid-caps do not significantly differ from the returns of large-caps.
The only deviation emerges with high returns of the smallest firms. Moreover, the size effect

tends to vary over time.

There is further evidence suggesting that small-cap firms might have yielded better returns
in comparison to large-cap firms due to the lack of information disclosed by small-cap firms.
If a substantial amount of information is lacking, market participants might steer clear of
that type of undesirable firm. Hence, the stock prices of small-cap firms might be deviated
from their true value and be mispriced by the market participants given the added risk layer
in the absence of relevant information about the firm. Evidence also suggests that the size
factor is related to the default risk of a firm. Chan et al. (1985) revealed that the explanatory
power of the size factor diminishes with the inclusion of the firm’s default spread while
Vassalou and Xing (2004) found out that the size effect is only significant for factor

portfolios formed on the basis of firms with highest default risk.

Fama and French (1993) made additional contributions on the relevance of the size factor.
They observed a significant size effect for stocks listed in the main US stock exchanges from
1963 to 1990 while Heston et al. (1999) found out that the size effect has been visible in
explaining the higher average portfolio returns in 12 European countries over the period of
1980-1995. The size effect has also been extremely consistent across countries as suggested

by van Dijk (2011). Based on his observation, small-cap firms yielded better risk-adjusted
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returns than large-cap firms while he also noted that the size risk premium had a positive

and large coefficient in an explaining the average portfolio returns in the US stock market.

Contradictory evidence of the size effect has also been brought to the table by Berk (1996)
as he observed a statistically insignificant coefficient for the size factor. His conclusion
stems from the fact that the relationship between portfolio returns and firms size is
deteriorated by the statistical noise in the market value of a firm due to the great degree of
variation in the firm size over the years. However, if the market equity of a firm is controlled
by non-market-based size variables, a positive relationship between the average returns of a
factor portfolio and the size of the firms within that portfolio exists. The same conclusion
applies to using book-to-market equity as an explanatory factor of portfolio returns, as the
size is controlled by a non-market-based variable which reduces the noisiness of the market
value factor. Berk (1995) views the size effect purely from an empirical point of view by
stating that the size effect should only be regarded as “an empirical anomaly”. He stressed
that the explanatory power of the size factor should amaze no one. The argument behind that
is based on the fact that the size factor is not a proxy for missing factors but rather dependent
on the setup of the given asset pricing model itself. If asset pricing models that are different
from each other omit crucial explanatory factors, then the size effect will be a proxy for the
omitted factors. Hence, he observed no relation between the portfolio’s return and the size
of the firms within that portfolio. From the early discovery of the size factor from 1963
onwards up to 1981, Horowitz et al. (2000) found out that while the size effect was a
persistent phenomenon for the first 20-years after its discovery from 1982 until the end of
1997, the size factor reversed its behavior as the large-cap stocks outperformed the small-
cap stocks in terms of average returns. Moreover, not a single portfolio formed on the basis
of small-cap stocks between June 2018 and the end of August 2019 outperformed the market
portfolio as documented by Blitz (2021).

2.3.2 Value factor

The value factor is built upon the assumption that stocks with high fundamentals-to-price
ratios should outperform stocks with low fundamentals-to-price ratios, hence providing the
alleged value premium. From 1963 to 2017 in the US, the value premium has been strongly

persistent amid small-cap stocks. The persistence of the small-cap value premium has been
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sought from two sources based on the potential mispricing of the value stocks as well as
from their risk characteristics. The reasoning behind the risk-based approach is built upon
the assumption that the value stocks are riskier due to e.g., distressed firms with insufficient
cash flow generation abilities can be unable to survive from their debt payments and hence
increasing the default risk as well as decreasing the bottom line for the shareholders. By
contrast, the explanation for mispricing is due to behavioral reasons e.g., the weak short-

term management of the value firms. (Kalesnik and Linnainmaa, 2018)

Many academic papers have argued that value-based investing strategies may be dead, as
their performance has turned out weak in recent years. The average return of the value factor
has been -5.4% in the US during the period from January 2007 until June 2020 while the
market portfolio delivered an average return of 8.6% during the same period. Myriad reasons
have been offered for the recent underperformance of the value factor e.g., the original value
investing strategy may have become overly crowded and hence distorting the asset prices as
the strategy may have been “arbitraged away”. If that is the case, the implication is evident
that the value factor-investing strategy has indeed diluted relative to growth stocks. A
plausible reason for the death of the value factor is that today’s growth stocks are not
comparable to the growth stocks of the past due to a rapid revolution in technology. The
technology firms might also be problematic when valuing them based on the conventional
value multiples. Total assets may not be a true reflection of the underlying value of the total
assets of technology firms due to the complication of precisely assigning a numeric value to
intangibles. (Arnott et al., 2021)

“The typical value investor (could) spend about a decade underperforming the
benchmark in a 55-year investor experience.” (Kalesnik and Linnainmaa,
2018)

Blitz and Hanauer (2021) confirm that the conventional methodology of dividing stocks into
value and growth portfolios may be outdated, having led to weak portfolio performances.
The authors state that following a factor-investing strategy based on the authentic value
factor has not only incurred temporary drawdowns but also has performed poorly for decades
already. Hence, the authors point out that the value risk premium must be resurrected by

introducing new methodologies of calculating the value factor as the traditional calculation
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methodology relies on book values that are not likely to carry enough information about
today's firms. This is consistent with the remarks by Arnott et al. (2021). The implication of
potential misvaluation of firms’ intangibles such as customer loyalty, brand recognition,
patents, etc, is twofold for the performance of the corresponding factor portfolios. The first
implication is self-evident, as the omission of intangibles when assigning a value to a firm
can lead to a serious underestimation of the true value of the firm, while the second
implication is that there lies evidence of rising stock prices due to heavy capital expenditures
on intangible assets such as R&D or employee rewards and benefits systems. (Stagnol et al.,
2021).

Macroeconomic factors that are driving the value factor-investing strategies are discussed
by Stagnol et al. (2021). The authors find that the value stocks have been outperforming in
times of rising interest rates and steepening yield curves. This is consistent with the second
observation arguing that the value stocks have outperformed growth stocks when the
inflation has been running high. Moreover, the outperformance of the value factor has been
tied more closely to the absolute level of inflation rather than the direction of inflation. It is
also noteworthy that value stocks have performed well simultaneously with falling credit

spreads.

2.3.3 Profitability factor

There exist multiple ways of defining the profitability factor e.g., net earnings to book equity
and operating income to total sales. What they all have in common is the factor-investing
strategy that is focused on high profitable firms has outperformed low profitable firms
throughout history. The profitability factor builds upon the assumption that firms’ future
growth is more likely to materialize for firms that are already profitable to some extent in
comparison to unprofitable firms (Haugen and Baker, 1996). Based on an intuition, it may
sound a reasonable assumption, but it also contradicts the argument that value stocks should
beat the growth stocks given that the value firms are often the ones in distress with much

lower profit margins, and thus are often considered more risky investments.

In essence, the profitability factor is the other side of the value factor due to their negative

correlation. In addition, both have nearly as strong prediction power in the cross-section of
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average portfolio returns. Due to the strong negative correlation, a value factor can rip the
full benefit of the profitability factor without adding the riskiness of the factor portfolio. The
premise behind both factors is to chase productivity capacities as affordable as possible,
given that the profitability factor pursues to chase productive firms while selling the
unproductive firms whereas the value factor avoids buying expensive stocks by chasing the
inexpensive ones (Novy-Marx, 2013). These arguments are consistent with the previous
findings stating that growth firms have a high level of profitability margins while the value
firms generate typically low levels of profitability margins as noted by (Fama and French,
1993). It has also been argued that the profitability premium can be largely subsumed by the
level of firm’s operating leverage. The reason why the degree of operating leverage can
reflect the degree of a firm’s profitability results from the fact that firms with high
profitability margins often have a higher fixed cost, and thus can scale up their profit margins
because their cost structure is not linearly following the increase in sales. This contrasts the
low profitable firms whose cost structure is mostly constituted by variable costs. But
operating leverage has also its negative side as during bad times, the fixed costs may not be
driven down as quickly as the variable ones, thereby increasing the risk profile of firms with
high operating leverage. Moreover, the operating leverage has not been able to explain the
value risk premium (Kisser, 2014)

Hou et al. (2012) presented further evidence on the superior performance of factor portfolios
formed on the basis of firms’ past return-on-equity (ROE) ratios. Their results indicated that
high ROE portfolios delivered significantly higher average returns in consecutive periods
relative to the portfolios formed on the basis of low ROE stocks. Hence, if the inclusion of
the profitability factor in asset pricing models reduces the statistical significance of the
portfolio’s abnormal returns, it must be an essential part of those models. Wang and Yu
(2012) shed a light on profitability premium by linking macroeconomic conditions and firm
characteristics together. They detected robust evidence indicating that the profitability
premium is substantially stronger in the context of firms that are subject to arbitrage
constraints or have a greater degree of information uncertainty while the results also
suggested that the traditional macroeconomic state factors fail to explain the profitability
premium. Lam et al. (2018) added findings regarding the key drivers of the profitability
premium. They were also studying the traditional macroeconomic state variables such as

inflation and production levels as drivers of profitability premium. Their results showed that
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the macroeconomic factors can only account for one-third of the explanation power of the

profitability risk premium.

2.3.4 Investment factor

As much of the variation of the average portfolio returns was left unexplained by the Fama-
French (1993) three-factor model due to the absence of investment and profitability factors,
an aid was sought from valuation theory. Based on the valuation theory, the returns of stock
portfolios are derived from three different sources that are: book-to-market equity, expected
profitability margins, and expected investment. Ceteris paribus, the more aggressive
expected level of investments suggests lower expected portfolio returns (Fama and French,
2006). These findings were complemented by Aharoni et al. (2013) arguing that the
valuation formula as the basis of predicting the stock price returns is viable but should be
measured at the firm level instead of the per-share level. The conclusion is resulting from
the finding that secondary equity issues or stock buybacks can change the number of stocks
outstanding and hence, per-share level results may diverge from firm-level results. The
authors proposed that estimating the investments is essential in understanding the
contemporaneous relation between the portfolio’s expected return, book-to-market equity
multiple, expected profitability as well as the expected investment. By following that, they
found a crucial negative coefficient for the investment risk premium. However, the authors
noted that the inclusion of investment- and profitability factors alongside size and value

factors can be limited to firms with high book-to-market equity multiples.

Prior evidence of the negative return-relation of firms that tend to invest aggressively on
portfolio returns was provided by Fairfield et al. (2003), who concluded that growth in net
operating assets and growth in long-term net operating assets are reducing the returns on
firms’ assets. The consensus with regards to the negative association between the capital
expenditures and the corresponding returns seems to be relatively coherent among financial
papers. Titman et al. (2004) remarked that negative returns relative to benchmark returns are
due to excessive capital expenditures. Based on their results, the higher the capital
expenditures, the lower the returns of the stock portfolio for the first five consecutive years.
The results are substantial given that the negative relation between capital expenditures and

stock returns are not resulting from the underlying firm-specific risks or other features. An
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interesting viewpoint is also the following statement that the future low stock returns might
be a cause rather than an effect since firms might be more willing to increase their investment
activity when the cost of equity is low, as it incentivizes the firm to increase their rate of
investments. Lamont (2000) states that if a firm’s discount rate drops, the cost of its equity
becomes cheaper and hence, the firm should increase its investment activity as it has become
more affordable to execute. He offers evidence that a firm’s investment plans reveal
information that is left uncaptured by other explanatory factors in asset pricing models. Thus,
the investment factor should be factored in the regression when explaining the expected
stock returns given its potential significant forecasting power. The investment risk premium
has also been tested for old Moody’s data ranging from 1926 to 1963 by Wabhal (2019). His
findings suggest that the investment factor does not carry statistically significant explanatory
power on the average returns of a stock portfolio when measured either as a change in total

assets or book equity.

Evidence was also pointed out by Baker et al. (2003) that the investment decisions may be
impeded by the increase in the cost of firm’s equity due to the current undervaluation of the
firm by the market. The authors find that the more equity dependent the firm is, the stronger
the impact of its current stock price is on its investment decisions. Richardson and Sloan
(2005) supports the view by noting that the investments, measured as a change in the firm’s
net operating assets, harm the future stock returns. Secondly, the source of funding also has
an impact on the degree of how negative the stock price effect is. He concludes that in case
the firm’s investments are financed with external funding sources, the negative impact on
the firm’s future stock price is stronger. His explanation is due to the exploitation of the

temporary misvaluation of the firm.

2.3.5 Momentum factor

Individuals’ tendency to overreact on newly revealed information is the key premise behind
the momentum factor. One of the first findings with regards to investing strategies exploiting
the stock market overreaction were made by de Bondt and Thaler (1985, 1987). They found
consistent evidence of an investing strategy called mean-reversion anomaly whereby past
losers outperform the corresponding past winners. Their results suggested that portfolios

following mean-reversion strategy have yielded 25% more than the portfolio consisting of
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the past winner stocks. However, Jegadeesh and Titman (1993) shed a new light to their
findings by suggesting that there is significant evidence of abnormal returns generated by
the opposite trading strategy based on buying the past winner stocks and simultaneously
selling the loser stocks. As such, their findings were the total opposite of the mean-reversion
anomaly as documented by de Bondt and Thaler (1985, 1987). The detection of the
momentum anomaly is based on the observation that stock portfolios formed on the basis of
past winner stocks earned positive abnormal returns during the period between 1965 to 1989.
These findings are based on portfolios that are formed by dividing the sample into winner
and loser stocks based on their past six-month performance. Moreover, the longer the
holding period, the more the returns are dissipating after one year from the portfolio’s

inception.

More recent evidence of the momentum anomaly is pointed out by Fama and French (2012),
who concluded that momentum risk premium is observable everywhere covering the
continents of North America, Europe, and the Asia Pacific. The momentum risk premium is
also a decreasing function of firm size as the momentum risk premium is stronger among
small-cap firms. In addition, they noted that global models covering both three-factor and
four-factor models performed poorly in explaining average returns of size-momentum
portfolios that had a heavy concentration on a certain region or on microcaps. Novy-Marx
(2015) points out that positive changes in firms’ fundamentals is explaining the strong past
performance of stocks and this positive past performance is a strong factor explaining the
variation in stock returns. Moreover, in case the positive change in fundamentals is
controlled, the strong past performance of stocks loses its predicting power on the average
stock returns. Hence the momentum factor is ultimately a fundamental momentum factor.
The momentum factor has also been said to be a bet on autocorrelation in stock returns as
pointed out by Ehsani and Linnainmaa (2019). Their conclusion is drawn from the
observation that autocorrelation is persistent phenomenon in stock returns. Consequently,
stock portfolios that have earned a positive return during the last year have a significant
positive risk premium while the opposite applies to stock portfolios that have yielded
negative returns. However, the authors suggested that the momentum factor shall not be
considered as a distinct factor given that it is effectively representing the aggregate
autocorrelation among other factors within the model. Hence, if the stock portfolio is
committed to follow the momentum strategy, it is effectively trying to predict and time the

future behavior of other factors. Consequently, the performance of the momentum strategy
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is eventually conditional on whether the autocorrelation remains positive among other

factors.

Stivers and Sun (2010) indicated further strong evidence of the momentum anomaly by
remarking that the variability in average stock returns is negatively attributable to the
momentum factor even after controlling for macroeconomic state variables. However, their
findings show that the momentum factor is fairly procyclical, meaning that the momentum
premium is more persistent and stronger in times of booming economy, while Daniel and
Moskowitz (2016) show that the momentum crashes typically take place in poor market
conditions as their results indicate a strong return on loser stocks during crash recovery
periods. The poor performance of the momentum factor in bad economic states is supported
by Min and Kim (2016). They note that the exposure to downside risk through momentum
factor is more prevalent in poor market conditions. Moreover, their results indicate that the
winner stocks are outperforming loser stocks in times when the marginal value of wealth is

at the highest level thereby increasing the downside exposure through the momentum factor.

2.3.6 Low-beta factor

Low-beta anomaly relies on the premise that stock portfolios consisting of low beta stock
have yielded better risk-adjusted returns relative to high beta portfolios in the history.
Abundant evidence has been pointed out that increasing the risk of a portfolio in terms of its
exposure to beta, may not add a higher expected return. It has been documented that stock
portfolios consisting of low-beta stocks exhibit higher alphas as well as higher Sharpe ratios
than portfolios consisting of high-beta stocks. In essence, the discovery of the low-beta
anomaly suggests that the security market line developed by Black et al. (1972) should not
be a straight line providing higher expected returns from each additional unit of risk but
rather be flattened. This inverted risk-return relationship is also found among stocks listed
in Dow Jones Industrial and the abnormal rate of returns generated by these low-beta stocks
cannot be explained by standard asset-pricing factors. Hence, the low-beta anomaly may not
only be attributable to more illiquid small-cap stocks (Auer and Schuhmacher, 2015; Baker
and Haugen, 2012; Frazzini and Pedersen, 2014). More evidence regarding the superior
performance of the low-beta stock is indicated by Asness et al. (2014) as they documented

that betting against high beta firms has delivered enhanced risk-adjusted returns. They also
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disprove the notion that low-beta strategy is ultimately an industry bet by showing that low-
beta strategy has delivered substantial risk-adjusted returns across different industries. Baker
et al. (2014) disentangle the low-beta risk premium into micro and macro effects by studying
separately the low-beta stocks and countries. They find that the low-beta stocks both in the
US and international stock markets have returned superior earnings. The explanation stems
from both micro and macro effects, as the superior performance is a result of
contemporaneous exposure both to low-risk stocks and countries. Another explanation is an

irrational demand for the high-beta stocks as well as the constraints to arbitrage.

Lottery-based demand for lottery-liked securities is another explanation for the low-beta
anomaly. Lottery-based demand comes into existence from lottery demanders as they begin
buying stocks attached with high probabilities of extreme movements. In other words, the
lottery demanders take immense exposure to high-beta stocks. As a result of the behavior of
the lottery demanders, the security market line tends to flatten which generates positive alpha
on stocks that are attached with low-beta attributes. The key observation of the lottery-based
demand is that its correlation with the market beta in cross-sectional correlation is relatively
high, which suggests that ultimately the lottery demand is heavily tilted towards high-beta
stocks. As such, when the cross-sectional correlation dissipates between the lottery-based
demand and the market beta, the low-beta anomaly is not observable any longer. There is an
extensive amount of evidence with regards to the underperformance of lottery-liked stocks
attributable to the high-beta feature. The explanation why the lottery-based demand is not
exploited by more rational investors is likely due to uncomfortableness to short sell stocks
with recent extreme positive returns, liquidity issues, and excessive transaction costs that are
often attached to the small-cap portfolios. (Bali et al., 2017, 2011; Kumar, 2009)

2.3.7 Low-volatility factor

Blitz and van Vliet (2007) were the forerunners of discovering the so-called low-volatility
risk premium. The authors suggested that stocks with the low-volatility attribute, which is
measured as the stock’s 3-year realized volatility calculated from the weekly returns, have
yielded better risk-adjusted returns in comparison to high-volatility stocks. Low-volatility
risk premium preserves even after incorporating the common Fama and French (2015) five

factors into the regression. There is evidence indicating that the relation between the risk and
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return is rather more flat than positive when measured by portfolio’s exposure to the market
beta and is not compensated by higher returns. Instead, the low-volatility factor is more tilted
toward mispricing than the low-beta factor and thus should offer stronger and more persistent
returns given the fact that low-beta and low-volatility factors are fairly similar. (Blitz and
Vidojevic, 2017)

Baker et al. (2011) found that both low-beta and low-volatility stocks have yielded superior
long-term returns from 1968 to 2008. In addition, the authors emphasize that the risk-return
trade-off based on the CAPM model has done nothing but deteriorate during recent decades.
Hence, the authors argue that CAPM can simply be a wrong approach for accounting for the
relationship between risk and return. The statement is consistent with observations made by
Frazzini and Pedersen (2014) who concluded that portfolios with long exposure to low-beta
securities while shorting their high-beta counterparts have delivered positive risk-adjusted
returns. If the traditional CAPM model is inadequate to capture the positive relationship
between risk and return, gaze must be turned elsewhere. Ang et al. (2006) found out that the
aggregate volatility should be a risk factor in explaining portfolios’ returns. They
documented that there is a statistically significant negative volatility risk premium, albeit
their applied methodology of calculating the low-volatility factor is slightly unconventional
relative to the typical measurement of total risk in terms of stock’s standard deviation. They
measured the low-volatility factor in terms of portfolios’ past sensitivity to first differences

in the VIX index as the basis of quantifying the portfolio risk.

Evidence has also revealed that the low-volatility stocks disguise the profitability factor.
Walkshdusl (2013) finds that low-volatility premium is only visible for high profitability
firms with solid cash flow generation abilities whereas Blitz, van Vliet and Baltussen (2020)
document that the low-volatility anomaly has been highly visible over time globally and the
anomaly has not dissipated even after incorporating other factors to the asset pricing models
e.g., profitability or value factors. The authors also emphasises that low-volatility anomaly
is unlikely to be arbitraged away given that many portfolios are often positioned neutrally
or, on the contrary, tilted towards high-volatility stocks. Hence, a factor-investing strategy
that is based on taking a long position on high-profitability firms while shorting low-
profitability firms, is behaving very similar to taking the comparable positions on low and

high-volatility stocks, respectively.
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3. DATA AND METHODOLOGY

3.1 Data

The remote desktop version of Refinitiv Eikon is the source of the equity data used in this
study. Factor portfolios are formed on the basis of all stocks, excluding financial and real
estate stocks, that are listed on all main stock exchanges in Germany, the United Kingdom,
France, and Switzerland. The stock exchanges from these European countries are chosen to
obtain a sufficient cross-sectional sample of the European stock markets. Financial and real
estate firms are excluded from the sample as their usage of leverage is likely to have a
different meaning than for non-financial firms given that the higher leverage can be an
indication of distress for non-financial firms as noted by Fama and French (1992). The
sample period is from May 2010 until the end of December 2021, but the data is required
from May 2007 onwards as the calculation of beta and volatility factor requires the preceding
36 months of realized stock returns before each portfolio reformation point. Long-only
strategy is only taken into consideration for the measurement of the factor portfolios’
performance as shorting costs are difficult to calculate precisely due to indirect costs
resulting from the unavailability of shorting certain stocks combined with difficulties to
account for the shorting fees that emerge while maintaining the short position. Kim and Lee
(2020) noted that when factoring in the shorting costs, profits of the long-short strategy are
possibly reduced as much as 40 percent and even more in case of accounting for other trade-
related transaction costs. Monthly closing prices, market equity, and accounting numbers are
denoted in the currency that corresponds to the underlying currency in the region’s stock
exchange. The excess return is calculated by subtracting the return of the value-weighted
market portfolio, which contains all the firms from the selected stock exchanges, from the

return of a factor portfolio less the risk-free rate which is the one-month Euribor rate.

Factor portfolios are re-formed at the end of each April commencing from May 2010 until
the last portfolio re-formation point which is the last day of April 2021. As the observation
period that is used in this thesis ends in December 2021, the factor portfolios’ returns for the
final year are only covering returns for eight months from May 2021 to December 2021. Re-

forming the factor portfolios on the last day of April ensures that all firms with December
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fiscal year-ends have had enough time to publish their preceding year’s financial statements.
Although Fama and French (1992) examined their full sample by dividing it into a smaller
sub-sample including only firms that have their accounting period following the normal
calendar year, they uncovered that the results diverged only slightly from the full sample
results including firms with all different fiscal year-ends. However, this study will follow
the same methodology applied in the study of Péatéri et al., (2021) whereby all the firms with
non-December fiscal year ends are excluded from the sample to ensure that the firm-year

observations are as up to date as possible.

If a firm is delisted during the observation period, its value-weighted returns are part of the
portfolio’s return until the stock disappears from the investable stock universe to maintain
the sample free from surviorship bias. Only the stock series with the highest trading volume
are incorporated in the sample in cases where firms have multiple stock series listed in a
stock exchange. To calculate the stock returns coherently, the monthly closing prices are

adjusted appropriately for any issued dividends and/or stock splits.

3.2 Methodology

3.2.1 Stocks’ eligibility criteria upon portfolio re-formation point

After importing the equity data from Refinitiv Eikon, the investable universe consisted of
2454 stocks. This stock universe is the basis of forming the market portfolio of this thesis.
From this sample of stocks, all the firms with non-December fiscal year ends are excluded
and the remaining universe of stocks is used for building the factor portfolios at each
portfolio re-formation point. After the exclusion of firms with non-December fiscal year
ends, the remaining sample size is 1684 firms. To be included in the factor portfolios at each
portfolio re-formation point, a firm must have at least $50 million in market capitalization.
The $50 million market capitalization threshold is introduced given that almost one-third of
the firms in the sample were so-called micro-caps. Schmidt (2017) remarks that a certain
factor-investing strategy may appear lucrative on the paper among micro-caps, but the real-
life implementation of such strategy may turn out to be unexploitable due to illiquidity

constraints and elevated bid-ask spreads. In addition, a firm must have all the accounting
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information as well as the market data available upon each portfolio re-formation point so

that all the factors chosen for this study can be calculated.

Following Fama and French (1992) approach, book-to-market multiples are computed by
using the market equity as of the end of December of year t-1 upon each portfolio re-
formation point. Calculating the market equity in this manner ensures that the book equity
is aligned with the market equity in terms of time. Albeit the four-month lag between the
December’s accounting numbers and the portfolios’ re-formation point at the end of each
April of year t would allow the usage of the most recent market equity values as of the end
of April of year t, this study adheres to the same methodology exercised by Fama and French
(1992) to match the December accounting numbers with December market equity and
employ the most recent market equity values only for calculating the size factor. This
methodology can improve the consistency among the factors since the firms are reporting
their financial statements at different points of time during the spring. Hence, the investors
have more time to digest the newest information with certain stocks in comparison to the
firms that publish their financial statements from late spring close to the portfolios re-
formation point.

All firms with negative book equity values in December of year t-1 upon each portfolio re-
formation point are excluded from the sample. Upon the portfolio re-formation at the end of
each April of year t, the firms must have revenue and operating income available from the
preceding December of year t-1 as well as the total assets from December of year t-1 and
year t-2 in order that the change in total assets can be computed. The firm must also have
monthly closing prices at least 36 months preceding the portfolio re-formation at the end of
each April of the year t so that 36 months of backward-looking volatility and beta
coefficients can be calculated. Firms must meet all the above-mentioned criteria to be
eligible of being allotted into quantile portfolios in each portfolio re-formation point at the

end of each April.

The number of firms that meet all the set prerequisites for the portfolio re-formation points
varies from 583 to 907 during the observation period. The total number of firm-year
observations varies from 4 081 to 6 349 during the observation period. Whilst the
prerequisites that all firms must have all information available upon each portfolio re-

formation point reduces the total number of applicable firm-year observations, it improves
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the result comparison among the factor portfolios since all factor portfolios are built from

the same stock universe.

3.2.2 Portfolios’ weighting, construction, and trading costs

At each portfolio reformation point at the end of each April of year t, six different portfolios
(2x3) are constructed. Portfolios are value-weighted so that a stock with the highest market
equity at the end of each April of year t have the highest weight in the portfolio for the
corresponding holding period. Portfolio weights are unaltered during the holding period after
the portfolio is constructed at the end of each April. Upon each portfolio reformation point,
the investable stock universe is first sorted into two size categories based on the market
equity value of stocks. The methodology of sorting the stocks based on their market equity
values adheres to the same methodology that French (2022) uses for constructing factor
portfolios. The approach is to use the top 90% and bottom 10% as a breakpoint for the size
category so that the large-cap stocks are those whose cumulative sum of the market equity
fulfills 90% of each year’s overall market capitalization while the small-cap stocks are the
remaining 10% of the year’s overall market capitalization. After the stocks have been sorted
by following the size breakpoints, the stocks are next to be sorted by book-to-market
(BE/ME), operating profitability (EBIT %), investments (change in total assets), momentum
(stock's cumulative return for month t-12 to month t-2), volatility (standard deviation of the
total returns of a stock over the preceding 36 months) and beta (preceding 36 months
correlation of stock to the overall market fluctuation) factors. Sorting breakpoints for these
factors are the 30th and 70th percentiles of the corresponding small- and large-cap stock

universes.

After each portfolio reformation point, 72 new portfolios are identified by following the
above-mentioned methodology. The value-weighted monthly excess returns for each
portfolio are then calculated from the beginning of May of year t until the end of April of
year t+1. Figure 3 illustrates the process of obtaining the monthly excess returns for each

factor portfolio.
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Figure 3 Re-formation process of the factor portfolios

To account for the trading costs that incur upon each portfolio re-formation point, a simple
way of calculating the trading costs for each active factor portfolio is to calculate the
portfolio’s turnover rate which is the percentage change of stocks within the portfolio upon
each portfolio re-formation point. Anand et al. (2012) states that if a portfolio turnover rate
is 100 percent, the round-trip transaction cost of 110 basis points should be a reasonable
estimate of the overall trading cost incurred. Hence, the estimate for annualized trading costs
indicated in basis points is the portfolio’s annual turnover rate times 110 basis points. Novy-
Marx and Velikov (2016) also note that the transaction costs typically decrease the realized
spreads close to 1-percentage of the one-sided turnover in each period. A factor portfolio
following a long-only strategy with a stock turnover of 20% over a certain period is likely
to provide a spread that is at least 20 basis points lower than the gross spread. Furthermore,
they mentioned that round trip transaction costs for value-weighted portfolios are averaging
close to 50 basis points while the equal-weighted portfolios can generate even two to three
times as high transaction costs as the value-weighted portfolios. Transaction cost that is
applied for the first portfolio formation point is the average (0.401%) of one-way equity
trading costs in the United Kingdom, Germany, France, and Switzerland based on the
observation made by (Domowitz et al., 2001). This average transaction cost is next scaled
by the corresponding SMB slope of a factor portfolio to account for the fact that small-cap
stocks are likely to incur higher trading costs than large-cap stocks due to liquidity

constraints. Trading costs for each factor portfolio are tabulated in Appendix 4.
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3.2.3 Definition of the factors and the descriptive statistics of the sample

Seven different factors that are chosen for the object of this study are size, value,
profitability, investment, momentum, volatility, and beta coefficient. Size is simply the
firm’s market equity at the end of April of the year t while operating profitability pursues to
capture the quality aspects of firms. The operating profitability is a ratio of a firm’s earnings
before interest and taxes relative to its revenue. The value factor is calculated from the firm’s
book-to-market equity (BE/ME) multiple, and the investment factor is the change in the
firm’s total assets while momentum measures the stock's cumulative return between months
t-12 to month t-2). Volatility is the standard deviation of the total return of a stock over the
preceding 36-months and beta coefficients are the preceding 36-months covariance between

the stock and the market portfolio.

Table 1 below presents the descriptive statistics of each factor during the observation period.
The cross-sectional median for each factor is depicted in the last row. As the table shows,
the total number of firms that are allocated into portfolios varies from 583 to 907 while the

median number of firms equals 728.

Table 1 Descriptive statistics of the sample

# of # of

Year p Value p?gﬁ{:tt)iir;i%y Investment  Momentum  Volatility = ME small large f?rgwfs
caps caps
2010 111 0.60 6.76 % 0.02 % 42.78 % 39.56 % 471 467 116 583
2011 1.07 0.51 8.68 % 7.60 % 15.03 % 38.02% 485 493 129 622
2012 0.90 0.68 8.57 % 6.44 % -8.30 % 30.17 % 479 485 127 612
2013 1.00 0.61 7.60 % 291 % 12.89 % 27.94 % 443 515 126 641
2014 1.01 0.49 721% 2.50 % 24.26 % 2748% 463 560 135 695
2015 0.84 0.50 7.22% 6.37 % 4.90 % 25.56 % 504 582 134 716
2016 0.75 0.46 741 % 471 % -1.41% 26.35 % 490 592 147 739
2017 0.78 0.44 7.18% 7.80 % 18.60 % 27.08 % 541 644 160 804
2018 0.75 0.39 7.50 % 4.62 % 4.79 % 2711 % 544 687 172 859
2019 1.01 0.56 771 % 6.22 % -12.78 % 28.43 % 508 707 162 869
2020 111 0.46 7.03% 712 % -24.14 % 32.39 % 456 689 153 842
2021 1.15 0.42 411% 121% 37.54 % 37.24% 545 740 167 907
Median 1.00 0.50 7.32% 5.47 % 8.90 % 28.19 % 488 587 141 728

The first six columns after the year column describe the annual medians for each factor examined in the study covering all the years within the observation
period. The last row describes the median of the full sample period for each factor. The last three columns indicate the total number of firms being allocated
to the active factor portfolios as well as the split between small and large caps. ME column is the median of the market equity in millions. Each subperiod
median is measured as of the end of April.
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With regards to factor medians, the cross-sectional beta coefficient during the observation
period equals one while the median for book-to-market equity during the observation period
is 0.50. The median of the operating profitability has remained rather stable throughout the
sample period while there is slightly more dispersion in investment and momentum factors.
The median volatility is tilted towards higher values the closer the year is to either a financial
crisis or to the economic slowdown due to Covid-19. The number of small-cap firms has
also increased more substantially than the increase of large-cap firms during the observation

period. Region-specific descriptive statistics are depicted in the Appendix 1.

3.2.4 Market portfolio and the risk-free rate

The market portfolio is the value-weighted index consisting of all stocks listed in the United
Kingdom, Germany, France, and Switzerland during the observation period while the risk-
free rate is the 1-month Euribor rate. A robustness check was carried out to confirm that the
homemade market portfolio is truly a firm representation of the overall market development
in the above-mentioned countries. Table 2 below depicts the correlation coefficients between
the main stock indices in each region chosen for this study versus all the stocks listed in that
region. The correlation coefficient is over 0.95 for each region at the 1% significance level.
Moreover, in Appendices 2-3, the deviation between monthly average returns of the region’s
main stock index versus the region’s home-made portfolio is represented as well as the
scatterplots between the main index and home-made portfolio. The deviation in average
returns is relatively low and the R? coefficients in scatterplots are high. Hence, the
homemade market portfolio should provide representative proxy of the overall market
development in the chosen regions.

Table 2 Correlation coefficients between the regions' main stock indices and regions'
homemade portfolios

Portfolios FTSE 100 DAX 30 CAC 40 SMI 20
United Kingdom 0.97*
Germany 0.98*
France 0.98*
Switzerland 0.96*

(*) Significant correlation at the 1% signifance level
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3.3 Performance measures of the factor portfolios

3.3.1 Net returns

The annualized total net returns of the factor portfolios are calculated by using annualized
geometric mean less the annualized total transaction costs. The calculation method of the net
returns for factor portfolios is consistent with (Patari et al., 2021) with the exception that
trading costs are incurred only with yearly frequency upon each portfolio re-formation point
when stocks are re-allocated into portfolios as well as the weights of the corresponding
portfolios are adjusted to reflect the changes in firms' market equity values. In addition, all
the performance measures of the factor portfolios are calculated from the net returns
consistent with the methodology used by (Bessler and Wolff, 2015; Péatari et al., 2021). The

formula of annualized total returns is written as follows:

Annualized total returns = \J/(1+r) X (1 +1) X .. (1+71,) — 1 1)

Where ry is the monthly return of an active factor portfolio and N is the number of years in
the observation period. The same formula is implemented for the calculation of the
annualized transaction costs for each active factor portfolio by replacing r, with annual

transaction costs.

3.3.2 The Sharpe ratio

The Sharpe ratio is one of the most acknowledged ratios in the financial literature. In simple
terms, the Sharpe ratio measures the net return of an active factor portfolio less risk-free rate
divided by the idiosyncratic risk of an active factor portfolio. (Sharpe, 1966) The formula to

calculate the Sharpe ratio is written as follows:

Sharpe Ratio = TL;J 2

i
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Where r; is the annualized return of an active factor portfolio less the annualized trading
costs, rris the 1-month Euribor rate and oi is the annualized standard deviation of the monthly

returns in excess of the 1-month Euribor rate.

3.3.3 Skewness- and Kurtosis adjusted Sharpe ratio (SKASR)

Motivated by Homm and Pigorsch (2012), Leon and Moreno (2017), Patéri et al. (2021),
Zakamouline and Koekebakker (2009) to incorporate the higher moments of return
distribution of the factor portfolio for the calculation of the performance metrics of the factor
portfolio, SKASR ratio is introduced. SKASR deviates from the ordinary SR in a way that
the risk metric considers the third and fourth moments of the corresponding return
distribution of the factor portfolio. The formula to calculate SKASR is written as follows:

T'i—T'f

SKASR = (3)
SKAD;

Where SKAD; is the skewness- and kurtosis adjusted standard deviation of the monthly
returns in excess of the 1-month Euribor rate. SKAD is used as a divider for the portfolio’s
excess return instead of the ordinary standard deviation as the SKAD captures the third and
fourth moments of the factor portfolio’s return distribution. Consistent with the fourth-order
Cornish-Fisher expansion (Cornish and Fisher, 1938), adjusted Zcr must be obtained that
corresponds to the Z value of the normal distribution. The calculation method for obtaining

Zceis written as follows:

1 1 1
zep = Zc + (Z2—-1)S + o (Z3 —-3Z)K — v (2Z% — 5Z)S? (4)

Where Zc is the critical value of the probability based on the normal distribution, S is the
Fisher’s skewness coefficient and K is the excess kurtosis of the return distribution. -1.96 is
the critical value of Zc throughout the study that is consistent with a 95% probability level
(Favre and Galeano, 2002). As mentioned by Patari et al. (2021), if the return distribution of



37

a particular factor portfolio in excess of the 1-month Euribor rate is exactly following the
standard normal distribution, both the Sharpe ratio and the SKASR provide entirely same
outcome. The same conclusion applies to other performance metrics where a certain return
distribution is a skewness- and kurtosis adjusted such as the tracking error that is described

later.

3.3.4 Information ratio (IR) and skewness- and kurtosis adjusted information ratio
(SKAIR)

Information ratio is an additional risk metric with the purpose to capture an active factor
portfolio’s mean-variance properties where the mean refers to the annualized geometric
mean return of an active factor portfolio in excess of the market portfolio’s annualized
geometric mean return whereas the variance is the annualized standard deviation of the
monthly excess returns of an active factor portfolio. The standard deviation of the monthly
excess return is also known as the tracking error (oer) (Goodwin, 1998). The formula for

calculating the information ratio is written as follows:

IR =2 (5)

OER

where r; is the annualized geometric mean return of an active factor portfolio net of trading
costs, rp is the annualized geometric mean return of the benchmark portfolio (market
portfolio) whereas the tracking error (oer) is the annualized standard deviation of the
monthly excess return of an active factor portfolio in excess to the market portfolio return.

oer IS calculated as follows:

/ZT= i=Tp)?
Ogp = t 1(7;w Tp) (6)

where T is the number of periods in the observation period. As mentioned previously, also

the information ratio is calculated by adjusting the return distribution of an active factor
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portfolio in excess of the market portfolio to address the critique that not always the return
distributions are following the standard normal distribution. Skewness- and kurtosis adjusted
Information ratio is called SKAIR. The method of calculating the SKAIR is consistent with
Patari et al. (2021).

3.3.4 Seven-Factor alpha

The abnormal rate of return (henceforth 7-factor alpha) is a result of the insertion of seven
different factors as explanatory variables in the regression. 7-factor alpha can be defined as
a regression analysis residue that is left unexplained by the seven factors. The formula of the

7-factor alpha is written as follows:

Vl'VOLt + Eit (7)

where rit is the return of an active factor portfolio net of trading costs, rs is the proxy of risk-
free return that is the 1-month Euribor rate, o is the rate of abnormal return that is left
uncaptured by the factors, rmt is the return of the market portfolio. SMBt, HML; RMW¢ and
CMA: are the five factors introduced by Fama and French (2015) in their five-factor model.
SMBt is the return between small and large stocks based on the diversified European stock
market portfolio whereas HML. s calculated from the same universe of European stocks on
the basis of firms’ book-to-market (B/M) multiples by subtracting the return of high BE/ME
firms from low BE/ME firms. RMW:; calculation methodology is analogous to HML: with
the exception that BE/ME multiple is replaced with the operating profitability metric which
is the firm’s annual revenue minus the cost of goods sold, interest expense, and selling-,
general-, and administrative expenses divided by the book equity of the preceding fiscal
year. CMAy is the annual rate of change in a firm’s total assets that is calculated by dividing
the firm’s total assets by the preceding year’s total assets. Based on the annual rate of change
in firms’ total assets, firms are split into conservative and aggressive investment categories

and CMA: is the result of subtracting the returns of the conservative stock portfolio from the
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returns of an aggressive stock portfolio. Jegadeesh and Titman (1993) introduced a factor
investing strategy that is based on buying the recent winner stocks while selling the recent
loser stocks. The calculation methodology of WML is the subtraction of returns of the
winner European stock portfolio from the returns of the loser European stock portfolio. The
period from which the winner and loser stocks are calculated is the 11 months before each
portfolio re-formation point excluding the most recent month. Blitz and van Vliet (2007)
concluded that low-volatility portfolio can yield higher risk-adjusted returns than the
corresponding high-volatility portfolio. Hence, the volatility factor is included in the
regression and the calculation methodology is to subtract the returns of low-volatility
European stock portfolio from the returns of high volatility European stock portfolio. b, si,
hi, 0i, i, m;, and v; are the obtained factor coefficients as a result of the regression analysis
and the coefficient reveal the degree of the factor exposure of each active factor portfolio
whereas the & is the residual term of the regression analysis. In-depth description of
calculation methods of the regression factors as well as free access to the data of the

corresponding factors can be found in Kenneth R. French’s data library (French, 2022).

3.3.5 Maximum drawdown

The maximum drawdown (MDD) metric is simply the largest reduction in the value of the
stock portfolio during the observation period, in other words, the worst consecutive losses
of a stock portfolio during the observation period. The formula for calculating maximum
drawdown statistic for portfolios is consistent with (Choi, 2014; Pé&téri et al., 2021) and is

written as follows:

MDD = — mi ]
nin, (tg}ég)r(t, 7)) 8

where T is the end of the observation period and 0 is the beginning of the observation period.
r(t,z) is the log-return of a stock portfolio between the period of t and z. Hence, the maximum

drawdown illustrates the largest losses of a portfolio during the observation period.
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3.3.6 Testing procedure of Sharpe ratio’s statistical significance

The test invented by Jobson and Korkie (1981) enables the comparison of the Sharpe ratios
of two portfolios and indicates whether these two Sharpe ratios are statistically significantly
different from each other. The procedure is used to reveal whether the Sharpe ratios of the
factor portfolios are statistically significantly different from the Sharpe ratio of the market

portfolio. The formula of the test as proposed by Memmel (2003) is written as follows:

7 _ Shi=Shn )

where Sh; refers to the Sharpe ratios of the active factor portfolios and Sh,, refers to the
Sharpe ratios of the market portfolio. V is the asymptotic variance of Sharpe ratio difference

and the formula for calculating it, is written as follows:

)
Il

[2 = 2pin + 5 (Sh? + ShZ — 2Sh;Shy,p?)] (10)

~N |-

where T is the number of periodic returns within the observation period whereas p;,, is the

correlation of the portfolio returns:

Pin = ~n (11)

Patari (2021) shows that the same test design is also valid for testing the significance of the
difference between the skewness- and kurtosis-adjusted Sharpe ratios of two portfolios if the
ordinary Sharpe ratios in the above-described formulas are replaced with their skewness-

and kurtosis adjusted counterparts.
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4. EMPIRICAL ANALYSIS AND RESULTS

4.1 The overall performance of factors during the observation period

In Europe, stock portfolios that have been diversified by following multifactor strategies
have not failed in delivering adequate returns as opposed to the findings by Blitz (2021)
indicating that the multifactor strategies have yielded inferior returns without an implicit
exposure to the largest stocks in the developed countries during 2018 to 2020. However, the
results of this thesis are consistent with the findings of (Blitz, 2021) that without exposure
to the momentum factor, the multifactor strategy has confronted an entire lost decade. Figure
4 displays the cumulative performance of the equally-weighted factor portfolios in Europe
during the sample period. All factors include besides the Fama-French 5-factors momentum
and volatility factors. Figure 4 shows that adding exposure to the low-volatility factor has
impaired the realized returns of the portfolio and the best performing mix of factors for a
multifactor investor has been the Fama-French 5-factor portfolio with momentum factor.
The findings of the inferior performance of the low-volatility factor contradict the early
findings by Blitz and van Vliet (2007) as the authors discovered that the low-volatility factor

strategy has yielded at least similar or even better returns in comparison to the high-volatility

stocks.
All factors
35% = e = Fama-French 5-Factors supplemented by Momentum
P I VIR ~
------ Fama-French 5-Factors - X g

(PP L T A

25%

15%

Figure 4 Cumulative returns of equally-weighted factors during the observation period
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The breakdown of cumulative factors performance is displayed in Figure 5. A breakdown of
factors performance concludes that the 2010-decade until the end of 2021 has been a lost
decade for value, conservative investment, and low-volatility factors while the momentum
factor has, by far, yielded the most superior returns during the observation period. On top of
the momentum factor, small and high profitability firms have been able to generate positive
returns, albeit the total returns have been inferior compared to the returns of the market
portfolio. The results are coherent with the early detection of the size effect as noted by Fama
and French (1993) that there looms a significant risk premium among small-cap stocks which
is still clearly apparent in today‘s European stock markets. Moreover, as indicated by Heston
et al. (1999), and van Dijk (2011) that the size premium has been a prevalent phenomenon
in 12 European countries from 1980 to 1995, having also been vastly consistent across
different countries. The same conclusion is supported by the findings of this thesis. While
Blitz (2021) remarks that the quant crisis is largely due to a severe underperformance of the
value factor, consistent with the previous findings of the potential death of the value factor
(see e.g., Arnott et al., 2021; Blitz and Hanauer, 2021; Israel et al., 2021), the important
difference between his findings and the findings of this thesis is that during the quant crisis
there was no other remedy for the incurred losses of the value factor than an implicit
exposure to the largest growth firms. By contrast, the findings of this thesis suggest that
small-cap stocks in Europe have yielded superior returns in many factor-investing strategy
segments. In addition to superior yields from small-cap stocks, exposure to e.g., high
profitability or aggressive investment stocks have, if not entirely, at least to a large extent
offset the severe losses of the value factor as opposed to the results indicated by Blitz (2021).
Furthermore, as pointed out by Kalesnik and Linnainmaa (2018) that the value premium has
been extensively persistent in the US from 1963 to 2017, especially among the small-cap
stocks, the value premium among small-caps in Europe, however, has dissipated during the
2010-decade in the midst of heavy quantitative easing environment created by the ECB. Yet,
the second observation made by Kalesnik and Linnainmaa (2018) stating that one decade
within a 55-years investment horizon is typically the underperformance time for value factor

is well-matched with the findings of this thesis.

During the quant crisis, the significant finding was that even the superior returns of the
momentum factor were not enough to compensate the losses of the value factor whereas the
previous meltdowns of the value factor have been marked as an extraordinary rally of the

momentum factor which has completely offset all the negative impacts resulting from the
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underperformance of value factor as noted by Blitz (2021). The results suggested by this
thesis are in unison with the previous findings of the meltdowns of the value factor and
contradict to the largest extent with the findings of the quant crisis as the momentum factor
in small- and large-cap segments offset completely the losses of the value factor in small-
and large-cap portfolios. Hence, the 2010-decade in Europe cannot be characterized as a
quant crisis albeit some factors have flipped their sign into negative due to their dire
underperformance. However, the performance of underperforming factors has not been as
severe as during the quant crisis when even the best-performing factors were not able to offer
remedy for the underperforming factors. Moreover, during the quant crisis, a strict long-only
factor-investing strategy that succeeded to beat the market portfolio in absolute terms was
the largest stocks whereas the small- and medium-sized stocks underperformed the market
portfolio across the board. The superior performance of the largest stocks and the severe
underperformance of the small- and medium-sized stocks contradicts the findings of this
thesis as the small-sized stocks succeeded to beat the market portfolio in absolute terms in
several factor-investing segments simultaneously while the largest stocks were also able to
yield higher returns than the market portfolio in multiple factor-investing segments albeit

the returns were smaller than returns generated by small stocks in nearly all segments.
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Figure 5 Cumulative factor performance during the observation period

The correlation between the factors and the statistical significance of the correlation
coefficients are described in Table 3. The first notable observation is that the size factor is
not effectively correlating with the best-performing factors e.g., high-profitability and high

momentum factors. Hence, it is not possible to decompose the size factor into profitability
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and momentum effects since there is no indication of co-movement of the returns between
the size and profitability/momentum factors. Yet, there is a modest and significant positive
correlation between profitability and momentum factors manifesting the fact that when the
momentum stocks are booming, also the firms with high profitability margins are performing
well. Moreover, the profitability and momentum factors are correlating negatively with value
and investment factors. Thus, the negative linear relationship between those factors is, at
least, one indication of the fact that during months when profitable firms with high
momentum features were performing well, the stocks with high value and conservative
investment attributes tend to move in the opposite direction. This finding is consistent with
the findings by Novy-Marx (2013) as he noted that ultimately the profitability factor is the
other side of the value factor due to the strong negative correlation. Hence, the growth firms
generally have stronger profitability margins than the value firms as they are often the ones

in distress pushing their operating profitability down.

Table 3 Correlation coefficients between the monthly returns of factors

Factors Market Size Value Profitability Investment Momentum
Size -0.03
Value 0.36* 0.03
Profitability -0.19** -0.08 -0.79*
Investment 0.00 -0.16*** 0.65* -0.51*
Momentum -0.40* -0.02 -0.62* 0.47* -0.20**
Volatility -0.63* -0.24* -0.49* 0.48* -0.03 0.43*

Significant correlation at the 1%, 5% and 10% significance levels are indicated as (*),(**),(***) respectively

4.2 In-depth performance analysis of the factor portfolios

Tables 4 and 5 indicate the performance results of the 72-factor portfolios with 1- and 3-year
holding periods. The table 5 reveals whether the performance of factor-investing can be
enhanced with longer holdings periods or whether it is the opposite that the factor
performance tends to dissipate when factor portfolios are adjusted less frequently to reflect
the newest information. The best performing factor portfolio after reduction of trading cost
during the observation period has been the small high momentum portfolio that is re-formed
annually yielding an annualized net return of 12.06%. Small high momentum portfolio is
followed by small growth and large high momentum portfolios that are also re-formed
annually with annualized total net returns of 10.87 % and 10.72%, respectively.
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Value Profitability
Small Small Small Large Large Large Small Small Small Large Large Large Market
Growth BM2 Value Growth BM2 Value Weak OP2 Robust Weak OP2 Robust
Performance statistics for annually re-formed factor portfolios
NR (%) 10.9 71 42 9.2 6.1 25 40 75 9.9 48 538 7.6 6.1
o (%) 141 167 18.8 107 131 172 187 16.6 146 18.4 131 109 124
SKE‘(}/S 15.0 207 25.0 112 14.0 20.2 21.0 217 166 233 139 115 143
SR 0.83%* 052 033 0.90%* 0.54 0.24* 0.33 0.54 0.74 037 0.52 0.74 057
p"’a(';/f; ®.1) (73.3) 4.7) (31 (77.9) (0.8) (12.9) (86.9) (1.2) (12.4) (56.7) 7.2) )
SKASR  0.78%%* 0.42 0.25 0.86%* 051 0.21%* 0.29 0.42 0.65 0.29 0.49 071 05
p"’a(';/f; (6.3) (56.7) (12.0) (2.0) (93.7) @ (18.5) (56.8) (27.9) (10.5) 67.7) (11.0) )
IR 0.70 013 -0.19 051 0.00 -0.49 021 0.17 057 -0.15 -0.10 0.28 )
SKAIR 0.69 011 -0.16 0.52 0.00 -0.45 -0.20 0.15 052 013 -0.10 0.29 )
”a“"(g; 0.26%* 0.03 -0.04 0.21%* 0.03 0.11 0.05 0.00 0.17 -0.02 0.03 0.15 1)
p"’a(';/f; (2.8) (82.3) (79.1) @7 (74.8) (38.6) (77.8) (99.8) (13.4) (89.5) (73.8) (13.1) )
B 098 1.00* 0.98* 0.90* 1.02* 0.89* 1.00% 1.03* 0.96* 0.95* 0.99* 0.89% )
p"’a(';s (0.0) (0.0) (0.0) (0.0) (0.0) (0.0) 0.0) 0.0) (0.0) 0.0) (0.0) (0.0) )
;:‘)"p'z 0.72% 0.90% 0.88* 0220 0d2¢ 020 0.70% 0.94* 0.80* 0.3 -0.16* -0.28* 0
p"’a('ojs (0.0) (0.0) (0.0) ©0.1) @7 (0.0) (0.0) (0.0) (0.0) (16.2) ©7) (0.0) )
:2/3; -0.45% 0.08 0.25%%  .031%  -016% 0.47% 021 0.11 015 0.23%%* 0.02 0.25% O
p"’a(';/f; (0.0) (43.6) (6.5) 0.0) (45) (0.0) (10.7) (32.2) (12.3) 61 (76.0) 0.2) )
F;:\(’)';’Z -0.43* 0.16 0.10 0.05 0,07 0.53% -0.57% 0.18 0.02 0,320 0.15 0,06 O
p'Vf"(Ljo‘; (0.0) (20.1) (55.9) (63.2) (51.4) (0.0) ©01) (19.8) (65.7) 52 (13.1) (55.1) ®)
SI'(‘)"p’: -0.12 0.04 0.20 0.05 0.18%%+ 0.20 0.12 0.01 -0.02 0.22 0.20%* -0.02 ©
p"’a('o‘/‘; (32.5) (73.4) (25.8) (62.2) (8.6) (12.0) (47.4) (93.7) (84.7) (20.0) (4.8) (85.4) )
V5V|:\)/I|JI; .0.02 L0114 -0.10 -0.01 -0.02 -0.03 .0.10 .0.08 -0.06 0.05 -0.04 0.02 O
p"’a(';/’o‘j (73.6) @1 (10.1) (70.5) (58.8) (58.8) (12.4) (15.0) (16.6) (41.9) (26.3) (53.5) o)
S\I’;'; -0.12% -0.21% -0.31% 0.14% 0.00 ~0.41% -0.40% .0.15% -0.15% .0.53% 0.01 0.09%* O
p"’a(';/’; ©7) (0.0) (0.0) (0.0) (93.3) (0.0) 0.0) 05) ©0.1) 0.0) (70.5) 22 1)
Adj(;;f; 90.9 92.7 89.6 87.6 922 93.0 89.8 90.6 915 89.8 92.4 88.6 ©
Maxdraw g ¢ 295 353 14.4 -18.2 29.3 311 -30.4 241 -34.0 -19.0 138 -19.6

down (%)
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Investment Momentum
Small Small Small Large Large Large Small Small Small Large Large L_arge Market
Cons. INV2 Agg. Cons. INV2 Agg. Losers MOM2 Winners Losers MOM2 Winners
Performance statistics for annually re-formed factor portfolios
NR (%) 6.4 8.2 75 46 6.1 7.4 0.9 7.9 121 33 47 107 6.1
o (%) 171 153 16.4 12,0 141 137 19.1 15.0 16.4 16.6 130 152 124
SK&?) 21.0 19.4 185 13.0 16.1 148 21.0 18.8 191 195 14.9 162 143
SR 0.49 0.63 0.56 0.48 0.53 0.64 0.18%* 0.62 0.82 0.32%% 0.46 0.79 0.57
p"’a(';/i‘; (58.6) (63.7) (97.2) (52.9) (68.7) (55.5) 2.1 (67.1) (10.9) 0.1 (24.8) (23.4) 1)
SKASR 0.40 0.50 0.50 0.4 0.46 0.59 0.16%* 0.50 0.70 0.27 0.40 0.74 05
p"’a(';/f; (41.3) (99.5) (99.0) (68.1) (70.5) (46.0) “5) (98.8) (20.1) (12.0) (28.5) (19.0) )
IR 0.03 0.31 0.16 -0.29 -0.01 0.25 -0.47 0.27 071 -0.34 -0.42 053 1)
SKAIR 0.03 0.27 015 -0.29 -0.01 0.24 0.37 0.24 0.67 0.27 -0.40 051 1)
7*““}55 0.02 011 0.08 0.02 0.10 0.07 -0.10 0.06 0.23 0.05 -0.11 0.27 ¢
p"’a('ozg (88.9) (32.6) (53.2) (86.8) (33.3) (58.3) (53.6) (61.3) (14.4) (78.1) (28.6) 17.2) 1)
B 105 0.94% 1.03* 0.96* 0.94* 0.91* 0.89* 0.99% 1.00* 1.00% 1.00% 0.84* )
Dva('%f ©.0) (©0.0) ©0.0) (0.0) (0.0) ©0.0) (0.0) (0.0) ©.0 (©.0) (0.0) (©.0) €]
ssl'g”p'z 0.88* 0.80% 0.88* -0.28* -0.15%* -0.25% 0.89* 0.80* 0.85% 0.12 -0.23* 0.47 ©
p"’a(';/g (0.0) (0.0) (0.0) (0.0) (1.9) 0.2) (0.0) (0.0) (0.0) (22.6) (0.0) (0.0) )
:g:')'; 0,05 013 -0.32% 011 .0.08 0.04 0.20 0.02 037* 0.38* 0.06 0.45% O
p"’a(';:; (65.1) (15.3) 03) (27.6) (33.5) (74.8) (11.0) (84.2) (0.4) 06) (47.3) (0.6) )
F;:\(’)';’Z -0.08 0210 -037* 017 0.30% 015 0.34%* -0.03 -0.34%% 0.78* 0.01 0.03 8}
p"’i';; (59.7) (7.6) (0.5) (15.0) 05) (28.5) (3.0) (82.1) (3.1 (0.0) (93.1) (86.2) )
gg"p’: 0.37%* -0.08 -0.17 0.38* 0.35* -0.44* 011 -0.09 0.07 0.40%* 011 017 ©
p"’a('o‘/fs (1.4) (50.0) (20.4) (0.3) (0.2) 0.2) (51.2) (49.3) (64.7) (27) (31.2) (40.5) )
VSVI'(‘)’F']'; 003 -0.08%  010% 0.06 0,10~ 0.02 041 0.03 0.13% 037 0.06 0.22% 0
p"’a(';/’; (62.4) (7.0) (3.6) (18.4) 18 (75.1) 0.0) (53.0) (33) 0.0) (15.2) (05) o)
S‘I’;'; -0.24% -0.16% 0.21% 0.12%* -0.21% -0.12%* 035 -0.09%%* 023 0.02 0.03 -0.50% ©
p"’a(';/’:)" (0.0) (0.0) (0.0) L2 (0.0) (1.9) (0.0) (7.5) (0.0) (76.2) (476) (0.0) O
Adj(;,z; 9.7 925 91.8 86.6 92.6 86.8 911 90.7 88.0 85.9 917 775 ©
Max draw 305 27.8 26.9 17.0 238 21.0 30.3 27.0 28.2 27.4 20.4 227 196

down (%)
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Volatility Beta
Small Small Small Large Large Layge Small Small Small Large Large Lafge Market
Low VoL2 High Low VOL2 High Low BETA2 High Low BETA2 High
Performance statistics for annually re-formed factor portfolios
NR (%) 7.0 9.4 5.3 6.9 6.3 5.2 8.0 8.2 6.8 6.6 6.1 6.0 6.1
o (%) 117 17.0 216 10.8 14.4 19.7 10.4 15.0 212 10.4 132 20.2 124
SK&?) 16.1 204 228 115 16.1 217 133 19.3 231 11.0 143 216 143
SR 0.67 0.64 0.36 0.69 052 0.37 0.84 0.64 0.44 0.70 0.55 0.41 057
p"’a(';/i‘; (50.0) (61.0) (19.6) 41.7) (60.1) (18.6) (12.2) (60.7) (35.6) (43.4) (85.0) (24.2) 1)
SKASR 0.49 0.53 0.34 0.65 0.46 0.34 0.66 0.50 0.40 0.67 051 0.38 05
p"’a(';/f; (93.6) (81.7) (32.1) (32.4) (68.0) (27.0) (36.9) (98.6) (48.2) (34.1) (91.3) (37.4) )
IR 0.5 0.41 -0.07 013 0.04 -0.09 0.27 031 0.06 0.07 0.00 -0.01 1)
SKAIR 0.13 0.37 -0.06 013 0.04 -0.09 0.24 0.27 0.05 0.07 0.00 -0.01 1)
74““&“)’ 0.00 0.17 0.01 0.10 0.03 0.09 0.17 0.07 0.07 0.03 0.14 0.11 )
F""a('oj; (99.6) (18.5) (95.7) (28.1) (78.9) (49.6) (14.6) (50.4) (62.0) (74.5) (13.0) (47.0) )
B 084* 1.11% 1.03* 0.98% 0.98% 0.79% 0.76% 1.02% 113+ 0.95% 0.93% 0.92% 1)
P-Va(';/ie) 0.0) (0.0) (0.0) (0.0) (0.0) (0.0) (0.0) (0.0) (0.0) (0.0) (0.0) (0.0) ©
SSI'(‘)"p'z 0.78% 0.96% 0.76% -0.22% -0.20% -0.20%* 0.71* 0.95% 0.85% -0.16%* 0.31% -0.24%+ )
p-va(%‘ (0.0) (0.0) (0.0) (0.0) ©0.3) @y (0.0) (0.0) (0.0) 2 (0.0) (2 O
:'I'(;’r'"; 0.09 011 017 013 004 015 0.16% 0.00 0,01 ~0.20%* 0,02 0.19 O
p"’a(';; (28.7) (28.0) (18.6) (7.2) (68.5) (16.6) (9.5) (96.9) (95.7) (2.0) (81.0) (14.2) )
F;:\;"‘J'\e’ 011 0,08 -0.10 0.06 0.09 0.26%* -0.34% 0.07 013 0,01 0.05 0.35%* O
p"’a(';/f; (29.2) (55.2) (52.2) (53.0) (42.1) “3) 0.4) (54.5) (36.5) (90.4) (60.9) (2.8) )
gl'(‘)"p’: -0.09 0.08 013 0.19%* 0.09 -0.05 0.12 0.06 0.10 015 011 -0.01 )
p"’a(';/‘o‘; (42.6) (53.9) (41.3) (3.9) (44.9) (70.6) (33.9) (58.8) (49.5) (17.8) (25.4) (97.5) )
‘gg"p'; -0.03 0A1%*  011%%* -0.05 0.02 0.03 0.03 0.08%**  -0.18* 0.01 -0.04 -0.01 )
p"’a(';/f)" (43.0) (3.0) (75) 17.2) (65.8) (52.7) (47.5) (5.9) (0.1) (87.8) (24.0) (90.8) )
S\I’gj'; 0.08%*  -0.15* -0.70% 0.34% -0.20% 087%  0.08%** .0.05 -0.51% 0.33% 0097 074 O
p"’a(';/’o‘; (5.8) 02) (0.0) 0.0) 0.0) (0.0) 0.1) (28.8) (0.0) 0.0) 12) 0.0) )
Adj(;;;; 89.3 92.6 93.0 911 92.0 94.3 833 92.6 93.9 86.2 93.3 91.7 )
Maxdraw 5 29.2 -34.3 141 23.8 28.7 -19.6 27.7 -33.8 13.7 -18.7 29.3 -19.6
down (%)

The table of the performance statistics describes the performance of factor portfolios over the full sample period from May 2010 to December 2021. NR (%) is the
annualized geometric average return net of transaction costs followed by volatility o (%) and SKAD (%) which are used to calculate the Sharpe ratio (SR) and
SKASR. P-value below the SR and SKASR ratios is an indication of the statistical significance of out/underperformance against the market portfolio. IR is the
classical information ratio whereas SKAIR is the same metric with skewness and kurtosis adjusted tracking error. 7-factor a (%) is an indication of an abnormal rate
of return (p.a) which statistical significance is indicated below. The slope of B is a measurement of the factor portfolio's systematic risk whereas SMB, HML, RMW,
CMA, WML, and VOL represent the slope of the corresponding factor. P-value below each factor slope indicates the statistical significance of the slope whereas
the Adj.R2 is the adjusted R-squared of the multiple linear regression. The last row is the maximum drawdown for factor portfolios during the full sample period.
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Only the fourth-best performing portfolio is re-formed with a 3-years frequency, i.e., the
small high momentum portfolio with an annualized net return of 10.65% as documented in
Table 5. The notable observation of the superior performance of small-cap stocks is that
within a 1-year holding period, only 2 out of 10 best performing portfolios have been large-
cap portfolios while in the 3-year holding period category, only 1 out of 10 best-performing
portfolios have been large-cap portfolios. Hence, the superior performance of the factor
portfolios has been heavily concentrated on the small-cap stocks although positive market-
relative returns have also been achievable by investing in large-cap factor portfolios.
Moreover, the superior large-cap performance is heavily concentrated on the growth and
high momentum factor portfolios. The findings are consistent with the early detection of
momentum anomaly as discovered by Jegadeesh and Titman (1993) who found that
momentum anomaly has been a persistent phenomenon, especially with a 1-year holding
period from 1965 to 1989. However, their momentum portfolios were based on the 6-month
momentum anomaly while the 12-month momentum anomaly is applied in this study.
Therefore, the momentum anomaly might have performed differently if the momentum
horizon had been converted from 12-month to 6-month. Moreover, Jegadeesh and Titman
(1993) noted that the momentum anomaly is a decreasing function of time as the anomaly
tends to dissipate with longer holding periods. The same pattern holds in today’s European
stock market as the returns of the winner momentum portfolios begin to melt with a 3-year
holding period. Furthermore, as noted by Fama and French (2012) that the momentum
anomaly is more tilted towards small-caps, the conclusion is compatible with the findings of
this thesis as the momentum anomaly has been more visible in small-cap portfolios during
the 2010-decade in Europe. Finally, the superior performance of high momentum portfolios
during the observation period is in line with the findings of Stivers and Sun (2010) as the
momentum anomaly tends to outperform in times of booming economy. Although few rather
short crises have occurred in Europe during the 2010-decade, the decade can still be
characterized as an era of growing economy supported by stable corporate earnings that were
reflected by record-high stock indices in the midst of dovish monetary policy decision

throughout the sample period.



Table 5 Performance statistics of factor portfolios updated at 3-year frequency
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Value Profitability
Small Small Small Large Large Large Small Small Small Large Large Large Market
Growth BM2 Value Growth BM2 Value Weak OP2 Robust Weak OP2 Robust
Performance statistics for factor portfolios updated at 3-year frequency
NR (%) 96 7.2 6.1 8.6 47 38 52 75 96 52 5.4 6.8 6.1
o (%) 136 16.9 187 10.4 137 173 18.1 16.7 145 19.0 131 111 124
SKE‘(}/S 147 207 25.1 10.9 145 20.2 20.4 216 167 235 138 116 143
SR 0.77 052 043 0.86%* 0.42 0.32%% 0.39 0.54 0.72 0.38 0.49 0.67 057
p"’a(';/’:; (15.4) (73.4) (40.1) 6.2) (10.2) (5.4) (27.4) (84.7) (25.2) (16.5) (35.1) (43.0) )
SKASR 071 0.42 032 0.83** 0.40 0.27%% 0.35 0.42 0.63 031 0.46 0.64 05
p"’a(';/’:; (13.0) (58.4) (26.5) (3.9 (26.1) .7 (34.3) (54.5) (33.9) (15.2) (66.9) (29.3) )
IR 055 013 0.00 0.39 -0.38 -0.30 -0.09 0.18 053 -0.10 -0.23 0.13 )
SKAIR 055 011 0.00 0.40 037 -0.26 -0.09 0.15 048 -0.09 0.22 0.13 )
”a“"(g; 0.8 0.05 013 0.18%** 0.00 0.05 0.12 0.02 0.20%%% 0.14 0.03 013 1)
p"’a(';/’:; (12.2) (69.2) (42.1) (6.9 (96.2) (70.5) (37.6) (90.7) .7 (36.2) (76.5) (21.0) )
B 094* 0.99% 1.00% 0.92* 1.04* 0.86* 0.97* 1.05* 0.90* 0.89* 0.97* 0.95% )
p"’a(';s (0.0) (0.0) (0.0) (0.0) (0.0) (0.0) 0.0) 0.0) (0.0) 0.0) (0.0) (0.0) )
Zgﬂp'z 0.64 0.85% 0.92* 0.12%% 0.22* 0.27* 0.82% 0.86% 0.72% -0.10 0.22* -0.24* )
p"’a('ojs (0.0) (0.0) (0.0) (4.5) (0.0) ©0.1) (0.0) (0.0) (0.0) (25.4) (0.0) (0.0) )
:2/3; -0.33% 0.06 0.29%* 0.25%  -0.20%* 046%  -0.21%%* 0.15 -0.05 0.33%* 0.01 0.28* O
p"’a(';/’:; ©0.1) (53.4) (2.9 03) @ (0.0) 7.0 (19.3) (57.0) 10 (87.6) 0.1) )
F;:\(’)';’Z -0.30%* 017 018 0.10 0.21%% 0.64% -0.41% 0.20 0.10 0.35%* 0.15 0,08 O
p"’f"(';:; (1.0) (17.4) (26.4) (30.1) (4.4) (0.0) (0.4) (15.3) (38.0) (2.3) (10.3) (42.5) )
SI'(‘)"p’: -0.10 0.00 0.26 021%%  018%* 031 0.24%* -0.03 -0.03 0.13 0.26* 017 ©
p"’a('o‘/‘; (42.6) (98.3) (13.7) (4.5) (8.7) (2.4) (10.0) (84.1) (80.6) (40.2) (0.6) (10.9) )
V5V|:\)/I|JI; 0.00 013%  -0.16%* -0.05 005 -0.09%%  .013%  010%*  QQT** 006 -0.04 -0.06 O
p"’a(';/’o‘z (95.0) (0.9) (L.0) (19.4) (19.4) (7.3) an (6.0) (9.5) (32.8) (30.3) (10.2) o)
S\I’;'; -0.13* -0.25% -0.24* 0.24* -0.03 -0.42% -0.39* 0.12%* -0.20% -0.58* -0.03 0.19* o)
p"’a(';/’; 0.3) (0.0) (0.0) (0.0) (44.8) (0.0) 0.0) (25) (0.0) 0.0) (42.4) (0.0) 1)
Adj(;;f; 905 925 89.8 87.4 92.6 923 922 90.7 915 914 93.6 88.6 ©
Maxdraw ;o -41.9 49.7 143 215 32,9 37.2 44.2 277 -36.2 205 132 -19.6

down (%)
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Investment Momentum
Small Small Small Large Large Large Small Small Small Large Large Large Market
Cons. INV2 Agg. Cons. INV2 Agg. Losers MOM2 Winners Losers MOM2 Winners
Performance statistics for factor portfolios updated at 3-year frequency
NR (%) 7.6 7.9 6.9 51 6.0 4.8 5.6 5.8 10.7 1.9 6.1 7.3 6.1
o (%) 18.0 15.4 15.9 12.1 14.4 13.2 18.1 149 16.9 16.5 12.9 14.6 12.4
SKAD
%) 215 19.3 17.7 13.2 16.1 14.2 214 18.4 19.8 19.5 14.2 16.0 143
SR 0.53 0.61 0.54 0.53 0.52 0.47 0.43 0.50 0.73 0.24** 0.57 0.60 0.57
p-value
) (82.8) (73.5) (85.3) (75.0) (59.1) (39.4) (38.3) (62.6) (26.1) (2.1) (97.8) (81.9) ©)
SKASR 0.45 0.49 0.48 0.48 0.46 0.44 0.36 0.40 0.62 0.20** 0.52 0.55 0.5
p-value
) (73.0) (91.8) (91.0) (88.9) (69.7) (58.7) (38.8) (49.2) (40.1) (35) (86.3) (75.0) )
IR 0.15 0.27 0.10 -0.19 -0.02 -0.29 -0.06 -0.05 0.55 -0.53 0.00 0.16 )
SKAIR 0.14 0.23 0.09 -0.20 -0.02 -0.27 -0.05 -0.04 0.52 -0.48 0.00 0.16 )
7*““}55 0.15 0.15 0.02 0.04 0.15 0.00 0.09 0.00 0.23 -0.16 013 0.15 1)
p-value
%) (36.5) (19.4) (87.4) (69.5) (16.1) (97.1) (61.9) (99.4) (11.3) (35.1) (25.7) (41.4) )
B 1.00* 0.95* 1.01* 0.92* 0.94* 1.00* 1.03* 0.89* 1.05* 0.97* 0.97* 0.87* )
p-value
%) (0.0 (0.0 (0.0) (0.0 (0.0 (0.0) (0.0) (0.0) (0.0) (0.0) (0.0) (0.0) )
SMB x x * * - * " * - *
slope 0.86 0.73 0.83 -0.43 -0.12 -0.08 0.94 0.78 0.73 -0.03 -0.13 -0.36 )
p-value
) (0.0) (0.0) (0.0) (0.0) (6.1) (29.9) (0.0) (0.0) (0.0) (75.9) (5.4) (0.1) )
HML Kok * T
slope 0.11 0.09 -0.23 -0.14 0.05 -0.08 0.13 0.07 -0.17 0.45 -0.07 -0.39 )
p-value
) (41.3) (33.6) (2.6) (13.5) (55.8) (43.1) (38.7) (51.3) (15.6) 0.2) (44.4) (1.2) )
RMW *k ke *
slope 0.01 0.15 -0.12 -0.05 0.20 0.11 0.10 0.21 -0.20 0.85 0.09 -0.18 )
p-value
%) (95.6) (21.6) (34.4) (65.3) (6.6) (38.7) (57.9) (10.6) (17.4) (0.0) (44.8) (32.9) )
CMA - *x *
slope 0.12 -0.04 0.02 0.23 0.18 0.22 0.12 0.09 -0.15 0.40 0.34 0.01 )
p-value
) (48.0) (77.7) (89.9) (5.5) (10.9) (10.5) (51.0) (50.0) (33.2) (2.8) (0.6) (93.9) )
WML 3 Bl *k Bt % hk )%
slope -0.05 -0.13 -0.10 0.04 -0.11 -0.10 -0.24 -0.12 0.02 -0.20 -0.07 0.09 )
p-value
%) (43.2) (0.6) (4.1) (31.8) 1.2) (5.4) (0.1) (1.9) (67.3) (0.3) (10.2) (23.8) )
voL " . . " - . . "
slope -0.30 -0.15 -0.21 0.01 -0.17 0.05 -0.15 -0.17 -0.27 -0.10 0.03 -0.34 -)
p-value
) (0.0) (0.2) (0.0) (83.2) (0.0) (32.0) (3.0) (0.0) (0.0) (13.7) (56.2) (0.0) )
Adj.R?
%) 88.5 92.1 91.4 88.0 92.4 86.9 86.9 90.1 90.3 85.1 89.2 78.0 -)
Maxdraw 4 5 -37.0 -315 17.6 251 211 438 -38.1 -30.3 -33.1 -23.0 258 -19.6

down (%)
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Volatility Beta
Small Small Small Large Large Layge Small Small Small Large Large Lafge Market
Low VoL2 High Low VOL2 High Low BETA2 High Low BETA2 High
Performance statistics for factor portfolios updated at 3-year frequency
NR (%) 8.2 9.2 42 6.1 6.3 4.0 6.9 8.9 6.5 5.9 57 46 6.1
o (%) 12.0 17.1 211 11.0 146 19.3 10.7 15.1 20.7 10.7 133 195 124
SK&?) 16.2 206 224 1.2 16.2 21.0 13.2 19.3 236 1.1 146 21.0 143
SR 0.74 0.62 0.32 0.62 051 0.32%%% 0.72 0.68 0.43 0.63 052 0.35%%% 057
p"’a(';/i‘; (25.2) (66.2) (11.8) (733) (51.8) (8.4) (36.5) (438) (33.2) (71.6) (61.1) ©.8) Q)
SKASR 055 052 0.30 0.60 0.46 0.29 0.58 053 0.38 0.61 047 0.32 05
p"’a(';/f; (73.9) (89.3) (20.6) (49.8) (66.2) (14.8) (61.7) (83.0) (38.6) (50.7) (77.9) (17.8) )
IR 0.33 0.39 -0.16 0.00 0.04 0.21 011 0.40 0.04 -0.04 -0.10 -0.16 1)
SKAIR 0.27 0.35 0.14 0.00 0.03 0.21 0.10 0.34 0.03 -0.04 -0.09 -0.15 1)
74““&“)’ 0.16 0.12 0.03 0.14 0.07 -0.05 0.19 0.14 0.02 011 0.14 -0.06 1)
p"’a('oj; (15.6) (34.1) (86.7) (16.8) (52.6) (73.8) (12.8) (23.6) (90.5) (34.9) (13.6) (72.9) )
B 083* 107 1.02* 0.96% 1.01% 0.80% 0.74% 0.99% 111% 0.95% 0.92% 0.94% 1)
P-Va(';/ie) 0.0) (0.0) (0.0) (0.0) (0.0) (0.0) (0.0) (0.0) (0.0) (0.0) (0.0) (0.0) ©
SSI'(‘)"p'z 0.80% 0.84% 0.76% -0.23* 019%  -017*%* 0.66* 0.91* 0.77% 0.17%* 0.37* -0.15 )
p"’a(';s (0.0) (0.0) (0.0) (0.0) 0.3) (5.5) (0.0) (0.0) (0.0) 12) (0.0) (13.0) )
:'I'(;’r'"; 013 -0.06 -0.08 0.17%% 0.00 015 -0.12 0.10 -0.03 -0.22%% -0.11 0.25%%% )
p"’a(';; (15.2) (55.3) (55.2) (3.5) (99.8) (20.2) (22.1) (29.1) (76.5) (1.9) (15.8) (5.3) )
F;:\;"‘J'\e’ 0.16 0.04 011 0,02 0.08 0.43% 0300 023wk 0.06 013 0.13 0.40%* O
p"’f"(';/‘:; (14.2) (75.9) (52.0) (84.5) (45.9) (0.4) w7 (5.9 (67.0) (25.9) (17.6) (15) ©
gl'(‘)"p’: -0.07 0.00 0.26 0.33* 015 0.00 0.00 0.04 0.04 0.25%* 0.34% -0.08 )
P"’f"(';/f; (53.0) (97.6) (16.2) 02 (17.3) @7.7) (99.6) (73.4) (79.2) (4.0) (0.1) (64.3) @)
‘gg"p'; -0.11%+ -0.07 0A7F  0.10%* -0.01 -0.01 -0.04 0.41%%  0.11%* -0.07 -0,07%%* 0.01 )
p"’a(';/f)" (1.2) (16.4) (1.3) (1.0) (83.8) (92.8) (36.9) (1.5) (3.6) (13.1) (6.1) (87.8) )
S\I’gj'; 0.09%* -0.24% -0.58* 0.32% -0.16* -0.82% 0.05 .0.05 -0.53* 0.33% -0.15% ~0.65% O
p-va(lg/is “.0) 0.0) (0.0) (0.0) (0.0) (0.0 (26.3) (28.6) 0.0) (0.0) (0.0) (0.0) ©)
Adj(;;;; 88.6 92.8 90.9 88.6 92.9 923 817 916 94.2 84.9 93.2 90.9 )
Max draw -26.5 -38.2 -47.1 153 234 -31.0 24.9 337 452 142 221 327 -19.6
down (%)

The table of the performance statistics describes the performance of factor portfolios over the full sample period from May 2010 to December 2021. NR (%) is the
annualized geometric average return net of transaction costs followed by volatility o (%) and SKAD (%) which are used to calculate the Sharpe ratio (SR) and
SKASR. P-value below the SR and SKASR ratios is an indication of the statistical significance of out/underperformance against the market portfolio. IR is the
classical information ratio whereas SKAIR is the same metric with skewness and kurtosis adjusted tracking error. 7-factor a (%) is an indication of an abnormal rate
of return (p.a) which statistical significance is indicated below. The slope of B is a measurement of the factor portfolio's systematic risk whereas SMB, HML, RMW,
CMA, WML, and VOL represent the slope of the corresponding factor. P-value below each factor slope indicates the statistical significance of the slope whereas
the Adj.R2 is the adjusted R-squared of the multiple linear regression. The last row is the maximum drawdown for factor portfolios during the full sample period.
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The results are further fairly in line with the observations made by Stagnol et al. (2021) that
the value factor has historically been outperforming when the interest rates have been
climbing but as shown in the first section of this thesis that the ECB’s key policy rates have
developed to the opposite direction staying at all-time low levels. Hence, it is rather obvious
that also the growth stocks have outperformed the value stocks given that the extremely low

discount rates have increased the future cash flows of firms when discounted to the present.

The third best factor portfolio in 1-year holding period category is given to the large-cap
high momentum portfolio that is followed by small-cap high-profitability portfolio whereas
in the 3-year holding period category the third place is taken by small-cap high profitability
portfolio followed surprisingly by small-cap neutral volatility portfolio providing the fourth-
best annualized net return. Furthermore, the significant observation within 1-year holding
period segment, the aggressive investment factor portfolios both in the small- and large-cap
segments yielded almost similar annualized net returns as their net return difference was
only 0.06% in favour of small-caps. Abundant evidence in the financial literature has been
evidenced that the more aggressive the firms are investing, the lower the subsequent
expected stock returns as noted by Fairfield et al. (2003), Fama and French (2006), Titman
et al. (2004). However, based on the results of this thesis, it seems that during times of heavy
revitalization set by the ECB, the firms have stronger incentives to invest as the relative cost
of equity and debt becomes more affordable driving down firms’ weighted average cost of
capital. This conclusion is in line with the observation made by Lamont (2000) while Baker
et al. (2003) noted that firms’ investment plans are likely to be impeded by low valuation
levels when the relative cost of equity is at its highest but as the low-interest-rate
environment has pushed the firms’ discount rates to all-time low levels, the firms with the
highest growth figures and aggressive investments have outperformed the value and

conservative investment firms during the revitalized environment in Europe.

On the loser side, the most inferior performance of the factor portfolios with a 1-year holding
period has been a mix of value and low-momentum factors as the worst performance was
concentrated on the lowest momentum and highest book-to-market equity stocks with
annualized net returns of 0.95% and 2.51% p.a, respectively. With a 3-year holding period,
the value and loser stocks also suffered the largest losses relative to the market but also the

high-volatility and high-beta stocks were performing relatively poorly. These results are
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consistent with the abundant evidence suggested in the financial literature that betting
against high-volatility and high-beta stocks have yielded better returns in comparison to the
low-volatility and low-beta stocks as suggested by e.g., Asness et al. (2014), Baker et al.
(2011), Blitz and van Vliet (2007), Frazzini and Pedersen (2014). Moreover, the results are
consistent with earlier evidence suggested by the academia that the average stock returns of
the value factor have yielded poorly returns after the financial crisis (see e.g., Arnott et al.,
2021). Yet, the poor performance of value factor portfolios is likely to be explained by, at
least to some degree, miscalculation of the value factor as plenty of evidence has been
pointed out that the traditional way of comparing the book equity to market equity can be an
outdated way of reflecting the value premium as the balance sheet figures may not reflect
the true value behind the firms’ assets. The phenomenon is especially likely to occur among
technology firms as it can be difficult to precisely measure the value of firms’ intangibles,
such as patents, software, or customer loyalty as noted by Arnott et al. (2021), Blitz and
Hanauer (2021), and Stagnol et al. (2021).

4.3.1 Risk-adjusted performance analysis of the factor portfolios

Based on the risk-adjusted factor-portfolio performance measures introduced in Tables 4 and
5, the same factor-portfolios that performed best in terms of annualized net returns also
outperformed when different risk measures were taken into consideration. This finding
highlights the interesting fact that growth and momentum factors were not associated with
higher risk than were e.g., value or low-beta factor portfolios. The highest Sharpe ratios for
factor-portfolios re-formed annually are assigned to large growth, small low-beta, and small
growth factor portfolios, respectively. Surprisingly the small low-beta has found itself from
the podium although its annualized net return has only been modest underscoring extremely
low-volatility feature of the low-beta factor portfolio. Statistically significant Sharpe ratios
are only observed for the above-mentioned best-performing factor portfolios excluding
small-cap low beta and small/large-cap high momentum portfolios which displayed high but
statistically insignificant Sharpe ratios. In addition, small/large-cap low momentum and
large-cap value factor portfolios displayed extremely low and statistically significant Sharpe
ratios highlighting their underperformance against the market portfolio. However, should

the return distributions of the corresponding factor portfolios be adjusted to account impact
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of skewness- and kurtosis features of the return distribution of the factor portfolios, the
obtained results diverge in comparison to the ordinary Sharpe ratios results. The statistical
significance of the large-cap low momentum factor portfolio disappears while the other
factor portfolios’ with statistically significant ordinary Sharpe ratios displayed also
statistically significant SKASR ratios while all other factor-portfolios’ SKASR ratios remain
indistinguishable from that of the market portfolio. Furthermore, the order of the best-
performing factor-portfolios based on SKASR ratio is slightly different to that based on
ordinary Sharpe ratios. The small-cap low-beta portfolio falls from second place to seventh
place while small-cap growth takes the second position and large-cap high momentum
portfolio is transferred from fifth position to third place. Based on the information ratio, the
most superior performance is provided by small high momentum, small growth, and small
high-profitability factor portfolios, respectively. The order changes slightly if the tracking
error is adjusted for skewness- and kurtosis features of the tracking error time series as small-
cap growth takes the podium followed by small-cap high momentum and large-cap growth

factor portfolios.

For the 3-year holding period, the results deviate slightly from the 1-year holding period
risk-adjusted results as the highest Sharpe ratio is again generated by large-cap growth
portfolio, followed by small growth and small low-volatility factor portfolios. The high
Sharpe ratio of the small low-volatility portfolio is yet again explained by the fact that the
corresponding portfolio maintained its low-volatility characteristics during the holding
period. Statistically significant Sharpe ratios relative to the market portfolio for factor
portfolios with a 3-year holding period are only observable in the large-cap segment with
five large-cap factor portfolios displaying statistically significant Sharpe ratios. The order of
best performing portfolios within factor portfolios re-formed with 3-year frequency based
on SKASR ratios deviates to some degree in comparison to results indicated by ordinary
Sharpe ratios. The third place is taken by large-cap high-profitability portfolio instead of
small-cap low volatility portfolio whereas small-cap high momentum and small-cap high-
profitability portfolios switch their positions between 4th and 5th places. With regards to the
performance of 3-year holding period factor portfolios in terms of information ratio, the
order is similar to the results obtained from the performance of annually-updated factor
portfolios. The same applies to the results indicated by SKAIR metric with the exception

that the third place is replaced by small-cap high profitability portfolio.
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4.3.2 Abnormal returns and maximum drawdown statistics of factor portfolios

A positive alpha of factor portfolios with one year holding period can be detected in multiple
factor portfolios but only the small- and large-cap growth portfolios display alphas that are
distinguishable from zero highlighting the fact that the 7-factors applied in the regression
capture the major part of the explanatory power of the regression. Hence, the growth factor
has been the only factor-investing strategy that has generated abnormal returns over and
above the market portfolio during the sample period. The results shift when considering
factor-portfolios with 3-year re-forming frequency as the alpha of a small growth factor
portfolio is no longer statistically significant, whereas the positive alpha of a small high-
profitability factor portfolio becomes statistically significant underscoring the fact that firms
with high-profitability margins at the portfolio formation point managed to generate

abnormal returns during the sample period.

The performance of factor portfolios based on their maximum drawdown statistic provides
additional insights of the return behavior of the corresponding factor portfolios. The first
notable observation is that the maximum drawdown statistics are much larger for each of the
36-factor portfolios re-formed with a 3-year frequency in comparison to the portfolios re-
formed annually with one exception being the large-cap neutral volatility portfolio that
exhibited larger maximum drawdown than the corresponding portfolio updated with 3-year
frequency. The largest maximum drawdown statistics are observed for small value factor
portfolios both in 1- and 3-year holding period segments followed by small high-volatility
portfolios also in both holding categories. The third-largest maximum drawdown statistics
deviate between the 1- and 3-year holding periods as for the 1-year holding period the third-
largest maximum drawdown statistic is observed for the large low-profitability portfolio
whereas for the 3-year holding period, the third-largest maximum drawdown statistic is
documented for the small high-beta factor-portfolio. In summary, the poorest drawdown
statistics in both holding period segments are concentrated on factor portfolios constructed
on the basis of value, low-profitability, low-momentum, and high-volatility factors both for

1- and 3-year holding-period lengths.
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4.4 Results of the country specific factor portfolio performance

The country specific performance of factor portfolios formed on the basis of stocks listed
within the countries chosen to this study are depicted in Tables 6-9 below. Based on the
findings depicted in country specific tables, growth and momentum factor portfolios have
yet been the best performing factor portfolios in both portfolio-update frequency categories.
Within the portfolios re-formed annually, the top four portfolios are formed from stocks
listed in German stock exchange. Interesting finding from the top four factor portfolios re-
formed annually is that while the best performing factor portfolio is momentum, the second
and third best performing factors were aggressive investing and robust profitability followed
by the growth factor. All top four best performing factor portfolios are formed on the basis
of small-cap stocks. Both Sharpe ratios and SKASRs of the top four factor portfolios are at
the highest end among all factor portfolios, significantly at 5% level. In addition, all top four
factor portfolios generated significant 7-factor alpha at 5% level. Only the fifth best
performing factor portfolio re-formed annually is formed on the basis of large-cap growth
stocks from stocks listed in France. Once again, the fifth best performing factor portfolio
displayed high and significant Sharpe ratio as well as SKASR at the 5% level while also
displaying statistically significant 7-factor alpha at the 1% level.

The ranking within country-specific factor portfolios re-formed at 3-year frequency is more
dispersed between countries relative to the country specific factor portfolios re-formed
annually. The top four best performing factor portfolios are yet again formed on the basis of
small-cap stocks. The best performing factor is small-cap growth formed on the basis of
Swiss stocks displaying statistically significant high risk-adjusted ratios at the 1% level as
well as significant 7-factor alpha at the 5% level. The second-best performing factor
portfolio consist of German small-cap momentum stocks, displaying high significant risk-
adjusted ratios at the 5% level but insignificant 7-factor alpha. Captivating finding from the
best performing portfolios ranked between 3rd to 5th is that all are formed on the basis of
small-cap robust profitability factor except for the 5th ranked portfolio that is formed on the
basis of large-cap stocks while the country ranking between factor portfolios ranked between

3rd to 5th is Swiss, German and French, respectively.

The worst performing country specific factor portfolios are generally formed on the basis of

loser, weak profitability and high beta factors. Within the country specific factor portfolios
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re-formed annually, the top five worst performing factor portfolios are small-cap loser (UK),
large-cap weak profitability (UK), large-cap aggressive investment (UK), small-cap high
beta (UK) and large-cap value (UK), respectively. Furthermore, risk-adjusted performance
measures are extremely low for the corresponding factor portfolios and statistically
significant at least 10% level for most part of the corresponding factor portfolios. The rank
of the five worst performing factor portfolios re-formed at 3-year frequency is large-cap high
beta (UK), large-cap loser (Germany), small-cap weak profitability (Switzerland), large-cap
weak profitability (UK) and small-cap high beta (UK), respectively. Yet again, the risk-
adjusted performance measures are extremely low also for those factor portfolios re-formed
at 3-year frequency as well as statistically significant at least 10% level except for small-cap
high beta (UK) portfolio that displayed insignificant SKASR. The statistics of the factor
portfolio performance of the above-mentioned portfolios as well as the statistic of all the rest

country specific factor portfolios totalling to 288 portfolios are tabulated below.



Table 6 Performance statistics of annually re-formed UK factor portfolios
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Value Profitability
Small Small Small Large Large Large Small Small Small Large Large Large Market
Growth BM2 Value Growth BM2 Value Weak OP2 Robust Weak OP2 Robust
Performance statistics for annually re-formed factor portfolios
NR (%) 8.7 6.1 3.6 6.2 1.9 0.4 3.4 8.2 6.2 -1.4 5.4 4.1 6.1
SR 0.68 0.44 0.30 0.57 0.24 0.15%** 0.29 0.56 0.50 0.08** 0.49 0.38 0.57
p"’a(';/g (60.7) (52.4) (21.7) (98.0) (13.7) 7.7 (18.9) (95.8) (74.1) (4.2) (73.0) (42.0) )
SKASR 0.55 0.38 0.24 0.56 0.23 0.14 0.23 0.45 0.43 0.07** 0.45 0.37 0.5
p"’a(';/g (81.9) (51.8) (23.6) (81.5) (22.5) (11.9) (19.9) (79.2) (73.9) (7.1) (80.5) (57.1) )
7'““"&)‘; 0.01 0.00 -0.02 -0.08 -0.33 -0.10 0.11 0.09 -0.06 -0.14 -0.18 0.21 1)
p"’a('o‘/‘s 97.7) (98.5) (95.4) (73.3) (19.8) (77.4) (71.2) (70.8) (78.6) (72.2) (45.4) (41.8) )
Investment Momentum
Small Small Small Large Large Large Small Small Small Large Large Large Market
Cons. INV2 Agg. Cons. INV2 Agg. Losers MOM2 Winners Losers MOM2 Winners
Performance statistics for annually re-formed factor portfolios
NR (%) 9.8 7.0 26 52 2.7 -0.9 -15 6.2 13.7 0.4 1.7 7.6 6.1
SR 0.59 0.53 0.26 0.44 0.28 0.07** 0.07** 0.46 0.88 0.15%** 0.23*** 0.54 0.57
p-value (%) (89.9) (84.1) (16.0) (59.6) (17.0) 4.1) (2.2) (58.8) (18.0) (8.8) (6.9) (92.7) )
SKASR 0.42 0.41 0.24 0.40 0.28 0.06*** 0.07** 0.32 0.81 0.15 0.19%** 0.50 0.5
p-value (%) (71.5) (61.5) (22.9) (67.6) (29.5) (7.1) (4.8) (35.6) (17.6) (14.8) 9.7) (98.6) )
7'fa°“2£/:; 0.06 0.04 -0.16 -0.02 0.22 -0.58 -0.16 -0.10 0.34 0.03 -0.47 -0.01 %)
p-value (%) (82.7) (83.8) (49.2) (95.2) (42.1) (8.4) (61.0) (66.7) (19.3) (93.4) (5.2) 97.7) )
Volatility Beta
Small Small Small Large Large Large Small Small Small Large Large Large Market
Low VOoL2 High Low VvOL2 High Low BETA2 High Low BETA2 High
Performance statistics for annually re-formed factor portfolios
NR (%) 8.4 7.4 -0.5 5.7 0.4 2.3 6.7 7.4 4.6 21 5.0 5.6 6.1
SR 0.67 0.49 0.13*** 0.55 0.15%** 0.24 0.55 0.54 0.34 0.26 0.45 0.40 0.57
p-va(l;; (60.6) (68.4) (7.5) (94.8) (5.0) (22.6) (94.6) (89.8) (26.3) 17.2) (58.4) (44.9) &)
SKASR 0.53 0.38 0.12 0.54 0.13*** 0.24 0.43 0.44 0.29 0.23 0.46 0.41 0.5
p-va(l;; (87.6) (53.1) (12.0) (85.6) (8.2) (32.8) (75.3) (75.5) (29.5) (23.6) (86.2) (68.0) &)
7""““0(%‘)’ 0.06 0.06 -0.26 -0.08 0.23 -0.03 -0.02 -0.03 0.02 -0.42 0.04 0.18 %)
p"’a(';/’; (79.8) (79.7) (48.6) (72.2) (47.1) (94.5) (93.9) (91.0) (93.1) (10.0) (86.2) (59.0) 0

The table of the performance statistics describes the performance of factor portfolios over the full sample period from May 2010 to December 2021. NR (%) is the
annualized geometric average return net of transaction costs followed by Sharpe ratio (SR) and SKASR. P-value below the SR and SKASR ratios is an indication of
the statistical significance of out/underperformance against the market portfolio. 7-factor o (%) is an indication of an abnormal rate of return (p.a) which statistical

significance is indicated below.



Table 7 Performance statistics of UK factor portfolios re-formed at 3-year frequency
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Value Profitability
Small Small Small Large Large Large Small Small Small Large Large Large Market
Growth BM2 Value Growth BM2 Value Weak OP2 Robust Weak OP2 Robust
Performance statistics for factor portfolios updated at 3-year frequency
NR (%) 9.3 4.1 6.1 4.5 1.7 11 75 7.8 3.5 -15 5.8 2.6 6.1
SR 0.68 0.34 0.42 0.44 0.23 0.19 0.48 0.54 0.31 0.08** 0.51 0.29 0.57
p"’a(';/g (54.1) (242) (46.4) (639) (143) (10.0) (66.2) 87.2) (242) (4.0) (778 (238) e
SKASR 0.58 0.29 0.32 0.45 0.23 0.17 0.36 0.44 0.29 0.07*** 0.47 0.30 0.5
p"’a(';/fs (67.7) (29.2) (37.0) (84.2) (24.0) (15.0) (50.8) (71.9) (33.0) (6.9) (89.1) (38.0) )
7'““"&)‘; 013 -0.07 011 0.22 0.27 0.04 0.14 0.09 0.12 -0.06 0.11 0.31 1)
p"’a(';/‘o‘; (52.2) (77.0) (71.2) (34.9) (30.3) (90.3) (60.3) (67.8) (67.4) (87.9) (62.6) (19.9) )
Investment Momentum
Small Small Small Large Large Large Small Small Small Large Large Large Market
Cons. INV2 Agg. Cons. INV2 Agg. Losers MOM2 Winners Losers MOM2 Winners
Performance statistics for factor portfolios updated at 3-year frequency
NR (%) 9.4 8.0 0.4 7.7 1.0 1.7 6.9 4.6 8.0 3.6 2.0 14 6.1
SR 0.55 0.58 0.14*** 0.54 0.18*** 0.21 0.46 0.36 0.59 0.30 0.24 0.20 0.57
p"’z"('o‘/‘s (94.7) (93.5) (5.9) (92.3) (7.0) (12.5) (61.2) (29.0) (92.0) (28.0) (10.2) (14.5) )
SKASR 0.42 0.45 0.13 0.54 0.18 0.20 0.39 0.27 0.51 0.29 0.22 0.19 0.5
p"’f"(';/‘s 67.7) (79.7) (10.1) (86.1) (13.1) (19.4) (57.9) (24.1) (94.8) (38.8) (15.7) (22.7) )
7-fa°t°(g;; 0.10 0.14 0.24 0.20 0.22 -0.36 0.15 -0.06 0.07 0.03 0.13 0.45 )
p"’a('ojs (71.5) (51.6) (40.5) (53.9) (39.0) (29.1) (58.6) (83.2) (75.5) (94.5) (63.3) ar.y o)
Volatility Beta
Small Small Small Large Large Large Small Small Small Large Large Large
Low VOL2 High Low voL2 High Low BETA2 High Low BETA2 High
Performance statistics for factor portfolios updated at 3-year frequency
NR (%) 7.5 8.8 -0.4 51 14 1.6 5.6 7.7 5.0 34 4.4 -2.4 6.1
SR 0.58 0.58 0.13*** 0.50 0.20 0.21 0.49 0.56 0.35 0.35 0.41 0.03** 0.57
p-va(lg/f; (94.1) (93.8) (7.4) (81.1) (10.7) (15.7) (71.9) (96.2) (25.3) (29.0) (48.3) (2.6) )
SKASR 0.49 0.43 0.12 0.50 0.18 0.20 0.39 0.46 0.30 0.32 0.44 0.03*** 0.5
p"’a('o‘/‘s (95.8) (70.7) (11.9) (99.1) (16.4) (23.8) (61.7) (83.2) (27.6) (39.3) (79.3) (5.1) 1)
7""““0(2/0“)’ 0.17 0.02 -0.10 -0.19 0.11 -0.21 0.06 -0.04 0.07 -0.18 -0.12 -0.16 O
p"’a(';/’; (46.4) (91.3) (80.3) (39.2) (75.4) (61.1) (81.7) (87.7) (79.0) (45.9) (64.9) (65.9) ©)

The table of the performance statistics describes the performance of factor portfolios over the full sample period from May 2010 to December 2021. NR (%) is the
annualized geometric average return net of transaction costs followed by Sharpe ratio (SR) and SKASR. P-value below the SR and SKASR ratios is an indication of
the statistical significance of out/underperformance against the market portfolio. 7-factor o (%) is an indication of an abnormal rate of return (p.a) which statistical

significance is indicated below.



Table 8 Performance statistics of annually re-formed German factor portfolios
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Value Profitability
Small Small Small Large Large Large Small Small Small Large Large Large Market
Growth BM2 Value Growth BM2 Value Weak OP2 Robust Weak OP2 Robust
Performance statistics for annually re-formed factor portfolios
NR (%) 14.7 9.7 6.3 7.4 51 5.4 7.0 8.5 15.1 75 55 2.7 6.1
SR 1.01** 0.65 0.44 0.53 0.40 0.36 0.49 0.63 0.94** 0.46 0.41 0.27 0.57
p-value (%, . . . . . . X . . . . . -
lue (% 2.1 64.2 46.8, 88.3 27.0 28.5 68.1 73.5 2.5 57.1 33.2 11.3
SKASR 1.00** 0.59 0.38 0.50 0.36 0.32 0.48 0.54 0.88** 0.41 0.35 0.24 0.5
p-value (%) (1.0) (60.3) (49.9) (98.5) (33.0) (36.0) (90.9) (82.0) (2.1) (63.9) (36.0) (17.8) )
”a“‘;;/:; 0.48** 0.20 -0.09 0.08 -0.19 0.03 0.22 0.02 0.48** 0.10 -0.18 0.25 1)
p-value (%) (1.6) (33.8) (69.6) (80.0) (39.1) (93.8) (36.9) (93.0) (1.8) (74.2) (48.2) (34.7) )
Investment Momentum
Small Small Small Large Large Large Small Small Small Large Large Large Market
Cons. INV2 Agg. Cons. INV2 Agg. Losers MOM2 Winners Losers MOM2 Winners
Performance statistics for annually re-formed factor portfolios
NR (%) 7.7 9.4 15.7 3.6 6.5 5.1 53 9.5 174 16 4.7 11.6 6.1 6.1
SR 0.55 0.66 0.93** 0.32 0.43 0.38 0.39 0.71 1.03** 0.20** 0.36 0.70 0.57 0.57
p"’z"(';/‘s (94.8) (56.5) (4.8) (12.2) (42.7) (38.0) (31.8) (41.1) (2.1) (2.5) (24.4) (53.8) &) 6]
SKASR 0.49 0.59 0.91** 0.26 0.40 0.36 0.35 0.65 0.98** 0.19*** 0.31 0.66 0.5 0.5
p"’a('(;s (96.4) (58.7) (2.4) (14.1) (55.4) (51.4) (41.1) (39.4) (1.5) (5.4) (29.1) (45.8) e &)
7-
factor 0.08 0.11 0.56** -0.14 -0.01 -0.17 -0.04 0.19 0.56** -0.21 -0.20 021 “) )
a (%)
p"’f"(';/‘s (71.2) (6.1) (1.5) (56.6) (96.4) (56.0) (88.1) (31.4) (1.6) (43.3) (47.2) (46.2) e 6
Volatility Beta
Small Small Small Large Large Large Small Small Small Large Large Large Market
Low VoL2 High Low VOL2 High Low BETA2 High Low BETA2 High
Performance statistics for annually re-formed factor portfolios
NR (%) 9.5 121 8.6 5.6 4.4 8.5 9.9 10.0 12.2 4.6 4.2 9.4 6.1
SR 0.94*** 0.75 0.51 0.46 0.34 0.48 1.08** 0.70 0.66 0.40 0.34 0.51 0.57
p-value (%) (5.5) (25.6) (75.9) (55.5) (14.0) (68.2) (2.5) (47.1) (56.2) (40.5) (14.6) (77.9) )
SKASR 0.84*** 0.67 0.50 0.40 0.29 0.46 0.98** 0.63 0.66 0.37 0.29 0.51 0.5
p-value (%) (7.5) (28.9) (99.4) (56.8) (17.4) (84.0) (3.5) (47.1) (33.3) (49.6) (17.3) (96.5) )
7'fa°‘°(;m’; 0.21 0.26 0.16 -0.07 -0.10 0.10 0.32 0.08 0.40 -0.09 -0.22 0.18 O
p-value (%) (17.6) (18.2) (59.3) (76.4) (67.8) (76.4) (4.3) (69.1) (10.2) (71.4) (38.8) (56.4) )

The table of the performance statistics describes the performance of factor portfolios over the full sample period from May 2010 to December 2021. NR (%) is the
annualized geometric average return net of transaction costs followed by Sharpe ratio (SR) and SKASR. P-value below the SR and SKASR ratios is an indication of
the statistical significance of out/underperformance against the market portfolio. 7-factor o (%) is an indication of an abnormal rate of return (p.a) which statistical

significance is indicated below.
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Table 9 Performance statistics of German factor portfolios re-formed at 3-year frequency

Value Profitability
Small Small Small Large Large Large Small Small Small Large Large Large Market
Growth BM2 Value Growth BM2 Value Weak OP2 Robust Weak OP2 Robust
Performance statistics for factor portfolios updated at 3-year frequency
NR (%) 11.8 2.9 6.4 2.1 3.9 6.3 7.6 7.6 135 113 3.8 1.2 6.1
SR 0.87 0.67 0.44 0.23 0.33 0.40 0.51 0.57 0.90 0.60 0.32 0.18 0.57
p"a('ui‘; (11.6) (52.3) (47.0) (11.1) L7 (36.7) 77.7) (99.3) (4.6) (84.8) (10.3) (6.8)*** )
SKASR  0.86%** 0.59 0.39 0.22 0.29 0.36 0.49 0.50 0.82 0.56 0.28 0.15 0.5
p"a('uf; (5.9) (58.2) (55.0) (18.9) (15.7) (47.2) (95.2) (98.3) (5.6)*** (73.5) (15.5) (10.2) )
7'““‘25/:; 013 -0.07 011 0.22 0.27 0.04 0.14 0.09 0.12 -0.06 0.1 0.31 1)
pva(l‘% (52.2) (77.0) (71.1) (34.9) (30.3) (90.3) (60.3) (67.8) (67.4) (87.9) (62.6) (19.9) 1)
Investment Momentum
Small Small Small Large Large Large Small Small Small Large Large Large
Market
Cons. INV2 Agg. Cons. INV2 Agg. Losers MOM2 Winners Losers MOM2 Winners
Performance statistics for factor portfolios updated at 3-year frequency
NR (%) 9.3 10.7 9.5 5.0 4.9 43 45 9.7 14.9 2.0 6.6 11.2 6.1
SR 0.60 0.75 0.65 0.40 0.37 0.33 0.34 0.74 0.93** 0.02* 0.45 0.70 0.57
p‘”"('u% (85.0) (26.3) (64.0) (29.5) (20.6) (23.3) (24.3) (32.3) (35) (0.3) (49.1) (47.6) )
SKASR 0.56 0.67 0.62 0.34 0.33 0.28 0.33 0.68 0.85 0.02 0.42 0.63 0.5
p‘“"('u% (76.8) (30.7) (49.4) (34.0) (27.5) (27.1) (38.8) (30.1) @3y~ 08)* (63.2) (49.7) )
”ac“z% 0.10 0.14 -0.24 0.20 0.22 -0.36 0.5 -0.06 0.07 0.03 -0.13 0.45 )
p"a(';; (71.5) (51.6) (40.5) (53.9) (39.0) (29.1) (58.6) (83.2) (75.5) (94.5) (63.3) 7.1 )
Volatility Beta
Small Small Small Large Large Large Small Small Small Large Large Large
Market
Low VoL2 High Low VoL2 High Low BETA2 High Low BETA2 High
Performance statistics for factor portfolios updated at 3-year frequency
NR (%) 8.0 10.7 10.4 5.9 1.9 6.5 108 9.8 9.9 5.1 4.8 25 6.1
SR 0.84 0.68 0.58 0.47 0.22%* 0.40 1.22* 0.70 0.56 0.43 0.37 0.24 0.57
p-va(lg/f; (15.8) (48.4) (92.8) (59.9) 22 (45.2) ©02) (44.1) (98.5) (46.6) (15.5) (10.7) O
SKASR 0.74 0.61 0.59 0.41 0.19%* 0.38 1.10* 0.64 0.54 0.36 0.33 0.23 0.5
p"’a('o‘/‘s (21.5) (41.7) (62.9) (59.9) (4.2) (59.0) (0.4) (43.5) (80.2) (46.7) (21.9) (18.3) I8
7""““0(2/0“)’ 0.17 0.02 -0.10 -0.19 0.11 -0.21 0.06 -0.04 0.07 -0.18 -0.12 -0.16 O
p"’a(';/’; (46.4) (91.3) (80.3) (39.2) (75.4) (61.1) (81.7) (87.7) (79.0) (45.9) (64.9) (65.9) )

The table of the performance statistics describes the performance of factor portfolios over the full sample period from May 2010 to December 2021.

NR (%) is the

annualized geometric average return net of transaction costs followed by Sharpe ratio (SR) and SKASR. P-value below the SR and SKASR ratios is an indication of
the statistical significance of out/underperformance against the market portfolio. 7-factor o (%) is an indication of an abnormal rate of return (p.a) which statistical
significance is indicated below.



Table 10 Performance statistics of annually re-formed French factor portfolios
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Value Profitability
Small Small Small Large Large Large Small Small Small Large Large Large Market
Growth BM2 Value Growth BM2 Value Weak OP2 Robust Weak OP2 Robust
Performance statistics for annually re-formed factor portfolios
NR (%) 7.1 7.0 2.6 14.4 6.0 2.1 3.1 7.6 6.5 2.8 5.0 134 6.1
SR 0.50 0.47 0.24%%* 0.99** 0.48 0.22%* 0.26%** 0.49 0.50 0.26%** 0.41 1.00%* 0.57
p"a('ﬂ;'s (69.8) (55.0) (6.8) (1.4) (47.9) (4.3) (9.5) (60.9) (68.1) (4.9) (24.4) (1.5) %)
SKASR 0.45 0.34 0.21 0.92%* 0.46 0.22%%* 0.24 0.39 0.39 0.18** 0.41 0.98* 0.5
pva(luie; (77.9) (32.1) (10.5) (1.5) (75.3) (9.8) (15.2) (44.8) (49.9) (3.9) (51.7) (0.6) -)
7‘fa°“2£/:; 0.12 0.12 0.25 0.60% 0.18 0.06 0.13 0.5 0.15 0.12 0.16 0.61* I8
pva('u% (63.0) (54.8) (3L.1) 06) (25.4) (77.9) (66.1) (48.2) (42.0) (61.7) (32.6) 02) %)
Investment Momentum
Small Small Small Large Large Large Small Small Small Large Large Large Market
Cons. INV2 Agg. Cons. INV2 Agg. Losers MOM2 Winners Losers MOM2 Winners
Performance statistics for annually re-formed factor portfolios
NR (%) 2.0 6.6 9.5 4.0 7.0 117 0.7 5.9 10.6 2.1 7.9 13.1 6.1
SR 0.22%* 0.45 0.61 0.36 0.54 0.78 0.16%* 0.45 0.65 0.22%* 0.61 0.89%** 0.57
p‘“"(';s (4.1) (47.2) (76.7) (16.8) (86.9) (17.6) (2.8) (41.0) (64.7) (4.3) (76.7) 6.1) 6]
SKASR ~ 0.19%** 0.32 0.55 0.34 0.52 0.70 0.14%** 0.34 0.55 0.20%** 0.59 0.83%** 0.5
p‘“"(';s (7.2) (25.0) (75.9) (28.2) (88.0) (19.5) (5.0) (27.7) (75.4) (7.7) (50.2) (5.0) 6]
”ac“z% -0.03 0.14 0.32 0.06 0.26 0.39%* 012 0.03 017 0.05 0.27 0.52%* %)
p‘“"(';s (90.4) (51.1) (15.5) (76.5) (12.2) (7.6) (66.5) (87.6) (50.8) (83.7) (12.5) (2.3) e
Volatility Beta
Small Small Small Large Large Large Small Small Small Large Large Large Market
Low VOL2 High Low VoL2 High Low BETA2 High Low BETA2 High
Performance statistics for annually re-formed factor portfolios
NR (%) 7.9 7.4 17 7.3 9.7 6.5 6.8 6.8 5.9 103 6.8 8.8 6.1
SR 0.64 0.49 0.21%* 0.62 0.68 0.43 0.55 0.52 0.37 0.79 0.56 0.53 0.57
p"’a(';/’:)" (63.7) (58.3) 35) (71.8) (38.6) (38.5) (95.5) (76.2) (17.0) (19.7) (93.5) (83.8) 1)
SKASR 0.46 0.39 0.19%** 0.59 0.67 0.36 0.45 0.37 0.33 0.70 0.55 0.53 0.5
p"’a(';/’:)" (82.0) (46.3) (7.3) (55.1) (20.0) (35.2) (80.3) (41.9) (4.7) (25.3) (68.9) (85.9) )
”ﬁ“‘;;g 0.16 0.19 0.03 0.24 0.36%** 0.20 013 0.14 0.19 0.38%* 0.19 0.48%* 1)
p"’a(';/’; (37.0) (30.8) (93.1) (11.0) (5.0) (39.8) (60.9) (42.7) (38.2) (6.2) (19.6) (4.9) )

The table of the performance statistics describes the performance of factor portfolios over the full sample period from May 2010 to December 2021. NR (%) is the
annualized geometric average return net of transaction costs followed by Sharpe ratio (SR) and SKASR. P-value below the SR and SKASR ratios is an indication of
the statistical significance of out/underperformance against the market portfolio. 7-factor o (%) is an indication of an abnormal rate of return (p.a) which statistical

significance is indicated below.
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Table 11 Performance statistics of French factor portfolios re-formed at 3-year frequency

Value Profitability
Small Small Small Large Large Large Small Small Small Large Large Large
Market
Growth BM2 Value Growth BM2 Value Weak OP2 Robust Weak OP2 Robust
Performance statistics for factor portfolios updated at 3-year frequency
NR (%) 6.8 7.4 45 117 6.1 2.0 4.6 7.1 8.1 3.1 4.1 13.1 6.1
SR 0.47 0.50 0.33 0.84%** 0.50 0.22%* 0.32 0.46 0.59 0.27%** 0.35 0.99** 0.57
p"a('ui‘; (54.5) (65.7) (16.2) .7 (59.7) (4.0) (16.2) (48.4) (86.4) (5.5) (14.4) (1.6) 18
SKASR 0.44 0.36 0.29 0.79%** 0.48 0.22 0.31 0.37 0.46 0.20%** 0.36 0.98* 0.5
p"a('ui‘; (69.4) (36.8) (22.9) (6.0) (85.7) (9.3) (27.6) (39.7) (82.4) (5.1) (34.1) (0.6) I8
7'““‘25/:; 0.23 012 0.25 0.49%* 021 011 0.28 0.23 0.15 0.00 0.18 0.60% %)
pva(l‘% (32.8) (54.2) (32.1) 13) (18.1) (62.5) (28.8) (27.3) (43.3) (99.1) (30.1) 02 %)
Investment Momentum
Small Small Small Large Large Large Small Small Small Large Large Large
Market
Cons. INV2 Agg. Cons. INV2 Agg. Losers MOM2 Winners Losers MOM2 Winners
Performance statistics for factor portfolios updated at 3-year frequency
NR (%) 45 8.0 6.9 2.0 10.2 5.8 45 7.0 8.1 0.4 11.8 9.1 6.1
SR 0.32 0.53 0.48 0.22%* 0.73 0.46 0.32 0.50 0.51 0.13* 0.85** 0.62 0.57
p‘“"('u% (17.0) (80.9) (60.5) (1.3) (23.3) (48.5) (17.0) (66.0) (74.8) 0.7) (5.8) (74.5) )
SKASR 0.30 0.37 0.45 0.21%* 0.73%** 0.42 0.28 0.40 0.44 0.10%* 0.80%* 0.60 0.5
p‘”"('u% (28.3) (39.5) (75.0) (3.4) (©.9) (58.5) (21.8) (48.8) (71.4) (1.4) (3.9 (52.6) 1)
”ac“z% 0.36 015 0.14 -0.17 0.55% 012 0.20 015 022 -0.26 0.65% 0.43 e
p‘“"('uig (18.8) (45.0) (54.4) (35.0) 02 (58.1) (50.4) (41.7) (35.5) (21.5) ©0.1) (6.3)*** e
Volatility Beta
Small Small Small Large Large Large Small Small Small Large Large Large
Market
Low VOL2 High Low voL2 High Low BETA2 High Low BETA2 High
Performance statistics for factor portfolios updated at 3-year frequency
NR (%) 111 6.0 23 6.2 8.7 7.2 8.9 6.6 5.7 7.3 4.9 111 6.1
SR 0.84 0.42 0.23%* 0.52 0.63 0.47 0.71 0.48 0.36 0.61 0.42 0.64 0.57
p-value (%) (11.8) (31.0) (4.9) (76.8) (60.0) (51.2) (46.7) (58.1) (15.6) (75.4) (30.8) (60.9) )
SKASR 0.60 0.33 0.23 0.52 0.62 0.39 0.55 0.35 0.33 0.55 0.43 0.59 0.5
p-value (%) (57.0) (25.8) (11.5) (90.1) (36.6) (47.0) (78.9) (37.4) (23.4) (71.6) (61.4) (52.1) )
7'fa°t‘z;)")‘ 0.33%%+ 0.12 0.20 0.33** 0.26 0.27 0.33 0.18 011 0.23 0.20 0.50%* )
p-value (%) (7.4) (51.0) (51.7) (4.5) (14.4) (26.9) (12.5) (36.1) (62.2) (16.9) (20.6) (2.6) )

The table of the performance statistics describes the performance of factor portfolios over the full sample period from May 2010 to December 2021. NR (%) is the
annualized geometric average return net of transaction costs followed by Sharpe ratio (SR) and SKASR. P-value below the SR and SKASR ratios is an indication of
the statistical significance of out/underperformance against the market portfolio. 7-factor o (%) is an indication of an abnormal rate of return (p.a) which statistical
significance is indicated below.
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Value Profitability
Small Small Small Large Large Large Small Small Small Large Large Large Market
Growth BM2 Value Growth BM2 Value Weak OP2 Robust Weak OP2 Robust
Performance statistics for annually re-formed factor portfolios
NR (%) 9.8 5.9 6.1 10.4 5.5 6.7 1.0 6.3 10.8 4.8 7.2 5.8 6.1
SR 0.66 0.47 0.46 0.80 0.57 0.56 0.17** 0.47 0.78 0.39 0.71 0.51 0.57
p"a('ﬂ;'s (61.9) (58.5) (63.8) (39.3) (99.9) (97.1) 6.7) (60.2) (23.3) (35.8) (57.3) (85.5) %)
SKASR 0.65 0.42 0.31 0.7 0.56 0.54 0.16 0.40 0.74 0.35 0.70 0.53 0.5
p"a('u% (44.9) (66.4) (40.3) (31.6) (81.6) (84.2) w7 (60.8) (19.0) (45.9) (42.6) (92.3) 0]
7‘““‘25/:; 0.13 0.00 0.03 0.44 0.5 0.25 -0.24 0.00 021 -0.10 0.19 0.22 I8
pva(';; (60.8) (99.2) (88.8) (12.2) (41.7) (34.6) (39.3) (99.7) (33.6) (73.4) (32.4) (39.7) )
Investment Momentum
Small Small Small Large Large Large Small Small S_mall Large Large L_arge Market
Cons. INV2 Agg. Cons. INV2 Agg. Losers MOM2 Winners Losers MOM2 Winners
Performance statistics for annually re-formed factor portfolios
NR (%) 6.0 9.1 5.7 4.1 6.8 7.7 0.4 9.1 10.0 6.5 5.8 7.6 6.1
SR 0.44 0.70 0.41 0.39 0.68 0.61 0.14** 0.67 0.70 0.52 0.57 0.62 0.57
p‘“"('uii (49.9) (48.4) (47.4) (45.3) (64.3) (86.2) (3.2) (58.4) (54.4) (82.8) (99.8) (82.8) )
SKASR 0.33 0.65 0.40 0.37 0.68 0.61 0.13%** 0.55 0.66 0.49 0.54 0.60 0.5
p‘“"('uii (36.2) (41.4) (62.5) (56.4) (47.4) (67.6) 6.2) (76.2) (45.4) (97.8) (86.2) (69.5) )
”acuz% 0.00 0.16 -0.07 -0.05 031 0.08 -0.34 0.12 031 0.10 0.09 0.20 %)
p‘“"(';s (99.7) (45.1) (81.7) (83.9) (12.3) (77.8) (22.0) (58.1) (26.7) (70.8) (61.9) (45.9) 8
Volatility Beta
Small Small Small Large Large Lal_rge Small Small Small Large Large La_rge Market
Low VOL2 High Low VoL2 High Low BETA2 High Low BETA2 High
Performance statistics for annually re-formed factor portfolios
NR (%) 8.1 7.0 6.1 6.0 8.7 1.5 45 8.3 7.5 6.2 9.6 3.6 6.1
SR 0.77 0.51 0.39 0.60 0.75 0.20%* 0.39 0.62 0.51 0.61 0.81 0.31 0.57
p"’a(';/‘:; (62.7) (76.6) (41.1) (91.7) (45.1) “.0) (49.0) (78.2) (74.8) (87.3) (37.6) (12.9) )
SKASR 0.68 0.45 0.39 0.60 0.71 0.19%** 0.31 0.59 0.46 0.60 0.77 0.30 0.5
p"’a(';/’:)" (39.8) (80.1) (61.8) (73.5) (38.8) ®7) (46.9) (60.6) ©2.7) (69.7) (32.6) (25.4) 6]
”ﬁ“‘;;g 0.08 -0.02 015 0.19 037 -0.16 011 0.10 0.08 0.25 0.28 -0.04 ©
p"’a('o‘/’; (66.8) (93.3) (69.7) (35.5) (14.0) (56.6) (70.7) (65.5) (72.3) (23.5) (26.8) (88.4) )

The table of the performance statistics describes the performance of factor portfolios over the full sample period from May 2010 to December 2021. NR (%) is the
annualized geometric average return net of transaction costs followed by Sharpe ratio (SR) and SKASR. P-value below the SR and SKASR ratios is an indication of
the statistical significance of out/underperformance against the market portfolio. 7-factor o (%) is an indication of an abnormal rate of return (p.a) which statistical

significance is indicated below.
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Value Profitability
Small Small Small Large Large Large Small Small Small Large Large Large Market
Growth BM2 Value Growth BM2 Value Weak OP2 Robust Weak OP2 Robust
Performance statistics for factor portfolios updated at 3-year frequency
NR (%) 16.1 4.1 54 7.9 7.3 3.7 -1.7 7.1 13.7 33 7.9 59 6.1
SR 1.09* 0.34 0.42 0.66 0.71 0.33 0.02* 0.51 0.95** 0.30 0.77 0.51 0.57
p"a('ﬂ;'s (0.8) (19.4) (52.3) (75.6) (60.2) (24.5) (0.8) (77.0) (3.7) (14.8) (41.1) (85.6) %)
SKASR 1.05* 0.31 0.29 0.66 0.72 0.32 0.02** 0.44 0.92** 0.28 0.77 0.52 0.5
p"a('ui‘; (05) (27.8) (35.3) (59.9) (42.6) (38.5) (1.9) (72.5) (2.2) (23.8) (28.8) (95.2) %)
7‘““‘25/:; 0.54%* -0.08 0.03 0.37 0.20 0.03 0.59%* 0.16 0.45%* -0.13 0.27 0.24 I8
pva(lu% (L9 (70.5) (91.8) (18.4) (29.6) (90.2) &7 (47.6) (3.9) (63.7) (15.4) (37.5) 0
Investment Momentum
Small Small Small Large Large Large Small Small Small Large Large Large
Market
Cons. INV2 Agg. Cons. INV2 Agg. Losers MOM2 Winners Losers MOM2 Winners
Performance statistics for factor portfolios updated at 3-year frequency
NR (%) 4.9 111 7.1 7.1 6.7 4.9 6.1 6.4 12.1 10.6 6.9 6.7 6.1
SR 0.37 0.83 0.51 0.57 0.65 0.46 0.44 0.50 0.82 0.77 0.66 0.55 0.57
p‘”"('u% (31.1) (12.5) (77.4) (98.9) (75.9) (65.9) (55.0) (72.2) (20.9) (40.8) (68.0) (94.8) &)
SKASR 0.29 0.76 0.53 0.54 0.65 0.44 0.38 0.44 0.76 0.73 0.64 0.54 0.5
p‘”"('u% (28.0) (13.9) (87.9) (85.0) (57.8) (82.2) (57.8) (73.6) (20.6) (34.0) (54.2) (86.8) &)
”ac“% 0.02 0.29 011 0.20 027 0.05 0.01 0.03 0.38 0.41 012 018 e
p"a('uzg (94.6) (14.6) (66.9) (44.3) (22.2) (84.6) (98.4) (89.9) (13.5) (15.5) (50.0) (49.5) e
Volatility Beta
Small Small Small Large Large Large Small Small Small Large Large Large Market
Low VOL2 High Low voL2 High Low BETA2 High Low BETA2 High
Performance statistics for factor portfolios updated at 3-year frequency
NR (%) 8.8 8.6 58 7.4 6.3 2.7 8.4 8.8 7.2 6.5 10.0 4.7 6.1
SR 0.81 0.60 0.38 0.70 0.58 0.26%** 0.74 0.69 0.47 0.63 0.80 0.37 0.57
pVﬁ‘(LZ‘; (22.8) (84.1) (33.1) (66.5) (94.2) @ (42.9) (50.7) (55.2) (81.9) (32.1) (27.2) O
SKASR 0.73 0.52 0.37 0.72 0.56 0.25 0.58 0.64 0.43 0.64 0.77 0.35 0.5
pVﬁ‘(LZ‘; (25.2) (89.2) (48.9) (46.6) (79.5) (15.1) (71.2) (44.1) (69.2) (63.3) (24.2) (41.2) O
”ac“z% 0.17 0.22 -0.04 0.25 0.14 -0.05 0.25 0.19 0.06 0.25 0.26 0.04 O
p‘”"('ojs (38.1) (33.0) (90.3) (23.4) (57.8) (86.1) (22.2) (33.6) (82.1) (21.0) (31.9) (89.0) -)

The table of the performance statistics describes the performance of factor portfolios over the full sample period from May 2010 to December 2021. NR (%) is the
annualized geometric average return net of transaction costs followed by Sharpe ratio (SR) and SKASR. P-value below the SR and SKASR ratios is an indication of
the statistical significance of out/underperformance against the market portfolio. 7-factor o (%) is an indication of an abnormal rate of return (p.a) which statistical
significance is indicated below.
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4.5 Results of the analysis of matching portfolios

The purpose of analyzing matching portfolios is to reveal whether the best performing factor
portfolios during the observation period have been in disguise of the performance of other
factor portfolios. As Blitz (2021) observed that during the quant crisis the behavior of the
largest high-profitability and momentum portfolios exhibited similar behavior to the largest
growth portfolio in terms of the correlation between their returns’ time series. Hence, Blitz
(2021) concluded that the superior performance of the largest high-profitability and
momentum portfolios was fundamentally an indication of the same phenomenon as the most
superior performance was provided by the largest growth portfolio. As the best performing
factor portfolios based on the results of this thesis were growth and momentum factors both
in small- and large-cap segments with slightly better returns in the small-cap segment during
the loose monetary policy decade, it is vital to understand the underlying drivers of the
returns provided by those portfolios. The results of the analysis of matching portfolios is
visible in table A.6 in Appendix 5 and it indicates that both in small- and large-cap
momentum factor portfolios, there is a strong co-movement with returns of growth stocks
manifesting the fact that momentum and growth stocks were superior in the generation of
the excess market returns during the 2010-decade. Another interesting finding from the
analysis of matching portfolios is that the companies with high profitability margins
explained at least one-third of the returns of growth stocks highlighting a slightly
controversial conclusion as sometimes the growth stocks are attributed with lower
profitability margins given the high emphasis on strengthening the underlying growth track
of the company. Moreover, the large-cap growth portfolio exhibited relatively low volatility
in its returns underscoring the fact that growth per se did not increase the risk level of the
factor portfolio in comparison to the value factor portfolios as already indicated by the risk-

adjusted performance metrics.

The robustness check of the matching portfolios reveals that the fit of the analysis is good
as R? values are high and the unexplained returns in terms of mean monthly residuals are
negative in all cases highlighting the fact that returns of the small- and large-cap growth-
and momentum portfolios are completely explained by returns of the matching portfolios.
the analysis of matching portfolios indicates the important finding that the momentum factor

was almost entirely a watered-down version of the growth attribute while a major part of the
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growth factor was attributed to characteristics of high-profitability margins. Table A.6 in
Appendix 5 summarizes the findings of the analysis of matching portfolios and depicts the
exact percentages of how much each factor portfolio was contributing to the best performing
factor portfolios during the observation period together with fit statistics of the analysis of

matching portfolios.
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5 CONCLUSION AND DISCUSSION

The object of this thesis was to examine the performance of Fama and French’s five factors
complemented with two additional established factors that were momentum and low-
volatility factors. The topic of this thesis was largely motivated by the findings of Blitz
(2021) who discovered the so-called “quant crisis” that occurred between 2018 and 2020.
The name of the crisis illustrates well the major driver behind it as the largest growth stocks
were effectively the only way to succeed during the quant crisis while the other factor-
investing strategies were suffering relatively heavy losses. The quant crisis deviated from
the previous meltdowns of certain factor-investing strategies in a way that the other factor-
investing strategies could not remedy or offset the heavy losses of melted factors. Moreover,
although the largest high profitability and momentum stocks generated excellent returns
during the quant crisis, the stocks were effectively the same as the largest growth stocks that
outperformed the whole board and hence highlighted the importance of having an exposure
to the largest growth stocks. To the best of my knowledge, no other study has yet been made
to examine the performance of the selected factors in this thesis during the period from the
beginning of 2010 until the end of 2021 in the four largest stock exchanges in Europe. Hence,
this thesis pursued to support the academia by seeking an answer on how the conventional
factor-investing strategies have performed in times of heavy stimulus measures set forth by
the ECB alongside with unprecedented pandemic caused by Covid-19 during the latest years

of the sample period.

As highly motivated by the writings of Blitz (2021), the purpose of this thesis was to find
out whether similar factor-investing behavior is observable in the European stock market
when the observation period is expanded to cover the entire 2010-decade until the end of
2021 to form a more profound view on the performance of the same factors supplemented
with two additional conventional academy factors in an era of extremely loose monetary
policy stance set by the ECB. The intention of this thesis was to expand the understanding
of potential changes in the perception of risk by market participants during times when the
cost of cash has decreased to all-time low, and the ECB is revitalizing the economy of the
Euro area by introducing the largest stimulus measures in the EU’s history. In addition, a
holding period of three years of the factor portfolios is taken into consideration to reveal

whether the performance of the same factor portfolios is diluted or improved with a longer
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than 1-year holding period. In general, the factor portfolios with less frequent re-forming
intervals were not performing as well as the same portfolios with yearly re-forming

frequency. The observation marks the dilution in risk premiums as time passes.

The key findings of this thesis advocate the findings of Blitz (2021) with the exception that
best-performing factor portfolios were not only concentrated on the largest growth stocks
but rather the small-cap high growth and momentum stocks offered the highest annualized
returns net of trading costs in Europe. The major difference comes in as the same
outperforming factors provided also sound returns in the large-cap segment. However, one
potential reason why the small-cap growth and momentum factor portfolios outperformed
the corresponding large-cap portfolios is the fact that the largest technology companies with
exceptionally high growth rates have shined with their absence in Europe. Hence, the small-
cap growth and momentum portfolios have yielded the most superior returns in the 2010-
decade in Europe on the back of ultra-low-interest rates and heavy APPs laid down by the
ECB.

Moreover, the heavy stimulus measures have impaired and led to a shake-up of the
performance of historically well-performed factors i.e., value, low-investment, and low-
volatility factors given their severe underperformance during the 2010-decade in Europe.
Such findings contradict earlier findings from e.g., Blitz and van Vliet (2007) as they claimed
that stocks with low-volatility characteristics have offered, at least, similar returns in
comparison to high-volatility stocks while Kalesnik and Linnainmaa (2018) noted that the
value factor has been extremely prevalent particularly among small-cap stocks in the US
during 1963-2017 while in Europe the value factor yielder inferior returns throughout the
2010-decade.

The omission of momentum factor from equally-weighted factor portfolio has gone
underwater providing even more negative cumulative return by the end of the observation
period underscoring the importance of momentum factor in 2010-decade in Europe.
Persistence of the momentum factor throughout the entire 2010-decade is supported by the
early detection of the momentum anomaly during 1965-1989 as observed by Jegadeesh and
Titman (1993) although their calculation methodology of the momentum portfolio deviates
the one employed in this thesis. Also, the key finding of the same authors regarding the
dissipation of momentum risk premium over time is supported by the findings of this study
as with a 3-years holding period, the momentum risk premium tends to decay. Moreover, a
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finding of Stivers and Sun (2010) that the momentum risk premium tends to outperform in
times of booming economy, is highly supported by the results of this thesis, given the

extreme outperformance of momentum factor in Europe during the booming 2010-decade.

The same high growth and momentum factor portfolios displayed the highest risk-adjusted
ratios as well. The small-cap low-beta portfolio re-formed with 1-year frequency and the
small/large-cap low-beta portfolio re-formed with 3-year frequency generated high Sharpe
ratios highlighting the fact that whilst the absolute annualized net returns of those portfolios
were relatively modest, the low risk entailed by those portfolios enhanced their Sharpe ratios.
The risk-adjusted measures were also calculated by adjusting the corresponding return
distribution of the factor portfolios to consider the characteristics of skewness- and kurtosis
of portfolios’ return time series, but the results of the adjusted risk measures deviated only

to a minor degree in comparison to the ordinary risk-adjusted measures.

With regards to the abnormal rate of returns of the studied factor portfolios, a statistically
significant 7-factor alpha with a 1-year holding period was only observable in small- and
large-cap growth portfolios, whereas for the 3-year holding period, large-cap growth and
small-cap high profitability factor-portfolios displayed alphas that were distinguishable from
zero. In summary, the 7 factors applied as regressors were able to capture a major part of the
explanatory power of the regression analysis leaving only a few portfolios delivering
abnormal returns. The final performance metric utilized in this study was the maximum
drawdown statistic of the factor portfolios which revealed an important observation majority
of factor portfolios re-formed at 3-year frequency exhibited more severe drawdowns than
factor portfolios re-formed annually. Hence, the riskiness of factor portfolios increased for
portfolios with less frequent re-formation intervals as the value of those portfolios went

seriously under water momentarily during the sample period.

Cross-country analysis strengthened the findings based on the full sample as decomposing
the full sample into factor portfolios formed on the basis of country specific stocks revealed
that the same factors including momentum and growth outperformed significantly in
comparison to other factors. Robust profitability factor was also among the best performing
factor when analysing the results of cross-country analysis. Yet again, small-cap stocks
outperformed generally the large-cap stocks albeit large-cap momentum, growth and robust
profitability also displayed high net returns as well as high and statistically significant risk-
adjusted ratios. Cross-country analysis also revealed that numerous factor portfolios
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displayed significant 7-factor alpha further reinforcing the fact that momentum and growth

were dominant factors throughout the 2010-decade in Europe.

Following the footsteps of Blitz (2021), an analysis of the matching portfolios was conducted
to expand the understanding of the outperforming factor portfolios during the sample period.
The matching portfolios shed a light on the foundation of the superior portfolios by revealing
whether those factor portfolios were effectively disguised by any other factor portfolios. The
results of matching portfolios divulged that a major part of the superior performance of the
momentum factor both in small- and large-cap segments was caused by a growth attribute.
The conclusion is supported by the finding that the co-movement of returns between small-
and large-cap growth and momentum factor portfolios was strong. Another key unveiling of
the matching analysis was that at least one-third of the growth factor is attributable to the
high profitability. This finding is slightly counter-intuitive as growth stocks are often
perceived to have thinner profitability margins due to a strong focus to grow the top line of

a firm’s income statement which is often achieved at the expense of profitability.

Limitations of this thesis are e.g., determination methodology of the transaction costs as the
methodology may not be a true reflection of the actual transaction costs emerged upon each
portfolio re-formation point, exclusion of the impact from taxes, arbitrary selection of the
portfolio re-formation point to be as of the end of April instead of e.g., at the end of June,
exclusion of all firms with non-December fiscal year ends and exclusion of the impact of a
company’s capital structure from the profitability factor as the calculation formula omits the

interest payments to direct its focus purely on the operating profitability.

Suggestions for the future research of the examined topic in this thesis might be related e.g.,
expanding geographical areas, such as deploying the same observation period in other stock
markets. 5-year holding period could also be examined to reveal if further dilution emerges
in risk premiums by extending the holding period. The sample period could also be divided
into sub-periods to uncover whether certain months or years have influenced anomalously

on returns of the selected factor-portfolios.
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Appendices

Appendix 1. Descriptive statistics of the sample by countries

Table A.1 Descriptive statistics of the UK sample

Operating - f# of # of # of
Year p Value profitability Investment  Momentum  Volatility ME small large firms
caps caps
2010 111 0.47 9.53 % -3.48 % 47.40 % 44.62 % 475 111 28 139
2011 0.91 0.38 11.28% 9.69 % 20.84 % 48.12% 669 116 37 153
2012 111 0.53 11.85% 6.80 % 1.14% 34.73 % 620 122 38 160
2013 1.06 0.49 11.94 % 342 % 16.98 % 30.37% 596 127 42 169
2014 1.02 0.42 10.15 % 3.69 % 15.60 % 30.22 % 496 143 42 185
2015 0.80 0.42 8.90 % 541 % 0.24 % 27.96 % 488 152 43 195
2016 0.48 0.38 8.85 % 541 % 247 % 2832% 428 163 47 210
2017 0.59 0.44 8.58 % 16.50 % 21.76 % 32.94% 478 191 49 240
2018 0.93 0.41 9.36 % 3.87% 0.45 % 3287% 513 184 60 244
2019 0.89 0.52 10.33 % 6.53 % -7.04 % 3259% 456 205 54 259
2020 1.25 0.40 9.83% 6.55 % -28.76 % 37.26% 387 192 53 245
2021 1.20 0.41 2.61% 2.24 % 36.18 % 44.03% 455 222 65 287
Median ~ 0.97 0.42 9.68 % 541 % 9.03 % 3290% 483 158 45 203

The first six columns after the year column describe the annual medians for each factor examined in the study covering all the years within the observation
period. The last row describes the median of the full sample period for each factor. The last three columns indicate the total number of firms being allocated
to the active factor portfolios as well as the split between small and large caps. ME column is the median of the market equity in millions. Each subperiod
median is measured as of the end of April.

Table A.2 Descriptive statistics of the German sample

Operating - # of # of # of
Year p Value profitability Investment  Momentum  Volatility = ME small large firms
caps caps

2010 121 0.59 6.00 % 0.61% 4212 % 44.45 % 306 132 35 167
2011 0.57 0.49 8.40 % 9.21% 22.34 % 42.49 % 316 146 36 182
2012 0.97 0.64 7.97 % 7.25% -1.22% 31.65 % 303 145 36 181
2013 1.04 0.64 6.59 % 2.62% 7.92% 29.11 % 297 153 34 187
2014 0.81 0.48 5.89 % 211% 2111 % 28.76 % 345 169 37 206
2015 0.85 0.50 6.31% 7.06 % 9.11% 26.14% 368 172 36 208
2016 0.87 0.45 6.61 % 5.14 % -0.66 % 27.30 % 364 171 41 212
2017 0.83 0.43 7.00 % 5.53 % 15.23 % 2738% 433 186 47 233
2018 0.84 0.37 6.96 % 4.45 % 6.89 % 2828% 363 211 52 263
2019 1.15 0.53 6.27 % 6.90 % -14.14 % 28.81 % 384 211 54 265
2020 1.18 0.46 6.15 % 9.48 % -21.89% 3261% 350 204 53 257
2021 1.09 0.39 4.46 % 0.25% 38.66 % 37.29% 501 222 59 281
Median 0.92 0.48 6.45 % 5.33% 8.52 % 28.96 % 357 172 39 210

The first six columns after the year column describe the annual medians for each factor examined in the study covering all the years within the observation
period. The last row describes the median of the full sample period for each factor. The last three columns indicate the total number of firms being allocated
to the active factor portfolios as well as the split between small and large caps. ME column is the median of the market equity in millions. Each subperiod
median is measured as of the end of April.
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Table A.3 Descriptive statistics of the French sample

# of # of

Year p Value p?gﬁ{:éii?i%y Investment  Momentum  Volatility ME small large f?r?nfs
caps caps
2010 0.97 0.59 6.00 % 0.61 % 42.12 % 44.45 % 306 132 35 167
2011 0.76 0.49 8.40 % 9.21% 22.34% 4249% 316 146 36 182
2012 1.12 0.64 7.97 % 7.25% -1.22% 3165% 303 145 36 181
2013 1.22 0.64 6.59 % 2.62 % 7.92 % 29.11% 297 153 34 187
2014 0.77 0.48 5.89 % 211 % 21.11% 28.76% 345 169 37 206
2015 0.91 0.50 6.31% 7.06 % 9.11% 26.14 % 368 172 36 208
2016 0.94 0.45 6.61 % 5.14 % -0.66 % 2730% 364 171 41 212
2017 0.89 0.43 7.00 % 5.53% 15.23 % 27.38 % 433 186 47 233
2018 0.87 0.37 6.96 % 4.45 % 6.89 % 28.28 % 363 211 52 263
2019 1.03 0.53 6.27 % 6.90 % -14.14 % 2881% 384 211 54 265
2020 1.14 0.46 6.15 % 9.48 % -21.89 % 32.61 % 350 204 53 257
2021 1.20 0.39 4.46 % 0.25 % 38.66 % 37.29% 501 222 59 281
Median ~ 0.95 0.59 6.00 % 0.61 % 4212 % 4445% 306 132 35 167

The first six columns after the year column describe the annual medians for each factor examined in the study covering all the years within the observation
period. The last row describes the median of the full sample period for each factor. The last three columns indicate the total number of firms being allocated
to the active factor portfolios as well as the split between small and large caps. ME column is the median of the market equity in millions. Each subperiod
median is measured as of the end of April.

Table A.4 Descriptive statistics of the Swiss sample

# of # of

Year p Value p?gﬁtrgtt)iirl‘i%y Investment ~ Momentum  Volatility ME small large f?rgwfs
caps caps
2010 1.07 0.65 6.60 % -0.40 % 42.68 % 35.73% 609 85 13 98
2011 0.71 0.47 10.04 % -1.25% 11.57 % 32.82 % 683 82 16 98
2012 0.84 0.66 7.98 % 2.19% -11.27 % 2789% 529 83 13 96
2013 0.88 0.61 751 % 2.08 % 17.41% 2451 % 575 87 13 100
2014 0.60 0.47 7.97 % 1.86 % 24.39 % 2421% 829 83 15 98
2015 0.46 0.47 8.01 % 391% 4.72% 21.94 % 739 84 15 99
2016 0.66 0.48 7.73% 1.10 % -0.85 % 2257% 808 83 17 100
2017 0.74 0.40 8.76 % 351% 18.67 % 21.93 % 2é7 81 20 101
2018 0.81 0.35 7.42% 6.86 % 3.60 % 21.68 % 227 86 22 108
2019 1.00 0.47 717 % 3.82% -15.25 % 23.57 % 920 91 19 110
2020 1.05 0.39 6.46 % 1.23% -16.85 % 26.56 % 799 96 19 115
2021 0.95 0.35 4.66 % -1.21% 29.74 % 30.08 % 06134 90 20 110
Median  0.83 0.47 7.62 % 1.97 % 8.15 % 2436% 804 85 17 100

The first six columns after the year column describe the annual medians for each factor examined in the study covering all the years within the observation
period. The last row describes the median of the full sample period for each factor. The last three columns indicate the total number of firms being allocated
to the active factor portfolios as well as the split between small and large caps. ME column is the median of the market equity in millions. Each subperiod
median is measured as of the end of April.
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Appendix 2. Comparison of monthly returns between regions’ main stock indices and

regions’ homemade portfolios
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Figure A.1 Comparison of the monthly returns between FTSE 100 and the homemade UK
portfolio
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Figure A.2 Comparison of the monthly returns between DAX 30 and the homemade
Germany portfolio
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Figure A.3 Comparison of the monthly returns between CAC 40 and the homemade France
portfolio
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Figure A.4 Comparison of the monthly returns between SMI 20 and the homemade
Switzerland portfolio



Appendix 3. Scatterplots of monthly returns between regions’ main stock indices and

regions’ homemade portfolios
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Figure A.5 Scatterplot of the monthly returns between FTSE 100 and the homemade UK

portfolio
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Figure A.6 Scatterplot of the monthly returns between DAX 30 and the homemade

Germany portfolio
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Figure A.7 Scatterplot of the monthly returns between CAC 40 and the homemade France

portfolio
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Figure A.8 Scatterplot of the monthly returns between SMI 20 and the homemade
Switzerland portfolio
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Appendix 4. Annual trading costs of active factor portfolios

Table A.5 Annual transaction costs of active factor portfolios

Factor

. 2021 2020 2019 2018 2017 2016 2015 2014 2013 2012 2011 2010
portfolios

Small Growth  0.38% 0.26% 030% 032% 032% 027% 028% 029% 032% 030% 032% 0.69%
SmallBM2 042% 034% 032% 032% 032% 030% 034% 034% 034% 035% 040% 0.76%
SmallValue 0.32% 029% 029% 029% 028% 024% 027% 034% 032% 028% 033% 075%
Large Growth 0.26% 015% 0.17% 031% 029% 032% 023% 023% 013% 021% 021% 031%
LargeBM2 0.28% 0.23% 024% 033% 027% 025% 026% 027% 020% 035% 027% 0.35%
LargeValue 0.22% 015% 023% 0.16% 025% 018% 010% 0.18% 0.18% 029% 024% 0.28%
Small Weak 061% 041% 037% 038% 042% 037% 039% 039% 042% 030% 044% 0.68%
SmallOP2 046% 029% 029% 029% 030% 027% 026% 033% 032% 027% 040% 0.78%
SmallRobust 042% 0.29% 026% 025% 0.28% 029% 027% 025% 024% 023% 032% 0.72%
Large Weak 0.46% 0.28% 027% 029% 029% 023% 018% 030% 024% 032% 0.26% 035%
LargeOP2 042% 0.18% 021% 033% 028% 031% 024% 033% 018% 025% 033% 034%
LargeRobust 030% 0.22% 010% 027% 027% 030% 015% 018% 021% 024% 034% 0.29%
Small Cons. 0.67% 0.67% 070% 063% 066% 056% 057% 062% 063% 058% 070% 0.75%
SmallINV2 055% 057% 054% 055% 055% 050% 050% 055% 057% 056% 056% 072%
SmallAgg. 064% 068% 063% 067% 070% 058% 059% 064% 066% 062% 065% 0.75%
LargeCons. 0.64% 072% 075% 071% 069% 057% 060% 055% 055% 045% 0.68% 0.29%
LargeINV2 063% 056% 059% 060% 066% 054% 061% 053% 056% 055% 067% 0.34%
Large Agg. 066% 067% 071% 075% 073% 061% 068% 050% 066% 063% 066% 030%
Small Losers 0.79% 063% 0.70% 069% 0.72% 060% 064% 069% 066% 063% 058% 0.76%
SmallMOM2 0.62% 056% 059% 059% 059% 057% 063% 061% 063% 059% 056% 0.72%
Small Winners  0.81% 063% 075% 068% 071% 068% 072% 073% 068% 063% 066% 0.74%
Large Losers 0.86% 050% 060% 0.71% 065% 064% 063% 065% 042% 068% 047% 045%
LargeMOM2 0.61% 052% 055% 063% 070% 066% 057% 056% 054% 061% 061% 031%
Large Winners  0.84% 052% 060% 0.71% 075% 080% 063% 085% 061% 079% 061% 021%
SmallLow Vol 0.24% 0.26% 028% 025% 027% 026% 029% 025% 029% 026% 022% 0.71%
SmallvOL2 038% 037% 035% 035% 032% 035% 032% 035% 036% 038% 024% 0.78%
Small HighVol 047% 040% 031% 039% 039% 033% 032% 036% 036% 037% 021% 0.70%
Largelow Vol 026% 026% 023% 029% 023% 027% 020% 0.18% 016% 0.26% 016% 031%
LargeVOL2 036% 028% 024% 037% 031% 042% 033% 031% 034% 041% 020% 032%
Large HighVol 0.34% 037% 025% 025% 033% 041% 035% 030% 029% 034% 021% 032%
SmalllowB 034% 045% 050% 056% 039% 054% 043% 049% 034% 048% 053% 0.69%
SmallBETA2 046% 055% 051% 058% 043% 058% 051% 054% 043% 055% 056% 0.78%
Small Highp 041% 047% 057% 057% 038% 050% 045% 052% 037% 046% 046% 0.74%
Largelowp 036% 050% 056% 0.65% 029% 061% 038% 045% 021% 034% 034% 034%
Large BETA2 043% 044% 048% 059% 038% 061% 041% 056% 038% 051% 041% 0.28%
LargeHighp 032% 041% 042% 053% 029% 043% 045% 045% 024% 034% 034% 030%
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Appendix 5. Matching portfolios for growth and momentum factor portfolios
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