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Abstract

While momentum has remained one of the most persistent equity anomalies in empirical
asset pricing, Japan has stood out as a country where the phenomenon does not exist. This is
unusual given Japan's sophisticated and comprehensive capital market system that rivals its peers
in other developed nations such as the United States and the United Kingdom. This paper offers a
challenging perspective: Japan's market does exhibit momentum but the process to identify
momentum profits needs to be more refined. A non-parametric measure may be better at
identifying momentum profits since Japan's stock market returns are skewed and leptokurtic. The
driver of this phenomenon in Japan is due to limited attention and how investors respond to salient
versus non-salient price movements. A non-parametric measure dampens the effects of salient
stocks allowing for a more stable profit strategy and can capture non-salient stock information held
within stock returns that normally causes an underreaction in investors. This paper demonstrates
that using a non-parametric form of momentum does produce statistically significant profits in

Japan that are not as prone to the effects of salient stocks thus producing an underreaction.
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I.  Introduction

In the traditional risk-based asset pricing world, momentum is one of the most well-
documented asset pricing phenomena. Since Jegadeesh and Titman's seminal paper (1993),
numerous studies have been published on this topic. While other anomalies have disappeared over
time or been explained away, momentum has remained and exists in many different contexts.! The
focus of this paper is a non-parametric form of momentum in the Japanese stock market. The
Japanese stock market stands out as the only developed market where traditional price momentum
does not work. A refined study of this phenomenon is warranted given Japan's importance in the
global economy.? Additionally, exploring non-parametric momentum strategies is a relatively
newer field of research. While price momentum is a pervasive topic in asset pricing, there does not
seem to be any evidence of it in Japan. This study plans to shed light on that by using a non-
parametric form of momentum.

The main motivation for this study is an extension of Chen, Chou, Ko, and Rhee (2021)
where the authors develop a novel non-parametric version of momentum using ranks and signs of
past returns called, "Rank and Sign Momentum" (RSM) in the US market. This study aims to
determine if RSM will result in significant profits in the Japanese market and to understand what

the possible mechanisms are behind the phenomenon.

! There are several papers that have shown the existence of momentum as a profitable strategy internationally
(Asness et al., 2013; Chui et al., 2010; Griffin et al., 2003; Rouwenhorst, 1998). Equivalent results are also reported
for assets other than just stocks (Chan et al., 2000; Okunev and White, 2003; Shen et al., 2007).
2 Whether it looks at it through the lens of individualism and cultural differences (Chui et al., 2010), macroeconomic
risk (Griffin et al., 2003), or looks at value and momentum together (Asness et al., 2013), it stands out that Japan is
one of the only developed markets where the Jegadeesh and Titman momentum (JTM) does not seem to work. Fama
and French (2012) also analyze this phenomenon and could find no momentum in Japan (2012).

vi



Why Japan?

Japan's market deserves further study for many reasons. It has one of the most developed,
highly liquid markets in the world. Only the US, China, and Germany are larger (International
Monetary Fund, 2023). Culturally the nature of the Japanese investor may have unique investing
preferences compared to their Western counterparts. The economic issues in Japan's past and how
its government has responded over the years could also cause Japanese investors to behave
differently from their Western peers.

As previously mentioned, while momentum has been a persistent anomaly across the
world, there is empirical evidence that Jegadeesh and Titman momentum (JTM) is not a
phenomenon in Japan. This is unusual considering Japan's developed capital market system is like
the US for its efficiency and transparency in market operations. Given this similarity, one would
expect that JTM would exist in Japan as it does in the US. Even though JTM does not seem to be
a phenomenon in Japan, that does not necessarily mean that a momentum strategy does not exist
at all. Chang, Ko, Nakano, and Rhee (2018) use residual returns to investigate momentum and find
that the results are significant. This suggests that momentum does exist in Japan and that it went
undetected. In this case, JTM uses past stock returns to form portfolios, but Chang et al. (2018)
uses residual returns. This firm-specific information is the signal among the noise of the full stock
returns. If it is a case of trying to determine the signal amidst the noise of the broad market, then
perhaps other methodologies can accomplish that as well. That is what this study seeks to explore.

If momentum is a phenomenon that occurs with institutional investors, exploring Japan
may be intriguing since it has a larger percentage of institutional investors as a share of the total
compared to the US. In 2022, Japanese institutions made up 82.2% of the share of total equity
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holdings (Japan Securities Dealers Association, 2023). In the same year, US institutions made up
59.2% of the share of total equity holdings (Kolchin, Podziemska, and Hadley, 2023). This
difference in institutional ownership could be meaningful in the context of this study on
momentum. Chui, Subrahmanyam, and Titman (2022) capitalize on the structure of the Chinese
stock market to analyze the behavior of noise (individual) traders versus institutional ones. One
market features more noise traders than the other. They find that noise traders do not exhibit price
momentum in the Chinese stock market, but institutional investors do. Barroso, Edelen, and
Karehnke (2021) also find that institutional investors are momentum traders. These studies suggest
that momentum could exist in Japan given the amount of institutional ownership there is in that
market.

One may wonder why JTM is not evident in the Japanese market if there is a higher degree
of institutional ownership compared to the US? This is where there may exist differences in the
Japanese market versus the US. While on the surface it may seem like the US and Japan have
similar market systems, three areas have marked differences between the US and Japan: stock
exchange operations, policy and/or regulation changes, and corporate structure. Not only do these
three areas have differences between the US and Japan but they also evolved over time.

In the area of exchange operations, during the 90's the TSE's trading mechanism for equities
significantly differed from that in the United States. Unlike the U.S., where exchange-designated
specialists with affirmative obligations ensured continuous liquidity, the TSE did not have
exchange-designated liquidity suppliers (Okada, 2016). Instead, liquidity on the TSE was provided
through a public limit order book and organized via restrictions on maximum price changes
between trades. Further, the TSE utilized intermediaries known as saitori, who logged limit orders
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and matched them to incoming market orders but did not provide market-making services. Unlike
U.S. specialists, they did not trade for their own account and mainly oversaw the trade process.
The TSE also halted (and still does) trading during the lunch time so that there are two separate
trading sessions per trading day (Lehmann and Modest, 1994). Another aspect of how different the
TSE was from the US market during this time was the pricing mechanisms (including tick size
variations) and how order imbalances and liquidity provision were handled (Lehmann and Modest,
1996).

In 2010, the Tokyo Stock Exchange (TSE) launched a state-of-the-art trading system
called, "arrowhead". This trading system operates at a significantly higher speed, with major
brokerage firms' computers directly connected to it (“Guide to TSE Trading Methodology: 2019
Edition Arrowhead”, 2019). The execution of orders occurs approximately forty-five times faster.
When viewed through the lens of market microstructure, it is evident that this trading system
exerted a substantial influence on the liquidity and information disparity of stocks traded on the
Tokyo Stock Exchange. These differences in stock exchange operations while subtle, are
important and should be considered when exploring why Japan behaves so differently when it

comes to momentum.

There have been many policies and/or regulatory changes Japan has undertaken that
should be considered as well. From the 1980s to the early 1990s, there were very few reforms
regarding the TSE and its listing requirements, which were rather stringent. This was in sharp
contrast to the US. During this time, the New York Stock Exchange (NYSE) faced stiff
competition from NASDAQ. In fact, by the mid 70's NASDAQ was already the second largest

exchange in the US. To compete with the NASDAQ, the NYSE had to loosen its listing
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requirements (Hoshi and Kashyap, 2004). This changing of the listing requirements would

subsequently start to change the complexion of the NYSE.

After the financial crisis of the 1990s, a package of major reforms was introduced that
would change many areas of the financial system in fundamental ways. Known as the "Japanese
Big Bang", it included increasing access to investments for investors, new opportunities for
corporations to fundraise, financial institutions could provide more services, an emphasis on a
fair and efficient market, and improving the stability of the financial system. For an excellent
summary of the reforms, please see Hoshi and Kashyap (2004). The emergence of the Big Bang
ushered in a shift in the Japanese financial system, moving it from a tightly regulated, bank-
centric structure to a more open and market-oriented framework (Enomoto, Jung, Rhee, and

Shuto, 2024).

In the same year that Arrowhead was launched in 2010. The Bank of Japan (BOJ)
introduced its quantitative and qualitative easing (QQE) policy, which includes a significant asset
purchase program. While conventional asset purchase programs primarily involve transactions in
the debt market, such as central banks acquiring government bonds, the BOJ took a
groundbreaking step by becoming the first central bank to engage in substantial purchases of
equities. Specifically, the BOJ embarked on a mission to expand its domestic equity portfolio by
acquiring index-linked exchange-traded funds (ETFs) (Fujikawa, 2010). In fact, the BOJ
eventually became the largest holder of Japanese equities (Tomita, 2019). It is unique in that no
other major central bank holds equities. The Bank of Japan also intervened in the yen/dollar

foreign exchange market. These activities did not arrive without consequences. El Kalak, Leung,



Takahashi, and Yamada (2023) study this purchasing activity by the BoJ and finds a positive and
statistically significant relationship between firm-level BOJ ownership and stock illiquidity,
suggesting that the BOJ's ETF purchases impede the liquidity of underlying stocks. Akiba,
Kitamura, Matsuda, and Sato (2013) find that after interventions, the number of informed traders
actually increased. These informed traders could serve a similar role to institutional investors in

the stock market and therefore, could also be momentum traders.

The final key difference between Japan and the US can be seen in the culture of corporate
structure. Japan's business environment has been one based on relationships far more than their
Western counterparts. For many years before World War I, large conglomerates called zaibatsu
dominated the Japanese business world. These were family-owned with a strict hierarchical
holding-company structure (Waldenberger, 2016). After World War I, these conglomerates
evolved into keiretsu. Vertical keiretsu normally had a large bank that loaned money to many
different companies since capital market funding for company growth and expansion was not
possible (Waldenberger, 2016). This was referred to as the "main bank system". Horizontal
keiretsu were based on supply chain needs with many smaller suppliers feeding the larger
manufacturers (Gramlich, Limpaphayom, and Rhee, 2004; Waldenberger, 2016). In both
situations, companies would have an often-incestuous approach to corporate governance.
Decision makers from one company would be board members of another company in the
keiretsu and vice versa. The relationships were so strong that companies within these keiretsu

will mutually hold shares of each other's stock. This is called, "cross-shareholding".? It is a form

3 For background on cross-shareholding, please see: Enomoto, Jung, Rhee, and Shuto, 2020; Miyajima and Kuroki,
2007; Okabe, 2002; Scher, 2003
Xi



of relationship strengthening because there is an implicit agreement that each firm will not sell
the shares of the other unless absolutely necessary.* This means that relative price performance is
not a priority for these types of shareholders because there are other relationship payoffs taking
place outside of the stock market. Japanese firms are different from many US firms in that the
separation of ownership and management is not as clear. Okada (2016) explains that in Japan,
ownership and management may be more opaque because of an emphasis on growth over
profitability (the US tends to emphasis the opposite) as well as the main bank system and its
emphasis on monitoring its client companies. These resulting activities due to the relationships
within the Japanese financial system are further examples of some of the issues that make it so

different from the US.

The differences in the characteristics of the Japanese economy in the last 30 years
compared to other major developed countries may also be a reason traditional price momentum
did not exist. Yang and Nguyen (2019) argue that the extremely low growth rates led to
unemployment issues, a stagnant labor force, and near-zero interest rates. This juxtaposition of
economic weakness in one of the richest countries in the world with one of the most efficient
markets in the world may lead Japanese investors to have different behaviors compared to their
peers in the US.

While it may seem odd that momentum does not seem to be a phenomenon as it is in most
of the major developed markets, some differences should be considered including the operation of

its capital markets, relationships and how it affects corporate decisions, as well as regulatory

% For example, during the market crash in the 1990’s many institutions had to shore up balance sheets. Lincoln and
Gerlach (2004).
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interventions due to economic changes. All these areas have contributed to making Japan
incredibly unique compared to the rest of the world.
Rank and Sign Momentum

While JTM has been a persistent phenomenon, Chen et al. (2021) explores why parametric
measures that rely on sample moments are used to quantify stock performance if there is empirical
evidence that stock returns exhibit skew and kurtosis (Albuquerque, 2012). This means that
extreme returns are possible. Panel A of Table 1 provides descriptive statistics for daily returns for
both Japanese and United States stocks for the same time period. The skewness of Japanese daily
returns was found to be 8.14, indicating a positively skewed distribution. The United States daily
returns were similar with a positive skewness of 11.14. The kurtosis of Japanese daily returns was
found to be 1569.25, which is highly leptokurtic. The United States daily returns were similar with
a kurtosis of 1700.07. These results are consistent with previous studies (Albuquerque, 2012;
Chunhachinda et al., 1997) and support the use of a non-parametric measure of momentum.

Using traditional parametric measures such as sample mean could be highly sensitive to
return outliers (Breitung and Gourieroux, 1997; Hasan and Koenker, 1997; Wright, 2000). Chen
et al., (2021) further state that if stock returns do exhibit extreme returns and parametric measures
are sensitive to these returns, non-parametric measures may be more useful. Non-parametric
measures attempt to mitigate the effects of return outliers. Chen et al. (2021) compares traditional
Jegadeesh and Titman (1993) price momentum with a novel way to measure momentum with a
more non-parametric flavor in the US market. This measure uses the average rank and signs of the
individual stocks to construct the portfolios instead of average relative returns like what is used in

JTM. The authors call this "rank and sign momentum" (RSM). Chen et al. (2021) shows that RSM
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outperforms JTM in the short run. In the long-run, RSM does not exhibit return reversals which is
the opposite of JTM. Further, RSM can explain the profitability of JTM but JTM cannot do the
same for RSM.

One goal of this study is to test whether RSM can succeed as a significantly profitable
strategy in Japan. As mentioned, when discussing Chang et al. (2018), momentum could exist in
Japan, but it may require a more refined process to truly identify it. It could be that due to JTM's
performance measure being based off sample means, this type of measure is not accurately
capturing expected stock returns or how much the potential behavioral aspect affects returns. This
in turn, could affect the success of the momentum strategy. Due to RSM's more non-parametric
flavor, it could be better at identifying legitimate winners or losers compared to JTM.

As stated earlier, the US market exhibits skew and is leptokurtic. This is the foundational
reason for why a non-parametric measure like RSM could be better in identifying momentum.
Japan also exhibits skew and is leptokurtic (Chang et al., 2018; Chunhachinda et al., 1997).
Therefore, it too is susceptible to extreme prices and may benefit from a strategy that mitigates
that phenomenon. This suggests that being able to identify momentum stocks in Japan would be
improved using this measure. If this is the case, we would anticipate seeing significant RSM profits
in Japan.

Hl: The momentum premium does exist in Japan but requires a non-parametric
methodology to properly identify stocks carrying momentum profit information.

The empirical results support this hypothesis for sign momentum however for rank
momentum, the results were more nuanced. Analyzing the strategy in isolation via portfolio
sorting, the rank measure did not yield any statistically significant results. However, in several

Xiv



analyses that were more relational in nature. Namely, by adding in JTM to the analysis, often the
rank measure did become statistically significant. It is possible that the rank measure is not strong
enough to mitigate extreme stock returns and/or requires the context of JTM to complement it in
order for it to become significant. In both the rank and sign measure, the long-term returns did not
reverse. The results for Chen et al. (2021) were more consistent in that both the rank and sign
measurements dominated JTM. The goal in this study is to provide further out-of-sample support
for the results found in the US.

What drives this phenomenon?

There are many potential reasons why momentum occurs, but they mainly fall into two
different camps: rational theories and behavioral theories. Rational theories argue that momentum
is simply compensation for taking on more risk. On the other hand, behavioral theories assume
investors are not rational and have certain psychological biases. One result of this bias that is seen
empirically is that investors underreact to news. Underreaction does not have returns that reverse
(Jegadeesh and Titman, 2011).

Chen et al. (2021) argues that the cause of the RSM profits in the US is due to investor
underreaction. I expect that this will be the driver of momentum profits in Japan as well. Similarly,
Chang et al. (2018) also finds that investor underreaction is the cause of momentum profits in
Japan. Recently, a working paper by Goyal, Jegadeesh, and Subrahmanyam (2022) shows that in
an international setting, Da, Gurun, and Warachka's (2014) "Frog-In-Pan Hypothesis" (FIP) is the
clear winner in its ability to explain momentum profits. Since both Chang et al. (2018) and Chen
et al. (2021) use the variable created by Da et al. (2014) (Information Discreteness) to proxy for
investor limited attention, this gives added support to the expectation that due to limited attention,
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underreaction could drive the results in Japan.

Given that underreaction as a possible explanation for momentum profits in Japan has
already been established by Chang et al. (2018) and further supported by the comprehensive study
done by Goyal, Jegadeesh, and Subrahmanyam (2022), the expectation is that this would be the
driver of my results as well. Further, Japan exhibits skew and is leptokurtic just like the US so
RSM should perform similarly.

H2: Momentum profits in Japan are attributed to investor underreaction caused by limited
investor attention.

More specifically, due to investors’ limited attention, they are more susceptible to the
distraction caused by salient stocks (Bordalo, Gennaioli, and Shleifer, 2012, 2013). This distraction
does not allow the JTM strategy to capture a stock’s expected return properly. However, a non-
parametric approach used by RM and SM may be able to mitigate those extreme (salient) stock
returns in order for the momentum profit signal to persist. Utilizing a salience measure created by
Cosemans and Frehen (2021) and information discreteness as indicators of salience, the analysis
confirms that profits from RM and SM are resilient across stocks with varying levels of salient
characteristics.

This paper contributes to two primary areas of research. The first is finding behavioral
determinants of momentum in Japan. If the results show that RSM is a statistically significant
phenomenon in Japan and does not reverse, it lends more support to the hypothesis that momentum
does exist in Japan and exhibits underreaction due to limited investor attention to the type of
information. The second contribution is related to the predictive power of the sign of past returns.
To the best of my knowledge, this is the only paper that explores rank and sign measures of
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II.

momentum in Japan that also looks at addressing downside momentum risk.

Literature Review

The literature review covers two underlying issues that serve as the foundation for
hypotheses and research objectives for this study. The first is based on the construction of RSM
itself. An underlying assumption is that the signs of past returns do carry predictive power.
Fortunately, there is an empirical basis for this assumption. Second, what does the literature say
about possible drivers of the momentum phenomenon and why it may be underreaction due to
limited investor attention and salience.
Rank and Sign Momentum

An underlying assumption when using the ranks and signs of returns in a non-parametric
momentum model is that there is information regarding potential momentum profits embedded in
those signs. Therefore, the signs of past returns may be able to predict future performance.

Grinblatt and Moskowitz (2004) show that the consistency of signs does carry predictive
information. Their study finds that consistent winners outperform other stocks while the losers do
not have much impact on returns. These results suggest that the signs of past returns do have
predictive power.

Da et al. (2014) use the sign of returns to construct their measure of information
discreteness. Their results show that this measure does carry predictive information as it leads to
momentum return continuance.

Papailias, Liu, and Thomakos (2021) show that: (i) the sign of past returns has predictive
power; and (ii) the predictive power is stronger than the returns themselves. They use the signs of
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past returns to construct a momentum strategy that outperformed JTM. Inglis, Vanstone, and Hahn
(2019) do not explicitly discuss the return of signs but do conclude that to better ascertain the
source of momentum profits, non-parametric methods may be better due to asymmetry in the return
distribution.

These studies suggest that signs of returns may be a good signal amidst the noise to detect
the existence of momentum in a market like Japan.

What drives this phenomenon?

In this section, I will discuss the issue of the theory that drives the empirical results. It is
divided into three sub-sections for clarity. The three sections will now be discussed in further
detail.

Limited Investor Attention

A natural question to ask is why does momentum occur in the first place? Most of the
theories that try and explain why momentum occurs can be split into two different categories:
rational and behavioral. As the name suggests, rational explanations assume that investors are
economically rational and that the cause of momentum is simply compensation for risk.” While
there are rational theories that attempt to explain momentum, some researchers who believe in the
behavioral explanation criticize rational models because to explain the size of momentum returns
would require extreme risk aversion in a risk-based model (Chui, Titman, and Wei, 2010).

Jegadeesh and Titman (2011) state, "In our opinion, the magnitude and persistence of these

> One example is Sagi and Seasholes (2007). They find that firm characteristics have a relation to both momentum
profits as well as the autocorrelation of returns that is time-varying. A more recent study by Kelly et al. (2021) uses a
novel methodology to reduce the dimensionality of a factor model to show that there is a connection between certain
characteristics being able to predict future returns and also being able to predict realized betas. Cooper et al. (2022)
argue that global macroeconomic risk factors were able to explain many equity anomalies including momentum.
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(momentum) returns are too strong to be explained by risk".

Behavioral theories assume that investors are not rational and may exhibit psychological
biases. If underreaction explains momentum, we would expect to see momentum returns in the
holding period, and then standard returns in the long-term. This means there is no return reversal
for underreaction (Jegadeesh and Titman, 2011).

A possible behavioral explanation for RSM is that investors underreact due to limited
investor attention. The idea is an intuitive one when you think about the sheer amount of data
available to investors today. Investors only have a set amount of limited mental resources to make
decisions, and this could cause them to behave outside of rational expectations. Hirshleifer and
Teoh (2003) devise a model for this and use examples to show how a firm reports their accounting
data matters in the decision-making process for investors. Mispricing occurs because investors
overweight or underweight information due to limited attention and how the information is
reported. Peng and Xiong (2006) analyze the types of information and argue that because investors
have limited attention, they tend to focus more on market information versus firm-specific
information. This was supported in Ramos, Latoeiro, and Veiga (2020) by using web searches as
a proxy for investor attention and find that market information has a stronger effect compared to
firm-specific information. Kottimukkalur (2019) also supports Peng and Xiong's (2006) results by
showing that earnings drift is more pronounced on days when the stock market has overall higher
returns. Further empirical support for the theory that limited attention causes underreaction in
investors is a study done by Chen, He, Tao, and Yu (2022) that uses media coverage as a proxy for
attention. They find that several documented equity anomalies are more pronounced in the stocks
that had low media coverage. That lack of attention to these stocks creates mispricing
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opportunities.

Based on this prior literature, there does seem to be empirical support for investors' limited
attention span being the driver of underreaction in several different market settings. The next
section will look at this same concept but focusing on momentum specifically.

Limited Investor Attention and Momentum

Limited investor attention as a source of underreaction for investors can be confirmed
empirically. More specifically, there is empirical support for the existence of this in the momentum
space as well. Several papers have already been mentioned but others also fall into this category.
Jiang, Li, and Wang (2021) decompose high-frequency data into news and non-news components.
They find that news-driven returns exhibit momentum. The underreaction in this study is due to
inattention and slow adjustments of market expectations. Underreaction due to limited investor
attention can be seen in much shorter investment time horizons as well. Jiang and Zhu (2017) find
that over very short horizons such as overnight, there is predictive power, and it extends JTM.
Atilgan, Bali, Demirtas, and Gunaydin (2020) show that momentum can occur due to investors
underestimating how persistent left-tail risk is. The reason investors underestimate may be due to
limited attention. Huynh and Smith (2017) show that there is empirical evidence of momentum
conditioned on the type and tone of the news and caused underreaction in Japan. This lends further
support to the hypothesis that underreaction will be the driver of the results in this study as well.

Jegadeesh et al. (2022) attempt to explain the phenomena of short-term return reversals
and momentum in one model. They argue that noise traders drive short-term reversals, and "quasi-
rational" informed traders drive momentum via underreaction. They mention that while they model
a specific form of behavioral bias, the model can accommodate any form of underreaction. This
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suggests that investors over-weighting salient stocks and under-weighting non-salient stocks due
to limited investor attention could also be reflected in a model like this one.
Salience

Because investors have limited attention, mispricing occurs because they may be
overreacting to salient payoff news and underreacting to nonsalient payoff news (Bordalo,
Gennaioli, and Shleifer, 2013). The theory of salience (Bordalo, Gennaioli, and Shleifer, 2012)
defines a lottery payoff as salient if it is extremely different from other available payofts. When
the upside for a lottery is salient, an individual is risk-seeking. When the downside of the lottery
is salient, an individual is risk averse. These individuals overweight attention-grabbing states and
underweight those that are not.

In the context of asset prices, there are several implications for salience (Bordalo et al.,
2013). First, the misvaluation of an asset is determined by the amount of salience of the payoffs in
certain states. If there are no salient payoffs, that means it is proportional to the market. Second,
investors suffer from a form of "narrow framing" where individual assets influence salience rather
than an investor's whole portfolio. The example the authors give is if an investor thinks about
purchasing a share of Facebook, they tend to look at the huge growth potential and near ubiquity
of the platform in people's lives rather than on what kind of potential benefit the stock could be in
their portfolio. Third, the salience of asset payoffs is context dependent which means the price may
be different depending on the background environment of the asset at a given moment.

Chen et al. (2021) argue that using the methodology of sorting by rank and sign dampens
the effect of those salient stocks and provides a more stable profit strategy. This methodology can
capture non-salient information held within stock returns that normally causes an underreaction in
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investors.

One way that an asset payoff can be more salient from other available payoffs is how the
flow of information differs over time. This was explored in Da et al.'s (2014) study where they
establish the "frog-in-the-pan (FIP) hypothesis". Investors tend to have a limited attention span
when it comes to news that arrives in continuous small amounts compared to news that arrives in
discrete large amounts. This underreaction causes a delay in an investors' decision-making process.
In other words, the news arriving in discrete large amounts tends to be more salient. The authors
find that a momentum strategy that conditions on the discreteness of information leads to return
continuations and underreaction. Putting this into the context of salience, the results suggest that
mitigating the salient stocks (the large, more discrete news) allows for momentum to last longer.

To measure salience, Bordalo et al. (2022) explain that the measure must reflect three
important aspects of salience: contrast, surprise, and prominence. Da et al.'s (2014) FIP hypothesis
appears to fulfill these criteria. The large, discrete information is high contrast as compared to the
average news. The fact that more salient information in this context is arriving in discrete "chunks"
suggests that investors would be more surprised compared to the news received continuously.
Finally, large, discrete news delivered over time probably has higher prominence given the
financial media's attraction to sharing stories about stocks that are "high-flyers" or "cellar
dwellers".

Recently, the FIP hypothesis received empirical support in Goyal et al.'s (2022) study. The
authors try to determine which proxy of momentum explanations holds up in an international
setting. Several of the most well-known proxies for both rational and behavioral explanations of
momentum are tested in a horse-race setting. Out of all the different proxies, Da et al.'s (2014) FIP
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hypothesis is the clear winner. Another study (Chai et al., 2022) sought to determine the sources
of momentum profits using a decomposition procedure. The authors find that Da et al.'s (2014)
measure of information discreteness was one of the major sources of momentum profits. Chang et
al. (2018) use FIP to explain why residual momentum works in Japan. The underreaction is due to
investor limited attention for small amounts of firm-specific continuous information. This
underreaction is consistent with other papers who studied residual momentum in the US (Blitz,
Huij, and Martens, 2011; Blitz, Hanauer, and Vidojevic, 2020; Gutierrez and Prinsky, 2007).
Further, Chang et al.'s (2018) results support the gradual-information-diffusion hypothesis that
firm-specific information tends to diffuse slower than public information for investors (Hong and
Stein, 1999; Hong, Lim, and Stein, 2000) and causes underreaction. This complements salience
theory nicely in that intuitively it does make sense that news from one firm among the thousands
in the market would be less salient than news about the entire market.

Bordalo et al. (2022) express how important it is that measuring salience needs to reflect
the aspects of contrast, surprise, and prominence. A recent paper by Cosemans and Frehen (2021)
sought to find empirical results in the stock market for the salience theory by using a novel method
to measure salience. Stocks with salient upsides cause investors to be risk-loving and there is
excess demand which causes overvaluation and lower returns in the future. Stocks with salient
downsides cause investors to be risk-averse so there is under demand which causes undervaluation
and higher returns in the future. These findings lend support to the theory that salience can drive
momentum returns. Cakici and Zaremba (2021) extended this analysis of salience into
international markets. They do further analysis to see if there was any difference in the salience
effect based on the market cap of the stocks. They find that the salience effect was largely a
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microcap phenomenon and therefore, not economically relevant. However, the results for Japan
specifically show that salience is significant in all market cap sizes for some of the durations
studied. Using Cosemans and Frehen's (2021) measure of salience, Sim and Kim (2022) can devise
a momentum strategy that outperforms JTM by decreasing exposure to stocks with remarkably
high salient payoffs.

Still looking at salience in the international market space, Sim, Kang, Kim, and Lee (2022)
analyze different momentum strategies in the Korean stock market. Their findings suggest that
JTM's lack of success in Korea is due to the salience effect. When the authors excluded salient
stocks, JTM became profitable. While Korea and Japan are two different markets, they do share
some similarities in culture and due to their proximity to each other and this study is evidence that
salience may be something to look at in Japan as well.

Support for salience is also found in natural experiment settings as well. Frydman and
Wang (2020) provide evidence that salience causes investors to behave irrationally. In the study,
the authors take advantage of a change in how a Chinese brokerage firm presents capital gains data
on the front page of their clients' accounts online. The change makes the capital gains data more
salient than before and causes the investors to exhibit behavioral bias in their online activity. Bose,
Cordes, Nolte, Schneider, and Camerer (2022) utilize machine learning that was trained on the
literal eye movement of test subjects to measure salience and find that there are statistically
significant asset pricing implications that complemented Bordalo et al.'s (2012) theory.

Dertwinkel-Kalt and Koster (2020) focus on investors' tendency to prefer positively
skewed risks relative to negatively skewed ones. The authors compare salience theory and
cumulative prospect theory to determine which would be better at explaining the phenomenon.
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They find that salience is better.

While several studies are cited in previous sections regarding limited attention, salience,
and firm-specific news, there is evidence of salience related to macroeconomic news as well.
Cheema, Eshragi, and Wang (2022) show that macroeconomic news released on Mondays are more
salient to investors since those days are relatively quiet compared to the rest of the week. This
salience causes stocks to co-move at abnormally higher rates.

Salience also can be seen in other assets besides stocks. Lin and Zhang (2022) use
Cosemans and Frehen's (2021) measure of salience in the US corporate bond market. They find
that investors overweight salient negative returns.

When it comes to momentum profits, there is empirical precedence for underreaction due
to investor limited attention being the cause. More specifically, how salient a stock is along with
investor limited attention is how underreaction occurs. Due to this, the expectation is that
addressing the salience using RSM will result in momentum profits.

There is empirical support that the signs of past returns have predictive power. This suggests
that using a form of momentum that constructs portfolios based on the signs of returns could yield
momentum profits. The potential driver of the momentum phenomenon may be underreaction due
to limited investor attention. Specifically, there are studies that suggest that how information is
presented can be just as important as the information itself. Also, variables such as the magnitude
and delivery method over time matter as well. Salience attempts to provide an explanation for why

investors with limited investor attention behave the way they do.
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III. Data

The sample is made up of all common stocks listed on the Tokyo Stock Exchange from
December 1976 - May 2020. Daily returns, monthly returns, and market capitalization data was
provided by The NPM Manager of Financial Data Solutions Inc., and accounting data was
provided by the Nikkei Economic Electronic Databank System.

I use the 30-day Gensaki (repo) rate to proxy for the risk-free interest rate. This data are
available from the PACAP Research Center from February 1977 - November 2002, the Bank of
Japan from December 2002 - October 2012 and the Japan Securities Dealers Association
thereafter.

IV. Methodology
Rank and Sign Calculation
Following Chen et al. (2021), a measure of rank is calculated (Wright, 2000) by first

calculate the standardized rank for each stock on each trading day:

Where R; 4 is stock i's daily return on day d. N is the number of stocks on day d. We define

¥y (Ri,d) as R; 4's rank among N, stocks (Rl,d: ., Ry d,d) on day d in ascending order. These daily
ranks are then averaged each month and then averaged again over the p-month formation period.

This gives the firm's average rank:

o Bt 1 vDj
rank; .(p) = pLi=t-p-1 (EEH rank; g

)

Where D; is the number of trading days in month j. rank; . (p) is calculated based on the number

XXVi



of available observations. In this study, [ will be using a formation period of six months (p = 6).

Another non-parametric measure using signs is also calculated. The measure of sign,
sign; 4, will have a value of 1 if stock i's return on that day R; 4 is positive and it is zero if not.
The daily signs are averaged based on the trading-days with non-zero daily returns in month ¢ ,
sign; +(p), over the past p months as we did in Equation (2).
Momentum Strategy Portfolio Construction

JT's (1993) momentum portfolio construction is used to analyze the performance of RSM
in Japan. A market cap filter of $100 million yen is imposed at the beginning of each month and
the remaining stocks are sorted into ten deciles based on their average ranks that were calculated
using Equation (2). This is also done using the average signs. Let portfolio 10 (P10) denote the
winner portfolio and portfolio 1 (P1) denote the loser portfolio. All the portfolios are equally
weighted and held for the subsequent K months skipping one month. As JT did in their study, an
overlapping method is used where the portfolio raw (residual) return for each month is averaged
across K separate positions, where each one is formed in one of the prior consecutive K months
from t — K — 1to t — 2. The strategy is calculated based on the past 12-month average raw return

for a stock.

V. Results
Descriptive statistics of momentum profits

Panel A of Table 1 presents descriptive statistics for daily returns of stocks from Japan and
the United States over the same time period. The skewness of daily returns for Japanese stocks

was observed to be 8.14, indicating a distribution with a pronounced positive skew. Similarly, the
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daily returns for United States stocks exhibited a positive skewness of 11.14. Furthermore, the
kurtosis of daily returns for Japanese stocks was found to be 1569.25, indicating a highly
leptokurtic distribution. The United States daily returns showed a comparable pattern with a
kurtosis of 1700.07. These findings align with those reported in prior research (Albuquerque, 2012;
Chunhachinda et al., 1997), reinforcing the validity of employing a non-parametric measure of
momentum in such analyses.

Panel B of Table 1 presents descriptive statistics for the RM, SM, and JTM profits for the
one-month holding period. Comparing the strategies, several differences are noticeable. First, JTM
has a negative mean return compared to RM and SM. Not only does JTM not work in Japan based
on prior literature, if implemented, an investor could actually lose money. In terms of magnitude
of the mean returns, SM is more than twice as large as RM. Second, it is interesting to see that
RM's standard deviation was the highest of the three strategies at 6.14 while SM had the lowest at
3.44 which is almost half of RM's. Third, looking at the skewness and kurtosis, what is surprising
is RM has the most skewness at -1.26. Since RM is a way to sort stocks on a non-parametric basis,
the expectation would be that skewness would fall into a negligible range such as SM's skewness
of -0.41. In fact, RM's skewness is even higher than JTM's. The kurtosis for RM is less than JTM's
(6.62 versus 8.00) but SM's kurtosis of 1.51 is much smaller in magnitude. Finally, comparing the
minimum values gave surprising results as well. RM has a minimum value that is slightly lower
than JTM's at -44.32 compared to SM's which is much higher at -12.77. This initial analysis seems
to suggest that SM is fulfilling more of the performance expectations than RM but further analysis

will hopefully provide a clearer picture.®

® One potential factor that could be affecting both the performance of RM and JTM is the fact that the Bank of Japan
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A portfolio comparison of momentum strategies

Table 2 reports the results of using rank momentum (RM), sign momentum (SM), and JTM
in the intermediate term. Average monthly returns are reported for each strategy for four different
holding periods (K = the holding period). The final two holding periods report the results using a
two-year and three-year holding period. Panel A is the equal weighted results and Panel B is the
value weighted results.

Panel A’s results are largely what was expected. The only intermediate holding period that
was not statistically significant was for RM’s 12-month period. The highest coefficient was for
SM’s 1-month holding period with a statistically significant 0.719 (t-statistic = 4.67). For the long-
term holding periods in year 2 and 3, both RM and SM yield profits that are insignificant while
JTM’s year 2 profits are negative and significant. This suggests that since there is no long-term
return reversal for RM and SM, this may be due to investor underreaction and will be explored
further later in this study. JTM did not result in any statistically significant profits in any of the
intermediate holding periods consistent with prior literature.

Panel B’s results are quite different from Panel A’s. Only SM’s 1-month holding period
have statistically significant results with a profit that is smaller in magnitude than its equal
weighted counterpart in Panel A (0.616 with a t-statistic = 1.74). One reason why the results are so
different between the two weighting schemes could be due to the size of the firms. Equal weighting
in portfolio sorts allows smaller stocks to influence portfolio performance far more than the stocks

in a value weight portfolio. Smaller stocks seem to drive momentum profits at a faster rate than

and Government Pension Investment Fund have had very large investment positions in the Japanese stock market.
This kind of market presence is not seen in the United States. This active participation could be influencing stock
prices in unforeseen ways.
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larger stocks (Fama & French, 2008; Jegadeesh & Titman, 1993). A closer look at the influence
the size of stocks has on momentum performance may provide more insight into this phenomenon.

Table 3 attempts to look a little closer at the issue of stock size and see how it may influence
momentum portfolios. I calculate the average market capitalization for the entire sample and use
that as the cutoff point between classifying a stock as “large” or “small”. If a stock’s market
capitalization is higher than the median, it is part of the “large” sub-sample. If a stock’s market
capitalization is lower than the median, it is part of the “small” sub-sample. From there, I run the
momentum portfolio sorts again.

Table 3, Panel A are the results for equal weight small portfolios using the same holding
period intervals as Table 2. Panel A’s results are very similar to Table 2, Panel A except the
magnitude of both the profits and the statistical significance is stronger. For instance, the highest
profit estimate now comes from RM’s 1-month holding period with 1.139 (t-statistic = 4.67).
That’s an approximately 58% increase from the highest momentum profit in Table 2, Panel A (SM’s
I-month return of 0.719). Panel B are the results for the value weight small portfolio sorts. These
results are noticeably different from those in Panel B of Table 2. Every single intermediate holding
period has a statistically significant result, including JTM. The t-statistics are also quite high. This
is an indicator that the momentum signal may be one that is linked to small stocks. There is further
evidence of this in light of the results in Panels C and D which are the large portfolios results. In
both cases, there are almost no statistical significance in any of the holding periods. RSM may be
more persistent in small stocks as none of the large stock portfolios yielded any significant results.

Another potential variable to consider in why there is a difference in results between the
equal weighted and value weighted portfolios could be due to the Bank of Japan’s extensive
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interventions into the stock market via ETF purchases as part of the Quantitative and Qualitative
Easing Program. Barbon and Gianinazzi (2019) found that the Bank of Japan’s ETF purchasing
program appears to induce anomalies in the price discovery process. Due to this, I split the sample
into those from pre-2014 and those from post-2014 since 2013 is when the program was first
launched. Table 4 Panels A and B are the results for the pre-2014 sub-sample period. They are
largely consistent with the results found in Panels A and B of Table 2. Panels C and D are the
results for post-2014. In both the equal and value weighted portfolios, none of them yielded any
statistically significant results. This suggests that government interventions such as the ETF
purchasing program the Bank of Japan enacted, could have a material influence on the stock market
outside of normal market forces.

Table 5 is an exploration of the momentum portfolio sorts taking into account the effects
of both the size of stocks as well as whether it was before or after the BOJ’s ETF program. Panels
A through D are for small stocks and Panels E through H are for large stocks. Comparing these
two groups of results, it suggests that the size of a stock seems to have more of an influence on
momentum performance than whether or not it’s pre or post-2014. This is because in Panel C and
D, even though the effects of Post-2014 have a mild moderating effect on momentum performance,
the small portfolio results are still largely consistent. The large portfolios of Panels E through H
are all pretty consistent in their lack of statistical significance for most of the holding periods.

These findings highlight the complexity of momentum strategies in the Japanese market.
While RM and SM shows significant intermediate term profitability suggesting an effective ability
to filter out behavioral noise in equal weighting sorts, value weighting provides mostly
insignificant results. A deeper exploration into stock size and Bank of Japan intervention influence
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underscore the unique market dynamics at play with both having an effect on momentum profits
to varying degrees.
Are RM and SM profits explained by risk?

To determine whether the returns of RM and SM can be attributed to common risk factors,
I employ the Fama-French (1993) three-factor model and the Fama-French (2015) five-factor
model. These models attempt to explain the variations in stock returns through factors such as
market risk, size, value, profitability, and investment patterns. By using these models, I can
ascertain if RM and SM profits are merely compensations for bearing these common risks or if
they represent unique sources of return.

To test whether or not RM and SM can be explained by risk, I estimate the following time
series regressions:
MOM; = by + byRMRF; + b,SMB; + bsHML, + &, 3)
MOM; = by + byRMRF; + b,SMB; + bHML; + byRMW, + bsCMA,; + &;. 4)
where MOM; is the one-month or six-month holding period return of rank (RMjy), sign (SMy), or
JT (JTM;) momentum in month #; RMRF; , SMB; and HML, are the Fama-French (1993) three-
factor model returns in month ¢z. The Fama-French (2015) five-factor model includes the same
three factors as the three-factor model and includes RMW,; and CM A;. The focus for this model is
on the intercept. If RM and SM can be explained by risk, the intercept will be insignificant.
However, if the intercept is statistically significant, this would suggest that risk cannot explain the
RM and SM profits.

Table 6 reports the estimation results for the full sample. Panel A are the equal weighted

results and Panel B are the value weighted ones. RM, SM, and JTM profits are used as the
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respective dependent variables. In Panel A, both RM and SM strategies in either of the two
different risk factor models have significant and positive intercept coefficients. This suggests that
RM and SM profits are not the result of common risk-factor exposure. For both models that used
JTM as the dependent variable, the intercept was statistically insignificant. However in Panel B,
none of  the intercepts are significant. The results from Panel’s
A and B in this Table, are very similar to what is seen in previous results where the equal weight
sorts provide expected results but the value weight ones do not. The size of the stocks could be
influencing these results as well.

Tables 7 and 8 are similar to Table 6 except Table 7 is for small portfolios and Table 8 is
for large portfolios. Table 7’°s small portfolio results yield statistically significant intercepts for all
the models except those for equal weighted JTM. In contrast, Table 8’s results yield no significant
intercepts. This is further support for the size of stocks being a potential influence on momentum
profits.

These findings indicate that RM and SM strategies capture unique sources of return that
are not explained by traditional risk factors, highlighting their potential value in an investment
strategy in Japan. Those unique sources of return performance may be more concentrated in
smaller stocks and this reinforces the need for alternative strategies such as RM and SM to capture
profitable opportunities.

Can JTM explain RM and SM profits?

This section analyzes RM and SM's relative profitability to JTM with and without risk
adjustment. I estimate the following time series regressions:

RM.(SM;) = by + b JTM; + &, (5)
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RM.(SM,) = by + b;JTM; + b,RMRF; + b3SMB; + b,HML, + &, (6)

RM.(SM.) = by + b;JTM; + b,RMRF; + b3SMB; + byHML; + bsRMW, + b,CMA;+ &.. (7)

To analyze whether JTM explains RM or SM profits without any adjustment for risk, I will
use equation (5). Equations (6) and (7) will look at the same issue and incorporate the Fama French
three-factor (Fama and French, 1993) and Fama French five-factor models (Fama and French,
2015) respectively. If the intercept is significant that would suggest that JTM does not fully explain
RM or SM profits.

Table 9 reports the results of estimating equations (5) through (7) to construct the RM and
SM variables. Panel A is the equal weighted sort and Panel B is the value weighted sort. In all of
Panel A’s model specifications, the intercept is significant. For instance, in Table A for SM, the
intercept in Model (6) is 0.762 (t-statistic = 6.26). However, a similar result to one we have seen
in previous tables arises once more in Panel B where all but one model intercept is not significant
(Model (5) for value weight SM). Table 10 is a similar analysis done with small stocks and in this
sub-sample, every model’s intercept is statistically significant including all of those in the value
weighted sort of Panel B. Compare that to Table 11 that looks at the same models but for large
stocks, and it results in only two model intercepts being significant (Model (5) in Panel A for SM
and Model (5) in Panel B for RM).

Based on these results, there does seem to be empirical support to show that JTM cannot
explain RM or SM profits. RM and SM generate additional profits over and above what can be
explained by JTM or the Fama-French risk factors but it does come with some nuance to put the

results into context.
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Can RM and SM explain JTM profits?

While the previous section's results suggest that JTM cannot explain RM and SM profits,
this section explores the alternative: Does RM and SM have explanatory power for JTM?

Given the established performance of RM and SM in previous sections, it is essential to understand
if these non-parametric measures capture elements of JTM or offer distinct explanatory power. In
order to explore this further, I estimate three different time-series regressions:

JTM, = by + byRM(SM;) + &, (®)
JTM, = by + byRM,(SM;) + b,RMRF; + b3SMB; + b,HML, + &, 9)
JTM; = by + b;RM(SM;) + b,RMRF; + b3SMB; + b,HML; + bsRMW,; + bsCMA, + &. (10)

To analyze whether RM or SM explains JTM profits without any adjustment for risk, I will
use equation (8). Equations (9) and (10) will include the Fama French three-factor (1993) and
Fama-French five-factor (2015) models, respectively. Both equal weight and value weight sorts
are analyzed. I expect that the intercepts will be statistically insignificant, and that RM and SM
will be statistically significant because RM and SM fully explain the profits of JTM.

Table 12 reports the results of this regression analysis. As expected, Panel A’s RM and SM
as the independent variable in all the permutations of the models yielded strong statistical
significance. The highest Newey-West adjusted t-statistic was 17.02 for the RM Model (8) in Panel
B. The coefficients for RM and SM were all significantly positive with Panel A’s equal weighting
yielding slightly higher return profits than Panel B’s value weights. These results suggest that RM
and SM do offer incremental explanatory power over JTM's profits. RM and SM have distinct
features that cannot be explained by the Fama-French factors or JTM.

Interestingly, the intercepts in all the different models in Panel A resulted in negative, and
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significant coefficients. This was not the expected outcome and suggests that there may be a larger
story at play. One rather straightforward possibility is that there may be additional, unaccounted
for risk factors that these models did not capture. However, this may also suggest that on average,
JTM in Japan underperforms relative to RM, SM, and/or the Fama-French risk factors. The
significant and negative intercepts indicate that without the beneficial effects of RM and SM in the
model, the baseline JTM profits would be negative. In the previous analysis done so far in this
paper, there have been results of the underperformance of JTM. An early indication of this
underperformance could be seen in the descriptive statistics in Table 1 Panel B where JTM's profits
had a negative mean return. It could also be seen in many of the portfolio sorts of Tables 2 through
5 where JTM yielded negative profit returns for most of the different holding periods.

However, Panel B’s intercept results are consistent with expectations with none of them
being statistically significant. Again, a deeper dive into the size of stocks yields some compelling
results. Table 13 uses the same models for small stocks and Table 14 uses large stocks. The results
appear to support the results seen in Table 12 with Table 14, Panel B intercepts being nonsignificant
except for Model (10) for RM which is moderately significant with a t-statistic of -1.82 and a
coefficient of -0.549. Table 13’s intercepts are all statistically significant.

These consistent findings of negative performance for JTM across multiple analyses
highlight the potential inadequacy of traditional momentum strategies in capturing profitable
opportunities in the Japanese market. This underperformance may reflect unique market dynamics
or investor behaviors not adequately accounted for by conventional risk models. Additionally, the
robust performance of RM and SM underscores the value of non-parametric approaches in markets
characterized by significant deviations from standard assumptions.
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Salience Tests

Based on the analysis performed so far, the results suggest that RM and SM are unique
because they cannot be explained by existing asset-pricing models. The hypothesis is that due to
limited investor attention, investors are drawn to salient stocks. RM and SM can attenuate the
power of salient stocks’ ability to distract investors from the momentum signal. To analyze the
relationship between salient stocks and RM/SM, the following proxies for salience are used.

1. Cosemans and Frehen (2021) salience measure (CFS): The measure is defined as

=\ _ _[ria—Tdl
o(riaTa) = [rial+Fal+6’

where 1; 4 is the return of stock i on day d. 7 is the average market return on day d.
This function attempts to capture Bordalo et al.’s (2012) three conditions of ordering,
diminishing sensitivity, and reflection.

2. Information discreteness (ID): The measure was devised by Da et al. (2014) and is
defined as

ID = sgn(PRETi,t) X [%negl-,t - %posi,t],

where PRET; ; is the cumulative return for stock i from time t-2 to t-12; %neg; , and
%pos; + correspond to the the percentage of positive and negative days within the time
period of t-2 to t-12. sgn(PRET;) is +1 when PRET;, > 0 and -1 when PRET;, <
0.

The following cross-sectional regression model is estimated to explore this potential

relationship between RM/SM and salience:
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Rit =bo+ bRS; ¢ + byJT; ¢, + bsSalience; s, + byRS; 1, X Salience;(_, + bs]T; ¢, X
Salience;;_,+¢;,, (11)

Where R; ; is the month t future return for stock i; RS; ., is the average for the past 12-month
rank or sign measure for stock i and time t, JT; ., is the average of the previous 12-month stock
returns for stock i and time t, and Salience; ;_; is the salience measure in month ¢ for stock i.
Coefficients are estimated every month and then those coefficients are averaged and their
respective z-statistics are Newey and West (Newey & West, 1986) adjusted.

Considering the observation that rank and sign measures de-emphasize salient stock
returns, it is anticipated that both RM and SM predictability will manifest across stocks
exhibiting both salient and non-salient characteristics. The expectation is that the coefficient of
the interaction term of RS and Salience, b3, will be statistically insignificant because stocks with
salient features should not affect rank or sign momentum profits due to their non-parametric
nature.

I report results in Panel A and B of Table 15. Models (1) and (2) include either RM or
SM, either of the two salience measures, and their respective interaction term. Models (3) and (4)
include JT and the interaction terms for both JT and RM or SM. Model (5) includes both salience
measures, the interaction terms, as well as JT. In Panel A the interaction term of RM with the
various measures of salience, all are consistent with expectations where they are not statistically
significant suggesting that RM tends to be more resistant to the distraction of salient stocks. This
allows the momentum signal to persist. It also lends support to our hypothesis that underreaction
is the driver of this phenomenon. An interesting result can be seen when you compare Models (1)

and (2) with Models (3) and (4) of Panel A. Either proxy for salience is not significant in the first
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two Models but do become statistically significant in the later two Models when JT is added as a
variable along with their respective interaction term. It suggests the possibility that while their
interaction terms are not significant, the combination of these two variables in the model along
with what is being “soaked up” by the intercept may be driving the statistical significance of
these two variables when they are both in the model as can be seen in Model (3) and (4) of Panel
A. That continues into Model (5) of Panel A where both proxies are significant along with JT.

Panel B shows somewhat comparable results using SM. Expectations were met for the
interaction term of sign and CF'S because none of them have statistical significance. These results
support the hypothesis that SM is not as vulnerable to salient stocks and can, therefore, provide a
clearer momentum signal free from distraction and ultimately support the hypothesis of
underreaction due to limited attention being the cause of this phenomenon. However, for the
interaction term with the measure /D, in Models (4) and (5), they are statistically significant.
One reason for this may be due to the differences in how RM and SM attempt to mitigate the
impact of salient stocks. Chen et al. (2021) explains that in behavioral finance, a stock has a
"rational" component and a "behavioral" component. The behavioral component is where
misreactions and adjustments to misreactions occur. The authors argue that a better measure of
performance attempts to accurately reflect the rational while suppressing the behavioral aspect.
RM is a more refined measure compared to the binary nature of SM. Chen et al. (2021) argued
that SM may suppress the behavioral component at the cost of eliminating the rational one.
Therefore, they suggested that RM, "may provide a better trade-off between the "information"
and the "noise" components" (page 96).

Along with the statistically insignificant interaction term of SM with CFS to support the
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hypotheses, the SM variable is statistically positive for all models and has economically
significant coefficients. For example, in Model (3), the coefficient is 3.048 (t-statistic = 3.78).
These statistically positive estimations, even controlling for salience, bolster the hypothesis that
SM is not as vulnerable to salient prices.

The results of these different tests of salience illustrate the intricate dynamics between
RM, SM, and the salience of stocks. The data reveals that both RM and SM consistently
attenuate the influence of salient stock features, thereby preserving the integrity of the
momentum signal across diverse market conditions. This lends support to my second hypothesis
that investor underreaction caused by limited investor attention is the driver of the results seen in
the Japanese market. The momentum signal is allowed to persist when non-parametric strategies

like RM and SM mitigate the distraction of highly salient stocks.

VL. Conclusion

Despite being a highly persistent equity anomaly globally, JTM in Japan has always
stood out as one major market where it does not work. This study proposes that while a
momentum signal does exist in Japan, traditional methods of identifying it are inadequate.
Instead, a new approach that sorts stocks based on the ranks and signs of their returns, rather than
their raw price performance, may better capture the momentum signal. This non-parametric
method mitigates the distorting effects of extreme stock returns, which can obscure the true
momentum signal due to investor distraction.

The empirical results support this hypothesis and also reveal a more nuanced approach
to momentum portfolio construction. For equal weight portfolios, both the RM and SM strategy
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are consistently profitable at different holding periods while JTM remained statistically
insignificant. RM and SM’s non-parametric approach was successful in maintaining the
momentum signal which is something JTM fails to do. For value weight portfolios, the results
are not as robust until the portfolios sorts are conditioned on stock size. This causes both equal
and value weight portfolios, just in small stocks, to be statistically significant and positive for all
intermediate holding periods. Large stocks do not seem to reflect any meaningful momentum
profits. The Bank of Japan’s ETF program could also be a reason for why portfolio sorting
differences could cause a difference in momentum profits but it doesn’t appear as though it
affects profits as much as the size of stocks do. These nuances shed light on the potential ways
that theories and methodologies considered “not doable” in many cases, may simply need a more
refined approach to tease out the potential hidden within.

While the results suggest that momentum in Japan needs to address the size of stocks,
further investigation into this is required. Further study needs to be done to see how Salience and
investor attention are different for large stocks versus small stocks. Also, a deeper analysis needs
to be done to explore the ways the Bank of Japan’s interventions have stymied the effects of
momentum in the Japanese stock market.

The lack of long-term stock return reversal in both RM and SM strategies suggests that
investor underreaction is a key driver of these momentum profits. This result supports my second
hypothesis that investor underreaction due to limited attention may be the cause of this
phenomena. Furthermore, the common risk factors and JTM cannot explain the returns from RM
and SM, which indicates that these strategies are distinct and unique.

Additionally, the robustness of RM and SM to the effects of salient stocks further supports
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the hypothesis that investor underreaction is driving these results. The results showed that RM and
SM do mitigate the effect of salient stocks’ ability to distract investors. By dampening these effects,
the momentum signal is allowed to persist. These results attempt to provide insight into the
mechanism driving the phenomena and why JTM has not been successful in Japan. This research
attempts to provide insights into the predictive power of stock returns in the Japanese market,
highlighting the need for context-specific approaches in momentum strategy implementation. In
an increasingly complex and information-rich market environment, these findings provide a

nuanced understanding of how alternative momentum signals can be effectively leveraged.
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Table 1
Descriptive Statistics

Panel A: Daily Returns Mean  StdDev  Skew Kurt Min  Median  Max N
Japan 0.04 297 8.14  1569.25 -99.45 0 990.91 32984968
United States 0.09 4.74 11.14  1700.07 -97.17 0 1900.00 56497895
Panel B: Momentum
Strategies Mean StdDev  Skew Kurt Min  Median = Max N
RM 0.21 6.14 -1.26 6.62 -44.32 045 18.03 515
SM 0.50 3.44 -0.41 1.51 -12.77  0.62 13.56 515
JTM -0.31 5.77 -1.11 8.00 -43.96  0.06 24.42 515

Panel A presents summary statistics for daily stock returns in Japan and the United States. The sample covers
December 28, 1976 through May 29, 2020. It includes all common stocks. The United States based returns are from
the CRSP database. The Japan based returns are from The NPM Manager of Financial Data Solutions Inc. Panel B
presents summary statistics for the rank (RM), sign (SM), and JT (JTM) monthly momentum profits using a one-

month holding period and same time frame as Panel A.



Table 2
Momentum Profits in Japan
Full Sample

Portfolio K=1 K=3 K=6 K=12 K=Y2 K=Y3
Panel A: Equal Weighted Returns

Rank 0.655 ***  (0.608 ** 0.511 =*= 0.295 0.063 0.139
momentum (2.56) (2.46) (2.16) (1.34) (0.31) (0.86)
Sign 0.719 ***  (0.669 *** 0.540  *=* 0.378 % 0.181 0.136
momentum (4.67) (4.49) (3.83) (2.96) (1.55) (1.37)
Price -0.007 0.026 -0.039 -0.253 -0.363  ** -0.127
momentum (-0.03) (0.12) (-0.19) (-1.49) (-2.55) (-1.35)
Panel B: Value Weighted Returns

Rank 0.251 0.292 0.225 0.168 0.529 =* 0.273
momentum (0.61) (0.80) (0.66) (0.56) (1.79) (0.97)
Sign 0.616 =* 0.284 0.139 0.091 0.685 ¥ 0.103
momentum 1.74) (0.88) (0.47) (0.35) (3.01) (0.45)
Price 0.190 -0.038 -0.113 -0.213 -0.115 -0.260
momentum (0.49) (-0.11) (-0.37) (-0.78) (-0.42) (-1.12)

For each month t, I calculate each stocks’ rank (rank; . (P) or sign; .(P)) and sort every stock into decile portfolios.
1 exclude stocks with a market capitalization below 100 million yen at the beginning of the holding period. Portfolio
P10 holds the stocks with the highest rank or sign measure while portfolio P1 holds the stocks with the lowest. Every
portfolio is rebalanced monthly with equal weights and have holding periods of 1, 6, 3, and 12 months with a one-
month skip after the formation of the portfolio. I define rank or sign momentum profit as the difference P10 and P1.
Panel A is the results for equal weighted returns. Panel B is the results for value weighted returns. K stands for the
length of the holding period. The numbers in the parentheses are the t-statistics using Newey and West’s (1987) robust

standard errors with a lag length of four. *** p<.01, ** p<.05, * p<.1



Table 3

Momentum Profits in Japan

Size Sub-Sample

Portfolio K=1 K=3 K=6 K=12 K=Y2 K=Y3
Panel A: Small Portfolio Equal Weighted Returns

Rank 1.139 % 1.002  *** 0.878  **x* 0.631 **x* 0.195 0.257
momentum (4.67) (4.36) (3.93) (2.95) (0.91) (1.48)
Sign 0.928  x*x* 0.829  *** 0.708  *** 0.533  xx* 0216 * 0.191 *
momentum (6.45) (6.07) (5.28) (4.10) (1.69) (1.68)
Price -0.226 -0.133 -0.123 -0.283 * -0.380  *** -0.050
momentum (-1.07) (-0.67) (-0.67) (-1.89) (-2.73) (-0.49)
Panel B: Small Portfolio Value Weighted Returns

Rank 1.215 *** 0.781  *** 0.767 *** 0.522  xx* 0.138 0.028
momentum (5.94) (4.18) (4.41) (3.149 (0.92) (0.24)
Sign 0.842 *** 0.646 *** 0.551 *** 0.407 *** 0.148 * 0.091
momentum (7.22) (6.60) (6.03) 4.77) (1.74) (1.23)
Price -0.815  ¥** -0.902  x** -0.611  *** -0.531  *** -0.329  x** -0.179  **
momentum (-4.03) (-5.30) (-4.00) (-4.16) (-3.04) (-2.21)
Portfolio K=1 K=3 K=6 K=12 K=Y2 K=Y3
Panel C: Large Portfolio Equal Weighted Returns

Rank -0.029 -0.054 -0.144 -0.284 -0.187 -0.059
momentum (-0.12) (-0.23) (-0.65) (-1.47) (-1.19) (-0.44)
Sign 0.179 0.090 -0.009 -0.135 -0.070 -0.056
momentum (1.07) (0.56) (-0.07) (-1.11) (-0.69) (-0.68)
Price -0.319 -0.246 -0.307 -0.481 *** -0.434  xxx* -0.146
momentum (-1.36) (-1.11) (-1.50) (-2.87) (-3.13) (-1.34)
Panel D: Large Portfolio Value Weighted Returns

Rank 0.734 0.152 0.126 0.099 0.298 0.184
momentum (1.37) (0.43) (0.40) (0.35) (1.27) (0.76)
Sign 0.386 0.158 0.176 -0.040 0.483 ** -0.007
momentum (1.07) (0.47) (0.45) (-0.16) (2.47) (-0.03)
Price -0.117 -0.159 -0.025 -0.272 -0.227 -0.363
momentum (-0.29) (-0.48) (-0.08) (-0.98) (-1.02) (-1.64)

For each month t, I calculate each stocks’ rank (rank;.(P) or sign; (P)) and sort every stock
into decile portfolios. I exclude stocks with a market capitalization below 100 million yen at the
beginning of the holding period. Portfolio P10 holds the stocks with the highest rank or sign
measure while portfolio P1 holds the stocks with the lowest. Every portfolio is rebalanced monthly
with equal weights and have holding periods of 1, 6, 3, and 12 months with a one-month skip after

the formation of the portfolio. I define rank or sign momentum profit as the difference P10 and P1.
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Panel A are the results for the small portfolio equal weighted returns. Panel B are the results for
small portfolio value weighted returns. Panel C are the results for the large portfolio equal
weighted returns. Panel D are the results for the large portfolio value weighted returns. K stands
for the length of the holding period. The median market capitalization of the full sample is
calculated and stocks that have a market capitalization below the median fall under the “Small
Portfolio” and stocks that have a market capitalization above the median fall under the “Large
Portfolio”. The numbers in the parentheses are the t-statistics using Newey and West’s (1987)
robust standard errors with a lag length of four. *** p<.01, ** p<.05, * p<.1



Table 4

Momentum Profits in Japan

2014 Sub-Sample

Portfolio K=1 K=3 K=6 K=12 K=Y2 K=Y3
Panel A: Pre-2014 Equal Weighted Returns

Rank 0.695 ** 0.661 ** 0.553 ** 0.310 0.011 0.091
momentum (2.36) (2.32) (2.02) (1.22) (0.05) (0.48)
Sign 0.755 *** 0.711  *** 0.573 % 0.396 *** 0.163 0.100
momentum (4.33) (4.20) (3.58) (2.72) (1.21) (0.89)
Price 0.043 0.094 0.015 -0.233 -0.436  *** -0.230  **
momentum (0.16) (0.38) (0.06) (-1.19) (-2.63) (-2.16)
Panel B: Pre-2014 Value Weighted Returns

Rank 0.306 0.346 0.266 0.218 0.515 0.235
momentum (0.65) (0.83) (0.68) (0.63) (1.49) (0.72)
Sign 0.679 * 0.340 0.168 0.112 0.718 *** 0.027
momentum (1.67) (0.91) (0.49) (0.38) (2.72) (0.10)
Price 0.317 0.062 -0.032 -0.133 -0.051 -0.378
momentum 0.71) (0.16) (-0.09) (-0.43) (-0.16) (-1.40)
Portfolio K=1 K=3 K=6 K=12 K=Y2 K=Y3
Panel C: Post-2014 Equal Weighted Returns

Rank 0.213 0.140 0.081 -0.156 0.098 0.247
momentum (0.54) (0.39) (0.22) (-0.52) (0.38) (0.65)
Sign 0.311 0.262 0.160 -0.051 0.111 0.201
momentum (1.04) (0.89) (0.54) (-0.21) (0.56) (0.61)
Price -0.337 -0.321 -0.303 -0.389 0.137 0.493 **
momentum _ (-0.84) (-0.88) (-0.83) (-1.24) (0.63) (2.11)
Panel D: Post-2014 Value Weighted Returns

Rank -0.445 -0.430 -0.352 -0.579 0.044 0.700
momentum _ (-0.86) (-0.82) (-0.68) (-1.23) (0.12) (1.63)
Sign -0.082 -0.464 -0.326 -0.417 0.125 0.531
momentum _ (-0.16) (-0.96) (-0.67) (-0.91) (0.40) (1.14)
Price -0.524 -0.576 -0.537 -0.757 -0.311 0.835
momentum  (-0.89) (-0.97) (-0.84) (-1.22) (-0.60) (2.10)

For each month t, I calculate each stocks’ rank (rank;.(P) or sign; (P)) and sort every stock
into decile portfolios. I exclude stocks with a market capitalization below 100 million yen at the

beginning of the holding period. Portfolio P10 holds the stocks with the highest rank or sign

measure while portfolio P1 holds the stocks with the lowest. Every portfolio is rebalanced monthly
with equal weights and have holding periods of 1, 6, 3, and 12 months with a one-month skip after

the formation of the portfolio. I define rank or sign momentum profit as the difference P10 and P1.
Panel A are the results for the pre-2014 equal weighted returns. Panel B are the results for pre-
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2014 value weighted returns. Panel C are the results for the post-2014 equal weighted returns.
Panel D are the results for the post-2014 value weighted returns. K stands for the length of the
holding period. The median market capitalization of the full sample is calculated and stocks that
have a market capitalization below the median fall under the “Small Portfolio” and stocks that
have a market capitalization above the median fall under the “Large Portfolio”. The numbers in
the parentheses are the t-statistics using Newey and West’s (1987) robust standard errors with a
lag length of four. *** p<.01, ** p<.05, * p<.1
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Table 5

Momentum Profits in Japan
Size & 2014 Sub-Sample

Portfolio K=1 K=3 K=6 K=12 K=Y2 K=Y3
Panel A: Small Portfolio & Pre-2014 Equal Weighted Returns

Rank 1.216  *** 1.067 *** (0944 HF** 0.674 *** 0.151 0.226
momentum _ (4.40) (4.06) (3.68) (2.72) (0.60) (1.11)
Sign 0.937  xx* 0.844 *** (721 F** 0.548  *** 0.191 0.167
momentum _ (5.85) (5.55) (4.77) (3.70) (1.3) (1.28)
Price -0.151 -0.051 -0.046 -0.253 -0.484 ***  -0.139
momentum _ (-0.64) (-0.23) (-0.22) (-1.47) (-3.00) (-1.20)
Panel B: Small Portfolio & Pre-2014 Value Weighted Returns

Rank 1.243  *** 1.085 *** (93] H** 0.583  *** 0.087 -0.019
momentum _ (5.38) (5.14) (4.65) (3.03) (0.48) (-0.14)
Sign 0.792 *** 0.698 ***  (0.564 0.400 *** 0.094 0.052
momentum _ (6.34) (6.60) (5.65) (4.21) (0.99) (0.59)
Price -0.752  *¥**  .0.507 ** -0.385  ** -0.431  *x* -0.281 ** -0.079
momentum  (-3.27) (-2.50) (-2.13) (-2.91) (-2.22) (-0.80)
Portfolio K=1 K=3 K=6 K=12 K=Y2 K=Y3
Panel C: Small Portfolio & Post-2014 Equal Weighted Returns

Rank 0.736 * 0.552 0.489 0.168 0.124 0.071
momentum _ (1.68) (1.49) (1.40) (0.50) (0.39) (0.21)
Sign 0.878  *** 0.624 ** 0.573 ** 0.277 0.111 0.112
momentum _ (2.75) (2.11) (2.04) (1.03) (0.41) (0.37)
Price -0.690 -0.635  * -0.582 * -0.549 ** 0.176 0.247
momentum  (-1.52) (-1.70) (-1.78) (-2.26) (1.16) (0.81)
Panel D: Small Portfolio & Post-2014 Value Weighted Returns

Rank 1.069 *** 0.889 *** (791 H** 0.406 -0.158 -0.327
momentum _ (2.89) (2.79) (2.64) (1.51) (-0.52) (-1.01)
Sign 1.029 *** 0.942 ***  (.74] F** 0.432 -0.226 -0.307
momentum _ (3.38) (3.52) (3.04) (1.84) (-0.85) (-1.14)
Price -1.017 ***  0.813 *** _0.669 ** -0.694  *x* 0.037 0.160
momentum  (-2.97) (-2.76) (-2.57) (-2.64) 0.27) (1.05)
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Table 5

Cont.

Portfolio K=1 K=3 K=6 K=12 K=Y2 K=Y3
Panel E: Large Portfolio & Pre-2014 Equal Weighted Returns

Rank 0.024 0.014 -0.088 -0.247 -0.256 -0.146
momentum _ (0.08) (0.05) (-0.34) (-1.12) (-1.40) (-0.96)
Sign 0.253 0.163 0.045 -0.101 -0.116 -0.127
momentum _ (1.34) (0.90) (0.28) (-0.73) (-0.99) (-1.45)
Price -0.304 -0.196 -0.253 -0.436 ** -0.464 ***  -0.243 **
momentum _ (-1.13) (-0.77) (-1.09) (-2.30) (-2.88) (-2.11)
Panel F: Large Portfolio & Pre-2014 Value Weighted Returns

Rank 0.475 0.513 0.348 0.247 0.376 0.205
momentum _ (1.02) (1.27) (0.95) (0.74) (1.23) (0.67)
Sign 0.388 0.199 0.012 0.043 0.490 ** -0.053
momentum _ (0.96) (0.54) (0.04) (0.15) (2.06) (-0.21)
Price -0.192 0.099 0.144 -0.161 -0.086 -0.390
momentum  (-0.43) (0.26) (0.40) (-0.51) (-0.31) (-1.43)
Portfolio K=1 K=3 K=6 K=12 K=Y2 K=Y3
Panel G: Large Portfolio & Post-2014 Equal Weighted Returns

Rank -0.307 -0.416 -0.411 -0.648  ** -0.086 0.605 *
momentum _ (-0.90) (-1.28) (-1.23) (-2.01) (-0.49) 1.71)
Sign -0.248 -0.341 -0.320 -0.488 0.016 0.507
momentum _ (-0.82) (-1.22) (-1.18) (-1.91) (0.10) (1.36)
Price -0.349 -0.493 -0.582 -0.948  ** -0.253 0.780 ***
momentum _ (-0.88) (-1.24) (-1.42) (-2.35) (-0.80) (3.16)
Panel H: Large Portfolio & Post-2014 Value Weighted Returns

Rank 2.257 0.383 0.120 -0.272 -0.220 0.692
momentum _ (0.92) (0.35) (0.14) (-0.43) (-0.53) 1.77)
Sign 0.298 0.734 1.643 -0.543 0.266 0.586
momentum _ (0.38) (0.55) (0.78) (-1.61) (0.58) (1.62)
Price 0.444 0.232 0.069 -0.502 -0.750 0.933  **
momentum  (0.43) (0.23) (0.07) (-0.68) (-1.18) (2.03)

For each month t, I calculate each stocks’ rank (rank;.(P) or sign; (P)) and sort every stock
into decile portfolios. I exclude stocks with a market capitalization below 100 million yen at the
beginning of the holding period. Portfolio P10 holds the stocks with the highest rank or sign
measure while portfolio P1 holds the stocks with the lowest. Every portfolio is rebalanced monthly
with equal weights and have holding periods of 1, 6, 3, and 12 months with a one-month skip after
the formation of the portfolio. I define rank or sign momentum profit as the difference P10 and P1.
Panel A are the results for the small portfolio & pre-2014 equal weighted returns. Panel B are the



results for small portfolio & pre-2014 value weighted returns. Panel C are the results for the small
portfolio & post-2014 equal weighted returns. Panel D are the results for the small portfolio &
post-2014 value weighted returns. Panel E are the results for the large portfolio & pre-2014 equal
weighted returns. Panel F are the results for the large portfolio & pre-2014 value weighted
returns. Panel G are the results for the large portfolio & post-2014 equal weighted returns
Panel H are the results for the large portfolio & post-2014 value weighted returns. K stands for
the length of the holding period. The median market capitalization of the full sample is calculated
and stocks that have a market capitalization below the median fall under the “Small Portfolio”
and stocks that have a market capitalization above the median fall under the “Large Portfolio”.
The numbers in the parentheses are the t-statistics using Newey and West’s (1987) robust standard
errors with a lag length of four. *** p<.01, ** p<.05, * p<.1



Table 6
Momentum strategies’ risk-adjusted returns — Full sample

Panel A Dependent Variable
Rank Sign JTM
EW FF3 FF5 FF3 FF5 FF3 FF5
Intercept 0.767 *** 0.757 *** 0.756  *** 0.789  *** 0.110 0.096
(-3.21) 3.37) (4.93) (5.35) (0.43) (0.38)
RMRF  -0.541 *** -0.470  ¥** -0.170  *** -0.172  *** -0.108 -0.059
(-8.61) (-7.93) (-3.98) (-4.12) (-1.61) (-0.90)
SMB  -0.786 *** -0.706  *** -0.352  xx* -0.360  *** -0.252 -0.208
(-5.42) (-6.50) (-5.26) (-5.80) (-1.41) (-1.49)
HML 0.306 *** 0.683  *** 0.266  *** 0.412  *** 0.152 0.334 **
(-2.29) (5.56) (3.20) (4.99) (0.99) (2.36)
RMW 0.352  ** -0.239  ** 0.292
(1.92) (-2.21) (1.17)
CMA -0.534  *** -0.321  wEE -0.297
(-3.14) (-2.93) (-1.44)
Panel B Dependent Variable
Rank Sign JTM
VW FF3 FF5 FF3 FF5 FF3 FF5
Intercept  -0.142 -0.113 0.433 0.499 -0.169 -0.186
(-0.32) (-0.25) (1.18) (1.36) (-0.42) (-0.47)
RMRF  -0.489 -0.429  xEx* 0.049 0.036 -0.190 * -0.117
(-4.87) (-4.32) (0.52) (0.41) (-1.94) (-1.15)
SMB  -0.529 ** -0.475  ¥** 0.048 0.002 -0.168 -0.060
(-2.39) (-2.64) (0.36) (0.01) (-0.58) (-0.29)
HML 0.255 0.642 *** 0.147 0.257 0.491 ** 0.743 ***
(1.12) (2.77) (0.78) (1.22) (2.09) (3.11)
RMW 0.002 -0.534 * 0.348
(0.01) (-1.92) (0.87)
CMA -0.882  ** -0.598  ** -0.569
(-2.41) (-2.22) (-1.57)

This is an examination on whether rank, sign, and JTM profits can be explained by a risk-based model. Time-series
regressions for each strategy are performed using the following regression:

MOM, = by+ biRMRF; +bSMB; + b;HML, + &

MOM, = by + byRMRF, + b,SMB, + bsHML; + byRMW, + bsCMA, + &;

where MOM, is the one-month holding period return of rank (RM,), sign (SM,), or JT (JTM,) momentum in month t;
RMRF;, SMB; and HML; are the Fama-French (1993) three-factor model returns in month t. The Fama-French
(2015) five-factor model includes the variables in the three-factor model as well as RMW, and CMA,. The t-values
are in parentheses using Newey and West's (1987) robust standard errors with a lag length of four. *** p<.01, **
p<.05, *p<.1
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Table 7
Momentum strategies’ risk-adjusted returns — Small portfolio sample
Panel A: Small Portfolios Equal Weighted Returns

Dependent Variable
Rank Sign JTM
FF3 FF5 FF3 FF5 FF3 FF5
Intercept 1.257  Hx* 1.244  *** 0.909  *** 0.932 ***  .0.143 -0.166
(5.67) (5.88) (5.77) (5.97) (-0.59) (-0.70)
RMRF -0.511  *** -0.460  *** -0.136  ***  -0.143 ***  -0.080 -0.037
(-6.86) (-6.25) (-2.57) (-2.71) (-1.04) (-0.49)
SMB -0.808  *** -0.738  *** -0.290 *¥**  -0.302 ***  -0.271 * -0.221 *
(-6.56) (-7.52) (-4.54) (-4.82) (-1.67) (-1.67)
HML 0.328  *** 0.637  *** 0.329 *** 0.422 ***  (.164 0311 s
(2.58) (4.78) (3.99) (4.87) (1.13) (2.29)
RMW 0.294 * -0.178 * 0.336
(1.69) (-1.74) (1.48)
CMA -0.323  * -0.169 -0.153
(-1.81) (-1.41) (-0.85)
Panel B: Small Portfolios Value Weighted Returns
Dependent Variable
Rank Sign JTM
Intercept 1.377 xx* 1.356  *** 0.834  xx* 0.853 ***  .0.769 ***  -0.784 **¥*
(6.59) (6.61) (6.48) (6.61) (-3.27) (-3.34)
RMRF -0.431  xx* -0.396  *** -0.087 ** -0.104 ** -0.090 -0.063
(-6.35) (-5.81) (-2.03) (-2.40) (-1.38) (-0.98)
SMB -0.507 *** -0.454  *** -0.043 -0.066 -0.131 -0.102
(-5.29) (-5.64) (-0.92) (-1.36) (-0.96) (-0.86)
HML 0.178 0.351 *** 0.205 *** 0.203 ***  0.105 0.185 =
(1.67) * (2.99) (3.00) (2.95) (0.88) (1.67)
RMW 0.291 * -0.200 ** 0.212
(1.77) (-2.46) (1.06)
CMA -0.096 -0.042 -0.083
(-0.61) (-0.50) (-0.49)

This is an examination on whether rank, sign, and JTM profits can be explained by a risk-based
model. Time-series regressions for each strategy are performed using the following regression.
MOM; = bg+ biRMRF; +b>SMB; + bsHML; + &

MOM; = by + byRMRF; + b,SMB; + bsHML; + byRMW, + bsCMA; + &;

where MOM, is the one-month holding period return of rank (RM,), sign (SMy), or JT (JTM,)
momentum in month t; RMRF;, SMB; and HML; are the Fama-French (1993) three-factor model
returns in month t. The Fama-French (2015) five-factor model includes the variables in the
three-factor model as well as RMW; and CM A;. The median market capitalization of the full
sample is calculated and stocks that have a market capitalization below the median fall under
the “Small Portfolio” and stocks that have a market capitalization above the median fall under
the “Large Portfolio”. The t-values are in parentheses using Newey and West's (1987) robust
standard errors with a lag length of four. *** p<.01, ** p<.05, * p<.1
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Table 8

Momentum strategies’ risk-adjusted returns — Large portfolio sample

Panel A: Large Portfolios Equal Weighted Returns

Dependent Variable

Rank Sign JTM
FF3 FF5 FF3 FF5 FF3 FF5
Intercept  -0.025 -0.041 0.118 0.151 -0.298 -0.300
(-0.09) (-0.16) (0.65) (0.84) (-1.12) (-1.12)
RMRF  -0.449 *** (0364 *** -0.140 *** (0,122 kx* -0.117 -0.064
(-7.51) (-6.47) (-3.27) (-2.83) (-1.78) (-1.01)
SMB  -0.491 *** (0398 *** -0.244 **x _0226 ** -0.107 -0.063
(-3.41) (-3.67) (-3.13) (-3.22) (-0.59) (-0.46)
HML  -0.035 0.317 ** -0.010 0.190 * 0.014 0.186
(-0.23) (2.15) (-0.09) (1.68) (0.09) (1.19)
RMW 0422 * -0.187 0.253
(1.95) (-1.28) (0.99)
CMA -0.632 -0.552  Hxx -0.395
(-3.21) (-4.40) (-1.66)
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Table 8 Continued
Panel B: Large Portfolios Value Weighted Returns

Dependent Variable

Rank Sign JTM
FF3 FF5 FF3 FF5 FF3 FF5
Intercept 0.618 0.708 0.296 0.355 -0.249 -0.263
(0.81) (0.89) (0.70) (0.85) (-0.55) (-0.57)
RMRF -0.479 *** 0486 ** -0.069 -0.068 -0.160 -0.109
(-2.99) (-2.53) (-0.69) (-0.69) (-1.50) (-0.97)
SMB  -0.485 ** -0.519 ** 0.090 0.115 -0.043 0.036
(-2.16) (-2.26) (0.62) (0.86) (-0.17) (0.18)
HML -0.196 0.102 0.253 0.404 * 0.195 0.332
(-0.40) (0.22) (1.03) (1.66) (0.71) (1.30)
RMW -0.680 -0.491 * 0.289
(-1.00) (-1.67) (0.74)
CMA -0.894 ** -0.753  ** -0.323
(-2.22) (-2.50) (-0.90)

This is an examination on whether rank, sign, and JTM profits can be explained by a risk-based
model. Time-series regressions for each strategy are performed using the following regression:
MOM; = bo+ biRMRF; +b>SMB; + bsHML; + &

MOM; = by + b;RMRF; + b,SMB; + bsHML; + byRMW,; + bsCMA, + &;

where MOM, is the one-month holding period return of rank (RM,), sign (SMy), or JT (JTM,)
momentum in month t; RMRF;, SMB: and HML; are the Fama-French (1993) three-factor model
returns in month t. The Fama-French (2015) five-factor model includes the variables in the
three-factor model as well as RMW; and CM A;. The median market capitalization of the full
sample is calculated and stocks that have a market capitalization below the median fall under
the “Small Portfolio” and stocks that have a market capitalization above the median fall under
the “Large Portfolio”. The t-values are in parentheses using Newey and West's (1987) robust
standard errors with a lag length of four. *** p<.01, ** p<.05, * p<.1
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Table 9
Rank and sign momentum profits time-series regressions — Full sample
Panel A: Equal Weighted Returns

Dependent Variable
Rank Sign
Model (5) Model (6) Model (7) Model (5) Model (6) Model (7)
Intercept 0.661 *** 0.694  *xx* 0.697 *** 0.721 *** 0.725 *** 0.762
(3.98) (4.90) (5.12) (6.23) (5.89) (6.26) ***
JT™M 0.779  *** 0.656 *** 0.618 *** 0.378 *** 0.277 *** 0.280
(12.50) (16.43) (15.58) (9.09) (6.07) (6.41) F**
RMRF -0.470  *E* -0.434  xHx* -0.140  *** -0.156
(-11.17) (-11.31) (-3.49) (-4.10) x*x*
SMB -0.620  *** -0.578 ¥** -0.282  H** -0.302
(-9.36) (-9.14) (-5.34) (-6.18) ***
HML 0.206 *** 0476 *x* 0.224  *x* 0.318
(2.66) (6.18) (3.08) (4.86) F**
RMW 0.171 -0.321
(1.47) (-3.52) xx*
CMA -0.350 *** -0.238
(-3.55) (-2.54)  *x
Panel B: Value Weighted Returns
Dependent Variable
Rank Sign
Model (5) Model (6) Model (7) Model (5) Model (6) Model (7)
Intercept 0.123 -0.030 0.009 0.567 * 0.475 0.546
(0.43) (-0.09) (0.03) (1.75) (1.43) (1.62) ***
JT™M 0.677 *** 0.664  *** 0.652  *** 0.260 *** 0.251 *** 0.253
(13.19) (13.18) (12.46) (3.70) (4.47) (4.82)
RMRF -0.363  *** -0.353  xEx 0.096 0.066
(-5.36) (-5.77) (1.09) (0.80)
SMB -0.417 *** -0.436 *** 0.090 0.017
(-3.37) (-3.21) (0.65) (0.13)
HML -0.071 0.157 0.024 0.070
(-0.42) (0.87) (0.13) (0.34) **
RMW -0.225 -0.622
(-0.76) (-2.35)
CMA -0.511  ** -0.455

(-2.26) (-1.71)
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This is an examination on whether rank and sign profits can be explained by JTM. Time-series
regressions for each strategy are performed using the following regression:

RM[(SM;) = b() + bIJTMz + Et

RM(SM,) = by + biJTM; + boRMRF; +b3SMB; + bsHML; + &

RM.(SM,) = by + b;JTM; + b,RMRF; + b3SMB; + byHML; + bsRMW, + by CMA;+ &;
where RM; is the one-month holding period return of rank momentum in month t; SM; is the one-
month holding period return of sign momentum in month t; JTM; is the one-month holding period
return of JTM in month t; RMRF;, SMB; and HML; are the Fama-French (1993) three-factor
model returns in month t. The Fama-French (2015) five-factor model includes the variables in
the three-factor model as well as RMW, and CMA,. The t-values are in parentheses using
Newey and West's (1987) robust standard errors with a lag length of four. *** p<.01, ** p<.05, *
p<.1
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Table 10

Rank and sign momentum profits time-series regressions — Small portfolio sample
Panel A: Small Portfolio Equal Weighted Returns

Dependent Variable
Rank Sign
Model (5) Model (6) Model (7) Model (5) Model (6) Model (7)
Intercept  1.297 *** 1.341 *** 1.338  *** 0.991 *** 0.938  x** 0.967 ***
(6.84) (8.31) (8.33) (7.71) (6.50) (6.62)
RM/SM  0.701 *** 0.586 *** 0.567 *** 0.277 *** 0.201 *** 0.208 ***
(8.97) (11.68) (10.79) (5.55) (3.57) (3.83)
RMRF -0.464 Fx* -0.440 Fx* -0.120 ** -0.135  ***
(-9.35) (-9.15) (-2.48) (-2.89)
SMB -0.649  Hx -0.612  H*x* -0.235 ¥k _0.256 x*
(-9.61) (-9.46) (-3.74) (-4.31)
HML 0.232 *** 0.460 *** 0.296  *** 0.357 *x*
(2.60) 4.74) (3.74) (4.46)
RMW 0.104 -0.248 **
(0.78) (-2.45)
CMA -0.236 * -0.137
(-1.84) (-1.24)
Panel B: Small Portfolio Value Weighted Returns
Dependent Variable
Rank Sign
Model (5) Model (6) Model (7) Model (5) Model (6) Model (7)
Intercept  1.647 *** 1.711  *** 1.688 *** 0.984 *** 0.920 *** 0.949 F*=*
(8.68) (9.50) (9.38) (8.83) (7.15) (7.25)
RM/SM  0.530 *** 0.435 xxx* 0.423 *** 0.174 *** 0.113 *** 0.122 ***
(7.64) (8.72) (8.20) (4.45) (2.69) (3.03)
RMRF -0.392 Ak -0.369 -0.077 * -0.096 **
(-6.79) (-6.41) (-1.86) (-2.33)
SMB -0.450 Fx* -0.411 R -0.029 -0.054
(-7.34) (-7.04) (-0.62) (-1.17)
HML 0.132 0.273 *** 0.193 *** 0.181 **=*
(1.43) (2.60) (2.93) (2.69)
RMW 0.201 -0.226  Fx*
(1.42) (-2.75)
CMA -0.061 -0.032
(-0.41) (-0.37)

This is an examination on whether rank and sign profits can be explained by JTM. Time-series
regressions for each strategy are performed using the following regression:
RM(SM,) = bo+ b1 JTM; + &
RM(SM,) = bo+ biJTM; + boRMRF; +b3SMB; + bsaHML; + &
RM.(SM;) = by + b;JTM; + b,RMRF; + b3SMB; + byHML; + bsRMW; + bsCMA;+ &;
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where RM; is the one-month holding period return of rank momentum in month t; SM; is the one-
month holding period return of sign momentum in month t; JTM, is the one-month holding period
return of JTM in month t; RMRF;, SMB; and HML are the Fama-French (1993) three-factor
model returns in month t. The Fama-French (2015) five-factor model includes the variables in
the three-factor model as well as RMW, and CMA;. The median market capitalization of the full
sample is calculated and stocks that have a market capitalization below the median fall under
the “Small Portfolio” and stocks that have a market capitalization above the median fall under
the “Large Portfolio”. The t-values are in parentheses using Newey and West's (1987) robust
standard errors with a lag length of four. *** p<.01, ** p<.05, * p<.1
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Table 11

Rank and sign momentum profits time-series regressions — Large portfolio sample

Panel A: Large Portfolio Equal Weighted Returns

Dependent Variable
Rank Sign
Model (5) Model (6) Model (7) Model (5) Model (6) Model (7)
Intercept  0.218 0.173 0.154 0.310 *** 0.198 0.232
(1.49) (1.19) (1.09) (2.71) (1.45) (1.68)
RM/SM  0.782 **=* 0.746  *** 0.701  *** 0.458 x** 0.394 *x* 0.382  ***
(17.87) (19.44) (17.87) (14.25) (10.69) (10.66)
RMRF -0.364 *F¥* 0321 wx* -0.098  ** -0.101  #**
(- (- (-2.52) (-2.73)
10.22) 10.53)
SMB -0.415 *** (0358 w** -0.208 F** _0.210 w**
(-7.68) (-6.40) (-4.32) (-4.57)
HML -0.024 0.198  *** 0.019 0.144
(-0.32) (2.66) (0.20) (1.56)
RMW 0.247 * -0.279 %
(1.93) (-2.39)
CMA -0.344  Hxx -0.377
(-3.38) (-3.93)
Panel B: Large Portfolio Value Weighted Returns
Dependent Variable
Rank Sign
Model (5) Model (6) Model (7) Model (5) Model (6) Model (7)
Intercept ~ 0.780 ** 0.743 0.851 0.354 0.236 0.301
(1.96) (1.37) (1.50) (1.17) (0.70) (0.87)
RM/SM  0.798 *** 0.927 x*x* 0.938 *** 0.387 x** 0.376 *** 0.376 ***
(4.80) (4.04) (4.04) (6.35) (5.62) (5.76)
RMRF -0.341 *¥* (0397 wx* -0.024 -0.046
(-3.83) (-3.52) (-0.28) (-0.58)
SMB -0.464 *F¥E* 0577 wx* 0.080 0.065
(-3.25) (-3.46) (0.56) (0.52)
HML -0.279 -0.133 0.322 * 0.390 *=
(-0.83) (-0.36) (1.81) (2.21)
RMW -0.936 * -0.578 *
(-1.74) (-1.95)
CMA -0.517 ** -0.522 *
(-2.19) (-1.94)

This is an examination on whether rank and sign profits can be explained by JTM. Time-series
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regressions for each strategy are performed using the following regression:

RM(SM,) = bo+ b1 JTM; + &

RM(SM,) = bo+ biJTM; + boRMRF; +b3SMB; + bsaHML; + &

RM.(SM;) = by + b;JTM; + b,RMRF; + b3SMB; + byHML; + bsRMW; + bsCMA;+ &;
where RM; is the one-month holding period return of rank momentum in month t; SM; is the one-
month holding period return of sign momentum in month t; JTM, is the one-month holding period
return of JTM in month t; RMRF;, SMB; and HML are the Fama-French (1993) three-factor
model returns in month t. The Fama-French (2015) five-factor model includes the variables in
the three-factor model as well as RMW, and CMA;. The median market capitalization of the full
sample is calculated and stocks that have a market capitalization below the median fall under
the “Small Portfolio” and stocks that have a market capitalization above the median fall under

the “Large Portfolio”. The t-values are in parentheses using Newey and West's (1987) robust
standard errors with a lag length of four. *** p<.01, ** p<.05, * p<.1
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Table 12

Price momentum profits time-series regressions — Full sample

Panel A: Equal Weighted Returns

JTM as Dependent Variable

Rank Sign
Model (8) Model (9) Model (10) Model (8) Model (9) Model (10)
Intercept ~ -0.419 *** -0.579  xx* -0.611  *** -0.653  x** -0.534 ** -0.583  **
(-2.72) (-3.82) (-4.00) (-3.28) (-2.37) (-2.54)
RM 0.629 *** 0.899  *** 0.935  xx* 0.899  **x* 0.852 *** 0.862 ***
(13.92) (16.98) (17.02) (8.80) (6.83) (7.33)
RMRF 0.378  *** 0.380  ** 0.037 0.090
(7.30) (7.15) (0.58) (1.49)
SMB 0.454 *xx* 0.452 xx* 0.048 0.102
(5.55) (5.44) (0.34) (0.96)
HML -0.123 -0.304  HE* -0.075 -0.021
(-1.30) (-3.20) (-0.51) (-0.17)
RMW -0.037 0.498 **
(-0.23) (2.38)
CMA 0202 * -0.020
(1.78) (-0.13)
Panel B: Value Weighted Returns
JTM as Dependent Variable
Rank Sign
Model (8) Model (9) Model (10) Model (8) Model (9) Model (10)
Intercept 0.029 -0.078 -0.115 -0.026 -0.329 -0.371
(0.11) (-0.27) (-0.39) (-0.07) (-0.91) (-1.01)
SM 0.639  *x* 0.641 *** 0.635 *** 0.350 *** 0372 *** 0.369  ***
(11.51) (9.36) 9.72) (3.65) (4.53) (4.61)
RMRF 0.124 * 0.155 ** -0.208  ** -0.130
(1.68) (2.23) (-2.14) (-1.34)
SMB 0.171 0.241 -0.186 -0.061
(0.99) (1.61) (-0.66) (-0.29)
HML 0327 * 0336 * 0436 * 0.648 ***
(1.81) 1.77) (1.85) (2.80)
RMW 0.347 0.545
(1.17) (1.41)
CMA -0.009 -0.348
(-0.04) (-0.96)

This is an examination on whether JTM profits can be explained by rank and sign. Time-series

regressions for each strategy are performed using the following regression:

]TMt = bo + blRMt(SMt) + St
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JTM; = by + b;RM;(SM;) + b,RMRF; + b3SMB; + b,HML, + &;

JTM; = by + b;RM,(SM;) + b,RMRF; + b3SMB; + byHML; + bsRMW, + bsCMA; + &;
where RM; is the one-month holding period return of rank momentum in month t; SM; is the one-
month holding period return of sign momentum in month t; JTM, is the one-month holding period
return of JTM in month t; RMRF;, SMB; and HML are the Fama-French (1993) three-factor
model returns in month t. The Fama-French (2015) five-factor model includes the variables in
the three-factor model as well as RMW, and CMA;. The t-values are in parentheses using

Newey and West's (1987) robust standard errors with a lag length of four. *** p<.01, ** p<.05, *
p<.1
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Table 13

Price momentum profits time-series regressions — Small portfolio sample

Panel A: Small Portfolio Equal Weighted Returns
JTM as Dependent Variable

Rank Sign
Model (8) Model (9) Model (10) Model (8) Model (9) Model (10)
Intercept -0.848  H** -1.102  H** -1.113  *** -0.789  x*x* -0.609 -0.655  **

(-4.52) (-5.61) (-5.59) (-3.40) (-2.34) (-2.51)

RM 0.546 *** 0.763  *** 0.761 *** 0.607  *** 0.513  *** 0.524  ***
(10.6) (12.18) (12.36) (6.02) (4.18) (4.31)
RMRF 0.310 *** 0.314 xk* -0.010 0.038
(5.72) (5.68) (-0.14) (0.58)
SMB 0.346 *** 0.340 x** -0.123 -0.063
(3.66) (3.65) (-0.76) (-0.48)
HML -0.087 -0.174 * -0.005 0.090
(-0.80) (-1.71) (-0.03) (0.73)

RMW 0.112 0.429 **
(0.66) (2.02)
CMA 0.093 -0.065
(0.75) (-0.42)
Panel B: Small Portfolio Value Weighted Returns
JTM as Dependent Variable
Rank Sign

Model (8) Model (9) Model (10) Model (8) Model (9) Model (10)

Intercept -0.848  HE* -1.102  *** -1.113 *** -1.199  *** -1.056  *** 1104 F**
(-4.52) (-5.61) (-5.59) (-5.14) (-3.85) (-3.97)

SM 0.546 *** 0.763  *** 0.761  *** 0.456  *** 0.345 xx* 0.375 %
(10.60) (12.18) (12.36) (4.71) (2.75) (3.01)
RMRF 0.310 *** 0.314 xx* -0.060 -0.024
(5.72) (5.68) (-0.94) (-0.39)
SMB 0.346 *** 0.340 *** -0.116 -0.077
(3.66) (3.65) (-0.86) (-0.68)
HML -0.087 -0.174 * 0.034 0.109
(-0.80) (-1.71) (0.29) (1.04)
RMW 0.112 0.287
(0.66) (1.48)
CMA 0.093 -0.067
(0.75) (-0.40)

This is an examination on whether JTM profits can be explained by rank and sign. Time-series
regressions for each strategy are performed using the following regression:
JTM; = by + b;RM,(SM;) + &;
JTM; = by + b;RM;(SM;) + b,RMRF; + b3SMB; + b,HML, + &;
JTM; = by + b;RM;(SM;) + b,RMRF; + b3SMB; + b,HML; + bsRMW, + bsCMA; + &,
where RM; is the one-month holding period return of rank momentum in month t; SM; is the one-
month holding period return of sign momentum in month t; JTM; is the one-month holding period
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return of JTM in month t; RMRF;, SMB; and HML are the Fama-French (1993) three-factor
model returns in month t. The Fama-French (2015) five-factor model includes the variables in
the three-factor model as well as RMW, and CM A;. The median market capitalization of the full
sample is calculated and stocks that have a market capitalization below the median fall under
the “Small Portfolio” and stocks that have a market capitalization above the median fall under
the “Large Portfolio”. The t-values are in parentheses using Newey and West's (1987) robust
standard errors with a lag length of four. *** p<.01, ** p<.05, * p<.1
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Table 14

Price momentum profits time-series regressions — Large portfolio sample
Panel A: Large Portfolio Equal Weighted Returns
JTM as Dependent Variable

Rank Sign
Model (8) Model (9) Model (10) Model (8) Model (9) Model (10)
Intercept -0.295  ** -0.254 * -0.247 * -0.483 *** -0.375 -0.413  **
(-2.13) (-1.75) (-1.73) (-2.96) (-1.90) (-1.99)
RM 0.742 *** 0.898  *** 0.944  *** 1.000 *** 0.964 k** 0.961 k**
(16.66) (18.90) (18.56) (10.41) (7.70) (7.34)
RMRF 0.288 *** 0.281 Hk** 0.022 0.057
(6.60) (6.66) (0.35) (0.92)
SMB 0.337 **x* 0316 *** 0.134 0.162 =
(4.65) (4.54) (1.1) (1.73)
HML 0.026 -0.125 * -0.010 -0.021
(0.34) (-1.67) (-0.07) (-0.18)
RMW -0.148 0.428 *x*
(-0.98) (2.06)
CMA 0.191 0.112
(1.55) (0.62)
Panel B: Large Portfolio Value Weighted Returns
JTM as Dependent Variable
Rank Sign
Model (8) Model (9) Model (10) Model (8) Model (9) Model (10)
Intercept -0.452 -0.489 -0.549 * -0.277 -0.327 -0.374
(-1.51) (-1.62) (-1.82) (-0.79) (-0.83) (-0.91)
SM 0.487 *** 0.468  *** 0.473  *** 0.518 *** 0.546 *** 0.550 *F**
(5.91) (5.58) (5.95) (7.11) (6.35) (6.55)
RMRF 0.069 0.128 * -0.114 -0.061
(0.95) (1.84) (-1.19) (-0.65)
SMB 0.193 0.293 ** -0.078 -0.007
(1.08) (2.11) (-0.32) (-0.04)
HML 0.241 0.248 -0.021 0.049
(1.38) (1.44) (-0.08) (0.22)
RMW 0.604 ** 0.547
(2.27) (1.48)
CMA 0.065 0.031
(0.26) (0.09)

This is an examination on whether JTM profits can be explained by rank and sign. Time-series
regressions for each strategy are performed using the following regression:

JTM; = by + b;RM.(SM,) + &,
JTM; = by + b;RM,(SM;) + b,RMRF; + b3SMB; + b,HML; + &;
JTM; = by + b;RM,(SM;) + b,RMRF; + b3SMB; + byHML; + bsRMW, + bsCMA; + &;

where RM; is the one-month holding period return of rank momentum in month t; SM; is the one-

month holding period return of sign momentum in month t; JTM, is the one-month holding period

return of JTM in month t; RMRF;, SMB; and HML are the Fama-French (1993) three-factor

Ixxv



model returns in month t. The Fama-French (2015) five-factor model includes the variables in
the three-factor model as well as RMW, and CM A,. The median market capitalization of the full
sample is calculated and stocks that have a market capitalization below the median fall under
the “Small Portfolio” and stocks that have a market capitalization above the median fall under
the “Large Portfolio”. The t-values are in parentheses using Newey and West's (1987) robust
standard errors with a lag length of four. *** p<.01, ** p<.05, * p<.1
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Table 15
Salience testing using cross-sectional regressions

Model (1) Model (2) Model (3) Model (4) Model (5)
Panel A: Rank measure as the independent variable
Intercept 1.004  *** 0.938  H** 0.887  H** 0.901  *** 0.961  ***
(3.63) (3.31) (3.33) (3.29) (3.58)
rank -0.392 -0.323 1.189 1.907 0.729
(-0.32) (-0.25) (0.95) (1.41) (0.54)
JTM -0.068  ** -0.121  *** -0.073  x**
(-2.50) (-4.36) (-2.71)
CFS -0.142  x®x -0.107  *** -0.108  *#x*
(-7.10) (-5.48) (-5.65)
ID 0.551 2.460 kxx 2.073  wxE
(1.23) (4.93) (4.33)
rank x CF'S 0.004 0.101 0.033
(0.03) (0.66) (0.21)
rank x ID -3.020 -2.312 -0.449
(-0.82) (-0.66) (-0.13)
JTM x CFS -0.003 -0.002
(-0.71) (-0.57)
JTM x ID -0.178 -0.221
-1.17) (-1.47)
Panel B: Sign measure as the independent variable
Intercept 0.239 0.235 -0.577 -0.563 -0.358
(0.39) (0.41) (-1.08) (-1.06) (-0.71)
sign 1.599 * 1.315 3.048  kxx 3.013 k= 2.673 wxE
(1.73) (1.43) (3.78) (3.47) (3.28)
JTM -0.074 ** -0.113  *%* -0.073  x**
(-2.44) (-4.20) (-2.72)
CFS -0.007 -0.075 -0.033
(-0.06) (-0.59) (-0.26)
ID 2.661 6.921  Fx* 6.154 **
(1.06) (2.88) (2.56)
sign x CFS -0.289 -0.083 -0.169
1.11) (-0.32) (-0.65)
sign x ID -7.371 -10.477  ** -9.683 *
(-1.42) (-1.98) (-1.83)
JTM x CFS -0.001 -0.002
(-0.31) (-0.57)
JTM x ID -0.093 -0.003
(-0.46) (-0.02)
I perform the following cross-sectional regressions in each month t from December 1976 to May
2020:

Rit = by + biRS; 5 + byJT; s, + b3Salience;_, + byRS; _, X Salience;;_, +
bsJT;—, X Salience; (_,+&;+,, where R; ¢ is the month t future return for stock i; RS;¢_, is the
average for the past 12-month rank or sign measure for stock i and time t, and Salience;,_, is
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the salience measure in month t for stock i. As salience measures, I adopt CFS and ID for
proxies. Coefficients are estimated every month and then those coefficients are averaged and
their respective t-statistics are Newey and West (1986) adjusted with a lag length of four. ***

p<.01, **p<.05, *p<.1
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