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Abstract

Conclusive empirical research regarding the value and momentum market anomalies has
been published for the past few decades. Significantly less have been produced discussing
combining the two factors. In this paper, a value and momentum strategy is implemented in a way
that maximizes exposure to each measure by simultaneously incorporating both over a twenty year
time span. This approach proves to take advantage of the strengths of both approaches while
mitigating their individual risks. Additionally, the analysis conducted during the paper finds a
strong negative correlation with the market.

This work project describes the strategy and results of four independently developed
investment strategies. The strategies focus on value and momentum, ETF mispricing, enhanced
momentum, and asset switching. The strategies are carried out in periods between 1998 and 2021.
Three of the four strategies focus on the U.S. market whereas one is focused on the European
market. Due to fundamental differences in their composition and execution, the strategies yield
different risk and return profiles; all but one strategy underperform equity and fixed-income
securities benchmark indexes. Subsequent portfolio optimization and allocation methods, with the
four individual strategies as assets, improve the risk-adjusted return of a combined portfolio in
excess of the benchmark indexes. However, the significance of these improved portfolio results is

limited due to inconsistent treatment of transaction costs and the small sample period.
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Abstract
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1. Introduction

Global capital markets match capital providers with those that require capital in return for
expected returns. Stock markets, in particular, are a well-known platform that facilitates the
matching between investors and those that require capital (Hayes 2021). Naturally, investors aim
to maximize their return. However, returns on the capital market are not guaranteed since investors
take the positions as equity holders and thus owners of the company. Hence, the value of their
investment is directly tied to the equity value of the company which depends on the actual and
anticipated performance of the company (Hayes 2021). Nevertheless, despite the unpredictability
compared to other predictable investment securities such as fixed-income bonds, stock markets
remain very popular for investors. This is because investors are compensated for their faced
volatility in the form of the equity premium which exceeds the risk-adjusted expected returns
(Mehra and Prescott 1985).

On average, equity markets (in particular the S&P 500) have generated annualized returns
of around 7% since the 1950s (Sullivan 2022). However, this is assuming that investors hold a
portfolio precisely resembling the market portfolio according to market capitalization within the
index. Indeed, market tracking portfolios have become increasingly popular in the last two decades
in the form of index tracking (Seyffart 2021). Nevertheless, the allure for investors to try and beat
the market persists, in particular in light of success stories from individual companies or portfolios
which have generated exceptional historical returns and defied the assumptions of the efficient
market hypothesis.

To elaborate, the efficient market hypothesis outlines that stock prices reflect and
incorporate all relevant information and that it should not be possible to generate returns from
picking and trading individual stocks (Fama 1970, Malkiel 1989). However, in light of the

aforementioned violations to the efficient market hypothesis, there is a growing body of literature,



Group part

even from initial proponents, suggesting that although mostly efficient, there may be irregularities
in financial markets and thus to prices of assets, which are driven by non-rational investor behavior
(Malkiel 2003).

The question for willing investors then becomes how they should pick stocks and extending
on that notion, how it may be applied as a consistent strategy over an extended time to generate
returns greater than the market.

The aim of this work project is to answer that question by describing four different
investment strategies. In addition, it will also show how the performance of the individual strategies

may be further improved through optimization and allocation methods in combined portfolios.

2. Individual Strategies

The following section will describe 4 individual investment strategies. Each strategy was
constructed independently and works as described standalone. They will later serve as assets to
create optimized portfolio allocations. To allow for comparisons between each other, the results
for each strategy are representative of the comparison time frame between 2008-2017, unless

otherwise stated.

2.1 ETF Mispricing Strategy (Strategy 1: ETF)
2.1.1 Economic Motivation

In the last two decades, ETFs have become one of the most popular investment vehicles
and experienced tremendous inflows (Wursthorn 2021). Attractive through lower costs and
comparable, if not superior, returns to their often actively managed mutual funds counterparts,

ETFs are especially popular for their simplicity and ease of access, in particular for retail investors.
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In addition, high liquidity and the ability to diversify portfolios with the purchase of a single asset
are additional benefits (Gastineau 2001).

By design, ETFs should (and do) for the most time trade at fair value to the underlying
securities they represent (Engle and Sarkar 2006). However, there is extensive literature
documenting nontrivial deviations in ETF prices to their underlying assets, in particular during
periods of volatility and limited liquidity when the ETF market makers, Authorized Participants
(APs), are not able or willing to exploit mispricings (Marshall, Nguyen and Visaltanachoti 2013,
Kay 2009, Kaminska 2009). Furthermore, it has also been demonstrated that ETF ownership has
contributed to greater systemic equity market risk, attributable to the “greater cross sectional
trading commonality” (Sullivan and Xiong 2012). Hence, following this line of reasoning, shocks
in the markets are amplified and thus volatility in markets should be increased through the growth
in global ETF ownership.

Hence, given the current context of increased market volatility following the preceding
decade-long period after the financial crisis of stable upwards-trending markets, there might be
new opportunities to exploit the mispricing in ETFs. Particularly as previous research, such as by
Kreis and Licht (2018) and Petajisto (2017), has already demonstrated the feasibility and

profitability of such strategies.

2.1.2 Strategy

The trading strategy is built upon the framework of Kreis and Licht (2018) and extends
their findings beyond their initial 2008-2015 time horizon up to October 2022. By doing so, we
can evaluate whether their findings of positive net returns through a trading strategy capitalizing

on ETF mispricing in periods of volatility can be replicated. Especially within the context of market
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volatility induced by global shocks such as the coronavirus pandemic and the recent war in Ukraine
from 2020 onwards.

Furthermore, the practical findings from Kreis and Licht (2018) are not only extended to a
new time period but are also embedded within the body of the theoretical framework on the effects
of ETF ownership on market volatility (Sullivan and Xiong 2012). Hence, through the effectiveness
of the strategy, the impact of ETF ownership on equity market risk can be deduced.

The strategy itself is a replication of the original execution by Kreis and Licht (2018). This
entails that a long- and short position on the ETFs is taken according to a price-to-fundamental
value ratio, which serves as a signal and reflects the potential mispricing of the respective ETF.
The signal is calculated through the closing price on day: and the fundamental value derived
through the INAV of ETF; at the same time. The iNAV value was chosen because it gives a
representation of the value of all the fund's underlying assets minus its liabilities and is relatively
accurate since it is calculated in 15-second intervals every day. Hence, the trading signal is as

follows:

Price;¢
INAV; ¢ (1)

Price/iNAV ratio;; =
Signal values of >1 are indicative of an ETF trading at a premium as the price is higher than the
fundamental value. Correspondingly, signal values of <1 suggest that an ETF is trading at a
discount. According to this methodology, a long position is taken every day for the one ETF that
has the highest discount and a short position for the one ETF with the highest premium. These
positions will be held for one day and then the position will be closed as the trades are reversed.

As outlined by Kreis and Licht (2018), the strategy should prove profitable if a) the mispricing
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through the premiums is not persistent and b) the reversion is driven through changes in the price
of the ETF.

The sample of 19 sector-specific STOXX Europe 600 ETFs used for the strategy is the
same as in the original implementation. However, it is reduced to 17 because of missing data for
two ETFs. The sample period is from January 2008 until September 2022.

Crucial for the implementation of the strategy is also the inclusion of trading costs. Direct
trading costs are equal to 0.48bp of every transaction. Indirect trading costs are also accounted for
by using the Xetra Liquidity Measure (XLM). The XLM value is provided monthly by the Xetra
marketplace where the ETFs are traded and gives investors an insight into indirect costs by
considering the liquidity of the asset through the bid-ask spread and possible adverse price
movement through the bid-ask basket size (Gomber and Schweickert 2002). However, the XLM
value is calculated only for a hypothetical round trip investment of 25.000€. Hence, the order
volume for each position is limited to 25.000€ in the strategy. Nevertheless, the transaction costs
in each transaction are accounted for through the following formula:

Transaction Costs = 50+ XLM;, + 0.48bp (2)

2.1.3 Performance Overview

Figure 1 indicates that as in the original study, the strategy performs well between 2008 and
2010. From 2011 until 2017 the returns are net negative. However, between 2018 and 2022, the
strategy generates positive net returns again with the exception of 2021. Thus, similar to the
original study it appears that the strategy works in specific periods and it thus splits into polar
periods where it either performs well or poorly. In addition, it also shows that the downturn in net
profits is due to transaction costs (explicit and implicit) since the strategy is extremely profitable

when excluding them.
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Figure 1: Long-Short Strategy Cumulative Returns

Table 1 confirms these initial observations. The strategy yielded very high net returns in the first
half of the sample period after the financial crisis with an average yearly return of 46.35%.
However, the standard deviation is also very high at 41.04% which leads to a Sharpe ratio of 1.13.
Thus, for every 1.13% return, there is a 1% in volatility (Sharpe 1998). Noteworthy is that 50% of
the months in the first half returned positive results and that the best month returned 41.19%.

Hence, the results are driven by consistent positive and at times extremely high return months.

First Half Comparison Second Half Comparison Sample
Sample Comparison Sample (2008-2017)

Total Return 585.57% -87.29% -12.86%
Average Yearly Return 46.35% -40.10% 3.13%
Standard Deviation 41.04% 9.45% 32.19%
Sharpe Ratio 1.13 -4.24 0.10

Excess Kurtosis -1.04 -3.49 3.67
Skewness 1.57 0.38 2.49

Best Month 41.19% 3.58% 41.19%
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First Half Comparison Second Half Comparison Sample
Sample Comparison Sample (2008-2017)
Worst Month -8.75% -8.04% -8.75%
Positive Months 50% 13.33% 31.67%
Maximum Drawdown -43.81% -87.31% -93.27%

Table 1: ETF Strategy Summary Statistics

Over the second half of the comparison sample, there are much fewer positive return
months and they are insufficient to offset the vast majority of negative months. For instance, the
best month in the second half only had a return of 3.58%. Interestingly the maximum monthly loss
is slightly less drastic than in the high-performing first half of the sample. Nevertheless, the initially
strong strategy returns of the sample period are reduced by an overwhelming amount of consistent
losses. This is especially evident by the extreme maximum drawdown of -93.27%.

The low average yearly return in conjunction with the high standard deviation and excess
kurtosis over the comparison sample period suggest that the strategy loses money consistently but
occasionally yields volatile extreme returns during periods that coincide with market volatility.

To test for this hypothesis, a regression between the spread of the premium of the short
positions to the discount of the long position,. at trading day: and the subsequent net-returns the

following day: + 1 from the strategy in the full sample (2008-2022) is run:

Price Price
Net Returny,; = o+ B * (iNAV:: - iNAVz':) 3)

= —00020*** + 025]6*** " (PT‘iCES,t _ PTiCEL,t) (4)

iNAVs:  iNAVL:

The explanatory power of the model (R?) is 15%. The regression confirms that the strategy is most

profitable in periods of volatility. When there is no mispricing, due to the lack of volatility and thus
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efficient pricing from APs, the strategy generates daily losses of 0.02%. When mispricing occurs
the returns turn positive due to the high sensitivity as indicated by g, of 0.2516.

To summarize, the performance analysis of the ETF trading strategy suggests that the
strategy is best employed in periods of volatility. Even in favorable periods, it yields very polar but
net profitable returns. Hence, it may be used as a limited hedging mechanism within a portfolio

against periods of uncertainty and volatility.

2.2 Value and Momentum Strategy (Strategy 2: V&M)
2.2.1 Economic Motivation

Both value and momentum strategies have been shown to be effective in generating returns
for investors. For example, a study by Fama and French (1998) found that a portfolio of value
stocks outperformed the market by 3.5% per year, while a study by Jegadeesh and Titman (1993)
found that a momentum portfolio generated returns of 2.5% per year above the market.

In most instances, keeping momentum steady yields a more successful value approach. This
implies that the value strategy performs best when it is not obliged to short the successful
momentum approach. Akin to that, maintaining value constant leads to a momentum approach that
is typically superior (Asness et al. 1998).

Value and momentum strategies can often complement each other because they are based
on different assumptions about how markets work. Value investors believe that markets are
inefficient and that securities can be mispriced, while momentum investors believe that markets
are efficient and that securities that are rising in price are likely to continue to do so. As a result,
value and momentum strategies can be used together to provide a more balanced approach to

investing. Recent research points increasingly towards how value and momentum strategies can
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offer advantageous returns depending on different combination methods. VValue works, in general,
but largely fails for firms with strong momentum. Momentum works, in general, but is particularly
strong for expensive firms (Asness et al. 1998). Therefore, the motivation behind this paper is to

build a strategy that manages to counteract this effect.

2.2.2 Strategy

Starting from the stock price, book value and market capitalization data collected from the
Bloomberg database of members of the Russell 100 index, the strategy builds value and momentum
factors as follows. Considering Asness and Frazzini (2013) which proved that updating prices
monthly in the construction of the value factor was proven to provide advantageous returns and
reduce the negative correlation between value and momentum, the value measure (here denoted as
bm for book to market) is built as described below:

bm; = log(B;/P:) (5)

Where B; refers to the book value per share at time t and P; to the price at time; for each
stock in the universe. The book to market ratio is further logged to reduce skewness and insure a
normal distribution of the ratio. Contrary to Asness and Frazzini (2013), book value is also updated
monthly. This was done in the hopes of testing whether an even more current value measure would
affect returns and the correlation between value and momentum. Momentum is defined as the
return over the previous 12 months, omitting the most recent month.

The strategy is based on the scoring system used by Fisher (2014) where stocks are assigned
a score based on the percentage of the market capitalization of stocks with lower or equivalent

factor (value or momentum) values which is detailed as follows:

10
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Score(x) = (X Capyif )< fiv) / 2 Caprow) * 100, foreachjinrow  (6)

Where row is the list of available stock in the universe for a given month with x the selected
stock to score and j is every other stock (x # y). Cap refers to the market capitalization of a given

security and the function f(x) returns the factor of stock x (value or momentum factors). All
securities in the universe are then scored based on the previous function.

This strategy buys or sells stocks only when both value and momentum scores are favorable
as opposed to combining value and momentum strategies in a 50/50 equal combination manner as
per Asness, Moskowitz, and Pedersen (2013). Inimically to Fisher, Shah, and Titman (2014) that
buy or sell stocks according to fixed buy and sell thresholds, the strategy defines variable buy and
sell thresholds as a function of available securities in the universe. This approach helps reduce route
dependence when buying or selling stocks. Additionally, since the momentum signal decays far
more quickly than the value signal, the strategy emphasizes value more. Since momentum is
required to initiate trades but never acts alone to launch a transaction, this way of adding

momentum exposure to a portfolio reduces portfolio turnover.

2.2.3 Performance Overview

Additionally to the strategy, a conventional combination portfolio is formed using the same
scoring system. Denoted as 70/30, this strategy is invested at 70% in a value portfolio and 30% in
a momentum portfolio. As shown in Figure 2, the primary strategy, named Value | M is pitted
against the 70/30 strategy and a market benchmark. The strategy manages to outperform both the
benchmark and the normal value and momentum combination portfolio over the first half of the

sample but stagnates over the second half. Ultimately, the strategy is shown to start decaying

11
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starting in 2020. The effects of the 2008 market crash are easily noticeable on both the benchmark

and the 70/30 but interestingly enough, the strategy seems to generate its best returns during this

period.
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Figure 2: Value and Momentum Strategy Cumulative Returns

The performance of the strategy can be explained by the statistical analysis shown in Table
2. The first-half comparison sample shows a higher total return but a lower Sharpe ratio than the
second half. This can be explained by the excessive standard deviation of the strategy during the
first half of 22.4%. Even with more than 50% of positive months over both sample halves, the
strategy still only manages to produce a Sharpe ratio of 0.18 over the full sample period. This can
be explained by the discrepancy between the percentage of positive months and the average yearly
return, which suggests that the strategy generates barely enough positive returns for the volatility

it incurs. This is consistent with the maximum drawdown of -51.97%.

12
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First Half Second Half Comparison Sample
Comparison Sample Comparison Sample (2008-2017)

Total Return 10.96% 5.53% 17.09%
Average Yearly Return 4.75% 1.11% 2.93%
Standard Deviation 22.4% 2.67% 15.89%
Sharpe Ratio 0.21 0.42 0.18
Excess Kurtosis 531 2.69 14.98
Skewness -1.46 -0.49 -1.90
Best Month 19.42% 2.66% 19.42%
Worst Month -28.08% -3.04 -28.08%
Positive Months 61.67% 55.0% 58.33%
Maximum Drawdown -51.97% -4.31% -51.97%

Table 2: Value and Momentum Summary Statistics

Notwithstanding poor returns, the strategy’s behavior during market crashes provides an
interesting outlook on the importance of value and momentum strategies. More specifically, how
a different combination of both value and momentum can have a drastic change on the strategy.
Furthermore, the strategy’s relatively low correlation with the market is a net advantage. This
strategy could prove very beneficial in down times, but more tests are necessary to understand the

extent of these results.

2.3 Enhanced Momentum Strategy (Strategy 3: EM)
2.3.1 Economic Motivation

Momentum strategies are one of the most studied anomalies in academia. At its core, it
explores the relationship between the worst performers in the market and the best performers.
Jegadeesh and Titman (1993) found that in the medium term (between 3 and 12 months), stocks

that have performed well in the past keep outperforming stocks that performed poorly. Jegadeesh

13
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and Titman (2001) discovered that this anomaly remained significant in the 90s. Finally, Barroso
and Santa-Clara (2015) also learned that between 1927 and 2011, momentum recorded a higher
Sharpe ratio compared with the three Fama and French risk factors.

Some behavioral models try to explain why the anomaly exists. Barberis et al. (1998)
explain that the root of the problem can be the underreaction to news in the short/medium term.
Alternatively, Hong et al. (2000) argue that the medium-term momentum effect may be because
the information about some firms is less diffused than in other firms, and it is in these firms where
momentum is more pronounced. Therefore, momentum strategies that focus on small firms are
more profitable. These two explanations seem to complement each other.

Despite all the evidence, there are doubts regarding the profitability of momentum
strategies. Hwang and Rubesam (2015) found that momentum premium vanished in the late 1990s,
an outcome delayed by the dot-com bubble. Daniel and Moskowitz (2016) also point out that while
momentum strategies perform strongly historically, in periods of high market volatility (e.g.
following a market crash), these strategies underperform. They explain that because momentum
strategies go long in past winners and short the losers, the long leg of the portfolio has a low beta,
while the short has a high beta. Therefore, when the market rebounds, the losers have higher
expected returns. As a result, momentum is prone to crash in these environments. Likewise, Stivers
and Sun (2010) and Wang and Xu (2015) discovered a negative correlation between momentum
returns and market volatility. Finally, Baltas and Kosowski (2020) claim that momentum strategies
have a signal too simple (either +1 or -1). Thus, one may be over-investing in highly volatile stocks
that barely show a price trend. Hence, if one can improve on these flaws, there's room to create a

robust strategy that can consistently beat the benchmark.

14
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2.3.2 Strategy
The strategy consists of a dual momentum strategy (it combines momentum and trend-
following strategies). It follows a similar methodology to Baltas and Kosowski (2020):

_ yNeong i Otgt i Nshort i, Otgt i
Tes _2i=1 W * = * T+ X W p *Tetr (7)

Where w/ is the individual weight of each stock at period t, orge IS the target level of

volatility, o} is the standard deviation forecast for stock i, in period t, and r/, ; is the monthly return
for that stock at the period t+1. The strategy return is the sum of the long and short positions. Unlike
the original paper, which uses the Newey and West (1987) t-statistics of the daily log returns from
the last 12 months as the individual weights, this strategy uses a risk-parity weighting scheme in
each leg of the portfolio. The weights are optimized so that each asset has the same Marginal

Contribution to Risk (MCR):

)

o

Where MCR; = MCR,=...= MCR;,andw;+ w, + ... +w; =1

Finally, the strategy also has a volatility filter based on the VIX index (commonly known
as the "fear index"). If the value is higher than 30, the market's future is very uncertain, and one
invests in the one-month US Treasury bills and earns the risk-free rate. Otherwise, it uses the
weights found above.

This strategy tries to solve the problems described in the previous section. The risk-parity
rule creates a continuous signal instead of a binary one. It also minimizes the exposure to the
riskiest assets, thus reducing the influence of these stocks. As for market crashes, the volatility

target should solve the problem. Hanauer and Windmiiller (2022) explain that “volatility scaling

15
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lowers the overall ex-post volatility (named volatility smoothing) and heightens strategy returns
due to negative correlation between volatility and returns (named volatility timing)”. Barroso and
Santa-Clara (2015) also found that momentum risk declines if one targets volatility. Finally, the
volatility filter avoids investing in periods of high volatility and uncertainty.

The data used to test the strategy encompasses the period between January 1997 and March
2022 and all the stocks with a Share Code of 10 or 11, listed at either the NYSE, the AMEX, or the
NASDARQ. The bottom quartile, in terms of size, was filtered, and the volatility target has a value
of 18%. All the data comes from the CRSP database, made available by WRDS.

For a more detailed description of the methodology, check the individual report.

2.3.3 Performance Overview

As this is a momentum strategy, it makes sense to use the momentum risk factor as the
benchmark. Additionally, it's useful to compare its performance with the market risk premium.

In Figure 3, one can see that both the market achieved significantly higher returns than the
strategy and the momentum factor. The strategy is relatively stable throughout the period, unlike
the momentum factor that crashed after the Great Financial Crisis of 2008 and is yet to recover.
Additionally, it’s possible to see that strategy’s performance has been improving lately, and,
although it never experiences extensive gains, it rarely suffers sizable losses. This is an
improvement to both the market and the momentum factor, which suffered a large crash after the

Great Financial Crisis.
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Figure 3: Enhanced Momentum Strategy Cumulative Returns

First Half Comparison Second Half Comparison Sample
Sample Comparison Sample (2008-2017)

Total Return 6.91% 42.73% 52.60%
Average Yearly Return 1.43% 7.50% 4.47%
Standard Deviation 4.37% 8.66% 6.88%
Sharpe Ratio 0.33 0.87 0.65

Excess Kurtosis -1.59 -1.00 0.59

Skewness 0.62 0.37 0.66

Best Month 3.86% 9.37% 9.37%
Worst Month -2.63% -5.78% -5.78%
Positive Months 41.67% 60.00% 50.83%
Maximum Drawdown -4.00% -8.41% -8.41%

Table 3: Enhanced Momentum Strategy Summary Statistics

Table 3 summarizes the performance statistics of the strategy for different periods of the
sample. Overall, it performed reasonably, reporting a Sharpe ratio of 0.65. The average annual
return for the whole period was 4.47%, with a standard deviation of 6.88%. In the best month, it

achieved a return of 9.37%, while in the worst, it registered a loss of 5.78%. In terms of risk
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management, it also did a good job. It significantly reduced the tail risk, and the largest drawdown
was 5.78%.

The performance in the first half was disappointing, with a Sharpe ratio of 0.33 and just
1.43% average annual returns, with a standard deviation of 4.73%. In the second half, the strategy
drastically improved (returns increased to 7.50% and standard deviation rose to 8.66%), reporting
a Sharpe ratio of 0.70 in this period. For a more in-depth analysis of both the Strategy and the two
risk factors, look at the individual report.

One last thing that is worth looking at is the results from the factor regression. After
regressing the strategy excess returns against the three Fama French factors, and against the
momentum factor, the Strategy achieved an Information Ratio of 1.05, and alpha returns of 0.6%
per month. By applying a sensitivity analysis, it is also possible to see that the strategy would
produce statistically significant returns as long as the average transaction costs for the whole period

were lower than 3.63%.

2.4 Market Timing Rotational Strategy (Strategy 4: Asset Switching)
2.4.1 Economic Motivation

The relationship between Gold and the Stock Market has been of interest to the financial
world for a long time. Baur and Kuck (2019) explored the role of Gold as a “safe haven” asset in
the market, finding evidence supporting this claim for most developed stock markets. Baur and
McDermott (2010) also found that Gold returns react fast to extreme negative changes in the
Market, suggesting the possibility of using Gold as a way to limit losses during these negative
periods.

Historically, Gold returns have shown promising results in periods of downturn in the Stock

Market. In the United States, during the 1973-74 bear market (the worst bear market since the Great
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Depression of 1929), while the Dow Jones Industrial Average (DJIA), a stock market index
composed of the 30 most prominent companies listed on the stock exchanges market, fell by 40%,
the Gold value increased by more than 50%. In 1987, the story repeated itself, with the US Stock
Market falling by 22.5% and Gold seeing an increase of almost 2% (Liston, 2012). This trend
seems to persist until recent history, where we see the Indian example (the largest market for gold
consumption), with Market Indexes dropping by 35%, and Gold ETFs rising by 69% during the
Subprime Mortgage Crisis of 2008-09, and the same behavior for the 2020 Covid-19 Crisis, where
the Market fell by 37% and Gold ETFs were up by 49.5%. Finally, the recent Inflationary Crisis
saw the Market fall by 12.7% against the rise of 10.6% in Gold ETFs. Conversely, in the 2014 bull
market, we saw the Market rising by 23.7% and Gold falling by 12.3% (Choudhary, 2022).
Naturally, this apparent correlation between the returns of the two is of high interest to

investors looking to hedge themselves during bear markets (Kuck, 2021).

2.4.2 Strategy

As proposed by Glenn (2014), one could try to take advantage of an existing persistent
negative correlation through a simple market timing algorithm that takes Maewal and Scalaton
(2011)’s idea of periodically switching positions between the two negatively correlated assets
based on their relative performance over a period immediately before the switch.

Unlike the original authors’ method of looking at the performance of the two assets and
going long on the one that has a higher return during the raking period, this strategy proposes the
Dual Moving Average Crossover as a market timing signal. This signal serves as a trend-following
strategy, in an attempt to identify if the movement of a said asset is being driven more by their
short-term behavior, or their long-term behavior. To apply this methodology to our pair of assets,

the strategy looks at the Price Ratio of VTI (Vanguard Total Stock Market Index Fund ETF) and
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GLD (Gold). Using this method, a buy and sell signal is triggered whenever the short-term and

long-term averages of the Price Ratio cross, and is generated in the following way:

Price Ratio; = VTI; / GLD; 9)
SMA30 > SMAI100: Buy VTI, Sell GLD (10)
SMA30 < SMA100: Buy GLD, Sell VTI (11)

Where Price Ratio  represents the ratio between the price of VTl and GLD at time t, SMA30
is the Simple 30-Day Moving Average used as a proxy for the short-time trend, and SMAZ100 is
the Simple 100-Day Moving Average used as a proxy for the long-term trend.

The persistence of the negative correlation between the two assets is crucial for the strategy
to be sound, as only under this assumption it makes sense to bet on an increase in the Price Ratio
being explained by a rise in VIT price and/or a drop in GLD price, and a decrease being explained
by a fall in VIT price and/or an increase in GLD price. As seen before, although both have shown
a recent upward long-term trend, empirical evidence and economic sense are largely in favor of
persistence of the negative correlation between the two.

This strategy was tested using daily data from Yahoo Finance for the period between
November 2004 and October 2022, and Transaction Costs are assumed to be 0. For more discussion
on the Transaction Costs, please refer to the report “A Market Timing Rotational Strategy based
on the Dual Moving Average Crossover — a Study on Gold and the Market”. All returns are
presented as excess returns, taking the Fama French Data from the Ken French data library, and
subtracting the corresponding risk-free rate from the strategy returns for each trading day.
Moreover, the daily returns were converted to monthly returns using compounded returns for each
month, so the strategy could be combined with other monthly strategies. Finally, both a long-only

and a long-short strategy were tested with the proposed strategy.

20



Group part

2.4.3 Performance Overview

To understand if the strategy does serve as a hedge against market crashes, let us take a
look at the cumulative returns of both the long-only strategy and the market itself, measured by the
Fama French data. The long-only strategy was chosen for this comparison as it is the one that
performs best between the two options. Figure 4 shows these cumulative returns.

In the Figure, it is possible to see that the strategy consistently beats the market in the
sample, with its cumulative returns being superior to those of the market ever since it first crossed
above it in 2006.

Notably, it can be seen that during the beginning of the Great Financial Crisis (2007-2009),
the Asset Switching strategy yielded increasing cumulative returns, against the declining returns
of the market. It is only at the end of this crisis that the strategy drops and converges with the
market. From 2009 onwards, we see a steady increase in the gap between the strategy’s and the
market’s cumulative returns, until finally from 2018 onwards we see a tightening of this gap and
the outperformance becoming minimal.

One final thing to note is the reaction of the strategy to the severe market crashes in 2019

and 2020, where we see the market falling almost twice as much as the Asset Switching strategy.
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Cumulative Returns: Long-Only Strategy vs Market Portfolio

—— Long-Only Strategy
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Figure 4: Asset Switching Strategy Cumulative Returns

Table 4 presents the performance statistics of the Asset Switching strategy for the different
halves of the sample, as well as for its full comparison sample.

Overall, it can be seen that the strategy’s performance lives and dies by the period that is
being analyzed. Over the full comparison sample, it reports a mediocre Sharpe ratio of 0.44, mostly
due to the large annualized standard deviation of 18.58% when compared to an annualized return
of 8.19%. On its best month, the strategy yielded a return of 12.57%, a polar opposite of its worst
month of -30.41% return. This behavior is experienced in every period analyzed, which translates
into the large standard deviations present in the table below. It can also be seen that the strategy
significantly reduces tail risk, as it reports a kurtosis of around half of that of the market (5.72
against 11.32). Its largest drawdown was -57.23%.

When comparing the two halves of the comparison sample, though, we can see an
overperformance of the second half when compared to the first half of the sample. With a standard

deviation of less than half of the first half of the sample (11.22% compared to 23.88%) and a similar
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annualized return of 8.16% and 8.22%, respectively, the second half of the comparison sample
produces a Sharpe ratio of more than double the first half (0.73 against 0.34). The second half of
the sample also reduces tail risk even further, reporting a kurtosis of -2.15.

Additionally, we see that although the second half’s best month has a slighter lower return
than the first half, 10.93% and 12.57% respectively, its worst month is a lot smoother, reporting
justa-7.65% loss when compared to the -30.41% of the first half. Finally, we see that the Maximum
Drawdown, that is, how far the strategy has fallen from its best point in history, is also worse in
this half of the sample, as it reports a Maximum Drawdown of -57.23%, while the second half of

the sample reports just an -18.51% Maximum Drawdown.

First Half Comparison Second Half Comparison Sample
Sample Comparison Sample (2008-2017)

Total Return 29.45% 45.68% 88.59%
Average Yearly Return 8.22% 8.16% 8.19%
Standard Deviation 23.88% 11.22% 18.58%
Sharpe Ratio 0.34 0.73 0.44
Excess Kurtosis 2.82 -2.15 5.72
Skewness -1.58 0.14 -1.61
Best Month 12.57% 10.93% 12.57%
Worst Month -30.41% -7.65% -30.41%
Positive Months 63.33% 63.33% 63.33%
Maximum Drawdown -57.23% -18.51% -57.23%

Table 4: Asset Switching Strategy Comparison Sample Summary Statistics
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3. Combined Strategy

Following the analysis of the individual investment strategies, the goal in this section is to
use the strategies in unison, rather than individually, to further optimize the return performance to
investors. Specifically, the performances will be evaluated on the basis of the Sharpe ratio. As
evident in the analysis of the individual strategies, there are significant differences in return and
risk profiles between the various investment schemes. Using the Sharpe ratio as the key
performance metric, various combinations and allocations between the individual strategies will be
constructed and evaluated in which the returns from each strategy will serve as individual assets.
Ultimately, we aim to find a portfolio that performs better than the strategies individually within

the sample time horizon and will also be evaluated against an out-of-sample period.

3.1 Strategies Summary

There are fundamental differences in the performance statistics of the individual strategies
developed and described in the previous section 2. The following table 5 highlights these
differences. It also includes the SPY and AGG ETFs as references to the performance of the S&P

500 and U.S. Aggregate Bond respectively in the sample period between January 2008 and

December 2017.

Strategy 1 Strategy 2 Strategy 3 Strategy 4 SPY AGG
Total Return  -12.86% 17.09% 52.60% 88.59% 125.00% 47.03%
Annual 3.13% 2.93% 4.47% 8.19% 9.30% 3.94%
Return
Standard 32.19% 15.89% 6.88% 18.58% 15.18% 3.98%
Deviation
Sharpe Ratio 0.10 0.18 0.65 0.44 0.61 0.99
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Strategy 1 Strategy 2 Strategy 3 Strategy 4 SPY AGG
Excess 3.67 14.98 0.59 5.72 -1.37 2.63
Kurtosis
Skewness 2.49 -1.90 0.66 -1.61 -0.69 1.02
Best Month 41.19% 19.42% 9.37% 12.57% 11.49% 6.28%
Worst Month ~ -8.75% -28.08% 5.78% -30.41 -16.04% 2.57%
Positive 31.67% 58.33% 50.83% 63.33% 62.5% 62.5%
Month
Mabximum 9327%  -51.97% 841%  -57.23%  -46.32% -4.41%
Drawdown

Table 5: Individual Strategy and Reference Index Summary Statistics (2008-2017)

When comparing the strategies, there appear to be two distinct groups in which they may be
grouped.

As evident in table 5, although strategy 4 has almost double the return of strategy 3, strategy
3 has a better Sharpe ratio of 0.65 over 0.44 for strategy 4. This is because strategy 4 has more than
double the standard deviation. Hence, although strategy 4 appears to perform better when
considering total return and annual return, on a risk-adjusted basis, that is considering the Sharpe
ratio, strategy 3 is superior. Specifically, because for every unit of volatility exposed to, investors
receive more return. Nevertheless, given that both strategies generate yearly positive returns with
Sharpe ratios close to or above 0.5 they will be in the group of strategies that contribute consistent
returns throughout the sample period.

Contrastingly, strategy 1 and 2 both have a Sharpe ratio of around 0 due to low annual
return. Even though strategy 1 has a slightly positive average yearly return, the extremely high
standard deviation of 31.19% indicates that investors are not compensated for the amount of risk
they are exposed to, thus leading to the Sharpe ratio of just 0.1. Likewise, strategy 2 has a

marginally lower annual return but is coupled with a reduced but still significant level of standard
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deviation of 14.46%. Consequently, the Sharpe ratio of strategy 2 is also close to 0. Given that
both strategy 1 and 2 have annual returns close to 0% and low Sharpe ratios, they constitute the
second group that contributes sporadic returns in the portfolio.

Considering the two reference indexes, the SPY as the market index and AGG as an index
for fixed income securities, they both have better Sharpe ratios than all but one of the four
constructed strategies. Strategy 3 has a better risk-adjusted return than the SPY due to the lower
annual returns but a significantly reduced standard deviation. Also noteworthy is the performance
of the AGG index. The fixed-income ETF unsurprisingly generates lower returns than the equity-
based strategies or an equity index with an annualized return of 3.94%. However, it also has a
significantly reduced standard deviation of only 3.98%. Thus, from the perspective of maximizing
the Sharpe ratio, from the six possibilities presented, The AGG has the best risk-adjusted
performance to offer to investors over the 2008-2017 period.

However, it needs to be noted that the SPY and the AGG are well diversified indexes unlike
the four strategies considered as individual assets here. For that reason, owing to the differences
between the strategies, combinations between them within a single portfolio should lead to
significantly better returns, ascertained through improvements in the Sharpe ratio.

This builds on the fundamental work of Markowitz (1952) who set the framework with his
Modern Portfolio Theory for investors to achieve similar returns with lower volatility by mixing
uncorrelated assets in a diversified portfolio. The implications of Markowitz can not be understated
as Dalio (2018) put it: “That simple chart [diversification] struck me with the same force I imagine
Einstein must have felt when he discovered E=mc?... I could dramatically reduce my risks without
reducing my expected returns... | called it the "Holy Grail of Investing" because it showed the path

to making a fortune.”.
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As a consequence, the framework of Markowitz (1952) will serve as a guiding principle for

optimizing the initial four strategies and constructing a better-performing portfolio which will also

serve as a benchmark for other allocation methods.

3.2 Correlation

Table 6 shows the correlation matrix of the 4 individual strategies in the period between

2008-2017. The maximum value is only 0.032, and the minimum value is -0.15, which means

that neither strategy has a high degree of correlation with the other.

-10

Strategy 1 - £.021 40.015
-08

Strategy 2 -REINIS 0.032 015 -0e
0.4
Strategy 3 SIRNL] 0032 1 0.073
02

Strategy 4 0.0

i
Strategy 1  Strategy 2 Strategy 3 Strategy 4

Table 6: Correlation Matrix (2008-2017)

3.3 Portfolio Optimization

Portfolio optimization will follow the methodology created by Markowitz (1952), also

known as Modern Portfolio Theory. This model aims to maximize portfolio expected returns for a

given level of risk. As lyiola et al. (2012) explain, "The fundamental concept behind the MPT is

that assets in an investment portfolio should not be selected individually, each on their own merits.

Rather, it is important to consider how each asset changes in price relative to how every other

asset in the portfolio changes in price".
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The great advantage of using this model is that it incorporates the concept of diversification
and its benefits (“the only free lunch in Finance"). By combining the four strategies, we can expect
returns to increase without taking extra risks because, as one can see in Table 6, the 4 strategies are
uncorrelated.

Nevertheless, the model has some flaws that cannot be overlooked. To find the optimal
portfolio, expected returns and standard deviations are forecasted. Given the complexity of this
task, the most viable and used option is to use historical data. This comes with some risks. By doing
it, we assume that the past will replicate in the future, which rarely happens. Similarly, this theory
also assumes that the correlation matrix will remain constant in the future. It is a wrong assumption,
even more in periods of high market turmoil, where the correlation between assets tends to increase.
These issues often end in overfitting, with the solution to the problem only working for the time
frame where the analysis was done. To avoid misleading results, we divided the sample into two
periods: a training period and a testing period.

The former includes the years from 2008 to 2017 and it is where the optimal weights are
calculated. To find them, we first simulated 5000 random weight allocations and found the two
portfolios that return the higher Sharpe ratio and the minimum variance. From there the efficient
frontier is generated by fitting all these points to a single line, and the capital market line is created
by using the risk-free rate and the market portfolio. The intersection between these two is the
tangency portfolio that we are looking for. In Figure 5 it’s possible to see its graphical

representation.
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Mean-Standard Deviation Diagram
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Figure 5: Tangency Portfolio

The resulting portfolio has the following composition:

Strategy 1 Strategy 2 Strategy 3 Strategy 4
Sharpe Ratio
(2008-2017) 0.10 0.18 0.65 0.44
Weight 2.54% 9.68% 66.87% 20.91%

Table 7: Tangency Portfolio Weights (2008-2017)

One can see that Strategy 3 and Strategy 4 make up almost 90% of the composition of the
Tangency Portfolio. As explained in the previous section, they are the two strategies that can be
seen as consistent throughout the sample period while the other two strategies have more sporadic
returns. The Sharpe ratios for the period complement this.

For the remaining sample (2018 to 2021), we will use these weights and find whether our

combined strategy can produce robust returns in a non-controlled environment. It will answer the
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question of whether we overfitted our data. The results for both periods are available in the

following Performance Overview section.

4. Performance Overview

After combining all the individual strategies in a single portfolio that it's optimal for the
period between 2008 and 2017, in this section, it will be possible to analyze the summary statistics
for that period but also the remaining four years of the sample. Additionally, we will compare our
portfolio performance to other relevant portfolio allocations and assets.

First, we will compare it to a 60/40 portfolio. It is one of the most conventional investments
available. To create it, one needs to invest 60% in equity and 40% in bonds. The advantage of using
it is its simplicity; however, it is a very conservative allocation of capital, and in the long-term it
usually underperforms relative to other strategies that have a higher share of equity. To build it, we
will use the SPY ETF as equity portion, and the AGG ETF, as fixed income portion.

It's also useful to compare the tangency portfolio to other weight distributions, like equal
weighting and risk-parity weighting. In the equal-weighted portfolio, each one of the strategies has
the same weight. As for the latter, each weight is optimized so that each strategy contributes the
same risk to the overall portfolio risk (the Marginal Contribution to Risk of every strategy is the
same). For the training period, the tangency portfolio should perform better than these two, given
that it is the optimal distribution of weights for that period, however, it will be interesting to
compare the results out of the sample and check whether our portfolio is still able to overperform
them.

Finally, the AGG and SPY ETFs will also serve as benchmarks against the tangency

portfolio.
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4.1 In-sample
The in-sample period includes the time frame between 2008 and 2017. Figure 6 shows the

cumulative returns of the tangency portfolio and the three other portfolios that serve as a
benchmark.

1o Cummulative Returns

—— Equal-Weighted Portfolio
Tengency Portfolic

12 Risk-Parity Portfolio

—— 60/40 Portfolio

10

08

06

04

02

Cummulative Return (%)

2008 2009 2010 2011 2012 2013 2014 2015 2016 2017 2016

Date

Figure 6: Training Period (2008-2017) Cumulative Returns

One can see that the 60/40 portfolio was the one that achieved more returns, with the other
three earning similar profits. The tangency portfolio seems to be a stable investment, consistently
attaining small gains and avoiding significant losses. The risk-parity and the equal-weighted
portfolios have a similar pattern. They both peaked around 2012, and after that, they became
obsolete. This is more drastic with the equal-weighted portfolio, which lost more than half of the
cumulative returns in the last six years of the period. The reason for this sudden break is found in
the performance of Strategy 1.

The strategy also peaked around 2012 and collapsed in the following years. Unlike the

tangency portfolio, these two different weighting schemes give higher importance to this strategy.
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Finally, the 60/40 portfolio crashed during the Great Financial Crisis but enjoyed significant growth
in the remaining sample.

Table 8 confirms these comments. The three portfolios that combine the four strategies
obtain very similar returns, however, with different levels of risk. The tangency portfolio is the one
that reports the best results, with a Sharpe ratio of 0.86, versus 0.48 for the equal weights and 0.74
for the risk-parity portfolio. As for the 60/40 portfolio, although it is the one that achieves the
highest total return in the period, these returns come at the expense of higher risk. In the end, the
portfolio reached a Sharpe ratio of 0.77, which is lower than the tangency portfolio. Finally,
compared with the two ETFs, the tangency portfolio positions right in the middle. It performed
significantly better than the SPY (Sharpe ratio of 0.61), however, it performed worse than the AGG
(Sharpe ratio of 0.99).

In terms of risk management, our strategy also performed well. The worst loss was only
4.57% and the maximum drawdown was 10.84%. Likewise, tail risk is controlled (excess kurtosis
of -1.96), and as was discussed before, it is consistent in obtaining small gains (60% of the months
the strategy got positive returns). These results confirm the benefits of diversification. Although
neither strategy performed particularly well in the period (highest Sharpe ratio of 0.65 and average
of 0.34), the combined strategy still reported a reasonable Sharpe ratio that is considerably higher

than all four strategies.

Tangency Equal

Portfolio Weights 60/40 Risk Parity SPY AGG
Total Return  62.91% 52.53% 95.42% 57.14% 125.00% 47.03%
Average 5.06% 4.68% 7.15% 4.73% 9.30% 3.94%
Return
Standard 5.91% 9.72% 9.32% 6.40% 15.18% 3.98%
Deviation
Sharpe Ratio 0.86 0.48 0.77 0.74 0.61 0.99
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Tangency Equal . .

Portfolio Weights Risk Parity AGG
Excess
KUTtosis -1.96 4.15 2.63
Skewness 0.2 2.31 1.02
Best Month 6.68% 14.18% 6.28%
Worst Month -4.57% -4.42% -2.57%
Positive 60.00% 44.17% 62.50%
Month
Maximum -10.84% -36.94% -4.41%
Drawdown

Table 8: Training Period (2008-2017) Summary Statistics

4.2 Out-of-sample

It's possible to see in Figure 7 that one more time it is the 60/40 portfolio that generates

higher returns. It starts slow again, but in the second half, it grows at an impressive rate, which is

not surprising given the strong performance of equity instruments after the Covid-19 market crash.

The almost equal trajectory of the equal-weighted and risk-parity portfolios also seems to imply

that in this period, the four strategies had risk profiles very similar which resulted in very similar

weights in the risk-parity strategy.

Finally, the tangency portfolio had a strong performance in most of the sample period,

except in 2020. This can be explained by the bad performance of Strategy 3 in this period, which

is aggravated by the large weight that this strategy has in the overall portfolio. Nevertheless, it still

achieved larger profits than the two other weighting schemes and was more stable than the 60/40

portfolio.
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Figure 7: Testing Period (2018-2021) Cumulative Returns

Table 9 gives substance to these comments. First, the performance of the equal-weighted
and the risk-parity portfolios are identical (Sharpe ratio of 0.75 vs 0.76), with the former achieving
slightly more returns, at the expense of a little more risk. Second, despite the disappointing
performance in 2020, the tangency portfolio still achieved the highest Sharpe ratio (1.24) of all the
instruments that make the benchmark, even after including the two ETFs. It also did a good job in
terms of risk management. The excess kurtosis was -2.25, the largest loss was only -4.26%, and
the maximum drawdown was 7.77%. Again, it also achieved positive returns in most of the months
(62.79%), which reinforces the idea that this portfolio, although incapable of generating large gains
in a single month, slowly accumulates significant returns over time. Finally, one can see that despite
reporting almost more than 4% annual returns than our strategy, the 60/40 portfolio also takes much

more risk (10.64% vs 6.72%) and is much more prone to crashes.
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Tangency

Equal

Portfolio Weights 60/40 Risk Parity SPY AGG
Total Return  33.45% 14.38% 58.32% 12.61% 91.06% 14.90%
é"erage 8.30% 3.88% 12.1% 3.42% 17.80% 3.54%
eturn
Standard 6.72% 5.15% 10.64% 4.51% 17.49% 3.54%
Deviation
Sharpe Ratio 1.24 0.75 1.14 0.76 1.02 1.0
Excess. 2,25 -1.96 -1.83 -1.30 -2.02 -3.28
urtosis
Skewness 0.04 -0.53 -0.40 -0.14 -0.53 0.48
Best Month 5.63% 3.67% 8.70% 3.74% 13.36% 2.78%
Worst Month ~ -4.26% -3.57% -8.01% -3.42% -13.0% -1.68%
F,\’/‘I’j:t'i:’ € 62.79% 69.77% 72.92% 60.47% 72.92% 52.08%
Maximum 777% -8.90% -11.87% 7.07% -19.89% -3.54%
Drawdown

Table 9: Testing Period (2018-2021) Summary Statistics

One interesting takeaway from this analysis is that instead of performing worse in this

period, as one would expect, the tangency portfolio actually increased its Sharpe ratio, despite its

weights being optimized for another period. By looking at Table 10, it's possible to understand

why. Strategy three and four increased their Sharpe Ratio in this period significantly, compared

with the first ten years, and although Strategy 2 suffered a dramatic decrease (0.20 to -0.90), it only

accounts for around 10% of the total weight of the portfolio. Likewise, the decrease in the Sharpe

ratio for strategy 1 is negligible due to the low weight in the tangency portfolio of only 2.54%.

Strategy 1

Strategy 2

Strategy 3

Strategy 4

Sharpe Ratio
(2008-2017)

0.10

0.18

0.65

0.44
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Strategy 1 Strategy 2 Strategy 3 Strategy 4
Sharpe Ratio
(2018-2021) -0.06 -1.06 0.82 1.17
Tangency Portfolio 2 54% 9.68% 66.87% 20.91%

Weight

Table 10: Sharpe Ratio Comparison between the two Periods

5. Regression

Differences in returns may be attributed to different exposure to risk factors. To account
for such differences a time-series regression following the Capital Asset Pricing Model (CAPM)
by Black et. al (1972) will be considered. Through the following regression, the exposure of the

monthly tangency portfolio returns r, to market risk 7 pc—ry may be evaluated:

CAPM: 1. = a+ B * Tt mke—ry (12)

In addition, a regression using the three Fama-French Factors (FF3) (Fama and French
1993) was also run. The additional risk factors may help in explaining the returns of stocks beyond
just the single factor of market risk, as Fama and French (1993) show that value (HML) and size
(SMB) of an equity asset contribute significantly to returns. Hence the regression using the FF3 is

an extension of the original CAPM and is as follows:

FF3:1;; = a; + BirmrrTerRMrF T+ BismpTt,sme + BipmiTenmr + €t (13)

The factor outputs of the two models are shown in table 11. The CAPM regression suggests that

throughout the whole sample, the tangency portfolio yields a monthly excess return of 0.41%, as

evident through the «. Similar monthly returns are achieved in the first and second half.
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CAPM Qoonzorry Pt Halrsample SR O e
o 0.0041** 0.0036 0.0044* 0.0075**
Mkt-Rf 0.0145 0.0077 0.0344 -0.0457
N 120 60 60 43

R’ 0.001 0.001 0.003 0.017
FF3

o 0.0037** 0.0036 0.0041* 0.0074**
Mkt-Rf 0.0718* 0.0765 0.0540 0.0014
SMB -0.0719 -0.0944 -0.0476 -0.2931***
HML -0.2170*** -0.2082*** -0.2378** 0.0169

N 120 60 60 43

R’ 0.128 0.137 0.120 0.192

Notes: *, **, ** significant at 10, 5 and 1 percent levels respectively.

Table 11: CAPM & FF3 Model Regression with Monthly Tangency Portfolio

In addition, as shown by the Mkt-Rf coefficient of 0.0145 for the whole sample, the strategy
is only very weakly exposed to market risk and is consistent throughout the first and second half
of the sample. However, it needs to be pointed out that this factor coefficient is not statistically
significant. Moreover, the R?, the extent to which the variance in the model is explained by the
implemented factors, is also very low at just 0.001. As a consequence, although the excess return
explained by the model is statistically significant, the FF3 implementation might provide more
meaningful insights.

The regression with the additional FF3 factors confirms the initial observation regarding
the monthly excess return achieved by the tangency portfolio for the whole sample period. Again,
the « indicates a monthly excess return of close to 0.4%. Furthermore, the FF3 model also finds

very weak exposure of the combined portfolio to market risk with a coefficient of 0.0718. For
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SMB, there is a small, statistically insignificant, negative correlation of -0.0719 over the full sample
period. This negative risk factor suggests that the portfolio is ever so slightly biased toward bigger
companies. Lastly, the model also shows a significant negative exposure to the HML factor. The
coefficient of -0.2170 implies that the portfolio favors growth stocks. The coefficients for the first
and second half of the sample period are virtually identical to the whole sample. Hence, there
appears to be no variation in the risk factor exposure. Also, all the factor coefficients described
from the FF3 are statistically significant, with the exception of the SMB factors. Likewise, the R’
of the model is also higher compared to its CAPM counterpart with a value of 0.128, making it
better a predictor of the variance in returns explained by the model.

All in all, The FF3 regression suggests that the tangency portfolio has no significant
exposure to market risk. Furthermore, there is also no relevant correlation with size risk factors.
However, there is a statistically significant exposure to growth stocks in the model which explains

a small portion of the returns.

6. Limitations

There are some limitations to the analysis conducted in this paper. First and foremost, there
are discrepancies in the way of incorporating transaction costs into the individual strategies which
all require frequent rebalancing. As a consequence, the returns reflected between the individual
strategies might be distorted according to the accuracy of how well implicit and explicit transaction
costs are accounted for. Since the returns of the individual strategies contribute to the combined
portfolios, the feasibility of carrying out those portfolios and their returns is also not certain. Only
the reference indexes SPY and AGG in this paper truly reflect real net returns since they require

no rebalancing.
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Another limitation of this work project is the short time horizon considered for the strategies
and subsequent analysis. Although the individual strategies contain larger sample periods, the
comparison period and portfolio construction out of the strategies is limited to overlap in return
periods and thus potentially not representative of long-term market conditions. Given that we find
optimized portfolios from the returns of the individual strategies in a time period that contains two
significant financial crises (GFC, Covid) a longer time horizon would have been preferred to draw

more representative conclusions about the performance of the portfolios.

7. Conclusion

Quantitative investment strategies revolve around eliminating human bias to maximize
profit. This can be traced to how a part of the returns available in the market stem from investor
behavior. Although the results of the group portfolio are not indicative of future returns, the
optimized portfolio constructed from each individual strategy offers a diverse strategy that
outperforms the market on average. The tangency portfolio of our combined strategies performs
reasonably well in-sample compared to other portfolios as well as different benchmarks.
Surprisingly, the portfolio manages to perform better out of the sample period even if its weights
were constructed for a different period. Adequate risk management and low exposure to the market
help explain this result with the portfolio maintaining relatively low volatility over the full sample
period.

Additionally, the portfolio’s comparatively low drawdown and steady returns help shield
potential investors against uneasy market conditions. Specifically, the portfolio’s resilience to
market crashes can be explained by the weights attributed to each strategy. These weights allow
the portfolio to be adequately invested in each strategy based on how one performed during the

training period from 2008 to 2017.
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Group part

Finally, after a sound analysis of the strategy, we show that the strategy is implementable
considering other factors. Namely, combining four separate strategies does complicate
streamlining transaction costs and liquidity estimations as each strategy invests in different asset
classes with different sizes. Ultimately, we believe our analysis managed to resolve some

limitations of each individual strategy and generate a more consistent strategy.
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1. Introduction

Financial market anomalies have been a heavily discussed topic in academia for decades.
They can be defined as cross-sectional and time series patterns in asset returns that are not predicted
by a central paradigm (Keim 2008).

Financial market anomalies are typically discovered through empirical tests that rely on a
joint null hypothesis, namely that security markets are informationally efficient, and returns follow
a pre-specified equilibrium model (for example, the capital asset pricing model, CAPM). If the
joint hypothesis is rejected, the rejection cannot be attributed to either branch of the hypothesis.
Therefore, even though anomalies are frequently seen as proof of market inefficiency, drawing that
conclusion is unwise because the rejection could be the result of a flawed equilibrium model. Some
claim that after financial anomalies are discovered by researchers, their scale generally decreases
as investors try to take advantage of the return patterns or because their discovery was just a sample-
specific aberration. Some of the discoveries detailed below (such the weekend impact) have seen
this change, but the majority of the anomalies are still present. Since so many of these patterns have
persisted for years, it is possible that they may not represent signs of market inefficiency. Instead,
our benchmark models might provide incomplete accounts of the emergence of equilibrium prices.

In theory, once research explains the reason behind these anomalies, their returns should be
absorbed by profit seeking investors. Many anomalies persist even after relevant research explains
the source of its returns. Two of the most resilient anomalies in the financial market are value and
momentum. Both value and momentum strategies have been shown to be effective in generating
returns for investors. For example, a study by Fama and French (1998) found that a portfolio of
value stocks outperformed the market by 3.5% per year, while a study by Jegadeesh and Titman

(1993) found that a momentum portfolio generated returns of 2.5% per year above the market.
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Jegadeesh and Titman (1993) first document the momentum anomaly after it has been
theorized by Levy (1967) 26 years prior. Momentum is defined as the effect that stocks with higher
past returns tend to outperform those with low past returns.

In their paper, Fama and French (1992) found that size and value measures capture the
cross-sectional variation in average stock returns. This meant that stocks with larger market equity
(Share price times number of shares outstanding) were outperforming stocks with lower market
equity. Inversely, higher value stocks (namely stocks with higher Book-to-market ratio)
outperformed their low value counterparts. Fama and French also explored the interaction between
size and value and found a negative correlation between the two. The conclusion drawn was that
part of the reason behind the size effect was that stocks with low market equity tend to have high
book-to-market ratios, and part of the value effect can be explained by how high book-to-market
stocks tend to have low market equity.

A more recent paper, which tackles the subject of value and momentum directly, is Value
and Momentum Everywhere by Asness, Moskowitz and Pedersen (2013). Critically acclaimed for
their findings regarding return premia to value and momentum strategies across asset classes and
global markets, the paper challenged the equity-only consensus on these strategies and suggests for
a more general framework.

Asness and Frazzini (2013) in their paper The Devil is in HML's Details have tried three
different values measure construction techniques. They have demonstrated that typical methods of
calculating values measures (i.e., using lagged prices to update the portfolio once a year), although
reasonable, was not the best possible choice. Results show that using more recent market values in
constructing the value factor decreases the negative correlation between value and momentum and
the value premium. Their paper puts forward new ways of forming value measures that prove far

superior in terms of returns especially when combined with momentum.
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Finally, Fisher, Shah and Titman (2014) have discussed how different portfolio
implementation techniques for value and momentum strategies affect performance. Their results
show that simultaneously incorporating value and momentum in an investment strategy
outperforms independently combining value and momentum. This implementation methodology
ensued lower transaction costs and managed to best make use of the fast-moving momentum signal
and the slower-moving value signal.

This paper aims to discover more about market anomalies and how their different
combinations affect returns of different systematic strategies. Here, the focus is on equity market
strategies, namely value and momentum and how different implementations of the strategy affects
its returns. The paper compiles multiple relevant research outputs to build a new value and
momentum strategy. We theorize that this way of combining both measures should perform better
than commonly used methodologies. Adequate analysis is performed on multiple portfolios formed
in different manners to verify this theory.

Finally, while the methodology will be based on different research, it will be personalized
and different from them. The goal is not to reproduce them, but rather to experiment some of their
thinking. The remainder of this paper proceeds as follows. The data sources and methodology used
to create our portfolios are described in the next section. The strategy’s construction and
implementation are described in more detail in the third section. The fourth section presents a
performance and statistical analysis of the results for portfolios formed in different sub-samples.

The conclusion and discussion of the study’s findings are presented in the final section.

2. Data and Methodology
Following the research objectives, the investment universe was defined as the Russel 1000

index which represents the top 1000 US equities by market capitalization. The idea behind the
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focus on large capitalization stocks listed on the index is to limit the universe to a liquid set of
securities with relatively low transaction costs. Additionally, minimizing trading costs and
maximizing liquidity provides conservative implementable trading strategies which helps test the
viability of the strategy.
2.1 Data collection

The starting sample for this study includes members of the Russel 1000 index during a
period of January 2002 to December 2021. Information on stock price, market capitalization and
book value per share are taken from the Bloomberg database. Initial data analysis shows that book
value per share is updated irregularly. On average every two months and up to 5-6 months
maximum. Data is the lagged accordingly. Then, data is cured and rearranged to fit the same format.
Book value per share and market capitalization are resampled monthly while monthly returns are
calculated based on daily stock prices.
2.2 Methodology

The value factor is constructed as book value per share divided by current price (updated
monthly). Updating prices monthly in the construction of the value factor was proven by Asness
and Frazzini (2013) to provide advantageous returns and reduce the negative correlation
between value and momentum. To minimize any look-ahead bias and ensure data availability,
book value per share is lagged by one year. Contrary to Asness and Frazzini (2013), book value
is also updated monthly as opposed to aligning it to the fiscal year end. The values factor is

subsequently calculated as follows:

bm]" ™M"Y = log ( B,/P,)
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Where B; refers to the book value per share at time t and P; to the price at time t for each
stock in the universe. The book to market ratio is further logged to reduce skewness and insure
a normal distribution of the ratio.

For momentum, even though Novy-Marx (2012) demonstrates that the previous 2-to-12-
month return is a stronger predictor of momentum in U.S. equities than the past 7-to-12-month
return, the advantage is considered negligible. Therefore, in keeping with status quo, momentum
is defined as the return over the previous 12 months, omitting the most recent month.

In their paper, Asness, Moskowitz, and Pedersen (2013) construct a zero cost long-short
value and momentum portfolio. In building their strategy, they weight each security in proportion
to their cross-sectional rank based on the signal (Value or Momentum) minus the cross-sectional
average rank of the signal. A 50/50 equal combination portfolio was then formed that assembled
50% of the returns of the value strategy and 50% of the returns of the momentum strategy. This
dollar neutral strategy was designed to assess the efficacy of value and momentum across markets.

Fisher, Shah, and Titman (2014) used a similar theory but rather ranked the signal instead
of the weight. For each of the two factors, every security in the universe is given a score based on
market capitalization. The score of a stock shows the proportion of the total market value of stocks
that have similar or lower defining factor.

More specifically, each month, stocks are given a score which is equal to the sum of market
capitalization of stocks with an equal or a lower factor as a percentage of the total market of all

stocks in the universe. The next equation outlines the score calculation:

Ycap, ; < f(j ..
Score(x) = X =TG) x 100, for each j in row
X Cap row
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Where row is the list of available stock in the universe for a given month with x the
selected stock to score and j is every other stock (x # y). Cap refers to the market capitalization
of a given security and the function f(x) returns the factor of stock x (value or momentum

factors). All securities in the universe are then scored based on the previous function.

3. Strategy Overview

Four signals are constructed based on scoring system stated earlier. A value-only signal,
momentum-only signal, and two other signals based on Combining Value and Momentum by
Fisher, Shah, and Titman (2014) detailed later. The value and momentum signal go long (1) or

short (-1) a stock based on their corresponding score, namely

Score(bm"™"™) and Score(MOM,_,,). Stocks are then value-weighted and placed into
subsequent value and momentum strategies. A resulting portfolio, named 70/30 is then formed that
is invested 70% into the value strategy and 30% into the momentum strategy.

At the beginning of each month, portfolios are rebalanced by buying and selling the best
and worst performing stocks. To avoid reselling the same stock soon after its purchase, the signal
only goes long stocks that are not already in the portfolio.

In their paper, Fisher, Shah, and Titman (2014) buy and sell thresholds are defined in a
fixed way to enable investors to target a specified portion of the total capitalization of the universe
with high scores and high predicted returns. The approach does introduce some route dependence
where stocks barely under or over threshold will never be purchased or sold. This paper aims to
solve this problem by defining variable buy and sell thresholds as a function of available securities
in the universe. For example, instead of buying stocks with scores higher than the threshold, this

method buys the top 10% of stocks with the highest scores in the universe.
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The third signal formed is calculated as the average of the value and momentum scores for
each for each security in the universe. Similarly, stocks are weighted according to value and added
to the resultant portfolio named Avg V/M.

Fourth and last signal is formed in a different way than the previous one. Only when both
value and momentum scores are favorable are stocks purchased, and only when both traits are
unfavorable are stocks sold. Additionally, the signals are not weighted evenly by this strategy. The
strategy, noted V|M going forward, places more emphasis on value since the momentum signal
decays considerably more quickly. Consequently, this method of introducing momentum exposure
to a portfolio allegedly minimizes portfolio turnover since momentum is necessary to launch trades

but never acts alone to initiate a transaction.

4. Performance Analysis

The analysis of the strategy will consist of three sections, one where we compare the
strategy against the portfolios formed for that purpose (i.e., the 70/30 portfolio and the Avg V/M
portfolio) and a second where we compare the strategy to a market benchmark (Russel 1000 index).
A final third section will present a regression analysis that will denote the strategy’s exposure to
different factors. All parts will be conducted in and out of sample to offer a detailed view of how
the strategy performed over different time periods. Namely, each sub-sample will show the reaction
of the strategy to the two main market crashes within full-sample period (2008 Financial Market
Crash and the Covid-19 Pandemic Crash of 2020). Comparing the strategy against other value and
momentum construction techniques will assess the benefits or drawbacks of this methodology. On
the other hand, comparing the strategy to the Russel 1000 index is worthwhile in that it shows us
how the strategy performed against the market.

4.1 Strategy Comparison
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In Figure 1, which shows the cumulative returns over the full sample, the difference in
returns between each strategy are outlined clearly. The Value|M strategy performs best up until the
near end of sample with Avg V/M performing worst and the 70/30 following the same shape. The
Value|M strategy manages to perform especially well during the Financial Stock Market crash of

2008 with the other strategies plummeting.

— 70/30
1.0 - Avg VM
— Value | M

0.5 1

0.0 +

_0.5 -

Cumulative Returns

—=1.0

T T T T
2004 2009 2014 2019
Date

Figure 1: Full Sample Cumulative Returns

The Value|M strategy generates a totalt return over the sample of 17.66% with an average
yearly return of 1.69%. Even with this, the strategy ultimately has a lower sharpe ratio than it 70/30
counterpart. This can be attributed to its relatively high standard deviation of 12.88%. Although,
the overall returns of the strategy are subpar, further analysis of each sub-sample should shine a
light on reason behind its performance.

Table 1 summarizes the strategy’s most relevant performance measures for the strategy
with more details, including the other strategies both in and out of sample, available in the

appendix.
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Total Average Volatility a_rpe Skewness Kurtosis Max
returns return ratio Drawdown
Full Period 17.66% 1.69% 12.88% 0.13 18.2 -1.81 -168.6%
First Half of
Sample 53.57% 5.33% 16.38% 0.33 11.43 -1.72 -148.64%
Period
Second Half
of Sample -24.12%  -2.57% 6.05% -0.42 2.34 -1.47 -42.5%
Period

Table 1: Full Sample Strategy Summary Statistics

Figure 2 cover the period of 2002 to 2012 while Figure 3 covers the rest of the sample up
to December 2022. The first one shows prominently how the The Value|M strategy managed to
peak during the 2008 financial crisis. Also, the strategy manages to outperform the other two in the
very beginning of the sample. During this period, the strategy managed to reach a total return of
53.57% with an average yearly return of 5.33%. The strategy has positive returns for around 65%
of the months in the sub-sample. Compared to 70/30 and Avg V/M, it has the highest Sharpe ratio

of 0.33. This probably come from its resilience to the 2008 market crash.

— 70/30 — 70/30
1.0 4 Avg ViIM
— Value | M
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— Value | M
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Figure 2: First Half Cumulative Returns Figure 3: Second Half Cumulative Returns

For the second half of the sample, the strategy stagnates for most year with a steep decline
right after the start of 2020. Here, the strategy’s total returns sink to -24.12% with an average yearly

return of -2.57%. The 70/30 strategy manages to perform especially well with more than 70% of
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the months in the sub-sample have positive returns. This decline in performance is probably due to
the 2020 Covid-19 Crash.

The theorized explanation behind why did the strategy overperform when the others
underperformed and vise-versa and why it managed to capitalize on the first market crash but not
the second is that the efficacy of the stock picking method of the strategy deteriorated over time.
4.2 Market Comparison

Comparing the strategy to market should shine a brighter light on the previously stated
thesis and possibly explain its underperformance. Figure 4 shows the cumulative returns of the
strategy against the benchmark. We include the 70/30 combination portfolio to see if the normal
way of building the value and momentum strategy outperforms the strategy’s used methodology
against the market. The graph shows that the 70/30 and the market benchmark are following the

same trend until the benchmark eventually outperforms the 70/30 strategy.

— 70/30
2.57 Russel 1000

— Value | M
2.0
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Figure 1: Cumulative Returns Over Full Sample Period
Further analysis of in-sample returns, shown in Figure 5, displays that the strategy performs

especially well in the first half of the sample. The market crash of 2008 is when the strategy does

best. For the second half of the sample, the strategy stagnates while the benchmark continues to

10
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grow. The Covid 19 pandemic has had a clear detrimental effect on both the strategy and the
benchmark. While the benchmark managed to continue growing post-crash, the strategy on the

other hand did not, falling even more.

127 —— Russel 1000 —— Russel 1000
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Figure 5: First Half Cumulative Returns Figure 6: Second Half Cumulative Returns

After comparing the strategy to the market, it seems to show that the strategy is somehow
able to reverse the market. This idea only seems to hold regarding the 2008 Financial Market Crash.
On the other hand, for the Covid 10 pandemic crash, the strategy seems to have the not be able to
generate steady returns anymore. Further regression analysis should help measure correlation with
the market and thus putting this theory to the test.

4.3 Regression analysis

To verify any working theories, we run a regression on the strategy at hand. The Capital
Asset Pricing Model (CAPM) is a financial model that describes the relationship between expected
returns and the level of risk associated with a particular asset. Using this model, a regression is ran
where the dependent variable is the returns of the strategy and the market returns are the
independent variable. In a CAPM regression, the results can be used to measure the exposure of a

particular asset relative to a benchmark as shown in the following equation:

11
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Re=a+ B Ruyke—rf

Here R, denotes the returns of the strategy and Ryx.—r the returns of the market. « refers

to the regression intercept which can construed as the return of the strategy unrelated to the market
and B is the market factor. Similarly, the same regression is ran only this time using the Fama-
French Three Factor Model. This regression aims to elaborate further on the CAPM model by
introducing two other factors. The factors in question are value (HML) and size (SMB) as shown

in the following equation:

Ry = a+ Buki—rf * Rukt—rr + Bumr * Rumr + Bsup * Rsup + €

Table 2 shows the results of both regressions in and out of sample. According to these
findings, the strategy managed to generate 0.59% monthly excess returns over the full sample with
0.69% over the first half of the sample and 0.25% over the second. Additionally, the relatively high
negative correlation of -0.5628 over the full sample shows a negative exposure to market risk. The
even higher negative correlation over the first period and lower during the second half proves our
working theory explaining strategy returns. Given their low enough p-value, these findings are
statistically significant. Detailed regression outputs are available in the appendix.

The FF3 regression result has similar a values which goes in line with the CAPM results.
Over the first half of the sample, the strategy sees a positive correlation with the SMB factor of
0.4267 and a high negative correlation with the market of -0.6989 and -0.6031 with the HML factor.
This result suggests that in this sub-sample the strategy has high exposure to the market risk factor

and the HML factor and a positive exposure to the SMB factor. This does not hold over the second

12
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period where the strategy seems to have negligible exposure to both the SMB and the HML factors

with a lower negative correlation to the market.

Full Sample First Half
CAPM (2002-2021) Sample Second Half Sample
a 0.0059 0.0069 0.0025
Mkt-Rf -0.5628 -0.7103 -0.3506
N 240 120 120
0.434 0.453 0.627
FF3
a 0.0054 0.0058 0.0026
Mkt-Rf -0.5705 -0.6989 -0.3580
SMB 0.2214 0.4267 0.0250
HML -0.2428 -0.6031 0.0260
N 240 120 120
0.480 0.573 0.630

Table 2: CAPM and FF3 Model Regression Outputs

For the CAPM regression, the R?, which refers to the degree to which the model is
explained by the factors, is of 0.434 over the full sample period. While for FF3 regression, it is of
0.480. Although the R? increased between the CAPM and the FF3, the increase is relatively
insignificant even when looking at each sub-sample. Meaning that the CAPM model already
explains most of the excess returns of the strategy. Nevertheless, the sudden shift of factor exposure
from the first to the second half of the sample period suggest that the strategy was not only moved

by the market initially.

5. Conclusion
A variety of stock features have been linked to considerable excess returns in academic
literature. However, these features have often been researched separately. It is clear that both value

and momentum have the potential to generate significant returns for investors. However, the key
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to maximizing the potential returns of these strategies is to combine them in a way that balances
out their potential risks and rewards.

Value investing, which focuses on buying undervalued stocks with the expectation that their
prices will eventually rise, has been shown to have a slightly higher rate of return on average
compared to the market. However, this approach can be slow and steady, and may not produce
significant gains in the short term.

On the other hand, momentum investing, which involves buying stocks that are currently
experiencing strong gains in the hope that they will continue to rise, can be a more volatile
approach. While it has the potential to generate significant returns in a short period of time, it also
carries a higher risk of losses.

By combining value and momentum investing, investors can potentially take advantage of
the strengths of both approaches while mitigating their individual risks. The strategy detailed in
this paper manages to perform well against the market by counteracting its effects, at least for the
first half of the observed sample. This method of combining value and momentum takes the best
out of both value and momentum factors while lowering the exposure to market risk. The strategy
still faces some limitations. Namely, the discrepancy between first period and second period returns
suggests that updating the model frequently should provide better performance for investors. But
also, given the investment universe, the transaction costs are set at 0.1%. This estimation can be
considered relatively low but goes in line with the research objectives. Further investigation
regarding this topic would be the next step of this analysis.

Lastly, back testing and analyzing a multi-factor model, while difficult, provided a deep
insight into systematic investing and how quantitative strategies generate profit. Regardless of the
poor performance of the strategy, the analysis behind it underlines the importance of back testing

in the process of forecasting future performance.
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Value | M Avg VIM 70/30
Total Return 17.66% -43.74% 210.72%
Average Yearly 1.69% 11.86% 6.88%
Return
Standard Deviation 12.88% 14.41% 15.68%
Sharpe Ratio 0.13 -0.13 0.44
Excess Kurtosis 18.2 13.51 7.74
Skewness -1.81 1.51 0.85
Best Month 19.43% 28.78% 28.85%
Worst Month -28.07% -20.75% -20.8%
Positive Months 58.75% 42.08% 63.75%
Maximum Drawdown -168.59% -72.49% -87.39%

Table 3: Detailed Full Sample Summary Statistics

Value | M Avg VIM 70/30
Total Return 53.57% -54.96% 19.16%
Average Yearly 5.33% -5.68% 3.41%
Return
Standard Deviation 16.38% 17.93% 19.36%
Sharpe Ratio 0.33 -0.32 0.18
Excess Kurtosis 11.43 9.17 4.96
Skewness -1.72 1.48 0.94
Best Month 19.43% 28.78% 28.85%
Worst Month -28.07% -20.75% -20,8%
Positive Months 65.15% 37.12% 56.82%
Maximum Drawdown -148.64% -72.49% -87.39%

Table 4:

Detailed First Half Sample Summary Statistics

21



Omar Hardouf

Value | M Avg VIM 70/30
Total Return -24.12% 25.66% 11.38%
Average Yearl
g y -2.57% 2.59% 11.36%
Return
Standard Deviation 6.05% 7.96% 9.26%
Sharpe Ratio -0.42 0.33 1.23
Excess Kurtosis 2.34 1.38 -1.55
Skewness -1.47 1.24 0.1
Best Month 4.54% 9.82% 9.81%
Worst Month -71.97% -6.07% -6.07%
Positive Months 50.83% 49.17% 71.67%
Maximum Drawdown -42.5% -31.95% -21.53%
Table 5: Detailed Second Half Sample Summary Statistics
OLS Regression Results
Dep. variable: - M R-squared: 0.434
Model: oLs  Adj. R-squared: 0.432
Method: Least Ssquares F-statistic: 182.6
Date: Wed, 14 Dec 2022 Prob (F-statistic): 2.98e-31
Time: 15:36:17  Log-Likelihood: 518,38
No. Observations: 248 AIC: -1833.
Df Residuals: 238 BIC: -1826.
Df Model: 1
Covariance Type: nonrobust
""""""""" coef stderr  t  Plt]  [0.025  0.975]
const 0.0059  ©0.002 3.9  0.002  0.02  0.009
Mkt -RF 8.5628 0.042 13.514 0.000 8.645 0.481
omibus: 256.641 Durbin-watson: 2.001
Prob(Omnibus): @.800 Jarque-Bera (JB): 16687 .767
Skew: 4,870  Prob(JIB): .00
Kurtosis: 42.931 Cond. No. 23.8
Figure 7: Full Sample CAPM Regression Output
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OLS Regression Results

Dep. Variable: V/M  R-squared: 8.480
Model : oLs  Adj. R-sguared: 0.474
Method: Least Squares  F-statistic: 72.78
Date: Wed, 14 Dec 20622 Prob (F-statistic): 2.46e-33
Time: 15:36:17  Log-Likelihood: 528.58
No. Observations: 248 AIC: -1049.
Df Residuals: 236 BIC: -1835.
Df Model: 3
Covariance Type: nonrobust

coef std err t P>t [@.025 8.975]
const 0.0054 0.002 3.031 0.003 0.062 0.009
Mkt-RF -0.5705 2.043 -13.337 8.000 -8.655 -8.486
SMB 8.2214 @a.a75 2.946 8.884 8.873 8.369
HML -0.2428 0.063 -3.826 0.000 -0.368 -0.118
omnibus: 243.269 Durbin-Watson: 1.985
Prob(Omnibus): 9.888 Jarque-Bera (JB): 11864.382
Skew: -3.833  Prob(JB): 0.00
Kurtosis: 36.581 Cond. No. 44.4

Figure 8: Full Sample FF3 Regression Output
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